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Abstract

The persistent threat of landmines, explosive ordnance, and other explosive
objects (EO) continues to claim lives, inflict devastating injuries, and impede
socio-economic development in conflict-affected regions worldwide. EO com-
prise a variety of munitions containing explosives, including bombs, warheads,
rockets, artillery shells, mines, torpedoes, as well as improvised explosive devices
and other dangerous objects that can explode under certain conditions [12]. The
Russian aggression against Ukraine has resulted in large-scale contamination
of the territory with mines and unexploded ordnance (UXO). The process of
demining and overcoming the consequences of the war is complicated by the
large number of types of EO, the significant areas of contaminated territories,
and the variety of mining methods and tactics used. The widespread presence
of minefields makes it impossible to safely access land for agriculture, infras-
tructure development, and housing reconstruction, which significantly hinders
the recovery of de-occupied areas. Mine action in Ukraine began in 2014, when
Russia illegally annexed Crimea and launched the war in the Donbas. After
the full-scale invasion in February 2022, Ukraine faced unprecedented levels of
mine contamination and, according to preliminary estimates, became the most
mined country in the world [13].

Traditional, mostly manual, demining methods remain essential, but are
associated with high risk, significant time consumption, and low efficiency, es-

pecially in large areas. The search for and removal of EO is further complicated



by the wide variety of their types, their unpredictable and often concealed lo-
cations, and the diversity of landscapes and weather conditions encountered in
contaminated areas. For example, dense vegetation, uneven terrain, and vary-
ing weather conditions can significantly hinder the detection process. In this
context, innovative technologies, such as deep learning and computer vision
methods, are opening up new opportunities to improve the effectiveness and
safety of mine action.

To address the urgent global challenge of EO contamination, this thesis
develops and evaluates a unified algorithmic environment for real-time EO de-
tection, leveraging 3D printing, advanced data augmentation, deep learning,
and a user-friendly cross-platform application. This research encompasses the
creation of a comprehensive dataset using 3D-printed replicas of prevalent land-
mine types, the application of a novel two-stage data augmentation strategy,
the training and optimization of a YOLO object detection model (tested were
versions 5, 8, and 11), and the development of a cross-platform application,
along with a messenger bot interface, for efficient and accessible EO detection.

The aim of this dissertation is to develop and evaluate a unified algorithmic
environment for real-time EO detection that utilizes a cross-platform applica-
tion, a messenger bot interface, and cloud-based processing. This research
endeavors to provide an efficient and accessible method for EO detection by
leveraging the scalability of cloud computing, the accessibility of mobile de-
vices and messaging platforms, and the power of deep learning.

To accomplish this goal, the following objectives were established:

1. Develop methodologies to address the lack of data by using augmenta-
tion methods, particularly a two-stage augmentation approach.

2. Create a comprehensive dataset for training computer vision models
that includes images of 3D-printed replicas of the most common anti-
personnel landmines in Ukraine, obtained under different weather con-

ditions (clear, cloudy, rain, snow, etc.).



3. Train and optimize YOLOvV8 and YOLOv11 computer vision models on
the created dataset by leveraging the increased number and diversity
of images from the previous steps, applying the developed two-stage
augmentation methodology, and fine-tuning model hyperparameters.

4. Evaluate the effectiveness of trained models on real landmine images
from a distinct dataset obtained from professional deminers.

5. Design, implement, and evaluate a user-friendly cross-platform applica-
tion capable of both online (utilizing the Google Cloud Platform API)
and offline (using an optimized on-device model) EO detection.

6. Develop and integrate a messenger bot interface that interacts with
the same Google Cloud Platform API for EO detection, providing an
alternative access point to the system.

7. Implement the ability within the cross-platform application to correct
recognition results by marking objects and selecting the correct EO
type, contributing to ongoing model refinement.

8. Establish a secure data transmission mechanism within the application
for sending operational data, including user feedback and corrections,
to a central server to facilitate continuous improvement of the machine
learning models.

The object of the present study is the Model of the Unified Algorithmic
Environment (MUAE) ! for unifying the process of recognizing explosive objects
and its practical implementation in the form of a cross-platform application and
messenger bot. The subject of research includes deep learning models for EO
recognition, data augmentation methods, dataset creation technologies, data
collection methods, as well as the architecture of a multi-platform EO detection

system focused on online and offline operation.

!The Model of a Unified Algorithmic Environment (MUAE) is a conceptual model for a universal system
employing a single algorithmic framework, shared data structures, and a common toolkit to solve a complex

set of interrelated applied tasks.



Methodology

The research methodology employed in this thesis encompasses a multi-
faceted approach, integrating techniques from data collection and curation to
model development and system implementation. The key components of the
methodology include:

— Dataset Collection and Preparation: This involves the acquisition
of EO images through various methods, including the creation of a novel
dataset based on 3D-printed replicas (Chapter 4), the collection of real
landmine images from demining professionals, and the utilization of
an expert data contribution platform integrated within the developed
application (Chapter 6).

— Data Augmentation: To enhance the size and diversity of the train-
ing dataset, a two-stage data augmentation strategy is employed, as
detailed in Chapter 3. This includes both basic transformations (e.g.,
rotation, scaling, flipping) and advanced techniques (e.g., MixUp, Cut-
Mix, mosaic).

— Deep Learning Model Development and Adaptation: The re-
search focuses on the development, optimization, and adaptation of
deep learning models for landmine detection. Initially, the YOLOvVS
architecture was employed. The process included hyperparameter tun-
ing, model training, and validation using the augmented dataset of 3D-
printed replicas. Subsequently, in Chapter 7, the methodology was
extended to incorporate a new, previously untrained EO type using the
YOLOvV11 model, demonstrating the system’s adaptability to evolving
real-world scenarios.

— Cross-Platform Application Development: A cross-platform ap-
plication is developed using the Qt framework, QML, and C+-+ (Chap-
ter 6). The application incorporates the trained YOLO models for both

online (cloud-based) and offline (on-device) detection, and provides fea-



tures for user interaction, data annotation, and feedback.

— Cloud Infrastructure and Distributed Systems: The system lever-
ages the Google Cloud Platform (GCP) for scalable and reliable oper-
ation. This includes the use of Google Cloud Functions for serverless
computing, Google Cloud Storage for data storage, and Google Fire-
store for database management.

— Object-Oriented Programming: The software components of the
system, including the cross-platform application and some parts of the
cloud infrastructure, are implemented using object-oriented program-
ming principles in C++ and Python to ensure modularity, maintain-
ability, and code reusability.

— Evaluation and Validation: The performance of the developed mod-
els and the application is evaluated using standard metrics such as preci-
sion, recall, mAP, and others (Section 2.9). Experiments are conducted
on both synthetic datasets (3D-printed replicas) and real landmine im-
ages to assess the system’s effectiveness and generalizability.

At the outset of this research, a comprehensive review of existing studies in
the field of EO detection and recognition was conducted. This review identi-
fied the primary challenges faced by researchers in developing state-of-the-art
EO recognition methods based on computer vision. The analysis revealed that
while deep learning models offer the potential for high accuracy and speed in
the recognition process, their effective training is critically hindered by the se-
vere scarcity of high-quality training data in this domain. To address the issue
of limited data, this study employed 3D printing to create models replicat-
ing the visual characteristics of anti-personnel landmines commonly found in
Ukraine. Furthermore, the role of data augmentation techniques in enhanc-
ing the performance of deep learning models was investigated. A wide range
of augmentation methods were considered, from basic spatial transformations

and pixel-level adjustments to more advanced techniques such as MixUp and



CutMix.

This research proposes a two-stage augmentation strategy (see Section 3),
which, as demonstrated, increased the recall of the YOLOv8 model from 89.2%
(without augmentation) to 92.6% (with two-stage augmentation) on the test
dataset. The methodology was initially developed for the YOLOv5 model
and subsequently successfully adapted to newer versions — YOLOvVS, and to
YOLOv11. A significant advantage of the two-stage augmentation method
was demonstrated when transitioning from the YOLOvV8 model to YOLOv11.
Specifically, applying the mosaic type augmentation in both the first and second
stages improved precision from 95% to 98% and recall from 92% to 97% (see
Table 7.1). These results underscore the effectiveness of the YOLO architec-
ture, particularly when combined with the developed two-stage augmentation
strategy. However, the study also highlights the challenges and limitations as-
sociated with data augmentation in EO detection, such as the risk of creating
irrelevant or harmful augmentations, over-reliance on augmentation, and the
need to ensure a balanced representation of all classes in the training dataset.
The results of this stage of the research will be used in the following sections,
which focus on creating a dataset based on 3D-printed synthetic images of
landmines and developing a cross-platform system that utilizes a mobile app
for both EO detection (recognizing objects in images) and data collection (al-
lowing in-app annotation and upload) to improve the model.

In accordance with the formulation of the strategy for applying augmenta-
tion methods (see Section 3), an investigation was conducted into existing meth-
ods for creating datasets of EO images. Among the approaches considered for
dataset creation, the use of 3D printing to create replicas of common EO types
and the photographing of these replicas was selected. The resulting 3D-printed
landmine replicas were then employed to create a dataset, with manual annota-
tion of the data including the marking of object boundaries (bounding boxes).

Subsequently, experiments were conducted involving the training of deep learn-



ing models, specifically YOLOvVS, where the previously developed methodology
for applying augmentation methods was also employed. The trained models
were then tested on images of real landmines obtained from professional dem-
iners. The evaluation of this dataset revealed that while the models exhibited
the capacity to recognize EO, further enhancement was necessary, particularly
through the augmentation of the training dataset with additional images ob-
tained from professional deminers. The efficacy of the synthetic dataset, com-
prising 1,438 photographs of 3D-printed replicas of five prevalent EO types, in
training the YOLOv8 model was substantiated, attaining a precision of 98.0%
and a recall of 98.2% on the test set.

The research findings underscore the potential of 3D printing in creating
diverse and representative training datasets for computer vision models, offer-
ing a safe, ethical, and cost-effective approach for both research and practical
training. Despite the high performance on synthetic data, a difference in ef-
fectiveness was observed when compared to the performance on real landmine
images, underscoring the necessity for further advancements in the 3D print-
ing process and data generation. The analysis of individual class performance
reveals substantial variations in precision and recall across different types of
landmines, underscoring the need for further investigation into the features
utilized by the model for classification and methods to enhance the model’s
capacity to discern between EO and visually similar background objects and
debris.

The next stage involved developing a cloud-based service with a messenger
bot interface to provide practical access to the trained EO detection models.
The service integrates with a popular messenger platform, Telegram, that sup-
ports bot creation. This platform was chosen for its large user base, robust bot
API, and end-to-end encryption capabilities. The system utilizes the trained
YOLOvVS8 model and integrates it with the GCP for efficient processing and
scalability. The bot is designed to identify various EO types with high accu-



racy and provides users with supplementary information through integration
with Google Gemini. This feature enhances user understanding of the detected
threats and contributes to raising public awareness about the safety measures
associated with explosive objects.

To improve the performance metrics of the models and expand the scope
of their practical application, a multi-platform application has been developed
that is capable of operating on a variety of operating systems. The application
utilizes previously developed and trained models. The application has been
tested with the help of volunteers, including professional deminers and military
engineers. The developed cross-platform application for real-time EO detec-
tion is a valuable tool for demining teams, humanitarian organizations, and
civilians in explosive-affected areas. The application supports both online and
offline modes, using deep learning models. On the test dataset, the application
demonstrates a recall of 88% with an average processing time of 2.1 seconds per
image. An important feature of the application is the ability for users to di-
rectly adjust the recognition results. This allows for the collection of feedback
data to correct model errors and augment the training set. The application
also provides for the transmission of detection results, including operational
logs, local database copies, and images (both original and user-modified) to a
remote server. The data obtained in this manner serves as a valuable source
of information for the further improvement of the models. Future development
initiatives include expanding recognition to new types of EO, improving the
existing model based on collected data and user feedback, and the creation of a
training module. Continuous development and improvement of this application
can make a significant contribution to global demining efforts and enhance the
safety of communities.

Building on the previous sections, the developed software components, in-
cluding the cross-platform application and messenger bot, together form a uni-

fied algorithmic environment. This environment supports the centralized train-
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ing, deployment, and ongoing refinement of deep learning models for a wide
range of EO detection tasks, including user education, real-time detection, and
the collection of user-annotated data for continuous model improvement.

The research encompasses several key stages. Firstly, a comprehensive re-
view of existing methods for detecting EO was conducted, along with an in-
depth analysis of the challenges associated with data limitations and poten-
tial solutions. Secondly, various deep learning model architectures, specifically
YOLOv5, YOLOvS, and YOLOv11, were developed, trained, and compara-
tively analyzed. Thirdly, a software package, including a cross-platform appli-
cation and a messenger bot, was developed, and its effectiveness was evaluated
under conditions closely approximating real-world scenarios. The results of this
research are expected to make a significant contribution to solving the problem
of mine hazards, thus contributing to restoring the safety and well-being of the
population in Ukraine and other affected regions.

While the primary focus of the research is on computer vision-based de-
tection methods using visible light images, the proposed approaches can be
adapted for use with other types of sensors, such as infrared cameras, lidars,
magnetometers, and ground-penetrating radar (GPR). The effectiveness of the
developed methods is evaluated through training and testing of machine learn-
ing models on the collected and augmented datasets, using the metrics described
in Section 2.9.

The scientific novelty of the study is as follows:

For the first time:

e A new algorithmic platform based on the Model of the Unified Algo-
rithmic Environment (MUAE) for Explosive Objects (EO) detection has
been developed, based on common principles of data processing, uni-
fied methods of augmentation, dataset creation, annotation and tuning
of hyperparameters of deep learning models. The MUAE platform in-

tegrates a cross-platform application with offline and semi-automatic
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annotation capabilities, a messenger bot, and a cloud API, providing
data collection, training, deployment, and iterative model improvement.

e An offline EO detection capability integrated into a cross-platform ap-
plication has been implemented, enabling the detection of explosives on
mobile devices without an internet connection.

e A semi-automatic annotation mechanism integrated into a cross-platform
application, allowing users to correct recognition results (add, delete,
change labels and boundaries of objects) and send annotated data for
further model improvement.

e A cloud API based on GCP has been created for EO recognition tasks,
which allows online recognition and is integrated with a cross-platform
application and a messenger bot; in addition to recognition, this bot
provides additional information about the recognized objects using the
large Google Gemini language model.

Improvements were made to:

e The methodology for forming training datasets using 3D-printed copies
that reproduce the visual characteristics of EO common in Ukraine was
developed. The trained models were then tested on a separate set of
real explosive objects provided by demining specialists and volunteers.

e A methodology for applying data augmentation is proposed by devel-
oping and implementing a two-stage augmentation optimized for the
YOLO family of models (YOLOv5, YOLOvS, YOLOv11).

The theoretical significance of the obtained results is as follows:

e Extension of the methodology for creating training data: The
efficacy of a methodology for generating training datasets for EO recog-
nition based on 3D-printed replicas has been experimentally validated,
paving the way for the generation of controlled and secure data for train-
ing deep learning models. This methodology can be adapted to other

computer vision tasks where there is a shortage of real-world data.
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e Improvement of application of augmentation methods: A two-
stage data augmentation strategy was developed and validated for the
YOLO family of models. This strategy exhibited a substantial enhance-
ment in the recognition completeness rate, a critical factor for EO de-
tection.

e Development of the concept of a single algorithmic environ-
ment: A Model of Unified Algorithmic Environment (MUAE) was pro-
posed and implemented to integrate different stages of recognition sys-
tem development (data collection, training, deployment, feedback) into
a single, manageable process. This model has the potential to serve as
a foundational framework for the development of analogous systems in
other application domains.

The Practical Value of the results obtained is the development of a ready-
to-use software package for the recognition of EO. This software package has
the following advantages:

e Increased efficiency and safety of humanitarian demining: A
cross-platform application with offline recognition capability allows dem-
iners to quickly identify EO on mobile devices directly in the field, even
in the absence of an internet connection. The average image recognition
time is 2.1 seconds, which ensures near real-time operation.

e Simplifying the process of training and informing: The mes-
senger bot with the integrated Google Gemini language model can be
used to train deminers, military personnel and civilians by providing
information on the types of EO and rules of safe behavior.

e Ensures fast data collection and updating: A semi-automatic an-
notation mechanism integrated into the application allows for the rapid
collection of data on new types of EO, recognition errors, and pecu-
liarities of real-world conditions, which contributes to the continuous

improvement of models.
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e Ability to integrate with other systems: The developed cloud API
can be used both independently for online recognition and integrated
into other systems, for example, to automate the demining process using
unmanned aerial vehicles (UAV) and robots.

e Potential for scaling and adaptation: The developed system can
be adapted to recognize other types of threats (not only EO) and for
use in other regions.

The results of this study have significant potential for practical applica-
tion in the field of humanitarian demining, especially in Ukraine and other
regions affected by armed conflicts. The developed cross-platform software sys-
tem, which integrates innovative methods of data collection and analysis, con-
tributes to solving the urgent problem of mine risk and will positively impact
the reconstruction and development of the affected areas.

The proposed data collection and augmentation approaches, including the
innovative use of 3D printing to create realistic EO models, enable the creation
of high-quality and representative training sets. This improves the accuracy
and reliability of the machine learning models, which is critical for effective and
accurate EO detection and localization.

The developed cross-platform application facilitates the involvement of a
wide range of experts and volunteers in the data collection process, ensuring
the data is up-to-date and relevant to real-world conditions. This enables a
rapid response to changes in the mine situation and increases the efficiency of
mine action.

The integration of the trained machine learning models into a multi-platform
software system creates a powerful tool for automating the process of detecting
and locating EO. This will significantly reduce risks to personnel involved in
demining operations and accelerate the clearance of areas from mines and other
unexploded objects. Furthermore, the software package can be used to mon-

itor and control the effectiveness of demining operations and to plan further
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activities.

The use of the developed system will accelerate the recovery of the affected
regions by enabling access to agricultural land, restoring infrastructure, and
creating conditions for sustainable economic development. Reducing the num-
ber of casualties among civilians and soldiers by improving the accuracy and
safety of EO detection is a crucial humanitarian outcome of this research.

The results and developed technologies have the potential for wide appli-
cation not only in Ukraine but also in other countries facing the problem of
mine hazards. The proposed approaches can be adapted to different types of
terrain and conditions, making them a versatile tool for humanitarian demi-
ning. Thus, this thesis makes a significant contribution to the global problem
of mine hazards and helps to restore the safety and well-being of the population
in conflict-affected regions.

Personal contribution of the applicant: The dissertation is an in-
dependent scientific work that highlights the author’s ideas and developments
that allowed him to solve the tasks. The work contains theoretical and method-
ological provisions and conclusions formulated by the author personally. The
ideas, provisions, or hypotheses of other authors used in the dissertation have
appropriate references and are used only to support the applicant’s ideas. The
author conducted the research and experiments independently, the created soft-
ware product is entirely the result of the applicant’s work.

Keywords: Machine Learning, Deep Learning, Artificial Intelligence, Com-
puter Vision, Humanitarian Demining, Explosive Objects (EO) Recognition,
Data Augmentation, Two-step Augmentation, YOLO, Landmine Recognition,
Cross-platform application, Cloud Computing, Model of Unified Algorithmic
Environment (MUAE), Messenger Bot, Mobile application.
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AHOTAIIIA

Kyniuik O.B. Pospobka kpocmiardopmuoi Mogemr €auroro Anropurmi-
gHoro CepeioBuilia Jijisl po3Ili3HaBaHHs BHOyXOoHeOe3lIeuHNX IpejaMeTiB. Kpa-
JidikalliitHa HayKoBa Mpalld Ha IpaBaxX PyKOINCY.

Hucepranis Ha 3/100yTTsl HAyKOBOI'O CTYIIEHsI JOKTOpa (bijocodil 3a crierri-
asbricTIO 121 «IH)KeHepis mporpamuoro 3abesnedents» (12 — ludopmarriiini
TexHosoril). — KuiBebkuit HarfionabHuit yaiBepcenter imeni Tapaca [1lepuenka,
Kwuis, 2025.

3abpy/iHeHHsT TEPUTOPiil HA3eMHUMU MiHAME Ta BUOYXOHEOE3IEUHUMU TIPe-
mveramu (BHIT) e oriero 3 Hajicepitosnimmmx mpobJieM, o MOCTalOTh TIepe/T CBi-
TOM CBHOTOJIHI, HECYTH 3arpo3y »KUTTIO JIIOJell Ta MepentKo/zKaiounl colliaabHo-
€KOHOMIYHOMY PO3BUTKY IOCTPazKgaaux Bijg KoH@IKTIiB perionin. o BHII na-
JIeyKaTh PISHOMAHITHI OOENPUIIACH, 110 MICTATH BHOYXOBI PEUYOBUHU, 30KPEMA:
O6oMO1, OOEr0JIOBKI, PaKeTH, apTUIEPiicbKl CHAPs I, MiHU, TOPIIEIN, TJINONHHI
60MOU, a TaKOXK caMOpoOHI BUOYXOBI IPUCTPOI Ta iHINI HeOe3MedHi Mpe/IMETH,
3naTHI BUOyxaTn 3a neBHUX yMoB [12|. pociiicbKa arpecist mpotn YKpaiHu mpu-
3BeJIa JI0 MAcIITabHOIro 3a0pyAHEHHsT TepUTOPil MiHaMU Ta OOENpUIIACAMU, IO
He posipBasmcd. [Iporec po3minyBaHHs Ta MOJ0JIaHHA HACTIIKIB BIftHI yCKIa-
JIHIOE BeJIMKa KUTbKICTh piznoBuaie BHII, 3mauni ot 3adbpynennx TepuTo-
piif, a TaKOYXK PIZHOMAHITTS 3aCTOCOBAHUX METO/IB 1 TaKTUK MinyBaHHs. [TTupo-
Ke 3aCTOCYBaHHsI MIHHUX 3aropO/?KeHb YHEMOXKJIMBJIIOE Oe3MeTHUil JTOCTYII 10
3eMeJIb JIJIsI BEJIeHHs ClIBCHKOT'O T'OCIIOapCTBa, PO3BUTKY 1H(MOPACTPYKTYPH Ta
BiJIOYIOBH »KHUTJIa, 110 CYTTEBO CTPUMYE BiJHOBJIEHHS JEOKYIIOBaAaHUX TE€PUTO-
piit. [Ipornminna migibHicTh B YKpaini posnodasacd y 2014 porii, Koy pocis
HE3aKOHHO aHeKcyBaJia Kpum Ta posp’sizasia Biiiny Ha [lonOaci. Ilicist moBHO-
MacIITabHOr0 BTOPTHEHHS B JjitoToMy 2022 poKy YKpaiHa 3iTKHYJ1acsd 3 6e31pe-
1IeJIEHTHUM PiBHEM MIHHOI'O 3a0py/IHEHHSI, CTaBIIM, 32 IIOIEePEIHIMU OlIHKAMHU,
HafOLIBIT 3aMiHOBaHOIO KpaiHoo y cBiTi [13].

Tpajumiiini, mepeBakHO PYYHI, METOIN PO3MIHYBAHHS 3aJUIIAIOTHCS He-
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3aMiHHUMM, [IPOTE BOHU I10B’si3aHi 3 BUCOKMM PU3UKOM, 3HAYHUMU YaCOBUMU
BUTpaTaM Ta HU3bKOIO e(EeKTUBHICTIO, 0COOJIMBO Ha BeJMKHUX ILomax. [lo-
myK Ta 3uemkopKenas BHIT yekmaHioeThed MUpOKUM CIIEKTPOM 1X THIIIB,
HerepeI0avyBaHICTIO PO3TAITYBAHHSA, & TAKOXK PISHOMAHITTAM JAaHITadTIB Ta
IIOI'OJIHIX YMOB. ¥ IILOMY KOHTEKCTI IHHOBAIIIHI TEXHOJIOril, 30KpeMa MeTO/I1
IMOOKOr0 HaBYAHHS Ta KOMIT FOTEPHOI'O 30DPY, BIIKPUBAIOTh HOBI MOXKJIMBOCTI
JUIST IBUIEHHsT eeKTUBHOCTI Ta 0e3IeKN IPOTUMIHHOI JIISLIbHOCTI.

Ls1 qucepraliist ciipssMOBaHa Ha BUPIIIEHHsT HAraIbHOI IVI00a/IbHOT IpObIeMu
3a0py/IHEHHSA MICIIEBOCTI BUOYXOHEOE3METHUME MTPEIMETAME MIJITXOM PO3POOKN
HOBOI'O YHI(PIKOBAHOI'O aJTOPUTMIYHOIO cepejoBuiia g Bugsiends BHII y
peanabHoMy daci. JlocsijizKenHsa 30cepe/izKene Ha CTBOPEHHI KOMILJIEKCHOIO Ha-
O6opy JdaHuX 3 BUKOpucTaHHsaM 3D jpykoBaHux Korriii nmomupennx tuiis BHIT,
3aCTOCYBaHHI IIepeOBUX METOIIB JOTOBHEHH JJaHNX, HaBUYaHHI Ta ONTUMI3allil
mogiesti BusisyierHst 00’ektiB YOLO (6ys1o nporecroBano Bepeil 5, 8 Ta 11), pos-
pob11i Kpoc-11aTdOPMHOTO JI0ATKA, & TAKOXK MeCeHI2Kep-00Ta JIj1sI JOCTYIIHOI'O
Ta edpexTuBHOrO BusiBieHns: BHII.

Mertoro 1i€l jgucepraiiiiinol poboT € po3pobka Ta OIliHKa yHi(piKOBaHOTO
AJITOPUTMIYHOTO cepenoButa i BusgBaenud BHIT y pexkumi peasbrHoro gacy,
[0 BUKOPUCTOBYE KPOC-IIaTdOpMHUIL 10JIaTOK, iHTepdeiic MeceHKep-60Ta Ta
XMapHy o0OpoOKy manmx. Lle mociipKenHs Mae Ha MeTI 3alpoOIOHyBaTH ede-
KTUBHUIT Ta jocTynHuit meton BusapieHuss BHII, BukopucroByroun maciirado-
BaHICTh XMapPHUX O0YUCJIEHD, JOCTYIHICTh MOOIJIbHIX IIPUCTPOIB Ta, I1aTdopm
OOMIHY IMTOBIJIOMJICHHSIMU, a TAKOYK MOTYKHICTH TJIMOOKOIO HABYAHHS.

st nocaruenns 1iel MeTu OyJin MOCTaBJIEH] HACTYIIHI 3aB/IaHHsA:

1. Pozpobutu Mero 1010111 BUpiNIeHHs HecTadi JJaHuX MIJISIXOM BUKOPHUCTa-
HHsI METOJIIB ayIMeHTallll, 30KpeMa, JBOETAITHOI'O I1JIXO/LY JI0 ayI'MeHTa-
Iil.

2. CrBopuTHu BHYEPIHUI HAOIP JAaHUX JIJId HABYAHHS MOJIe el KOMII I0Tep-

HOT'O 30Dy, IO BKJIIOUAE 300pakeHHs 3D JIpyKoBaHUX KOIiil HaRIIONIN-
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peHimmx B YKpaiHi IPOTHIIXOTHUX MiH, OTPUMAHNX 3a PI3HUX TMOTOHAX
YMOB (siCKpaBe COHIIEe, XMapPHICTh, JOII, CHIT TOIIO).

HapunTn Ta onrmmizyBaru Mozesi komir'toreproro 3opy YOLOvVS Ta
YOLOvV11 na cTtBOpeHoMy HabOPi JJaHUX, BUKOPUCTOBYIOUN 301/IbIICHY
KIJIbKICTH Ta PI3HOMAaHITHICTH 300parkKeHb, OTPUMAHUX Ha IOMepeIHIX
eTaliax, 3aCTOCOBYIOUN PO3POOJIEHY JIBOETAIIHY METOJI0JIOTII0 ayrMeHTa-
il Ta TOYHO HAJIAIITOBYIOUH TilleprapaMeTpu MOJIE/I.

Oninntu epeKTUBHICTH HABYCHUX MOJIe/Iell Ha pealbHIX 300parkKeHHIX
BHII 3 okpemoro Habopy JlaHuX, OTPUMAHOTO BiJl TPOQeCIiHIX camepisb.
CrpoekTyBaT, peasi3yBaTi Ta OMIHUTH 3PYUHII Kpoc-TaTdopMHuii
JOJIATOK, 3/1aTHUiT K 70 ornaiid (3 BukopuctanusM API Google Cloud
Platform), tak i 1o oduraiin (3 BUKOPUCTAHHSIM ONTHMI30BAHOT MO
Ha mpuctpol) susiierns BHIL.

Pospobutn Ta interpyBatu intepdeiic MecenzKep-60Ta, IKNii B3aEMO-
qie 3 Tum camuMm API Google Cloud Platform st BusiBsiennst BHII,
3a0e311eIyI0Un aJbTepHATUBHY TOYKY JIOCTYILY JIO CUCTEMIU.
PeanizyBatun B paMKax KpOC-IJIAT(GOPMHOTO 3aCTOCYHKY MOYKJIUBICTH
BUTIPABJIEHHS PE3yJIbTaTiB PO3IMI3HABAHHS IIJISTXOM MapKyBaHHs 00 €KTiB
Ta BuOOpy npasuiabnoro tuiry BHII, mo cipugrume nocriitnomy B1o-
CKOHAJICHHIO MOJIEJII.

CtBopuTu Oe3mevHnit MeXaHi3M Tepeiadi JaHuX y JAOJATKY s HaJl-
CIUJIAHHS ollepalliiiHnX JJaHuX, BKJIIOYAIOYN BIJIIYKH KOPUCTYBadiB Ta
BUIIPABJIEHHs], Ha IEHTPAJIBHUN cepBep JIsd CIPUAHHA Oe31mepepBHOMY

BJIOCKOHAJIEHHIO MoJiejieil MaIllnHHOIO HaBYaHHSI.

OO6’eKTOM JIOCTI/IPKeHHS € TIPOIIeC PO3Ii3HABaHHsI BUOYXOHEOE3IeUHUX TIPe-

mveris (BHIT), mo Britodae moby/ 0By, HABIaHHSI, ONTHMI3AI[I0 Ta PO3ropTa-

HH¢ BIJIIIOBIIHUX MoJesiell riinboKOro HaBYaHHSI, a TaKoxK cTBopeHHst Mojei

€unoro Asnropurmiunoro Cepemnosuiia (MEAC) st inTerpanii mux Mo/ieleit

y KPOC-TLIaT(OPMEHHUN 3aCTOCYHOK Ta MECEH7KeP-00T.
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Mopesns €aunoro Anropurmiunoro Cepenosumia (MEAC) — e ai-
rOpUTMiYHA apXiTeKTypa, IO JT03BOJISE CTBOPIOBATH YHIBEPCAJIbHI CUCTEMU JIJIS
PO3B’sI3aHHS KOMILIEKCY B3a€MOIIOB sI3aHUX 3ajJad Ha 0as3i €IuHOI ajropuTMi-
anol mwiardgopmu abo kapkacy (framework). B ocrosi MEAC jiexkuth BuKopu-
CTaHHS CIIJIBHUX CTPYKTYP JAaHUX Ta YHI(PIKOBAHOINO HAOOPY aJrOPUTMIUHUX
THCTPYMEHTIB 1 POy P, 110 3a0e31edye €IMHUI iIXiJ1 0 BUPIIICHHS Pi3HO-
MaHITHIX TpoOJeM y Mexkax ojHiel cucrtemu. Taka apXiTeKTypa MoxKe OyTH
peaJiizoBaHa PI3HUMHU CIIOCOOAMU, HAIIPUKJIAJ], Yepe3 PeKypPCUBHO-IIapaJie/IbHIil
AJITOPUTM ab0 sIK MYJIBTH-aJrOPUTMIUHA IIaTdOpMa, ajle KJIIOYOBUM 3aJIAIIa-
€ThCs CITLIbHE CEPEJIOBUINE, AKE YMOXKJINBIIOE ePEKTUBHE PO3B’SI3aHHS ITHPO-
KOI'0 KJIacy MPHUKJIJIHIX 3a/1a49 IJISTX0M yHidiKallll Ta MepeBUKOPUCTaHHs 00-
YUCTIOBAJIBHIX KOMITOHEHTIB.

IIpeamer mocirigxKeHHS € Mojie/li IJIMOOKOr0 HaBYaHHS JIJIg PO3IIi3HABA-
nng BHII, meroan ayrmenTarii gaHnx, TeXHOJION CTBOPEHHsI HAOOPIB JaHUX,
MeTO/I1 300DPY JIAHUX, & TAKOXK apXiTeKTypa MYJIbTUILIAT(MOPMHOI CUCTEMH BU-
sieierdst BHII, opierToBaHol Ha pobOTY B pe:kKnMax OHJIANH Ta odJIaiiH.

MeTtonoJoriga

BacTocoBaHa B Iiil Jucepraliil MeTOI0JIOrsI JOC/IIIZKEeHHsT OXOILIIOE DaraTo-
IpaHHMIT MiAXiMd, 0 HOEIHYE MeToau 300py il 00POOKU JaHUX, PO3POOKU MOJIE-
Jieii Ta BupoBapKeHHst cucTeM. OCHOBHI CKJIaI0BI METO0JIOrT BKIIIOYAIOTD:

— 306ip Ta miaroroBka gaHmX: Lle BK/IOYae oTpuMaHHSI 300parkKeHb
BHII pisamMu merojiamu, 30KpeMa CTBOPEHHS OPUIiHAJIBLHOIO HAOOPY
nannx Ha ocHoBi 3D mpykosanux komiit (Posmin 4), 36ip 300pakeHb
peajbHUX MiH Bij mpodeciiiHux calepiB, a TaKoxK, IIOTEHIIITHO, BUKO-
pUCTaHHS KPay/ICOPCUHIOBOI TJIAT(OPME, IHTEIPOBAHOI B PO3POOJIEHMIT
nonarok (Posmin 6).

— AyrmenTanisa maaux: /g 30i1blIeHHS POo3MIpYy Ta PiSHOMAaHITHOCTI
HaBYAJbHOI'O HAOOPY JaHUX 3aCTOCOBYETbHCS JBOETAIIHA CTpaTeris ay-

rMeHTalil, jerajabHo omnucaHa B Pozaii 3. Bona BKiO4ae sik 06a30Bi
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Tparchopmarii (Hanmpukial, obepTaHHs, MACIITaOyBaHH:, epeBepTa-
HHsT), Tak 1 mpocyryTi Metonn (Hanpukian, MixUp, CutMix, mo3aika).

— Po3pobka Tta amanTariiss Mmoaesieii Timbokoro HaBuaHHs: Jlocii-
JIZKEHHSI 30Cepe?KeHO Ha PO3poOIli, ONTUMI3AIN] Ta aJallTallil Mojesei
rymmbokoro HapuaHHst 11 BusiBjieHHss BHIT. Criouarky Oysia Bukopucra-
Ha apxiTekTypa YOLOVS. [Iporec BK/09aB HaJIaIlITyBaHHS Tieprapa-
METpPiB, HaBUaHHS MOJIeJl Ta IePEeBIPKY 3 BUKOPUCTAHHSM JIOTIOBHEHOT'O
Habopy ganux 3D npykoBanux xomiit. 3rojgom, y Poziii 7, meTotoio-
rito OyJIo PO3IIMPEHO JIJIsi BKJIIOUEHHsI HOBOI'O, paHillle He TPEHOBAHOI'O
tunry BHII 3 Bukopucrannsm mozeni YOLOv11, nemoncrpyioun ajia-
ITUBHICTH CUCTEMU JI0 MIHJUBUX PeasIbHUX CIleHapiiB.

— Po3pobka Kpoc-1mtardopMHOro 3acTocyHkKy: Kpoc-rrardopMHunii
3aCTOCYHOK PO3P0o0JIeHO 3 BUKOpucTaHHAM dpeitmBopky Qt, QML Ta
C++ (Poszin 6). Bacrocynok Brjrouae wapueni mojesi YOLO sk st
OHJIAMH (HAa OCHOBI XMapHUX CepBIiciB), Tak i jujist oduiaiia (Ha TpucTpoi)
BusiBiendss BHII, a Takoxk Hajgae MOXKIMBOCTI IJIsT B3a€EMOJIl 3 KOPH-
cTyBadeM, aHOTAIlll JaHUX Ta 3BOPOTHOI'O 3B 43KY.

— XMmapHa iHdpacTpyKTypa Ta po3mno/aijieHi cucremu: Cucrema Bi-
kopucroBye Google Cloud Platform (GCP) st 3abe3nedents: Maciira-
6oBanocTi Ta HajilinocTi poboru. Ile BkItouae Bukopucranus Google
Cloud Functions jyist xmapuux obuuncienb, Google Cloud Storage s
30epiranns paHux Ta Google Firestore mst ynpapiinas OazaMu JaHUX.

— OO6’ekTHO-Opi€eHTOBaHE MporpamMyBaHHs: [IporpaMHi KOMIIOHEHTH
CUCTEMU, BKJIIOYAIOUN KPOC-TLIATPOPMHUIT 3aCTOCYHOK Ta JEAKi YaCTH-
HU XMapHOT iHppacTpyKTypH, peasiizoBaHi 3 BUKOPUCTaHHSIM ITPUHITUIIB
00’eKTHO-OpieHTOBaHOrO NporpamyBanist Ha C-++ Ta Python s 3a-
Oe3I1eueHHs MOJIYJIbHOCTI, 3PYYHOCTI 0OCJIyrOBYBaHHsI Ta, MOKJIMBOCTI
IIOBTOPHOI'O BUKOPUCTAHHS KOJLY.

— Ominka ta BaJjgigamisa: EdekTuBHicTh po3pod/ieHnX Mojieseil i 3acTo-
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CYHKY PeTeJIbHO OIIHIOETHCA 3 BUKOPUCTAHHAM CTAHIAPTHUX METPUK,
TaKuX siK TOYHICTH, moBHOTA, MAP Ta inmux (Posmin 2.9). Excrepu-
MEHTH IPOBOJSITHCS sIK Ha CHHTEeTHIHNX Habopax ganux (3D mpykosani
KOIIiT), Tak i Ha peasbHnx 300pakennsix BHIT pist onikn ebextuBHOCTI
Ta y3araJibHIOBAJIbHOI 3/IATHOCTI CUCTEMU.

Ha mnouatky jociijizkeHHsi OyJIO MPOBEJIEHO OIVISI ICHYIOUYHX POoOIT y ra-
JIy3i BUSIBJIEHHST Ta PO3Ii3HaBaHHS BHOyXoHEOe3meunux mpeameris (BHIT), mo
JIO3BOJINJIO BUOKPEMHUTH OCHOBHI MPOOJIEMHU Ta BUKJIUKHU, 3 STKIMU CTUKAIOTHCS
JIOCJITHUKY TIPU PO3podIli cydacHux MeToniB posmnizHaBanasg BHII na ocnosi
KOMIT' FOTEPHOr0 30py. AHaJi3 BUSBUB, IO MOJE/ TJIMOOKOINO HaBYAHHS 3/1a-
THI 3a0e311eUNTU BUCOKY TOYHICTH Ta HMIBUIKICTH PO3Ii3HaBaHHs, MPOTE KPHU-
TUYIHOIO IIEPEIIKOA00 s X edeKTUBHOINO HaBYaHHSI € I'OCTpa HecTada SAKi-
CHUX HaBYaJbHUX JAHUX Y Iiif peaMeTHiit obsacTi. is mojjoants mpodiemMu
oOMerKeHnX JaHuX OyJ10 BUKOpHUcTano 3D napykK mojieseit, 1Mo BiATBOPIOIOTH Bi-
3yaJbHi XapaKTepPUCTUKN MPOTUITIXOTHUX MiH, MOIIMPEHuX B YkKpalni. Takoxk
OyJ10 JOCTIIZKEHO POJIb METO/IB ayrMeHTaril (ITyIHOro PO3IIMPEHHs JIAHIX )
y IOKpAaIleHH] pe3yJibTaTiB podboTH Mojiesieil TImboKoro HaBdauHst. Po3rigayTo
IIUPOKUIT CIIEKTP METO/IIB ayrMeHTallil, Biji 6a30BUX IIPOCTOPOBUX IIEPETBOPEHD
1 TIepeTBOPEeHb Ha PIBHI MIKCETIB JI0 MPOCYHYTUX MeTOMAIB, Taknx dk MixUp,
CutMix.

Byno 3anpornoroBano jBoerality crpaterito ayrmentarnii (aus. Posmin 3),
sIKa, sTK OyJ10 TIPOJIEMOHCTPOBAHO, TiBuiiIa moBHOTY (recall) mogeni YOLOvS
3 89,2% (6e3 ayrmentarii) mo 92,6% (3 ABOETAIIHOIO AyrMEHTAIEI0) Ha Te-
croBoMy Habopi jganux. Meromosoris Oyia crodaTky po3poOJsieHa, Jijist Mo
YOLOV), a 3rojioM ycIHiImHo ajantoBana 1o Hopimmux Bepciit — YOLOVS, a ta-
K02k 710 YOLOvV11. IIpu nepexoxi Bix mozgeri YOLOvE 10 YOLOv11 6ysio mpo-
JIEMOHCTPOBAHO 3HAUYHY IIepeBary JIBOCTAIIHOI'O METOJly ayIMeHTallil. 30KpeMma,
3aCTOCYBaHHs ayrMEHTAIlll THITy «Mo3aiKay SK Ha IepIIoMy, TaK i Ha IPYTOMY

eTalll, MOKPAIUIO MOKa3HUKHN TouHicTi (precision) 3 95% 1o 98%, a nmoBHOTY 3
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92% 10 97% (nus. Tabmuimio 7.1). OTpumani pe3ysbTaTi MiIKPec/JoTh ede-
KTuBHICTH apxiTekTypu YOLO, ocob/mmBo y 1moeHanHi 3 po3pobJIEHOI0 JBOeTa-
IIHOIO cTpaTerieto ayrmenTalii. OHaK J0CJII2KEHHS TaKOK BUCBIT/II0€ BUKJINKI
1 oOMexKeHHsI, ITOB’sI3aHi 3 ayrMeHTalieo ganux npu Bugsiaenni BHII, Taxi sk
PUBHK CTBOPEHHS HEpEJIEBAHTHUX a00 MIKIJIIMBUX ayrMeHTalliil, HaMipHa 3aJie-
YKHICTB BiJI ayrMeHTallil Ta HeoOXiHICTh 3abe31edeHHsT 30a/1aHCOBaAHOTO 1PE/I-
CTaBJICHHS BCIX KJACIB y HaBYAJILHOMY HAOOPI JaHuX. Pe3yapTaT 1boTro eTalry
JIOCJIJIZKeHHsT Oy IyTh BUKOPUCTAHI y HACTYIIHUX PO3/IiJIax, IPUCBAIEHIX CTBO-
penHIo jaraceTy Ha ocHosi 3D npyky cuarermunnx 306pakenb BHII 1 po3pob-
11l KPOC-TIJIATOPMHOI CUCTEMH, sIKa BUKOPUCTOBYE MOOLIBLHUI JIO/IATOK AK JIJIs1
sussaends BHIT (posmisnaBanHst 00’'€KTiB Ha 300parkeHHsIX ), Tak i jjist 300py
JTaHUX (3 MOYKJIMBICTIO pe/laryBaHHST T4 BUBAHTAYKEHHST HA CEPBEP B JIOJATKY ) 3
METOIO BJIOCKOHAJICHHS MOJEJI.

[Ticsist popmysttoBanHst crpareril 3acTocyBaHHsi MeTO/IiB ayrmenTariii (Pos-
Tt 3) JIOCHKEHO 1CHYI0Yl METO/[ CTBOPEHHsI HAOOPIB JIAHUX i3 300parKeHb
BHII. Cepe/1 po3r/isiHyTHX METO/IiB CTBOPEHHS JIATACEeTiB 00PAHO BUKOPUCTAHHS
TPUBUMIPHOIO JIDYKY JIJIsi cTBOpeHHs1 Komiit nommpenux Tuiis BHIT Ta dpoto-
rpadyBanis 1ux Koriit. Orpumani 3D apyKoBaHi KOl BUKOPUCTOBYIOTHCHA J1J1s1
CTBOPEHHS JlaTaceTy, MPOBOJINTHCI PydYHA aHOTallid JaHUX 3 PO3MITKOIO0 MexK
o6’extiB (bounding boxes). [ToTiM TPOBOJATHCS €KCIIEPUMEHTH 3 HABIAHHST MO-
neneit rubokoro HapdaHHsI, 30Kkpema Y OLOVS, me Takok BHKOPHCTOBYETHCS
po3pobJIeHa paHillle MeTOJINKa 3aCTOCYyBaHHsl MeTO/iB ayrMeHTalil. OTpumani
MOJIeJII TeCTYIOThCs Ha 300pazkeHHsx crpapxkHix BHII, orpumanux Big npode-
cifinux carnepiB. Ha ocHOBI pe3y/braTiB TecTyBaHHA POOUTHCS BUCHOBOK, ITIO,
X04ua OTPUMAaHi MOJIeNi 1 JIeMOHCTPYIOTh MOXKJIMBICTH posmizHaBanusg BHII, 1x
HEOOXI1JIHO IPOJIOBYXKYBaTH TOKPAIyBaTH, 30KpeMa IIJISIXOM PO3NINPEHHS Ha-
BYAJIbHOIO HAOOPY JAHUX 3a JIOIMOMOI'OI0 JIOAATKOBUX 300PayKeHb, OTPUMAHUX
Bij1 ipopeciitiux canepiB. CTBopeHuit cuHTEeTUYHII HAOIp JaHUX, 110 CKJIA/IAE-

Thed 3 1438 dororpadiit 3D apykoBanux omiit m’'atn nomupennx tumis BHIT,
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IIPOJIEMOHCTPYBaB CBOIO edeKTuBHICTh Yy HaBdauHi Mojeai Y OLOVS, jpocsarnys-
mm Tounocti 98,0% 1 nosnoru 98,2% mna TecroBoMy HabOPI JAHUX.

Pesynbrat nociizkeHHsT TAKOXK IIKPECTIOITh MoTeHnian 3D apyky y
CTBOPEHHI PI3HOMAHITHUX 1 pelIpe3eHTATUBHIX HaBYAJILHIX HAOOPIB JaHUX JIJIs
HaBYAHHS MOJIeJIeil KOMIT I0TEPHOTO 30PY, MPOIOHYI0UHN OE3MeYHIil, eTHIHUI Ta
eKOHOMIYHO edeKTUBHUI IAXiJ sIK JJIsi JIOC/II2KeHb, TaK 1 JijIsi HPaKTUIHOI
migroroBkn. Hespaxkaiounm Ha BUCOKI MOKA3HUKNW Ha CUHTETUIHUX JTAHUX, BU-
SIBJICHO PI3HUINO B €pEKTUBHOCTI MPU TOPIBHAHHI 3 MOKA3HIKAMU Ha PEAJHHIX
3o00pazkenngax BHII, 1o miakpeciroe HeoOXiIHICTb 0Ia IbIION0 BIOCKOHAIEHHS
nporiecy 3D npyky Ta rerepariil janux. AHaJii3 IPOAYKTUBHOCTI OKPEMUX KJIa-
CIB TAKOK IOKa3y€e 3Ha4yHl BIJIMIHHOCTI B TOYHOCTI Ta IOBHOTI pO3II3HaBaHHS
MixK pizaumu Tuniamu BHII, o Harosonye Ha HeoOXiJHOCTI 101 IbIIOTO J0C/Ti-
JIZKEHHsI O3HaK, siKi BUKOPUCTOBYIOTHCS MOJEJIIIO JIJIsd Kiacudikarliil, i MeTo/iB
MOKpAaIlleHHsd 3/1aTHOCTI Mojiesi po3pizusaTu Haszemui BHII 1 BisyasbHo cxoxki
¢oHOBI 00’€KTH Ta CMITTH.

HactynHnum etariom craja po3podKa XMapHOTO CepBicy 3 iHTerpOBaHUM iH-
Tepdeiicom MeceH 1zKep-00Ta, 1110 3a0e31edye NPaKTHIHU JIOCTYII JI0 HABUYEHUX
mojeneit Busgiaenns BHII. [eit cepsic iHTerpoBano 3 MOMyJSPHOIO TLIAT(HOP-
MOIO 0OMiny ToBijloMmiennaMu Telegram, gka miaTpuMye cTBopenns 60TiB. Ta-
Kuii BUOIp rmrardopMu 3yMOBJIEHNH 1T MTPOKOIO PO3MOBCIOIZKEHICTIO, HaIIITHIM
API nys crBopenHst 60TIB Ta MOXKJIMBOCTAME HacKpizHoro mmdpyBanasg. Cu-
creMa BUKOpHCTOBYE Hadeny mojaenb YOLOvVS rta inrerposana 3 GCP mia
edbekTUBHOI 00POOKM JAHUX 1 MaciTaboBaHOCTI. BoT po3podseHuit /11 i1eH-
tudpikarmii pizuux Tunis BHII 3 Bucoxkoro TounicTio Ta Hajla€ KOpUCTyBadaM
J10/1aTKOBY iH(MopMalio 3apuskn inTerpaiii 3 Google Gemini. Il dpynkiIist 1mo-
Kpalllye PO3YMIHHSI KOPUCTyBadeM BUSIBJIEHUX 3arpo3 1 CIpUsie IMiJIBUIEHHIO
00I3HAHOCTI PO MiHHY Oe3IeKy.

3 MeTor0 TMOKpaIleHHs TOKA3HUKIB PoOOTH Mojesieil Ta pO3IUpEeHHS MO-

JKJIMBOCTEH 1X IPaKTUIHOIO 3aCTOCYBaHHs, OYI0 pO3pO0OJICHO MYIHTHILIATHOP-
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MEHHUI JIOJAATOK, 3/IaTHIil (PYHKIIOHYBaTH B PI3HUX ONEpaIiifHuX cucreMax. Y
JIOIATKY BUKOPUCTOBYIOThCsI paHilie po3podJ/ieHi Ta HaBuyeHi Mojesi. TecryBan-
Hsl JIOJIATKY MPOBOJIMJIOCH 32, JIOTIOMOT'OI0 BOJIOHTEPIB, cepeJi TKuX Oy mpode-
ciitui camepu Ta BificbkoBi iHxkenepu. CTBOpeHMT Kpoc-111aTdOPMHNI JI0IATOK
qutsd BusisienHss BHIT y pexkxumi peasibHOro 4acy € IHIHHUM IHCTPYMEHTOM JIJId
IpyIl pO3MIHYBaHHS, I'YMaHITaApHUX OpraHizalliii Ta IUBLILHOIO HaCEJEeHHS Ha
TepuTopisixX, mo nocrpaxkaaau Big BHII. lojgaTox migTpumye podOTy sIK B OH-
JIaitH, Tak i B oJiaiiH-peknuMax, BUKOPUCTOBYIOUN HaBueHi Ha 3D japykoBaHmX
komistx BHII mozneni rimmbokoro napuannsi. Ha TecroBomy Habopi maHux j1oja-
TOK JIEMOHCTPYE IOBHOTY po3iizHaBanHs 88% Lpu cepejHboMy 4daci 00pobKu
0JIHOTO 300pakeHHd 2,1 cekyHu. BaK/IMBOIO 0COOIMBICTIO JIOJIATKY € MOYKJIN-
BiCTb KOPHUI'YBaHHS pPe3yJIbTaTiB PO3Ii3HaBaHHs OE3110CepPeIHbO KOPUCTYBaYEeM.
Ile mosBoJIsie 30UpaTH JaHi 3BOPOTHOIO 3B’sI3KY JIJIg BUIIPABJIEHHS ITOMUJIOK
MOJIeJTi Ta TIOTIOBHEHHS HaBYaJIbHOI BUOIpKU. JlogaToK TakoK 3abesledye Ire-
pellady pe3ysbTaTiB BUsIBJICHHS, BKIIOYA0UN »KYPHAJIN POOOTH, JOKAJIbHI KOIIil
0a3 JIaHWX, a TAaKOyK 300parkeHHsl (sIK OpHUTiHaJbHI, Tak 1 MojudikoBaHi KOpH-
cryBadeMm) 10 BijjianeHoro cepsepy. OTpuMani JlaHi € IIHHAM JKEPeoM iH-
dopmaril sl IoJaIbIIOr0 BAOCKOHAJIeHHA Mojeseil. MaitOyTHi iHimiarusu 3
PO3BUTKY BKJIIOUATUMYTH pO3IMUpeHHs KijbkocTi TumiB BHII, mo posmiznaio-
ThC, BJIOCKOHAJIEHHS ICHYIOUOI MOJIeJI 3 ypaxXyBaHHdAM 310paHnux JaHnuX Ta Bijl-
I'yKiB KopuctyBadiB. [locTiiiHa po3podKa i BJIOCKOHAJIEHHS ITIET TPOIPAMU MOYKEe
3pOOUTH 3HAYHUII BHECOK Yy IJ100a/IbHI 3yCUJLIA 3 PO3MIHYBAHHS 1 IIJIBUIIUTH
Oe3I1eKy I'POMaI.

Cruparoduch Ha IOIEpPeIH] Po3/1ijin, po3pob/ieHl IporpaMHi KOMIIOHEHTH,
BKJTIOYAIOUN KPOC-TIJIATOPMHUI JTOJATOK Ta MeCeH]I2Kep-00T, pa3oM YTBOPIO-
I0Th €/11He aJropuTMidne cepejiopuitie. Lle cepeoButie miaTpuMye meHTpaJIi30-
BaHe HaBYaHHSI, PO3rOPTAHHS Ta IOCTiiiHE BIOCKOHAJIEHHSI MOJIesIeil TIImO0KOIro
HaBYAHHA JJIs1 IITPOKOTO CIIEKTPY 3aBaanb Bussiaenng BHII, skiovaioun na-

BYAHHs KOPHUCTYBAaJiB, PO3II3HABaHHS B PEXKUMI peaJbHOr0 Jacy Ta 30ip aHo-



24

TOBaHUX KOPUCTYBauyaMU JIAHUX JIJIg Oe311epepPBHOIO MOKPAIEHHST MOJIEI.
Jocmiazkennsa BKJIIOYA€E JIeKiIbKa KIIOU0BUX eTalmiB. [lo-mepire, mposemeno
KOMILJIEKCHUI OTJIsA T icHy10unX MeTo/1iB BuaBiennsd BHII, a Takox nornmbaennit
aHaJ1i3 ITpobJieM, ITOB I3aHIX 3 OOMEXKEHICTIO JJaHUX, Ta IMOTEHIIMHIX MIJIAXIB IX
Bupitenns. [lo-apyre, po3pobseHo Ta ITPoBeJIcHO TOPIBHAJILHUI aHaJI3 PI3HUX
apxiTeKTyp Mojesieil rimbokoro HaBudaHHs, 30kpema YOLOvH, YOLOvVS Ta
YOLOv11. ITo-tpere, po3pob/eHO MpOorpaMHNii KOMILIEKC, 0 BKJIIOYAE KPOC-
1aTGOPMHUIT J10/IATOK Ta MECEHJIKep-00T, Ta MPOBEJICHO OIIHKY ioro ede-
KTUBHOCTI B yMOBaX, HaOJIMKEHUX JI0 peajbHuX. OUiKyeThes, 110 pe3y/IbTaTn
IIBOT'O JIOCJIIPKEHHST 3pO0JIATh BAaroMuii BHECOK Y BUPIMICHHS TTPOOJIEMI MiHHOI
HeOEe3ITeKN, CITPUSIOYUN BiJIHOBJIEHHIO Oe31eKN 1 JI00poOy Ty Hace/IeHHs B Y KpaiHi
Ta 1HINX TOCTPaXKJIaJInX perioHax.
OcHoBHa yBara B J0C/IJI2KEHHI IPUILIAETHCSI MeTolaM BUsIBJIEHHST Ha, OCHO-
Bl KOMII' TOTEPHOTO 30pY, 0 BUKOPUCTOBYIOTH 300payKeHts Y BUIUMOMY CBITJI.
IIpote, 3arporioHoBaHI HiJIXOMM MOXKYTh OyTH aJallTOBaHI JIJIs 3aCTOCYBaHHS 3
IHIITIMUI TUIIAME CEHCOPIB, TAKUMU SIK iHPaIepBOHI KaMepu, Jijgapu, MarHiTo-
MeTpH Ta reopajapu. EdekTuBHicTb po3po0/IeHNX METO/IIB OLIHIOETHCS IILISTXOM
HaBUYAHHSI Ta TECTYBaHHSI MOJesiell MaIIMHHOIO HaBYaHHsI Ha 3i0paHux Habopax
JIaHUX, 9Ki OYJI0 PO3IIMPEHO i3 3acToCyBaHHsAM onucanux y Pozmini 3 meromdis
ayrMeHTallil, 3 BAKOPUCTaHHAM METPUK, onucannx y Pozjiai 2.9.
HaykoBa HOBU3Ha OJ/iep>KaHUX Pe3yJIbTATIiB I0JIsIra€ Y HACTYITHOMY:
1. Buepie pospobiieno HOBY ajiropuTMmidny 1iardopmy Ha ocHoBi Moe-
i €munoro Asropurmiaaoro Cepenosuiia (MEAC) st posmizHaBan-
Hs1 BuOyxoHebesneynnx npeameris (BHII), mo 6asyerbes Ha 3arajibHuX
NMPUHIATIAX 0OPOOKH JIAHNX, € TMHIX METO/IMKaX ayrMeHTallil, CTBOPEHHS
HAOOPIB JIAHUX, AaHOTYBAaHHS Ta HAJIAINTYBaHHS TillepriapaMeTpiB MoJie-
neit rimbokoro Hapuauus. MEAC inTerpye Kpoc-miaTdOpMHNiT 3aCTO-
CYHOK (3 MOXKJTHBOCTSIME O(JIafiH-POOOTH Ta HAIIIBABTOMATHIHOIO aHO-

TYBaHHsI ), MeceHzKep-00T Ta xMapuuii API, 3abesnedytoun 36ip naHux,
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HaBYaHHS, POSTOPTAHHS Ta iTepaTuBHE BJIOCKOHAJIEHHS MO/Ie el

2. Buepie peasizoBano ¢yHkito oduraiin posmisHaBanns BHII, inTerpo-
BaHy B KPOC-TIJIAT(POPMEHHUIT 32CTOCYHOK, IO JI03BOJISIE TTPOBOINTU BU-
SIBJIEHHS BUOYXOHEOE3MMeUHNX MpeaMeTiB Ha MOOLIBHUX MPUCTPOAX 0e3
I JIKJIIOUEeHHST JI0 Mepexki [HTepHer.

3. Buepiie peaJiizoBaHO iHTerpoBaHuil y Kpoc-1iaT@OPMHNIT 3aCTOCYHOK
MeXaHI3M HalliBABTOMATHIHOTO aHOTYBAHHS, IO JO3BOJISI€ KOPUCTYBa-
JaM KOPUT'YBATH Pe3YJIbTATU PO3Ii3HABAHHS (J0/IaBATH, BUJIAJIATH, 3Mi-
HIOBATH MITKH Ta Meki 00’€KTiB) 1 BiIpaB/isiTH aHOTOBaHI JaHi s
10/1aJIBIIIONO BJIOCKOHAJIEHHST MOJIEI.

4. Buepmie jus 3agau posmizHaBanas BHII crsopeno xmapnuit API na
6a3i GCP, mo 3abesrieuye onJiaiiH po3li3HABAaHHS Ta IHTEI'POBAHUIl 3
KPOC-TIJIAT(OPMHUM 3aCTOCYHKOM 1 MeCeH/ IZKep-00ToM; 1ieil 60T, OKpiM
po3Mi3HaBalnsd, HaJa€ JIOJATKOBY 1H(OPMAIIIO MPO BUABJEHI 00’€KTH
3a JIOIIOMOTOI0 BeJinKoi MoBHOT Mojiesii Google Gemini.

5. 3alporoHoBaHO MeTOJUKY (OPMYBAHHS HaBUYAJBHUX HAOOPIB JaHUX
IIJIIXOM BUKOpHUCTaHHs 3D-apyKoBanmx KoIriif, 10 BiTBOPIOIOTH Bi3y-
asibHi xapaktepuctukn BHII, mommpennx B Ykpaihi, 3 O bIINM Te-
CTyBaHHsAM HaBYEHUX Mojiesieil Ha oKpemomy Habopi peanbuux BHII,
HaJaHuX QaxiBIFMU 3 PO3MIHYBaHHs Ta BOJIOHTEPAMHU.

6. 3alporoHOBaHO METOJIUKY 3aCTOCYBaHHS ayrMEHTAIll JAaHUX MILISTXOM
PO3POOKHU Ta BIIPOBA/IXKEHHs JIBOETAITHOI ayrMeHTallil, OINTHMIi30BaHOI
s mogedteii cimeficrea YOLO (YOLOvS, YOLOvVS, YOLOv1T).

TeopeTuvuHe 3HAYUEHHS OJlepyKAHNX PE3YJILTATIB MOJIATAE Y HACTYITHOMY:

e Posmmpennss mero/10J10ril CTBOpEHHS HABYAJBHUX JIAHUX: 3a-
IIPOITIOHOBAHO Ta, €KCHEPUMEHTAJILHO MiITBEP/ZKEHO ePeKTUBHICTL Me-
TOJI0JIOTI] CTBOPEHHsI HaBYAJIbHUX HAOOPIB JAHUX JIJIS PO3Mi3HABAHHS
BHII na ocnosi 3D-npykoBaHUX peIuIiK, MO J03BOJIsI€ TeHEPpYBATH KOH-

TPOJIbOBaHI Ta Oe3ledHi jaHi JJId HaBYaHHSA MoJe/eil TJIMOOKOTo Ha-
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BuaHHs. Llg merososoris Moxke OyTH ajlalToOBaHa JIJId IHIINX 3aJiad
KOMII'FOTEPHOI0 30Dy, Jie icHye JediluT peajJbHIX JaHUX.

e BiaockoHajieHHst MeTOAiB ayrMeHTallil: Po3pobiieHo Ta BaJiijoBaHO
JIBOETAITHY CTpaTeriio ayrMeHTaIlil JaHuX, ONTUMIZ0BAHY JIJIsi MOJiesei
cimeiictea YOLO. Ilsg cTpaTeris mpojgeMoOHCTpyBaJia 3HAUHE [TOKpPAIIe-
HHsI IOKA3HUKIB IIOBHOTH PO3IMI3HABAHHS, 110 € KPUTHIHO BaXKJIUBUM
s Bugsiaenass BHIT.

e Po3BUTOK KOHIENIil €IMHOr0 AJrOPUTMIYHOTO CepeIOBUIIA:
3anporoHoBaHo Ta peaJiizoBano Mojesb €nunoro Ayropurmiunoro Ce-
penosuia (MEAC), sika 3abe3retdye iHTErpario pisHUX eTariB po3poo-
K1 CUCTEeM PO3ITi3HaBaHHsI (36ip JMaHUX, HABYAHHSI, PO3TOPTAHHSI, 3BOPO-
THU SB’HSOK) B €IUHNII, KepoBaHuii mporec. g Momaens Moxke cyry-
BaTH OCHOBOIO JIJIsSI CTBOPEHHS IOJIOHUX CUCTEM B iHIINX HPUKJIAIHIX
00J1aCTSX.

ITpakTuuHe 3HAYEHHS OJ/IePKAHUX PE3Y/IbTATIB IOJIsIrae y po3podIll ro-
TOBOI'O JIO BIIPOBAJI?KEHHS ITPOrPAMHOI0 KOMILIEKCY JIJIsi PO3Ii3HaBaHHSA BUOY-
xonebesneannx npeaveris (BHII), mo mae Taxi mepesaru:

e IlinBumennsa edekKTUBHOCTI Ta Oe3MeKu TryMaHITapHOIO PO3-
MiHyBaHHs: Kpoc-1rardhopMunii 3aCTOCYHOK 3 MOXKJIUBICTIO ODJIaiiH-
pO3Mi3HaBaHHs JI03BOJISE carepaM orepaTuBHO iaeHTrdikyBatn BHII
Ha MOOIJbHUX IPHUCTPOAX OE3110CePeIHbO B MOJHOBUX yMOBAX, HaBITh
3a BiJCyTHOCTI iHTepHeT-3’¢jHanHst. CepeHiil yac posmizHaBaHHS 30-
OparkeHHsI CTAHOBUTH 2.1 CeKyH/Iu, IO 3a0e31edye poOOTy B PEXKUMI,
OJIN3BKOMY JI0 PEaJIbHOrO 4acy.

e CirpolrieHHsI TIpoliecy HaBYaHHS Ta iHdopmyBaHHs: MeceHKep-
60T 3 iHTerpoBaHo MOBHOIO Mojie/i0 Google Gemini Mozke OyTH BIKO-
puCTaHUil I HaBYaHHsI callepiB, BifiCbKOBOCIY2KOOBIIIB Ta IIMBIILHOIO
HaceJieHHs, Hajatoun indopmariio npo Tunu BHII ta npasuia Gesme-

YHOI IIOBEIIHKMU.
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e 3abe3mneveHHs IMBUJAKOTO 300py Ta OHOBJIEHHS JaHWX: [HTEerpo-
BaHMil y 3aCTOCYHOK MeXaHi3M HaIliBABTOMATIIHOTO aHOTYBaHHA JT03BO-
JIsie ollepaTuBHO 30uparu JAaHi upo Hosi Tunu BHII, moMmuiku posmizna-
BaHHs Ta 0COOJIMBOCTI peasibHUX YMOB, IO CIIPHUSE MOCTIHHOMY BJIOCKO-
HaJICHHIO MOJIeJIeit.

e MoxK/IuBICTB iHTerpallii 3 iHmuMu cucreMaMmm: Po3pobiiennii xmap-
uuit API moxke BUKOpHCTOBYBATHCH K CAMOCTIHO JJIsI OHJIAH PO3IIi-
3HABaHH:A, TaK 1 OyTH IHTErPOBAHUM Yy IHIIN CUCTEMU, HAITPUKJIAL, /s
aBTOMATH3aIlil Iporiecy po3MiHyBaHHs 3 Bukopuctanusm BILJTA Ta po-
O0TiB.

e Ilorenmiaa mag macoiTadbyBaHHS Ta ajgarTallii: Pospobiena cu-
creMa MozKe OyTH aJallToBaHa JJjisi PO3II3HABAHHSI 1HIINX THUIIB 3arpo3
(me ymame BHIT) ra st BUKOpHCTaHHA B IHIINX PerioHax.

Pesynbrat mporo Joc/IijizKeHHsl MaloTh 3HAYHUN TMOTEHINA I TPAKTU-
YHOT'O 3aCTOCYBaHHA y cdepi r'yMaHiTaApHOIO PO3MIHYyBaHHs, OCOOJIMBO B YKpa-
THI Ta IHIIKX perioHax, IO MOCTPaxKJaju Bij 30poitHnxX KoHMJIKTIB. Pospo-
OJieHIiT KpOoC-T1aTOPMHMIT IIPOrpaMHNiT KOMILIEKC, sIKUi iHTerpye iHHOBaIlili-
Hi MeTojiu 300py Ta aHaji3y JaHUX, CHPHUsSE BUPIMIEHHIO HAraJbHOI MpobeMn
MIHHOI HeOe3NMeKN Ta MaThuMe MO3UTHBHUI BILUIMB Ha BIIOY/IOBY Ta PO3BUTOK
[IOCTPazK/IaJINX TePUTOPIIi.

3amnporroHoBaHi B PoOOTI MiIX0[a1 10 300py Ta ayrMeHTaIlil JTaHuX, BKJIIO-
Jaloun IHHOBaIlifiie BUKOpHUCTaHHs 3D ApyKy /11 CTBOPEHHS peasiiCTUuIHNX
mojeneit BHII, no3Bosisiiors (hopMyBaTl BHCOKOSKICHI Ta PEpPe3eHTATHBHI Ha-
BUa/IbHI Habopu. [le mokparniye TOYHICTH Ta HAMIHHICTL MOJIENell MaITUHHOTO
HaBYAHHS, 1110 € KPUTUYHO BayKJIUBUM JIJIsI €(DEKTUBHOI'O Ta TOYHOI'O BUSBJIEH-
Hd 1 JiokaJsizaril BHIIL.

Pospobiiennit Kkpoc-iardopMHNii 3aCTOCYHOK CIIPUSIE 3a/1yYeHHIO IHPOKO-
ro KoJsia ¢axiBIliB Ta BOJOHTEPIB JI0 Ipoiecy 300py indopmaril nmpo BHII, 3a-

Oesrevyioun 11 aKTyaJJbHICTb Ta BIJIMOBIIHICTH peaJbHUM yMoBaM. Lle jg03BouIst€e
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ollepaTHBHO pearyBaTh Ha 3MiHM B MiHHIT 0OCTaHOBII Ta MiJIBUIIUTH epPeKTUB-
HICTb POTUMIHHOI JIISJIBHOCTI.

[HTerpalliss HaBUYEHNX MoJIie/Iell MaIllTMHHOINO HAaBYaHHS y OaraToraardopm-
HUIT IPOrpaMHUiT KOMILIEKC CTBOPIOE MOTYKHUN IHCTPYMEHT JIJ1s1 aBTOMATH3AI]
nporiecy BugB/IeHHs Ta yiokasizarii BHII. [le 103BomuTh cyTTEBO 3HU3UTH PUBH-
KH JIJIT 0COOOBOT'O CKJIAJLY, 3aJIyUE€HOT0 JI0 ollepalliil 3 po3MiHyBaHH:, Ta 3HATHO
IPUCKOPHUTHU IPOLEC OYMINEHHSI TePUTOpPIiil BiJ MiH Ta IHINX BHOyXOHeOe3IIe-
JHUX TpeaMeTiB. KpiM Toro, mporpaMHuil KOMILJIEKC MOXKe OYTH BHKOPUCTAHUI
JIJTs MOHITOPUHTY Ta KOHTPOJIIO €(peKTUBHOCTI Oomepaliiil 3 po3MiHyBaHHd, & Ta-
KOK JIJIST TIJIAHYBaHHS MOJAJIBINTNX 3aX0/IIB.

Bukopucrantst po3po0/ieHOI CUCTEMU CIIPUATHME TTPUIITBIIIICHHIO BiJIOY/10-
BHU IOCTPaXKJIaJIX PErioHiB, BIIIKPUBAIOYHU JOCTYII JIO ClIBCHKOT'OCIIOIapChKIX
yIiJib, BIAHOB/IOIOYH IHOPACTPYKTYPY Ta CTBOPIOIOYUN YMOBHU JIJIsI CTAJIOT0 €KO-
HOMIYHOI'O PO3BUTKY. 3MEHIIEHHST KiJTbKOCTI KepTB cepe/l IMBLILHOIO HACEICH-
Hsl Ta, BIfICHKOBOC/IY>KOOBIIIB 3aBJIsIKH II1IBUIIIEHHIO TOYHOCTI Ta OE3II€KU BUSIB-
snenng BHII e nafiBasKuBimmM rymMmaniTapHuM acleKTOM JOCTIZKEeHHA.

OtrpumaHni pe3yJibTaT Ta Po3podJIeH] TEXHOJIOrT MalOTh ITOTEHIHA JIJIs [I1-
POKOT'O 3aCTOCYBaHHA He JINIIEe B YKpaiHi, aje i B IHMNUX KpaiHax, dKi CTUKa-
I0ThCs 3 1IPOOJIEMOI0 MiHHOT Hebe3IeKkn. 3anporoHoBaHi MiIX0/I MOXKYThH OyTH
aJIalTOBaHI JI0 PI3HUX THUITB MICIIEBOCTI Ta YMOB, 110 POOUTH 1X YHIBEPCAJIHLHIM
ITHCTPYMEHTOM JIJIsI TYMAHITAPHOTO PO3MIHYBaHHA. TakKumM YUHOM, Iid JIICEp-
TaliiiHa pobora poOUTH BAroOMMili BHECOK y BUPIIIEHHs IJI00AJIBHOI IIPOOJIeMu
MiHHOT HeOE3MMeKN Ta CIPUAE BiHOBJICHHIO Oe31eKn 1 JJo0pobyTy HaceJeHHs y
[OCTPazK/IaJInX BlJ| BIfIHU perioHax.

OcobucTuii BUCHOBOK 3100yBadva: Jlucepraliisi € caMOCTIHHOIO HayKO-
BOIO TIpallelo, B dKiil BUCBITJICH] BJIAcHI ij1el 1 po3poOKHU aBTOpA, 10 JIO3BOJIMIN
BUPIIINTHU [IOCTaBJIEH] 3aBgaHHsI. PoboTa MicTUThL TeOpeTUdHI Ta METOIUYH] 110-
JIO?KEHHS 1 BUCHOBKH, cOPMYJIbOBaHI JcepTaHToM ocobucro. Bukopucrani B

JicepTalill 1J1el, MoJIOYKeHHs YU TII0Te3U HIINX aBTOPIB MalOTh BIJIMOBLIHI T0-
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CUJIAHHS 1 BUKOPHUCTAHI JINIIe JJIs MAKPIIeHHs i1eii 3/100yBada. ABTOp IPOBiB
JIOCJIJIZKEHHS 1 eKCIIEPUMEHTH CaMOCTIITHO, CTBOpEHNIT TporpaMHuil POYyKT €
MOBHICTIO PE3YILTATOM POOOTH JTUCEPTAHTA.

Kurouoni cioBa: Mammnne nasuannd, ['mnboke napuanns, [ITyunnit in-
TesiekT, KoMt torepruit 3ip, ['ymanitapae posminyBannst, Po3miznaBanns BuOy-
xonebesneunnx npejpmeris (BHIT), lonosuennst nanux, /IBoeramna ayrmenTa-
ist, YOLO, PosnisnaBanns min, Kpoc-mardopmunit 3acrocynok, XmapHi O6-
aucsiennst, Mojesb € qunoro Asiropurmiaaoro Cepeosuria (MEAC), Mecenprep-

Bor, MobiibHuil 101aTOK.
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INTRODUCTION

Background and Motivation

The persistent threat of Explosive Objects (EO) continues to inflict dev-
astating human casualties and hinder socio-economic development in conflict-
affected regions across the globe. EO pose a persistent and insidious threat to
civilians, not only during periods of armed conflict but also for decades after-
ward. According to Landmine Monitor reports, 608 casualties were recorded
due to landmines and explosive remnants of war (ERW) in Ukraine in 2022.
Following the full-scale invasion by Russian forces in February 2022, the num-
ber of civilian casualties from landmines increased tenfold compared to the
previous year, when there were at least 58 victims [14]. Of particular concern
is the risk to children, who may be attracted to mines due to their innocuous
or even toy-like appearance. The effective identification and clearance of EO
are essential for the revitalization of war-torn regions. The impact of explosive
objects on agriculture and infrastructure is also a major concern, as it renders
vast swathes of land unusable.

As a result of the ongoing war, Ukraine has experienced significant con-
tamination of its territories and is considered one of the most heavily mined
countries in the world [13]. Landmines and ERW not only cause numerous civil-
ian casualties but also limit access to agricultural land, impede infrastructure
reconstruction, and hinder the country’s economic development.

The evolution of methodologies employed in addressing the challenge of EO
detection is chronologically delineated as such:

Early methods:

e Traditional methods: Initially, manual methods such as metal de-

tectors and probes were used to detect EO [15]. These methods were
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characterized by their inefficiency, danger, and slowness.

e The advent of automation: The evolution of technology subse-
quently gave rise to pioneering efforts to automate the process of EO
detection [16,17]. These efforts employed an array of sensors and signal
processing techniques, including acoustic, radar, and infrared methods,
among others.

Modern Approaches:

e The integration of artificial intelligence and machine learning:
In recent decades, machine learning (ML) and artificial intelligence (AT)
have become pivotal instruments in EO detection. Many algorithms and
models have emerged, capable of analyzing sensor data [29,31,34].

e The employment of unmanned aerial vehicles (UAV) has emerged
as a significant tool for rapidly and safely surveying vast areas for
EO [33,35]. These vehicles can be equipped with a range of sensors
and recognition systems, enabling effective detection of explosive ob-

jects.

Conventional demining techniques, while essential, are perilous, time-consuming,

and ineffective on a large scale. The diversity of EO, their locations, and en-
vironmental factors further complicate the process of detection and clearance.
The utilization of modern technologies, such as ML and Al, holds considerable
promise in enhancing the efficiency and safety of demining operations. These
technologies can significantly accelerate the demining process and mitigate the
risk to operators during traditional demining.

The development of an algorithmic environment for recognizing explosive
objects is a significant task, as it facilitates the integration of models for EO
recognition, thereby significantly accelerating and diversifying the application of
these models. The utilization of these models in software, mobile phones, and
unmanned aerial vehicles (UAV) holds considerable promise. The developed

software system facilitates EO detection and data collection for model training,
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with numerous potential applications, including a training program to enhance
EO detection skills and the transmission of detected and recognized explosive
object coordinates to relevant authorities.

The deep learning models obtained using the techniques explored in the con-
struction of the algorithmic environment can be used for humanitarian dem-
ining, for recognizing unknown explosive objects, for EO safety training, for
professional training, for recognition from mobile devices, UAV, robots, and for
online education.

The object of the present study is the Model of the Unified Algorithmic
Environment (MUAE) for unifying the process of recognizing explosive objects.
This includes the practical implementation in the form of a cross-platform ap-
plication and messenger bot.

The Model of the Unified Algorithmic Environment is an algo-
rithmic architecture designed to enable the creation of universal systems for
addressing interconnected tasks, based on a singular algorithmic platform or
framework. It utilizes shared data structures and a unified set of algorithmic
tools, ensuring a consistent approach to diverse problems within a system. The
model’s implementation can be achieved through diverse methodologies, includ-
ing recursive-parallel algorithms or multi-algorithmic platforms. The model’s
foundational principle is the establishment of a common environment, which is
achieved through the unification and reuse of components, thereby facilitating
the efficient resolution of a wide range of applications.

The subject of research includes deep learning models for EO recognition,
particularly the YOLO architecture (versions 5, 8, and 11), data augmentation
methods with an emphasis on the developed two-stage augmentation strategy,
dataset creation technologies using 3D printing of EO replicas, data collection
methods including an expert data contribution platform via the application, as
well as the architecture of a multi-platform EO detection system focused on

online and offline operation.
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Research Methods

This thesis employs a multi-faceted methodology encompassing the acquisi-
tion and curation of visual data, the development and training of deep learning
models, and the implementation of a cross-platform application and messenger
bot interface. To address the scarcity of real-world EO data, a two-stage data
augmentation strategy, as detailed in Chapter 3, is employed. This includes
both basic transformations (e.g., rotation, scaling, flipping) and advanced tech-
niques (e.g., MixUp, CutMix, mosaic). Subsequently, a novel dataset was cre-
ated based on 3D-printed replicas of prevalent landmine types, as described
in Chapter 4. The research focuses on the development, optimization, and
adaptation of deep learning models for EO detection, specifically utilizing the
YOLO architecture (versions 5, 8, and 11). This includes hyperparameter tun-
ing, model training, and validation using the augmented dataset of 3D-printed
replicas. Chapter 7 further details the pipeline for incorporating new, previ-
ously untrained EO types, demonstrating the system’s adaptability to evolving
real-world scenarios by training and deploying a YOLOv11 model. The de-
velopment of a scalable distributed system using the Google Cloud Platform
(GCP), including Google Cloud Functions, Google Cloud Storage, and Google
Firestore, supports the application’s online functionality and data management
needs. A messenger bot, detailed in Chapter 5, provides an alternative user in-
terface and integrates with Google Gemini for enhanced information retrieval.
The cross-platform application, developed using the Qt framework, QML, and
C++, incorporates the trained models for both online and offline EO detec-
tion and provides features for user interaction, data annotation, and feedback.
The software components are implemented using object-oriented programming
principles in C-++ and Python to ensure modularity, maintainability, and code
reusability. A platform for expert data contribution, integrated into the ap-
plication, facilitates data collection from a wider user base of professionals.

The performance of the developed models and the application is evaluated us-
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ing standard metrics such as precision, recall, mAP, and others, as defined in
Section 2.9.

Furthermore, the developed software package includes functionalities that
enable continuous model improvement and dataset expansion. Specifically, the
application allows users to correct recognition results, providing a mechanism
for refining model predictions and generating additional annotated data. This
user feedback, along with other operational data, is securely transmitted to
a central server, contributing to the accumulation of a substantial and varied
dataset for subsequent use in a range of EO detection applications.

The study aims to develop a program that utilizes computer vision with
deep learning models for the recognition of explosive objects. The objective is to
explore methods for generating datasets with limited data, leveraging augmen-
tation and three-dimensional printing to enhance the dataset, and employing
an expert data contribution platform to collect and evaluate models. The soft-
ware package is being developed to analyze the outcomes of recognizing real
mines, as collected by professional deminers, with subsequent refinement of the
models through feedback.

The overarching objective of the study delineated the necessity to address
the research tasks enumerated below:

e Conduct and analyze existing practical and theoretical studies in the
field of explosive object recognition.

e Formulate the main directions of building datasets in the conditions of
insufficient data.

e Analyze augmentation methods, analyze tools for creating datasets and
building models.

e Develop a dataset for training computer vision models that will include
images of 3D-printed copies of the most common anti-personnel mines
in Ukraine, obtained in different weather conditions (clear, cloudy, rain,

SNOW ).
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e Employ YOLO computer vision models, optimize their functionality,
and augment the dataset, as described in the previous step. This pro-
cess involves increasing the quantity of images, applying augmentation
methods, and adjusting hyperparameters.

e Evaluate the effectiveness of the trained models on real EO images from
the user’s own dataset, obtained from professionals.

e The development and evaluation of a Telegram bot for EO detection,
unrestrained by the choice of platform, is the eighth objective.

e The development and evaluation of a mobile application that utilizes
deep learning models for EO detection is imperative. This application
should facilitate EO recognition in both online and offline modes.

e Implement the ability to correct the recognition results by marking
objects and selecting the type of EO.

e Provide the ability to transmit data on the program’s operation for the
purpose of enhancing ML models.

The aim of this thesis is to formulate and assess a unified algorithmic
environment for real-time EO detection that incorporates a cross-platform ap-
plication, a messenger bot interface, and cloud-based processing. This research
aspires to offer an efficient and accessible method for EO detection by harness-
ing the scalability of cloud computing, the accessibility of mobile devices and
messaging platforms, and the capabilities of deep learning.

To accomplish this objective, the following specific objectives have been
established:

1. Develop and validate methodologies to address data scarcity using data
augmentation techniques, with a focus on a novel two-stage augmenta-
tion approach.

2. Construct a comprehensive dataset for training computer vision mod-
els, comprising images of 3D-printed replicas of prevalent anti-personnel

landmines found in Ukraine, captured under diverse environmental con-
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ditions (e.g., clear, cloudy, rain, snow).

3. Train and optimize YOLOvV8 and YOLOv11 computer vision models on
the created dataset, leveraging its increased size and diversity, applying
the developed two-stage augmentation methodology, and fine-tuning
model hyperparameters for optimal performance.

4. Evaluate the generalization performance of the trained models on a dis-
tinct dataset of authentic landmine images obtained from professional
demining teams.

5. Design, implement, and evaluate a user-friendly, cross-platform appli-
cation capable of both online detection, utilizing the GCP API, and
offline detection, employing an optimized on-device model.

6. Develop and integrate a messenger bot interface that interacts with the
same GCP API to provide an alternative access point for EO detection.

7. Implement, within the cross-platform application, a mechanism for users
to correct recognition results by annotating objects and selecting the
correct EO type, thereby contributing to ongoing model refinement.

8. Establish a secure and privacy-preserving data transmission mechanism
within the application for sending operational data, including user feed-
back and corrections, to a central server to facilitate continuous im-
provement of the ML models.

Scientific Novelty

This thesis introduces several novel contributions to the field of EO detec-
tion, integrating 3D printing technology, deep learning models, and an expert
data contribution platform to enhance the safety and efficiency of demining
operations.

The scientific novelty of the study is as follows:

For the first time:

e An expert data contribution platform was integrated into a cross-platform

application for EO detection, enabling the collection of annotated data
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for training and refining deep learning models. This platform empowers
individuals (who are professionals in this field) to contribute to dem-
ining efforts through a user-friendly interface, significantly expanding
the volume and diversity of the training data, and ultimately leading
to more robust and reliable detection models.

e A cross-platform EO detection application with both online and offline
capabilities was developed and evaluated. This application provides ac-
cessibility across various devices (e.g., smartphones, tablets, computers)
and operational modes (online, offline), enabling deminers to utilize the
technology in diverse field conditions, regardless of internet connectiv-
ity.

e A messenger bot interface was developed and integrated, which uti-
lizes the cloud-based API for EO recognition and provides users with
additional information about detected objects, obtained using Google
Gemini’s large language model.

Further advancements were made in:

e Augmentation methodologies through the development and implemen-
tation of a novel two-stage augmentation technique, specifically tailored
for training YOLO models. This technique refines the YOLO object de-
tection algorithm by incorporating a pre-training augmentation phase
with targeted transformations (e.g., geometric distortions, noise injec-
tion, and mosaic augmentation) and an online augmentation phase dur-
ing model training, resulting in improved model generalization and more
accurate EO detection in varied and challenging environments.

e Methodologies for creating training datasets based on 3D-printed repli-
cas that reproduce the visual characteristics of anti-personnel landmines
prevalent in Ukraine. The effectiveness of this methodology was experi-
mentally validated through subsequent testing of trained models on real

EO images.
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The practical value of the study lies in the development of a unified algorith-
mic environment for EO detection. This environment integrates a number of
key components: a methodology for creating training data based on 3D-printed
replicas, a two-stage data augmentation strategy, optimized deep learning mod-
els (YOLOv5, YOLOvVS, and YOLOv11), a cross-platform application with of-
fline and online detection capabilities, and a messenger bot interface with access
to a cloud-based API and integration with a large language model for providing
background information.

The proposed two-stage augmentation method provides high recognition
accuracy, which is experimentally confirmed: accuracy increased from 89.2% to
92.6% on the test dataset consisting of images from the internet. The use of 3D-
printed landmine replicas to create a training dataset has demonstrated high
efficiency, achieving a precision of 98.0% and a recall of 98.2% on the test set
of 3D-printed replicas and, importantly, ensures high accuracy in recognizing
real EO (average precision of 91.0% and recall of 79.1% on an independent
dataset of real EO). The developed cross-platform software package allows EO
to be detected on many devices, including mobile phones, making it particularly
useful in the field. Moreover, the developed software product is capable of
detecting EO offline, which is extremely important, especially given that in
areas contaminated by EO, there is usually poor or no internet coverage.

The application also supports the annotation of detected EO, allowing users
to adjust the recognition results and send this data for further model improve-
ment. The developed API, which is used by the application for online recog-
nition, is also integrated into a messenger bot, which provides a user-friendly
interface for interaction without the need to install additional software. The
bot can recognize sent or forwarded photos and also provide background infor-
mation about the detected EO using a large language model. The algorithmic
environment also supports the ability to add new types of EO at the request

of users. An example of adding new types of EO, training the model, and
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deploying it is described in Section 7. The two-stage augmentation methods
can be applied to different algorithms, as demonstrated by the transition from
YOLOvVS8 to YOLOv11.

Possible Future Research Directions

Based on the results obtained in this study, several promising directions
for future research are identified. These directions offer opportunities for re-
searchers and developers to further advance and refine the technologies for
detecting EO, including:

e Expanding the Functionality and Application Domains of the
Mobile Application. The mobile application can be adapted for use
by professional deminers and other specialists, providing the capability
to recognize unknown EO in the field and ensuring rapid analysis and
identification of potential threats. Furthermore, integrating the appli-
cation into training programs for deminers and military personnel will
allow for effective training on recognizing EO using both 3D-printed
replicas and real specimens. The development of a specialized training
mode within the application to simulate real-world EO detection scenar-
ios is also being considered. In addition, the application can be adapted
for use by the civilian population in areas with potential EO contamina-
tion, allowing them to identify suspicious objects and promptly inform
the appropriate authorities by sending data directly through the appli-
cation.

e Further Development of the Unified Algorithmic Environment.
Future work involves further expanding and supplementing the dataset,
including data obtained from users of the mobile application and mes-
senger bot. This will enable the creation of more diverse and repre-
sentative training sets to improve ML models. Also, it is a priority to
integrate the developed models into robotic platforms and unmanned

aerial vehicles (UAV) to automate the process of humanitarian demi-
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ning, ensuring safe and efficient area surveying. In addition, optimized
models for rapid online recognition integrated into various devices such
as robots, UAV, and body cameras of military personnel are to be de-
veloped for real-time EO detection.

e Expanding the Functionality of the Messenger Bot. It is advis-
able to expand the bot’s functionality for educational purposes, allowing
a wide audience to obtain information about EO types, safety rules, and
the identification of unknown objects. It is also promising to extend the
messenger bot’s support for platforms other than Telegram to reach a
larger number of users.

e Generalizing the Methodology. A promising direction is to adapt
the developed methodology, including 3D printing and two-stage aug-
mentation, to create datasets and train models for recognizing other
types of EO besides anti-personnel landmines. It is also worth exploring
the possibilities of applying the developed approaches in related fields
where there is a problem of insufficient training data, for example, to
recognize rare objects or anomalies in images.

e Technological Improvements. Future work may be directed towards
integrating data from different sensors (infrared cameras, lidars, mag-
netometers, ground-penetrating radars) to improve the accuracy and
reliability of EO detection, especially under challenging conditions (e.g.,
hidden or camouflaged objects). Furthermore, it is advisable to carry
out further optimization of deep learning models to increase processing
speed and reduce hardware requirements, particularly for efficient op-
eration in offline mode on mobile devices. A separate direction is the
improvement of 3D models and their printing to enhance realism.

The implementation of these outlined future tasks will significantly improve
the developed unified algorithmic environment and expand its scope of appli-

cation, contributing to solving the problem of EO danger in Ukraine and the



world.

ol

Personal contribution of the applicant

The dissertation is the product of the author’s independent research en-

deavors. The scientific supervisor is to formulate the problem and make rec-

ommendations on the choice of methods for solving intermediate tasks.

The applicant has published 11 scientific papers [1-11]: 6 abstracts of con-

ferences and 5 scientific articles. Creative contribution to published works is as

follows:

Articles and abstracts [2,3,7,8,10] are written in co-authorship with the
supervisor. The work [8] is devoted to the refinement of augmentation
methods and the creation of a methodology for increasing the amount
of data in EO image sets. The works [2,3,10] are devoted to the use of
three-dimensional printing to create deep learning models. The paper
[7] is devoted to an overview of current research areas in the field of EO
detection. The supervisor contributed to the reviewing of the text of
the articles to bring them to the form of a scientific work. O. Kunichik
conducted the main research after discussing possible areas of work.
Abstracts [1] are devoted to the review and analysis of existing methods
of searching for explosive objects.

Abstracts [4] are devoted to the use of Telegram bot for EO detection.
Abstracts [5] are devoted to the use of a mobile application for EO
detection.

Abstracts [6] are devoted to the use of cloud technologies and messengers
for EO detection.

Article 9] is devoted to an overview of strategies for overcoming data
deficiencies in the creation of datasets for training deep learning models
for EO detection.

Article [11] is devoted to the use of a mobile application for EO detec-

tion.



o2

e The problem statement and the development of conference abstracts

were made with the support of the supervisor, the author made presen-

tations at all conferences independently.

The research results were approbated at seven conferences:

1.

The 22nd International Scientific and Technical Conference "Artificial
Intelligence and Intellectual Systems" (AIIS’2022) — December 8-9,
2022 — Kyiv, Ukraine.

. The 21st International Scientific and Practical Conference "Shevchenko

Spring—2023" — April 15, 2023 — Kyiv, Ukraine.

. The 10th International Conference "Information Technologies and Im-

plementation" (Satellite) — November 21, 2023 — Kyiv, Ukraine.

. The International Scientific Conference, "Artificial Intelligence: Achieve-

ments, Challenges, and Risks" — March 15-16, 2024 — Kyiv, Ukraine.

. The 24th International Scientific and Technical Conference "Artificial

Intelligence and Intellectual Systems" (AIIS’2024) — October 18-19,
2024 — Kyiv, Ukraine.

The 11th All-Ukrainian Scientific and Practical Conference of Students,
Postgraduates and Young Scientists "United by Science: Prospects of
Interdisciplinary Research" — November 21-22 — Kyiv, Ukraine (a pub-
lication only).

The 23rd International Scientific Conference "Neural Network Tech-
nologies and Applications NNTA-2024" — December 11-12, 2024 —

Kramatorsk — Vinnytsia — Ternopil, Ukraine.



23

CHAPTER 1
THE PRESENT STATE OF RESEARCH

This section provides an overview of extant research on explosive objects
detection using the latest technologies, the creation of ML models for detection,
the use of mobile technologies, unmanned aerial vehicles (UAV), and other

technologies that can speed up the demining process.

1.1. Overview of Existing Approaches to Explosive Objects

Detection

Building upon the need for innovative EO detection solutions outlined in
the Introduction, this chapter reviews existing technologies for explosive objects
(EO) detection and clearance. Despite the need for innovation, conventional
techniques, such as the use of metal detectors and manual probing with a
sapper’s probe, remain essential in many demining operations. However, these
methods are often characterized by considerable time investment, requiring
meticulous manual scanning of large areas, and present a significant risk to the
safety of demining personnel, creating a need for faster, safer, and more efficient
solutions. Consequently, there is a growing interest in exploring alternative
approaches to EO detection and clearance. Current research in EO detection
focuses primarily on the following technologies:

e Acoustic-Seismic Methods: Employ sound and seismic waves to de-
tect mine-induced anomalies in the ground [18]. These methods analyze
the changes in wave propagation caused by the presence of buried ob-
jects. While effective for shallowly buried EO, they are relatively slow

and susceptible to noise interference.
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Ground Penetrating Radar (GPR): Uses radio waves to detect
objects underground based on differences in electromagnetic proper-
ties [19,20]. GPR transmits electromagnetic pulses into the ground
and analyzes the reflected signals to create an image of subsurface ob-
jects. It offers a considerable penetration depth, yet it is susceptible to
interference from non-mine objects with similar dielectric properties.
Electromagnetic Induction (EMI): Detects the metal components
in EO by measuring changes in an induced electromagnetic field [21].
EMI is a relatively cost-effective technique but is less reliable for EO
with minimal metal content.

Infrared (IR): Detects thermal contrasts between buried objects and
their surroundings [22]|. IR imaging relies on the difference in thermal
conductivity between the object and the surrounding soil. However, its
effectiveness is constrained by factors such as the depth of detection,
the presence of vegetation, and diurnal temperature variations.
Nuclear Quadrupole Resonance (NQR): Detects specific materials
in explosives by analyzing their response to radio frequency pulses [23].
While highly accurate in identifying specific explosive compounds, NQR
requires expensive and sophisticated equipment.

Thermal Neutron Activation (TNA): Detects specific materials in
explosives by analyzing gamma radiation emitted after neutron irradi-
ation [24]. This method is also quite accurate but requires expensive
and sophisticated equipment, including a neutron source.
Backscattered Neutron Method: Involves analyzing scattered neu-
trons to detect explosives. This method is based on the principle that
different materials scatter neutrons differently. However, it is sensitive
to soil moisture variations [25].

X-ray Backscatter Method: Utilizes X-rays to create an image of
buried objects based on the backscattered radiation [26]. The intensity
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of backscattered X-rays varies depending on the density and atomic
number of the object. However, it should be noted that this method
has a limited depth of penetration.

e Magnetic Anomaly Detection (MAD): Employs sensors to de-
tect changes in magnetic fields caused by the presence of metallic ob-
jects [27]. This method is cost-effective and portable; however, its ef-
fectiveness is limited to metal mines and it is less effective in noisy
environments.

e Computer Vision-Based Methods: Utilize cameras and image pro-
cessing algorithms to detect visual features of EO [36]. These meth-
ods can be deployed on various platforms, including handheld devices,
robots, and UAV. While offering advantages in terms of cost, accessi-
bility, and potential for real-time detection, their effectiveness can be
limited by factors such as lighting conditions, vegetation cover, and the
visual similarity between EO and background objects.

Among these diverse approaches, computer vision-based methods, particu-
larly those employing deep learning techniques, have emerged as a promising
avenue for research. Their ability to learn complex patterns from visual data,
coupled with advancements in processing power and algorithm design, offers the
potential to overcome some of the limitations of traditional methods. The fol-
lowing section will delve into the rationale for selecting the YOLO architecture
as the foundation for the EO detection system developed in this research.

In the article |28], the authors conducted a comprehensive review of vari-
ous EO detection methods, meticulously analyzing their operational principles,
strengths, and weaknesses. The paper provides a detailed exposition of the
predominant methods and offers recommendations on the integration of ap-
proaches such as MAD and GPR to enhance efficiency and portability. The
authors conducted a thorough analysis of the extant approaches to the search

for explosive objects, encompassing a wide range of methods for detecting ob-
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jects underground and diverse algorithms. The authors underscore the intrica-
cies inherent in the processing of sensor data, attributable to the diversifying
conditions prevalent during experimental iterations, and the necessity of cal-
ibrating equipment to specific parameters, including soil type, EO placement
depth, prevailing weather conditions, and antenna frequency. The profusion of
variables necessitated for EO detection engenders a requirement for substan-
tial computing capacity. The article further provides insights into the financial
implications of equipment, albeit with the caveat that the cited prices may be
outdated. Nonetheless, this information facilitates cost estimation. It is im-
portant to note that the article does not contain original experimental data to
support the conclusions, nor does it take into account the diversity of real-world
environmental conditions, thus limiting the generalizability of the analysis. Ad-
ditionally, the article focuses on traditional methods, which limits the overview
of modern innovations.

One of the most prevalent methods for detecting explosive objects is GPR
systems. The work [29] uses three neural networks to analyze radar images
to determine the shape of an object underground, material, and additional
features such as depth, size, etc. The authors observe that the prevailing focus
in numerous contemporary studies is on the recognition of cylindrical objects,
while the full classification of objects remains under-explored. The gprMax [30]
program, a de facto standard in the field, was utilized to generate the dataset.
The study’s findings indicate that the shape of objects can be determined with
an average accuracy of 90%, while material identification exhibits an average
accuracy of 99% to 100%. Additionally, the depth estimation error ranged from
4% to 16%. While this study has yielded favorable outcomes, the approach
employing multiple neural networks exhibits a lack of flexibility, necessitating
the continual addition or modification of existing networks. The utilization of
generated data is a common practice in this field; however, the employment

of real data is crucial to optimize the approximation to reality. A prevalent
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challenge in this subject area is the scarcity of sufficient samples in datasets.

The article [31] proposes a convolutional neural network (CNN)-based pipeline
for detecting buried landmines using ground penetrating radar (GPR) B-scan
data, achieving up to 95% accuracy with minimal preprocessing. A key strength
of this approach is its ability to generalize well to real-world GPR data despite
being trained primarily on synthetic datasets, addressing the challenge of lim-
ited labeled data. The system’s reliance on characteristic hyperbolic signatures
in B-scans simplifies the detection process, making it highly efficient and prac-
tical for deployment. The verification process utilizes 9 objects to acquire GPR
images; however, the testing and setup process is cumbersome, hindering prac-
tical applications. The study utilizes gpr-max software [30] to generate data,
enabling the creation of GPR images. The authors intend to conduct further
experiments with antennas; however, it remains uncertain whether the images
generated by gpr-max can be effectively utilized in real-world scenarios.

Nevertheless, the study’s evaluation is constrained to a particular dataset,
giving rise to concerns regarding its generalizability to varied soil and environ-
mental conditions. Moreover, while the approach proves effective in detecting
buried objects, it does not extend to full object classification or leverage multi-
dimensional data.

The work [32]| explores the search for explosive objects from varied angles,
encompassing diverse types of pipes and a jug. However, the analysis is con-
ducted manually within the Rad Explorer software package. A synthesis of the
extant works employing GPR reveals the following conclusions:

e Insufficiently sized datasets.

e The predominant role of human involvement in training and object
identification.

e The findings are substantiated through experimental means, employing
datasets that are often limited, artificial, and fitted, thereby raising

concerns about the reliability of the obtained accuracy.
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e A paucity of classes is evident in object classification, necessitating ei-
ther the redesign of algorithms or the addition of layers of neural net-
works for new classes.

e Deep learning approaches, such as CNN, are trained on synthetic datasets,
which are generally ideal and may produce larger errors in real-world
use.

Visual methods of detecting explosive objects with a camera are of the
utmost importance in the context of the large number of landmines in the oc-
cupied and de-occupied territories of Ukraine, including in buildings, on the
outside of structures, and in trees. The article [33] provides a model for con-
structing a cost-effective system used to search for explosive objects that are
not visible on the surface. The algorithm utilizes two morphological image
processing techniques, erosion and dilation, to refine input still images by re-
moving irrelevant areas and enhancing EO detection accuracy through an area
opening process. However, the study’s experimental nature is constrained by
two factors. Firstly, the dataset contains a limited number of objects, including
the objects used (tuna cans), which limits the generalizability of the findings.
Secondly, the lack of testing on real EO hinders the study’s external validity.

In the article [34], the authors investigated various sensing techniques, im-
age processing techniques, and recognition and classification techniques. The
article serves as a foundational framework for future research, wherein the au-
thors describe the algorithmic actions to achieve the objective of EO recognition
using a neural network. The system demonstrates an accuracy of up to 90%
in classifying EO under various conditions, such as rotation or partial closure.
However, the absence of real-world testing and the reliance on successful seg-
mentation hinder the system’s practical application. The study encompasses
a range of image sources, including ultrasound, conventional cameras, GPR,
infrared cameras, and two types of mines utilized in a laboratory setting.

The work of Binghamton University [35,37], which focuses on the recogni-
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tion of a single mine (PFM-1) using a drone and a camera (visible light and
infrared), is noteworthy. However, the utilization of a single EO for testing
currently restricts the system’s versatility. Nevertheless, this limitation does
not preclude the possibility of conducting analogous experiments with other
EO types.

Consequently, the problem of locating explosive objects using alternative
classical approaches remains salient. This subject is being investigated from
both theoretical and practical standpoints. However, most works consider
some aspects of this problem. These works typically employ simplified tools for
problem resolution, such as bulky equipment, laboratory experiments, limited
datasets, and generated data. These tools do not fully consider the diversity
of EO types, methods of placement, and weather conditions, which limits their
effectiveness. This section will provide an overview of strategies to address the

problem of data deficiency:.

1.2. Applying Augmentation Methods

Given the heterogeneity of images and tasks, there is a necessity for spe-
cialized augmentation methods. To this end, numerous studies have developed
frameworks and libraries, providing a comprehensive range of image augmen-
tation methodologies. A notable contribution to the comprehensive survey of
image augmentation techniques has been made by the study [38], which un-
dertakes a thorough evaluation of the impact of these methods on fundamental
computer vision tasks, including semantic segmentation, image classification,
and object detection. The article presents a comprehensive review of image
augmentation methods, classifying them into basic methods (e.g., flipping, rota-
tion), advanced approaches (e.g., auto-enhancement, deep generative models),
and their application in various computer vision tasks, such as image classi-

fication, object detection, and semantic segmentation. The study highlights
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the strengths and weaknesses of these methods, demonstrates their positive
impact on model performance, and addresses issues such as a lack of theoret-
ical research, evaluation metrics, and scalability. The study concludes with
conclusions on future directions, emphasizing the need for a better theoretical
framework and more effective augmentation strategies.

The imgaug [39] library contains numerous techniques, including flipping,
rotation, noise addition, contrast variation, and others that are employed in the
study. Additionally, TensorFlow [40] introduced "Keras preprocessing layers,"
a module integrated into TensorFlow that facilitates resizing, scaling, rotation,
flipping, and other image augmentation processes. This article also includes a
practical guide that explains how to use these layers to process datasets and
train models.

While these advances demonstrate the effectiveness of augmentation, issues
such as scalability, evaluation metrics, and theoretical frameworks highlight ar-
eas for future research and development. The employment of augmentation to
increase the quantity of data in a EO detection dataset constitutes a substantial
instrument that facilitates the enhancement of dataset quality. This augmen-
tation process entails the implementation of diverse transformations on images

that are challenging to obtain systematically in real-world settings.

1.3. The Issue of Inadequate Data in Contemporary Studies

Convolutional neural networks (CNN) are a particular kind of artificial neu-
ral network that has been the subject of several studies due to its ability to
process images and other data with spatial structure. CNN achieve this through
the use of convolutional layers, which are specialized circuits that can detect
local features in the input data. In paper [41], CNN are used to recognize
landmines from magnetometer images, demonstrating their efficacy in this ap-

plication. The research results presented herein illustrate the high accuracy
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of EO detection from unmanned aerial vehicles (UAV), and the system was
trained on an artificial dataset. However, the absence of a rigorous testing
phase on real data calls into question its practical applicability. The reliance
on generated images in the study underscores significant concerns regarding
data security and the dearth of publicly accessible data. A notable drawback
is the system’s inability to recognize plastic landmines, highlighting the need
for further refinement. In essence, the study fails to meet the fundamental cri-
terion of providing reliable data for analysis, relying instead on the empirical
observation that the generated data exhibits a high degree of similarity to real
data. Furthermore, the system has not been subjected to a real-world testing
environment.

The employment of machine learning algorithms in the domain of GPR-
based EO detection represents a prevalent methodological approach. GPR
functions by employing a ground-based antenna to transmit electromagnetic
waves of limited duration into the soil, with the waves reflecting back when
they encounter an underground object. The return signals are then examined
to obtain an image or profile of subterranean structures. This methodologi-
cal approach has been employed in numerous recent studies to achieve more
precise and effective detection. In [42|, GPR data underwent analysis using
CNN, yielding a precision rate of over 93% in the detection of buried objects,
including landmines. Nevertheless, concerns persist regarding the practical ap-
plicability of this system in EO detection contexts. A potential rationale for
these concerns may be attributed to the experimental design of the study, which
was conducted within a laboratory environment. The extrapolation of the pro-
posed approaches’ effectiveness to real-world scenarios remains uncertain. It is
imperative to test and refine the methodology in real-world settings, consider-
ing the variable characteristics of soil types to ensure its effectiveness in diverse
environments.

The study [43] conducted in Ukraine utilized CNN for the classification
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of explosive objects, achieving a precision rate of 97.8%. Nevertheless, the
study was predominantly theoretical in nature and relied on data previously
collected [42], incorporating a dataset. In the article [44], a comprehensive
survey of machine and deep learning algorithms utilized in GPR data processing
is provided, with the authors emphasizing the challenge of limited dataset for
training. The study’s challenge domain is its failure to propose viable solutions
to the limited data issue, though the authors hypothesize that synthesizing
imagery with augmentation methods may offer a solution.

As demonstrated in study [45], the combination of GPR and CNN holds
promise for detecting subterranean objects. The study’s findings suggest the
feasibility of identifying improvised explosive devices buried beneath roadways.
However, the study’s primary limitation is the paucity of test data. The devel-
opment of a more extensive dataset could enhance the research, thereby aligning
it more closely with practical real-world applications.

In [46], a robotic platform was utilized to detect landmines, and the find-
ings suggested the feasibility of using GPR for landmine detection, though the
experiment’s complexity raised questions about its practicality. The study’s
primary limitations were the restricted dataset (comprising only two types of
landmines) and the absence of independent dataset validation, which led to
concerns regarding its applicability in real-world settings.

The augmentation of limited datasets has emerged as a promising solution
to address this limitation. A study [8] demonstrated that data augmenta-
tion methods enhance the efficiency of deep learning models for EO detection,
achieving 97.4% precision and 92.6% recall. However, the study’s reliance on
internet data, characterized by its limited variety, necessitates the incorporation
of additional images to enhance the dataset’s diversity.

Other recent studies have examined various methods of EO detection, in-
cluding the use of UAV equipped with multispectral and thermal sensors [36].

However, this study’s primary limitation is its focus on a single type of EO,
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the dataset’s modest size (165 images derived from six orthophotos), and the
restriction to a limited range of environmental settings. One potential solution
to these challenges lies in augmenting the dataset with additional images and
in establishing more varied testing conditions.

In [47], an analysis of landmine installation patterns is conducted, exploring
the potential for detecting landmines based on a map with other detected ones
in proximity. An artificial dataset with patterns is generated to facilitate this
study. However, the practical challenges of implementing this method persist,
as the placement of landmines is influenced by various terrain, situational, and
problem-specific factors, rendering a universal guideline for their deployment
ineffective. This observation aligns with the conclusions drawn from previous
studies, which indicate that artificially generated data does not adequately
reflect the practical implementation of the outcomes.

Study [7] analyzes modern demining methods, demonstrating a broad array
of detection techniques. However, the study does not address the issue of in-
sufficient data for experiments, and the challenges of implementing the studied
methods persist. This may be attributed to the time-consuming and intricate
nature of establishing EO detection systems, as they were all conducted in
laboratory settings with limited experimental data.

Consequently, a significant proportion of EO detection studies have been
hindered by a paucity of data. To address this limitation, many surveys have
resorted to generating synthetic imagery [31,41,47], utilizing limited datasets
[36,44,46], or even reusing datasets from other studies [43]. Alternatively, three-
dimensional computer modeling can be employed to address the challenge of
inadequate data, as evidenced by the study on car traffic [48]. However, such
data is characterized by a deficiency in realism. Augmentation techniques have
also been explored [8], yet the generation of images or the augmentation of
dataset size does not rectify the issue of data heterogeneity:.

These considerations underscore the necessity for a comprehensive study
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aimed at identifying methodologies to overcome the challenge of limited data
during the training process of machine learning systems. A review of extant
literature reveals that this deficit represents a significant impediment to the
development of effective detection systems. Consequently, research endeavors
directed towards addressing this concern through the utilization of 3D-printed
landmine replicas for the generation of data for model training are highly per-
tinent. Furthermore, this approach would ensure the complete safety of the
testing process, thereby eliminating the possibility of an accidental detonation

of the experimental material.

1.4. Review of Existing Software and Technologies for Explosive

Objects Detection

A comprehensive overview of contemporary demining technologies is pre-
sented in [49], including metal detectors, ground-penetrating radar, infrared
sensors, magnetometers, and other advanced devices. This comprehensive study
furnishes a meticulous exposition on the recent advancements in demining tech-
nologies. Notably, the study does not put forth any pragmatic solutions that
could be implemented to facilitate the process of demining. As the work indi-
cates, a limited number of projects have secured funding and advanced to the
implementation stage. However, the study does not provide specific examples
to support this assertion. A 2013 United Nations (UN) report [50] indicates
numerous projects with potential were not realized due to a lack of financial
resources or a method of aligning donors with technological capabilities. The
aforementioned report, however, makes mention of the use of mobile applica-
tions in the context of EO safety training. Furthermore, it details plans for
the development of an application designed for the training of individuals in
the detection, handling, and disposal of improvised explosive devices. Conse-

quently, initiatives have emerged to leverage mobile technologies in mine action;
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however, these do not possess automatic recognition functionality.

In another study, potential applications of smartphones, in conjunction with
artificial intelligence (Al), for uses in the medical industry were thoroughly in-
vestigated [51]. It is noteworthy that this domain bears a notable relation to
that of EO detection, given the potential repercussions of erroneous judgments.
The study reviews several mobile applications and discusses the potential of
smartphone cameras. In this article, the authors illustrate the potential for uti-
lizing Al to identify objects in the medical domain. However, the question of
enhancing models by incorporating feedback from the application remains unre-
solved. The authors further underscore the challenges associated with on-device
recognition, attributable to the intricate nature of the models. Addressing these
complexities may be achieved by implementing server-based recognition as a so-
lution. This approach bears resemblance to that delineated in reference [52].
However, it is hindered by its reliance on a desktop computer as a server, which
restricts the system’s mobility and its deployment in field settings where access
to a desktop computer may be limited or nonexistent.

The authors of the study [51] observe that the advancement of object recog-
nition software is hindered by the need for more data and the absence of feed-
back. The implementation of online recognition has been posited as a potential
solution. This approach was explored in [53] in the context of a study examining
the feasibility of employing a mobile application to identify explosive objects
using virtual reality. However, it is important to note that the study does not
employ its own dataset and model, a decision that limits its generalisability to a
substantial number of EO. Instead of utilizing its own dataset, the application
employs a third-party developed augmented reality software. The evaluation of
performance is undertaken by the application’s authors through the utilization
of the accuracy metric. However, this metric is inadequate in providing a com-
prehensive assessment of the efficacy of EO detection models. In the context of

EQO detection, alternative metrics such as recall and F1-measure hold greater
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significance, as these consider the integral role of false positives and false neg-
atives in evaluating performance. The implementation of the application is
achieved through three scripts that execute the primary functions. Neverthe-
less, challenges persist regarding feedback processes and the annotation of false
positive results.

In terms of reporting instances of EO detection, the State Emergency Ser-
vice of Ukraine’s (SES) website offers a dedicated reporting option [54]. The
SES website offers insights into the present state of demining operations, the
extent of contaminated and occupied territories in Ukraine, and related mat-
ters. To report a EO, one is instructed to visit the service’s website and to
register using BankID, an electronic identification system. The Bezpekalnfo
website [55] contains a variety of resources focused on landmine safety. The
overarching objective of the project is the dissemination of information in an
accessible manner to a target audience of children. Additionally, an online
course is available. Nonetheless, it is imperative to acknowledge that the effi-
cacy of these resources hinges on enhancing their accessibility through mobile
applications and offline functionality, thereby addressing the challenges faced
by users in rural and disconnected regions [54,55]. The process necessitates in-
ternet connectivity to access the intended information, which is currently only
available through these websites.

In contrast, the paper [56] puts forth an alternative proposal of utilizing
mobile devices as a substitute for metal detectors for EO detection. This in-
novative approach utilizes the smartphone’s built-in magnetic sensor to detect
EO. It should also be noted, however, as indicated by the author in the same
publication, that the system remains in the experimental phase and has yet to
be put into practical use. The economic viability of employing smartphones for
EQO detection is not yet established, as the use of a conventional sensor suffices.

Consequently, at the present moment in time, there is an utter dearth of

software capable of detecting EO in images. Furthermore, existing online re-
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sources are inadequate in terms of recognizing EQO, highlighting the need for
further research and development in this area to enhance the efficacy of EO de-
tection methodologies. The integration of smartphones into the reconnaissance

process holds significant potential for enhancing its efficiency and speed.

1.5. Conclusions to Chapter 1

The problem of finding explosive objects remains a significant concern, as
evidenced by the substantial number of studies aimed at developing effective
methods of detection and disposal.

The employment of data augmentation techniques has been shown to en-
hance the quality and diversity of datasets utilized for training machine learning
models, thereby augmenting their efficacy.

Addressing the paucity of data in this domain is promising, and the use
of three-dimensional printing methods to create realistic models of explosive
objects for training and testing recognition systems is a particularly salient
approach.

Presently, there is an absence of a universally applicable software solution
capable of effectively recognizing diverse EO types and integrating data to
enhance model performance.

Consequently, there is a pressing need for the creation of a centralized
and algorithmic environment that would facilitate collaboration between data,
datasets, algorithms and ML models. Such a framework would enable the inte-
gration of diverse approaches and software implementations, thereby ensuring
the efficacy of ML models and the safety of individuals operating within com-

plex, high-risk environments.
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CHAPTER 2
SETTING THE MAIN OBJECTIVES

2.1. Definitions of Explosive Objects

The term "Explosive Objects" is generally understood to denote a broad

spectrum of categories that encompass or potentially encompass explosive ma-

terial, thereby constituting a potential hazard to human life and well-being. An

examination of the diverse categories of EO reveals a multifaceted nature, and

it is imperative to explore them in greater depth.

Anti-vehicle EO, which are designed to destruction tanks, armored per-
sonnel carriers, and other heavy military vehicles. They are usually
larger than anti-personnel landmines and contain a greater proportion
of explosives.

Anti-personnel EO, on the other hand, are defined as mines designed to
cause death to humans. These EO can be categorized based on various
factors, including high-explosive, fragmentation, jumping, and others.
Direct-action anti-personnel EO are a category of mines that, upon det-
onation, propel a projectile of fragments in a predetermined direction,
thereby increasing the radius of impact.

Improvised explosive devices (IED) are a category of munitions that
diverge from conventional military models. They can be fabricated from
a wide range of materials and possess varying detonation mechanisms.
Shells refer to munitions utilized for the purpose of artillery, such as
those discharged from guns, howitzers, mortars, and similar weaponry.
Notably, unexploded shells pose a persistent threat, as they can remain

hazardous for extended durations due to the inherent delays in the



69

detonation process.

e Rockets are defined as self-propelled munitions that deliver explosives
to a target via a rocket motor; unexploded rockets may still contain
explosive components, while remnants from expended rockets may also
pose a hazard.

e Cluster munitions refer to bombs or shells that contain a high number of
submunitions, i.e., smaller bombs. These munitions are dispersed over a
large area and often do not detonate immediately, thereby constituting
a persistent threat.

e Explosive remnants of war (ERW) are a general designation for all types
of explosive remnants of war. Such remnants may include unexploded
bombs, shells, mines, grenades, or ammunition, amongst other types of

explosives.

2.2. Relevance of the Problem

EO continue to pose a substantial and ongoing threat to global security,
even in the aftermath of armed conflicts. A minimum of 10,254 individuals
sustained injuries due to landmines and ERW worldwide during the period of
2021 — 2022, with 3,843 fatalities, 6,370 injuries, and 41 cases with unknown
outcomes [14,57]. In 85% of the documented cases, the victims were identi-
fied as civilians, with approximately 50% of these civilians being minors. The
magnitude of the problem in mined regions is considerable, with Ukraine be-
ing a prime example. For instance, the State Emergency Service (SES) of
Ukraine has identified approximately 128,000 square kilometers of mined land
and 14,000 square kilometers of mined water, which have had a substantial and
adverse impact on nearly six million inhabitants of Ukraine [58]. The evidence
underscores the necessity for the use of modern demining techniques.

According to the Landmine Monitor [57], 608 individuals sustained injuries
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from explosives in Ukraine in 2022. Following Russia’s full-scale invasion, civil-
ian casualties from landmines surged tenfold relative to 2021 (58 victims). A
significant concern is the danger posed to children, who may be attracted to
these hazardous things due to their frequently misleadingly innocuous appear-
ance. The identification and subsequent removal of EO is imperative for the
rehabilitation of war-affected areas, as these objects can severely compromise
agricultural productivity and infrastructure, rendering large regions hazardous
and inaccessible.

The restoration of normality in contaminated areas necessitates the capacity
to identify explosive objects, for which a variety of approaches are employed,
including manual demining and the deployment of canines for bomb detec-
tion [59]. The existing methodologies for EO detection are diverse, but they
frequently encounter limitations. Conventional methods such as metal detectors
and manual probing are both labor-intensive and hazardous. While advanced
technology, including infrared imaging and ground-penetrating radar (GPR),
holds promise, it can be costly and generate false positives. Canine units are
constrained by factors such as fatigue and environmental conditions and require
extensive training. A mobile EO detecting application can facilitate the identi-
fication of these objects by enabling the capture of photographs of potentially
hazardous objects and the subsequent notification of the relevant authorities.

The utilization of Al, specifically ML algorithms, possesses the capability
to efficiently identify EO; however, the employment of such models is presently
restricted to a select group of demining experts. The integration of state-
of-the-art technologies has the potential to markedly accelerate the demining
process. However, the demining community persists in employing methods that
are regarded as outdated and conventional, such as the use of metal detectors
and bayonet-like tools (probes).

Computer vision offers significant potential to enhance the efficiency and

safety of EO detection by leveraging advanced algorithms for analysis of both
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conventional images and GPR and infrared images. It is noteworthy that cer-
tain landmines are composed of plastic, a material that conventional demining
techniques, such as metal detection, are ineffective against. However, computer
vision algorithms can effectively identify such EO. A significant challenge in
developing ML models is the scarcity of data for algorithmic training and eval-
uation. The acquisition of authentic EO data for model training is fraught with
ethical and security concerns, as even deactivated landmines can pose signifi-
cant risks, making the procurement of authentic samples for research a perilous
undertaking [60] .

Furthermore, it is imperative to enhance the capacity to identify unidenti-
fied explosive devices that sappers may encounter in the course of their duties.
In such scenarios, mobile applications can serve as invaluable resources, as their
feedback mechanism enables them to function as a data source when the model
fails to accurately detect explosive objects. The development of mobile appli-
cations for EO detection using computer vision models represents a promising
area of research. This is due to the widespread usage of mobile devices and
the development of sophisticated ML techniques. These sophisticated machine
learning techniques, in turn, facilitate the secure detection of EO, guide the
training of demining professionals, improve model efficacy, and notify pertinent
demining services.

Despite the pressing demand for dependable EO detection systems, numer-
ous challenges impede advancement. Manual EO detection by deminers remains
the primary method of demining, but the pace of this demining is inadequate.
According to the most recent estimates from early 2024, it will require almost
700 years to clear the Ukrainian territories potentially polluted with explosive
devices [61]. This projection is based on the current estimate of 500 demining
groups, comprising approximately 5,000 specialists, and is expected to result
in the clearance of 4,700 square kilometers over the span of 20 years. Conse-

quently, it is projected that 174,000 square kilometers potentially contaminated
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with EO can be cleared within a period of 740 years (Figure 2.1).
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Figure 2.1:  The territory of Ukraine contaminated by EO. Source
https://ua.imsma.org [62]

Taking into account [58], it can be concluded that 128,000 square kilometers
potentially contaminated by EO can be cleared within 545 years, which is also
too long a period. The water contamination is not considered as it is difficult
to predict how long it can take to demine 14,000 square kilometers of water.
The next section contains an estimate of the number of explosive objects on

the territory of Ukraine.

2.3. Estimation of the Number of Explosive Objects on the

Territory of Ukraine

Russia has discharged approximately 10,000 shells per day, and when com-
bined with the number discharged by Ukraine, the total daily tally reaches
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12,000 [63]. Over the course of the 1,000 days of warfare that have elapsed
thus far, the aggregate daily expenditure of munitions by both parties amounts
to 12 million. According to experts [64], approximately 20% of these shells
do not detonate, resulting in a substantial quantity of unexploded ordnance,
estimated at 2.4 million. Furthermore, estimations indicate that the total num-
ber of shells discharged by both sides during the initial year of the war (2022)
amounted to approximately 20 million [64], which suggests that the number of
unexploded shells could potentially exceed 5.6 million.

The number of EO in the minefields that extend for hundreds of kilometers
along the contact line is challenging to estimate. For instance, in the southern
part of Ukraine alone (Kherson, Zaporizhzhia, and Donetsk regions), the length
of mined areas is 420 km, and the density of EO in these areas reaches up to 5
mines per square meter on some sections, according to the Minister of Defense
of Ukraine [65]. While the peak density is reported as 5 EO per square meter, a
more reasonable average density across the entire mined area might be around
1 mine per square meter. Assuming a typical width of a minefield to be at least
20 meters, which is considered a minimum and can be significantly greater, for
example, 100 or even 200 meters in some areas along the front line, the total
area of mined land in these regions can be estimated. This area is 420,000
meters (length) multiplied by 20 meters (width), resulting in 8,400,000 square
meters. Applying an average density of 1 EO per square meter to this area
gives an estimated total of approximately 8.4 million EO. However, it is also
important to consider that a minefield width of 20 meters might be a significant
underestimation, especially given the presence of multiple Russian defense lines
(at least three) in this area. A wider mined area would naturally lead to a

significantly higher estimate of the total number of explosive ordnance.

Note: This figure represents more than three years since the full-scale invasion began (as of the disserta-
tion’s writing). It’s important to note that substantial explosive ordnance contamination has been present

since Russia’s occupation of Crimea and the invasion of Donbas started in 2014.
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According to the Minister of the Armed Forces of Ukraine, as articulated
during his address at the forum "Ukraine. The Year 2024," the active frontline
extends approximately 1,200 kilometers, while the total defense line spans 3,200
kilometers. While the density of mines varies significantly along the frontline,
reaching up to 5 per square meter in some areas of southern Ukraine, even a
conservative lower bound estimate of 1,000 EO per kilometer of the frontline
suggests at least 3.2 million EO along the total defense line. Estimations for
the southern regions, heavily contaminated with minefields at densities reach-
ing up to 5 mines per square meter, indicate a significant number, potentially
around 8.4 million EO. When also considering the potential for over 5.6 million
unexploded shells from artillery fire, the scale of explosive ordnance contami-
nation in Ukraine is immense, suggesting a total of at least 17 million EO. It
is important to note that the 420 km of mined areas in the south are likely
part of the larger 3,200 km total defense line, meaning these southern areas
might have been included in both estimations. However, even if the southern
minefields were counted twice, this overlap does not significantly reduce the
overall order of magnitude of our estimate due to the aforementioned reasons,
such as the varying intensity of the conflict and the corresponding density of
mines, which in many areas is clearly much higher than our conservative lower
bound of 1 per meter of front. Consequently, considering the extensive mine-
fields on both sides, including Ukrainian defensive positions, the total number
of EO and unexploded ordnance could realistically reach at least 17 million,
which is likely a lower bound estimation. It is important to note that in border
areas and locations of high intensity conflict, the density of EO is likely to be
considerably higher. This figure does not include mines dispersed by remote
mining systems, which would further compound the challenges and costs asso-
ciated with demining operations. It was estimated [66] that the cost to clear a
single mine was approximately $1,000, suggesting that the financial burden of

removing such a substantial quantity of explosive devices would be substantial.
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2.4. Obstacles in the Detection of Explosive Objects

In light of the aforementioned challenges, the development of innovative
strategies is imperative to enhance EO detection capabilities and address the
limitations of existing systems. By addressing these challenges, it is possible to
facilitate the development of more effective and efficient EO detection systems,
with the ultimate goal of preserving lives and aiding in the reconstruction of
war-impacted communities. A promising demining technique involves the in-
tegration of ML algorithms with UAV [36,67,68]. However, the complexity
and variety of landmines and shells necessitates substantial datasets to develop
effective machine learning algorithms. A significant challenge in the aforemen-
tioned surveys is the limited availability of comprehensive datasets suitable
for training and evaluating detection algorithms. Additionally, the manage-
ment of actual EO poses a risk to data acquisition and testing. Augmentation
techniques [69-71] can significantly augment the volume of data available for
training. Paper 8] examines the application of various augmentation methods
for improving EO detection and intoduces two-stage augmentation for YOLO
algorythm. This work will be discussed in greater detail in the next chapter.

The following challenges are identified when creating ML models for explo-
sive objects recognition:

e Insufficient data: The development of accurate and dependable EO
detection algorithms is impeded by a substantial paucity of diverse and
comprehensive datasets. These datasets are imperative for the training
of ML algorithms to accurately identify and categorize EO. However,
acquiring such data presents a significant challenge due to various vari-
ables, including the scarcity of accessible imagery and the logistical ob-
stacles associated with data collection in conflict zones. The restricted
availability of data significantly hinders researchers’ capacity to create

algorithms that can generalize across various terrains and EO varieties.
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The absence of diverse data can impede the efficacy of algorithms, po-
tentially leading to heightened hazards to human safety.

e Varied Explosive Hazards: The topography affected by explosive
objects exhibits remarkable diversity, as does the variety of EO types,
including anti-personnel, anti-tank, and improvised explosive devices
(IED). Each type of EO possesses distinct features, including differ-
ences in shape, size, and composition, which can complicate detection.
A significant proportion of EO are composed of plastic materials, which
often renders them undetectable by metal detectors. The variety of EO
poses significant challenges for detection algorithms, which must reli-
ably identify and classify a diverse array of explosive devices. Conven-
tional detection techniques, such as metal detectors, frequently prove
inadequate for identifying non-metallic EO, thereby exacerbating the
detection challenge.

e Safety Issues During Experiments: Ethical and safety concerns
pose significant challenges to conducting studies with actual EO for
data collection. The management of actual EO poses a substantial
threat to human life and can lead to catastrophic consequences if not
handled properly. These safety concerns underscore the imperative for
identifying alternative methods for data collection that prioritize human

safety and environmental integrity.

2.5. A Methodology for Using Augmentation to Enrich Datasets

The efficacy of ML models in EO detection is contingent on the diversity,
quantity, and reliability of the training data. The endeavor to gather a diverse
and representative dataset is encumbered by hurdles, including constraints per-
taining to accessibility, ethical considerations, and security concerns. The ab-

sence of comprehensive data presents substantial challenges to the advancement
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and enhancement of machine learning algorithms, potentially constraining their
efficacy in varied and unpredictable domains.

In addressing these challenges, data augmentation has emerged as a promi-
nent technique. This method circumvents data restrictions by augmenting ex-
isting datasets with generated variations. Augmentation tactics encompass spa-
tial alignment, pixel intensity alteration, geometric changes, and compositing,
all aimed at imparting a sense of real-world variability to the information. This
study explores the diverse applications of data augmentation in EO detection,
emphasizing its role in overcoming data limitations.

The augmentation of artificial data enhances the magnitude and variety of
existing datasets, thereby addressing issues of data scarcity. Employing var-
ious transformations, including spatial, pixel-based, and temporal alterations
(covering day-night transitions), augments the quality and breadth of training
data, mitigates the risk of model overfitting, and enables models to adjust to
real-world variability, thus enhancing the accuracy of EO detection.

In the context of EO detection, augmentation is imperative for enhancing
the efficacy of machine learning models, particularly deep learning method-
ologies. The utilization of diverse transformations, including rotation, scal-
ing, cropping, flipping, and noise augmentation, can improve the diversity and
quality of the training data. These modifications are crucial for enhancing
the model’s capacity to generalize and effectively identify EO across diverse

contexts.

2.6. Methodology for Using 3D Printing to Create Datasets

Given the inherent risks associated with the management of actual EO
and the paucity of data available for training machine learning models, it is
imperative to explore alternative research methodologies. The utilization of

3D-printed EO models offers a potential solution to this challenge by facilitating
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secure testing and comprehensive data acquisition. Furthermore, the use of 3D
printing technology allows for the scaling or alteration of EO, thereby enabling
the production of more resilient and versatile testing models. The integration
of 3D printing technology in the fabrication of EO for UAV deployment holds
significant potential in facilitating the training of models on printed replicas.
This approach is particularly advantageous in addressing the challenges posed
by detection and improvised explosive devices (Figure 2.2).

Research projects focused on the use of 3D-printed replicas for developing
EO detection methods are highly relevant. The results of these research have the
potential to significantly improve safety measures and speed up the demining

process in Ukraine.

2.7. Methodology for Using Expert Data Contribution to
Improve Models

Data scarcity is mitigated through augmentation techniques and the use of
3D printing. To create a multi-platform aggregation environment capable of
identifying numerous EQO, it is essential to continually augment datasets. The
characteristics of numerous explosive devices are challenging to replicate via
3D printing or enhance through augmentation, rendering images of actual EO
the sole dependable source of data for training deep learning models. This task
can be executed by employing a platform for expert data contribution, dissem-
inating the program as a mobile application or on a personal computer, and
developing a bot through integration into messaging platforms. This approach
optimizes engagement with skilled sappers, enabling continuous data collection
for model training via a feedback mechanism that transmits data to the server.

This methodology is elaborated upon in subsequent sections of the study.
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Figure 2.2: Printed battle EO: The inner portion contains explosive material,
while the interlayer between the outer shell is filled with bolts, serving as shrap-

nel
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2.8. Selection of a Machine Learning Method

The selection of an appropriate machine learning method is crucial for at-
taining high accuracy in the identification of EO. This study employs the YOLO
(You Only Look Once) family of algorithms [72], renowned for their real-time
object detection capabilities. Specifically, the initial development focused on
YOLOVS [73] due to the following factors:

e Exceptional Balance of Precision and Speed: YOLOvVS exhibits
a remarkable balance between accuracy and processing speed in object
detection tasks, surpassing numerous other leading algorithms while
maintaining the speed necessary for practical, near real-time applica-
tions.

e Architectural Efficiency: YOLOvS features an enhanced architec-
ture that facilitates the effective detection of objects of varying sizes
and shapes, which is crucial for identifying diverse explosive devices
under various conditions. Figure 2.3 illustrates the architecture of the
YOLOvV8 model.

e Ease of Implementation and Customization: YOLO is compar-
atively user-friendly and configurable, thus streamlining the develop-
ment, training, and deployment of a tailored EO recognition system.

Furthermore, the research findings were validated by implementing YOLOv11
|75], the latest iteration of the algorithm at the time of this writing. This sub-
stantiates the autonomy of the proposed methodologies with respect to the
specific configuration of the ML algorithm and demonstrates their adaptabil-
ity to advancements within the YOLO family. The choice of a specific YOLO
version can be tailored based on the desired level of accuracy and available
computational resources. It is imperative to acknowledge that in the context of
EO detection, the highest possible accuracy is paramount, given the potential

life-threatening consequences of misclassification.
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Further insights into the

specifics of this architecture can be found in the detailed guide on the Roboflow

Blog [74]. Data sourced from [73], visualization by RangeKing on GitHub

YOLOv11 uses components from previous versions, such as SPPF (Spatial

Pyramid Pooling — Fast), and introduces several novel components that enhance

its performance: C2PSA (Cross Stage Partial with Spatial Attention) and C3K2

(Cross-Stage Partial with kernel size 2) [76-78]. These components are briefly
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described below:

— SPPF: A module designed to efficiently extract multi-scale features
using multiple pooling operations with different effective receptive fields.
By reusing pooled results, SPPF reduces computational redundancy
while preserving the ability to detect objects of varying sizes. It is an
optimized version of the Spatial Pyramid Pooling (SPP) module [79],
retained in recent YOLO versions for its speed and efficiency.

— C2PSA: Is a novel component in YOLOv11 that enhances the model’s
ability to focus on salient regions within an image. The article de-
scribes C2PSA as a notable addition, placed after the Spatial Pyramid
Pooling - Fast (SPPF) block, which enhances spatial attention in the
feature maps. This spatial attention mechanism allows the model to
more effectively concentrate on key regions of the image, potentially
increasing the accuracy of detecting objects of various sizes and posi-
tions. As described in |78, this attention mechanism contributes to the
dynamic adjustment of the model’s receptive field and the prioritization
of features from areas most likely to contain objects of interest.

— C3K2: YOLOvVI11 replaces the C2f block found in earlier YOLO ver-
sions with the C3K2 block. According to [78], C3K2 is a more computa-
tionally efficient implementation of the Cross-Stage Partial bottleneck.

Figure 2.4 provides a simplified visual representation of the YOLOv11 model’s
architecture, highlighting the integration of the aforementioned components.
The architecture of YOLO can be applied to a variety of tasks, including ob-
ject detection, image classification, oriented object detection, object tracking,
pose estimation, and instance segmentation.

Figure 2.5 illustrates the performance of various YOLO versions, including
YOLOv), YOLOvVS, and YOLOv11, in comparison to EfficientDet and
RTDETRvV2, two other state-of-the-art object detection models.

The graph demonstrates the evolution of the YOLO family and its com-
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Figure 2.4: Simplified architecture of the YOLOv11 model, highlighting key
components: SPPF, C2PSA, and C3K2. Data sourced from [7§|
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Figure 2.5: Performance comparison of different YOLO versions (v5, v8,
v11), RTDETRv2, and EfficientDet on the COCO object detection benchmark

dataset, measured using the mAP50-95 metric. Data sourced from [85]

petitive performance on the widely used COCO dataset [80], measured using
the mAP50-95 metric. As depicted in Figure 2.5, the performance landscape of

object detection models reveals a trade-off between speed and accuracy. While
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an algorithm RTDETRv2-x [81] presents a comparable mAP50-95 of 54.3% to
YOLOvV8x’s 53.9%, and a slightly faster inference speed (15.03 ms/img vs. 14.37
ms/img), YOLOv11x demonstrates better performance, achieving the highest
mAP50-95 of 54.7% at a speed of 12.49 ms/img. EfficientDet [82] exhibits sig-
nificantly lower computational efficiency in this comparison. This comparison,
along with in-depth analyses in [83,84], further justifies the selection of the
YOLO architecture for this research.

While the initial development and training utilized YOLOvVS, the adapt-
ability of the proposed methodologies to newer YOLO versions, specifically

YOLOv11, demonstrates the forward-looking nature of this research.

2.9. Formulas and Definitions

To accurately assess the model’s performance during training and evaluate
the impact of data augmentation, it is essential to define the key definitions
used in ML. A crucial element in model training is the loss function, which
quantifies the difference between the model’s predictions and the ground truth
values. While metrics like precision, recall, F1-score, mAP, and loU (defined in
Section 2.9.1.1) are used for evaluating overall model performance on a held-out

dataset, loss functions guide the optimization process during training.

2.9.1. The Loss Functions. Several loss functions are commonly em-
ployed, depending on the task. For instance, Mean Absolute Error (MAE),
Mean Squared Error (MSE), and Sum of Squared Errors (SSE) are frequently

used in regression tasks. These are formally defined as:

1 & X
MAE = EE Jyi — Gil, (2.1)
=1
1 n
MSE ==Y (y: — §:)", .
SE=—) (yi— ) (2.2)

1=1
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SSE = (yi — )", (2:3)
1=1

where:

e n is the number of data points.

e y; is the actual value for the i-th data point.

e {j; is the predicted value for the i-th data point.
In a nutshell:

— The Mean Absolute Error (MAE) (2.1) is a measure of the average
magnitude of the errors in a set of predictions, without considering their
direction (i.e., whether the prediction is above or below the true value).
It is calculated as the average of the absolute differences between the
predicted values and the actual values. A lower MAE indicates better
model accuracy.

— The Mean Squared Error (MSE) (2.2) is another crucial metric in
ML. The MSE quantifies the average of the squared differences between
the predicted values and the actual values. Squaring the errors gives
more weight to larger errors. MSE is a commonly used loss function,
and its value is always non-negative. A lower MSE indicates that the
model’s predictions are closer to the actual values, suggesting better
model performance.

— The Sum of Squared Errors (SSE) (2.3) is defined as the total sum
of the squared differences between the predicted values and the actual
values, thereby serving as a measure of the overall discrepancy between
the data and the model’s predictions. A smaller SSE indicates a tighter
fit of the model to the data, suggesting that the model has effectively
captured the underlying patterns in the data. SSE is frequently em-
ployed as an optimization criterion during model training, where the

objective is to minimize SSE by adjusting the model’s parameters.
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For object detection tasks, as in this research, models like YOLO employ
specialized loss functions. Specifically, YOLOvVS utilizes a combination of losses
to address different aspects of the detection task: bounding box regression
and classification. These losses have demonstrated improved performance in
object detection, particularly for smaller objects, which is highly relevant in
the context of EO detection.

Bounding Box Regression Loss quantifies the discrepancy between the
predicted bounding box coordinates and the ground truth bounding box coor-
dinates. Accurate localization of EO is crucial for their safe removal, making
this loss component a critical aspect of the training process. YOLOvVS uses a
combination of Complete Intersection over Union (CloU) [86] and Distribution
Focal Loss (DFL) [87] for bounding box regression.

CloU extends the traditional Intersection over Union (IoU) metric 2.7 by
not only considering the overlap area but also incorporating the central point
distance and aspect ratio difference between the predicted and ground truth
boxes.

DFL addresses the issue of continuous label representation in bounding box
regression. Instead of treating the target location as a single value, DFL models
it as a distribution over possible locations. This allows the model to learn a
more nuanced and accurate representation of the bounding box coordinates.

Classification Loss quantifies the error between the predicted class prob-
abilities and the true class labels for each bounding box. In the context of EO
detection, this loss ensures that the model accurately distinguishes between EO
and other objects or background.

YOLOv8 employs Binary Cross-Entropy (BCE) Loss for classification.
BCE Loss, also known as Log Loss, is suitable for binary classification problems,
where the outcome is either 0 or 1 (in this case, EO or not EO). The BCE loss

function is defined as follows:
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BCE(y,7) = —% Z lyi log(;) + (1 — ;) log(1 — ;)] (2.4)

where:
e n is the number of data points (in this case, bounding boxes).
e y; is the true class label for the i-th bounding box (1 if it contains an
EO, 0 otherwise).
e ¢; is the predicted probability for the i-th bounding box, indicating the
model’s confidence the box contains an EO (a value between 0 and 1).

BCE Loss penalizes the model more heavily when it confidently predicts

the wrong class. Let’s break it down:

— When the true label (y;) is 1 (EO present): The first term inside
the summation, y; log(7;), becomes active. If the predicted probability
(9;) is close to 1, the log(y;) is close to 0, resulting in a small loss.
However, if the model incorrectly predicts a low probability (close to
0), log(y;) becomes a large negative number, leading to a large loss.

— When the true label (y;) is 0 (no EO): The second term inside
the summation, (1 - y;) log(1 - g;), becomes active. If the predicted
probability (g;) is close to 0, log(1 - ;) is close to 0, resulting in a small
loss. But if the model incorrectly predicts a high probability (close to
1), log(1 - ;) becomes a large negative number, resulting in a large loss.

In essence, BCE Loss encourages the model to output high probabilities

for bounding boxes that contain EO and low probabilities for those that do
not. A lower Loss signifies that the model’s predicted probabilities are well-
aligned with the true class labels, thereby indicating enhanced classification

performance.

2.9.1.1. Evaluation Metrics. However, while loss functions provide valu-
able insights into the model’s performance during training, they do not always

provide a comprehensive evaluation of the model’s performance. It is essential
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to evaluate the model’s performance on a held-out test set using metrics that re-
flect the real-world impact of correct and incorrect predictions. A fundamental
tool for understanding these metrics is the Confusion Matrix.

A confusion matrix provides a visual representation of a classification model’s
performance by displaying the counts of True Positives (TP), True Negatives
(TN), False Positives (FP), and False Negatives (FN). For binary classification
problems, such as EO detection, the confusion matrix takes the form of a 2x2

table, as illustrated in Figure 2.6:
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Figure 2.6: Confusion matrix

where:

e True Positives (TP) are the cases where the model correctly predicted
the presence of an EO.

e False Positives (FP) are the cases where the model incorrectly pre-
dicted the presence of an EO when there was none (a "false alarm").

e False Negatives (FIN) are the cases where the model failed to predict
the presence of an EO when one was actually present (a "miss").

e True Negatives (TIN) are the cases where the model correctly pre-
dicted the absence of an EO.
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The confusion matrix is a fundamental data structure that facilitates the
calculation of other critical evaluation metrics, such as precision and recall.
These metrics provide a more nuanced understanding of the model’s perfor-
mance in the context of EO detection.

Precision measures the proportion of correctly identified positive cases
(True Positives) out of all the cases that the model predicted as positive (True
Positives + False Positives). It is calculated by formula 2.5. In the context of
EO detection, it answers the question: Out of all the bounding boxes that the
model predicted to contain EO, how many actually contained EO?

True Positives

Precision — 2.5
recison True Positives + False Positives 25)

Recall (calculated by formula 2.6) measures the proportion of correctly identi-
fied positive cases (True Positives) out of all actual positive cases (True Positives
+ False Negatives). In the context of EO detection, it answers the question:
Out of all the actual EO present in the images, how many did the model cor-
rectly identify?

True Positives

Recall = 2.6
ced True Positives + False Negatives (2.6)

Importance in EO Detection:

— High Precision is crucial in EO detection because false alarms (pre-
dicting an EO where there is none) can lead to wasted resources and
potentially dangerous situations for demining teams.

— High Recall is equally important because failing to detect actual EO
(false negatives) can have severe consequences, leaving these dangerous
objects in the ground.

Therefore, achieving a balance between high precision and high recall is
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paramount in EO detection.

Figure 2.7: Ground truth (blue) and predicted (green) bounding boxes. IoU is

calculated from their intersection and union areas

Precision and recall are primarily concerned with the classification aspect
of EO detection (i.e., determining whether a bounding box contains an EO or
not). However, another crucial metric is the intersection over union (IoU)

metric, which is defined as follows:

A
ol — rea of Querlap

Area of Union (2.7)

Also known as the Jaccard Index, this metric assesses the accuracy of the pre-
dicted bounding box’s location and size. The IoU is calculated as the area of
intersection between the predicted and ground truth bounding boxes divided

by the area of their union.

Formula using Confusing matrix:

Importantly, IoU can also be expressed in terms of True Positives (TP),

False Positives (FP), and False Negatives (FN):
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True Positives
IoU = — — —. (2.8)
True Positives + False Positives + False Negatives

In simpler terms:

It is imperative to conceptualize two overlapping rectangles: one delineating
the predicted bounding box and the other delineating the ground truth. The
IoU is the ratio of the area where these rectangles overlap to the total area
covered by both rectangles.

Note: The formula above, expressed in terms of TP, FP, and FN, represents
an overall metric of how well the model’s predictions align with the ground
truth objects at the instance level (based on a chosen IoU threshold). It is not
the calculation of IoU for a single bounding box overlap (see formula 2.7).

The following list provides a detailed explanation of the terms and condi-
tions of the aforementioned formula:

— An IoU of 1 indicates a perfect overlap, i.e., the predicted box exactly

matches the ground truth box.

— An IoU of 0 signifies a complete absence of overlap.

— In practice, an IoU above 0.5 is often considered a good prediction.
Relevance to EO Detection:

In the domain of EO detection, the accuracy of localization is paramount.
A high IoU value indicates that the predicted bounding box closely corresponds
to the real-world location and dimensions of the EO, providing crucial insights
for demining operations.

Relationship to Box Loss:

The term "loU" is directly related to the concept of "Box Loss," which was
previously mentioned. While "Box Loss," calculated using the mean squared
error (MSE) metric, quantifies the difference in coordinates, "loU" provides a

more intuitive measure of overlap. In many object detection models, including
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YOLO, the "Box Loss" is often derived from or incorporates "loU" calculations
to optimize the bounding box predictions during the training process. Some
common variants include:

— Generalized IoU (GIoU)

— Distance-IoU (DIoU)

— Complete-IoU (CIoU)

— Efficient-IoU (EloU)

— Focal-EloU (FEIoU)

— Spatial-Exclusion (SE)-ToU

These variants have been proposed to overcome the limitations of traditional
IoU and enhance bounding box regression accuracy.

Box loss, therefore, measures the accuracy of the predicted bounding box
location using MSE, while class loss (BCE Loss) measures the accuracy of the
predicted class label. In addition to these loss functions, metrics like precision,
recall, and ToU provide a comprehensive evaluation of the model’s performance

in EO detection.

2.10. Conclusions to Chapter 2

This chapter has established the critical need for advanced EO detection and
management, particularly in conflict-affected regions like Ukraine. The chapter
has defined various categories of explosive threats, including anti-personnel and
anti-vehicle landmines, improvised explosive devices (IED), and unexploded
ordnance (UXO), emphasizing their devastating impact on civilian populations,
especially children. The scale of the problem in Ukraine has been quantified,
highlighting the millions of explosive remnants that contaminate the land, hin-
dering agriculture, infrastructure development, and overall safety.

To address the challenges of EO detection, this chapter has explored several

key methodologies and technologies. Data augmentation techniques, detailed
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in Section 2.5, are presented as a crucial tool for overcoming data scarcity and
improving the robustness of deep learning models. The use of 3D printing for
creating safe and diverse training datasets, as outlined in Section 2.6, has been
proposed as an innovative solution for model development. Furthermore, the
potential of expert data contribution via the application for data collection,
discussed in Section 2.7, has been highlighted.

The chapter has also justified the selection of the YOLO algorithm, de-
scribed in Section 2.8, for EO detection, emphasizing its balance of precision,
speed, and architectural efficiency. The definition of key performance metrics,
including loss functions and evaluation metrics (Section 2.9), has provided a
framework for assessing the effectiveness of the proposed methods.

In summary, this chapter has laid the groundwork for developing a com-
prehensive EO detection system by establishing the relevance of the problem,
outlining key objectives, and introducing the core methodologies that will be
employed in the subsequent chapters. The integration of data augmentation,
3D printing, an expert data contribution platform, and the YOLO algorithm
represents a promising approach to enhancing the safety and efficiency of EO
detection and contributing to the reconstruction and rehabilitation of conflict-

affected areas.
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CHAPTER 3
THE APPLICATION OF AUGMENTATION TO ENHANCE
THE QUALITY OF DATASETS

3.1. The Necessity to Enhance Explosive Objects Detection

Data augmentation is a technique used to deliberately augment the quan-
tity and diversity of a training dataset for ML models. This process involves
the production of new, slightly modified versions of existing data points or
the generation of synthetic data points derived from the existing ones. This
augmentation enhances the model’s ability to generalize and perform well with
unfamiliar input, particularly when the initial dataset is limited.

In the intricate domain of EO detection, the acquisition of extensive datasets
is a significant difficulty, underscoring the essential function of data augmenta-
tion. The cornerstone of proficient EO detection models is a dataset that accu-
rately represents the various types of EO distributed across different terrains,
atmospheric conditions, and emplacement types. Nonetheless, the endeavor to
compile such an extensive collection has practical challenges, including logis-
tical, ethical, and security obstacles. The scarcity of varied photographs of
EO presents a significant impediment, hindering the creation of models that
are universally applicable. In this context, augmentation is a viable solution.
Augmentation artificially enhances dataset diversity by adeptly applying var-
ious alterations to existing images. This procedure generates a dataset that,
although derived from a limited collection of real samples, reflects the unpre-
dictability and complexity of real-world situations.

The utilization of restricted datasets inevitably give rise to the issue of over-

fitting, a phenomenon in which models, in their pursuit of accuracy, become
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constrained by the particulars of the training data, thereby reducing their ef-
fectiveness in novel scenarios. The dearth of authentic EO imagery further
exacerbates this issue, as models, devoid of adequate diversity, tend to memo-
rize dataset features, culminating in subpar performance in real-world settings.

Augmentation, therefore, emerges as a crucial technique, producing numer-
ous synthetic variations from a foundational set, thereby enhancing the model’s
variability. This enhancement mitigates the hazards of model overfitting, facil-
itating the development of models that, despite being grounded on insufficient

empirical data, can identify EO across the various environmental conditions.

3.2. Common Augmentation Techniques

3.2.1. The Basic Augmentation Methodologies. EO detection is
significantly enhanced by data augmentation, which employs various methods
to enrich and diversify the dataset. This section focuses on the primary cate-
gories of augmentation techniques pertinent to this domain, including spatial
transformations, pixel-level variations, and geometric alterations. The impact
of different approaches on various objects can vary significantly. The selec-
tion of an appropriate algorithm for a particular object is typically achieved
through experience and experimentation. For certain EO types, such as the
round MON-100 and MON-200 (Figure 3.1c), grayscale considerably dimin-
ishes model accuracy, yet for others, like the PFM-1 (petal) (Figure 3.1a), it
enhances accuracy. The PFM-1 often exhibits a distinctive shape that is more
readily identified in grayscale, whereas the MON-100 and MON-200 may rely
more on color variations for accurate detection. The MON-100/200, when con-
verted to grayscale, transforms into basic round shapes, whereas the petal,
exhibiting a broad spectrum of hues, enhances accuracy instead. In the case of
MON-50, grayscale is a viable option due to its capacity to exhibit variations

in color, as illustrated in Figure 3.1b.
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(a) PFM-1 (b) MON-50 () MON-100

Figure 3.1: Grayscale Augmentation

3.2.2. Spatial Transformations. Spatial transformations are of critical
importance in the augmentation of data by virtue of their capacity to manipu-
late the spatial configuration of pixels within a given image (Figure 3.2). These
transformations effect alterations in the geometric structure of the image while
preserving the essential meaning of the image, such as the object’s identity and
its general context, thereby giving rise to a multitude of variations of the origi-
nal image. This diversity is indispensable for the training of robust ML models
that are capable of effectively generalizing to unseen data and accommodating
variations in object orientation, size, and position.

These techniques include:

e Rotation: This involves rotating the image by a certain angle, provid-
ing different perspectives and orientations of the object. Rotation can
help the model learn to recognize the object regardless of its orientation.

e Scaling: This involves resizing the image, either by zooming in to
magnify the object or zooming out to show a wider context. Scaling

can help the model recognize the object at different sizes and scales.
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preprocessed clockwise

.

counter-clockwise upside-down

preprocessed clockwise

counter-clockwise upside-down

Figure 3.2: Example of Rotation

e Cropping: This involves selecting a specific region of the image and
discarding the rest. Cropping can help the model focus on the important
features of the object and reduce the influence of background noise.

e Flipping: This involves creating a mirror image of the original image.
Flipping can help the model learn to recognize the object regardless of
its horizontal orientation.

By strategically utilizing these spatial adjustments, either separately or col-
lectively, the size and variety of the dataset can be substantially enhanced. This
consequently results in improved model performance, especially regarding ac-
curacy and robustness when faced with novel, unexplored data. The utilization
of these techniques is particularly significant in areas like EO detection, where
the capacity to generalize across differences in object appearance and ambient

conditions is crucial.

3.2.3. Pixel-Level Variations. Pixel-level modifications are a powerful
set of techniques that alter the visual characteristics of images at the funda-
mental level of individual pixels (Figure 3.3). By manipulating these low-level

attributes, a wide range of real-world conditions and variations can be sim-
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ulated, significantly enhancing the robustness and generalizability of machine

learning models. These techniques include:

Figure 3.3: Example of Noise

e Brightness Adjustments: Modifying the overall brightness of an im-
age can simulate different lighting conditions. For instance, increasing
brightness can mimic well-lit environments, while decreasing it can sim-
ulate low-light, nighttime, or overcast scenarios. This is particularly rel-
evant in EO detection, where visibility can vary drastically depending
on the time of day, weather, and surrounding environment.

e Contrast Adjustments: Altering the contrast changes the difference
between the darkest and lightest areas of an image. Increasing contrast
can make features more pronounced, while decreasing it can create a
more muted or washed-out appearance. This can help the model learn
to identify EO under varying levels of visual clarity, such as when they
are partially obscured by dust, shadows, or vegetation.

e Saturation Adjustments: Saturation refers to the intensity of colors
in an image. Increasing saturation makes colors more vibrant, while
decreasing it moves the image closer to grayscale. Adjusting satura-
tion can help the model become invariant to color variations caused by

different lighting, weather, or camera sensors.
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e Hue Shifts: Modifying the hue rotates the colors in the image along the
color wheel. This can simulate variations in the color of the environment
or the EO itself, which can occur due to factors like rust, vegetation
growth, or different manufacturing processes.

e Color Temperature Adjustments: Changing the color temperature
alters the overall color balance of the image, making it appear warmer
(more yellow/red) or cooler (more blue). This simulates the effect of dif-
ferent light sources, such as sunlight at different times of day or artificial
light.

e Noise Incorporation: Adding noise to an image introduces random
variations in pixel values, mimicking imperfections found in real-world
data. Different types of noise can be used:

— Gaussian Noise: Adds random values from a Gaussian distribution
to each pixel, simulating sensor noise or general image degradation.

— Salt-and-Pepper Noise: Randomly replaces some pixels with very
bright (salt) or very dark (pepper) values, simulating faulty pixels
or transmission errors.

— Speckle Noise: Multiplicative noise that can be used to simulate
noise in images acquired using technologies such as SAR (Synthetic
Aperture Radar) or ultrasound, which can be relevant if such sensors
are used for EO detection.

e Channel Shuffling/Dropping: In color images, the order of the color
channels can be shuffied (e.g., RGB to BGR) or one or two channels
can be randomly dropped, forcing the model to rely on less information
and potentially learn more robust features.

By modifying these pixel-level attributes, data augmentation can create a
diverse set of image variations that are more representative of the complexities
of real-world scenarios. These modifications help machine learning models gen-

eralize better to unseen data, improving their ability to perform accurately and
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reliably in various situations. In the context of EO detection, this translates
to models that are more robust to changes in lighting, weather, image quality,
and sensor variations, ultimately leading to more effective and reliable detection

systems.

3.2.4. Geometric and Morphological Transformations. Geometric
modifications are alterations to an image that involve manipulation of its struc-
ture, such as stretching or curving. These modifications can facilitate models’
learning to identify objects that are misaligned or deformed.

Morphological methods, including dilation, erosion, and shear (Figure 3.4),

alter the shape and characteristics of an image. Morphological operations typ-

152152 15% -15°

-159,15° -159, -15°

Figure 3.4: Shear augmentation

ically work on the shape and structure of objects in binary (black and white)
or grayscale images. Dilation enlarges the dimensions of objects, whereas ero-
sion diminishes them. Shear alters the image by displacing pixels in a specific
direction, resulting in a slanted or skewed effect. These strategies can enhance
models’ resilience to subtle alterations in shape or texture, thus enhancing their

ability to detect EO under diverse settings. The augmentation of data in EO
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detection is significantly enhanced by geometric and morphological modifica-
tions, which are essential for this purpose. Through the simulation of various
settings and scenarios, models are prepared for real-world challenges, thereby

enhancing accuracy and reliability.

3.3. Advanced Augmentation Techniques

While basic augmentation methods, such as spatial transformations and
pixel-level variations, provide a valuable foundation for improving model ro-
bustness, advanced augmentation techniques offer the potential to further re-
fine the model’s performance and address specific challenges inherent in EO
detection. In this research, enhanced data augmentation occupies a crucial role
within the YOLO training process, augmenting the diversity of the data and,

consequently, the model’s performance.

3.3.1. Mosaic, MixUp, and CutMix. Mosaic, MixUp and CutMix
|88, 89| are advanced augmentation techniques that go beyond simple image
manipulation. CutMix pastes a patch from one image onto another, while
MixUp blends the images. Mosaic combines several images into one. They
involve blending elements from multiple images along with their corresponding
labels. This not only increases label diversity but also provides the model
with a broader spectrum of visual features to learn from. As a result, the
model’s understanding of various EO types is enhanced, reducing the likelihood
of false positives. In this study, MixUp is used in conjunction with mosaic

augmentation (Figure 3.5)).

3.3.2. Augmentation Utilizing GANs. Generative Adversarial Net-
works (GANs) have emerged as a powerful tool in data augmentation [90],
particularly for generating synthetic images that closely resemble real-world

examples. In the context of EO detection, GANs offer the potential to create
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Figure 3.5: Mosaic of mix-ups

realistic images of EO in diverse environments and varying conditions, effec-
tively expanding the training dataset. A GAN comprises two neural networks:
a generator, tasked with creating synthetic images, and a discriminator, which
evaluates the authenticity of these images, distinguishing them from real exam-
ples. This adversarial process, where the generator strives to fool the discrimi-
nator, refines the generator’s ability to produce increasingly realistic images.

Potential Benefits:

— Generating Diverse Scenarios: GANs can generate images of EO
under various conditions (e.g., different soil types, vegetation, lighting,
and levels of obscuration) that might be underrepresented in the original
dataset.

— Expanding Limited Datasets: They can significantly expand lim-
ited datasets, which is a common challenge in EO detection.

Challenges:
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— Training Instability: GANs are notoriously difficult to train, often
suffering from instability issues like mode collapse (where the generator
produces limited varieties of samples).

— Computational Cost: Training GANs can be computationally ex-
pensive, requiring significant resources.

Despite these challenges, the potential of GANs to enhance EO detection
datasets is significant. The integration of synthetic images generated by GANs
into the training set can improve the model’s ability to generalize and accu-
rately identify EO in diverse real-world scenarios. This method is planned for

implementation and evaluation in subsequent phases of this research.

3.3.3. Sim2Real Augmentation. Sim2Real [91] is a powerful augmen-
tation technique that aims to bridge the gap between virtual simulations and
real-world data. This approach leverages the ability to create highly realistic
simulations of environments and objects, in this case EO, and use these simu-
lations to generate synthetic training data. These simulations can encompass
a wide range of scenarios and challenges that might be difficult or impossible
to capture with real-world data collection. For instance, one can simulate vari-
ous soil types, vegetation densities, weather conditions, times of day, and even
different types of EO burial or obscuration.

By training models on a combination of simulated and real-world data,
Sim2Real enables them to learn robust features that are invariant to the spe-
cific characteristics of each domain. The primary advantage of incorporating
Sim2Real into EO detection is the potential to significantly enhance the model’s
ability to generalize across diverse and unseen conditions. This surpasses the
limitations of relying solely on basic camera images, which may not capture
the full spectrum of real-world variability. The model becomes more adept at
detecting EO, even when faced with variations in terrain, lighting, or occlusion

that were not present in the real-world training data.
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3.3.4. AutoAugment and Learned Augmentation Policies. Auto-
Augment represents a paradigm shift from manually designed augmentation
strategies to automatically learned policies. This technique, along with other
learned augmentation methods, employs search algorithms, often based on re-
inforcement learning, to discover the optimal augmentation policies for a given
dataset and model. Instead of relying on fixed transformations, AutoAugment
explores a vast search space of augmentation operations (e.g., rotation, shear,
color adjustments) and their associated probabilities and magnitudes.

Potential Benefits:

— Data-Specific Optimization: AutoAugment can identify augmenta-
tion strategies that are specifically tailored to the characteristics of the
EO dataset, potentially leading to greater performance improvements
than generic augmentations.

— Automated Process: It automates the process of finding effective
augmentations, saving time and effort compared to manual design.

Challenges:

— Computational Cost: The search process can be computationally
expensive, requiring significant resources and time.

— Search Space Design: The effectiveness of AutoAugment depends
on the design of the search space, which can be complex and require
domain expertise.

While AutoAugment and other learned augmentation policies hold great
promise, their computational demands and complexity have limited their ap-
plication in the current stage of this research. However, future work will inves-
tigate the potential of these techniques to further optimize the augmentation

pipeline for EO detection.

3.3.5. Adversarial Examples. Adversarial examples are specifically crafted

inputs designed to intentionally mislead ML models. In the context of image
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classification, these are images that have been subtly perturbed, often in a way
that is imperceptible to the human eye, but that cause the model to make an
incorrect prediction with high confidence. While seemingly counterintuitive,
incorporating adversarial examples during training can significantly enhance
model robustness.

Potential Benefits:

— Improved Robustness: By exposing the model to adversarial exam-
ples during training, it learns to be less sensitive to small perturbations
and more robust to potential attacks or noisy inputs.

— Identification of Weaknesses: Adversarial examples can help iden-
tify vulnerabilities and blind spots in the model, providing insights into
areas where the model’s decision-making process can be improved.

Application to EO Detection:

In EO detection, adversarial examples could simulate scenarios where EO
are intentionally camouflaged or where sensor data is corrupted. Training on
such examples can enhance the model’s ability to correctly identify EO even
under challenging conditions.

Challenges:

— Computational Cost: Generating adversarial examples can be com-

putationally expensive.

— Overfitting to Adversarial Examples: There’s a risk that the
model might overfit to specific types of adversarial examples, reducing
its performance on regular data.

Despite these challenges, exploring the use of adversarial examples in the

context of EO detection is a promising avenue for future research, particularly

for improving the security and reliability of detection systems.

3.3.6. Neural Style Transfer. Neural Style Transfer is a technique that

blends the content of one image with the artistic style of another. This is
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achieved by leveraging the feature representations learned by CNN. While not
a traditional augmentation technique, Neural Style Transfer offers a unique way
to generate variations in the training data, potentially improving the model’s
ability to generalize across different visual styles.

Potential Application to EO Detection:

In the context of EO detection, Neural Style Transfer could be used to:

— Vary Environmental Conditions: Apply the style of images taken
under different lighting conditions, weather, or times of day to exist-
ing EO images, creating synthetic data that reflects a wider range of
environments.

— Simulate Different Sensor Types: Transfer the style of images cap-
tured by different sensor modalities (e.g., thermal, infrared) to optical
images, potentially enhancing the model’s ability to generalize across
sensor types.

Challenges:

— Relevance of Style: The choice of style images needs to be carefully
considered to ensure that the generated images are relevant to the task
of EO detection.

— Computational Cost: Style transfer can be computationally demand-
ing, especially for high-resolution images.

While Neural Style Transfer hasn’t been incorporated into the current stage
of this research, it presents an interesting avenue for future exploration, par-
ticularly for generating more diverse and representative training data for EO
detection models.

Employing these sophisticated augmentation methodologies enables the model
effectively handle diverse and complex datasets. This enhanced data improves
the accuracy and adaptability of the models. These techniques are reshaping

the capabilities of EO detection, leading to more effective and safer solutions.
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3.4. Preprocessing Techniques

The present study’s primary focus is on data augmentation, although it
is essential to address the preliminary processes of preprocessing. While pre-
treatment does not expand the dataset size like augmentation does, it remains
a fundamental element in most ML workflows. A crucial procedure involves
resizing all images to ensure uniformity throughout the dataset. The study
identified and employed various preprocessing technologies to enhance data
quality. Specifically:

— Auto-Orient was employed to standardize image orientation, guarantee-

ing homogeneity in model input.

— The resizing of all images ensured uniform dimensions, thereby main-
taining consistency within the dataset.

— The employment of auto-adjust contrast enhancement led to enhanced
image clarity and discernibility, thereby facilitating superior pattern
detection by the models.

— Initially, the conversion of all photographs to grayscale was contem-
plated; however, it was ultimately decided to supplement only 30% of

the dataset in this fashion, as it produced more favorable results.

3.5. Dataset Description and Analysis

The initial phase of this research involved a comprehensive search for pub-
licly available images of landmines. This process yielded 2,128 images covering
23 distinct landmine types, as summarized in Table 3.1 and visualized in Figure
7. These images were sourced from various online repositories and databases.
In addition to landmine images, the dataset was supplemented with images of
visually similar objects, categorized as "not an EO," to enhance the model’s

ability to discriminate between landmines and benign objects. The dataset
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was annotated using the Roboflow platform [93], and a summary of the initial
dataset is provided below:

Dataset Statistics:

— Total Images: 2,128

— Total Annotations: 3,334

— Average Annotations per Image: 1.6

— Average Image Resolution: 0.60 MP (Median: 833x671)

— Image Resolution Range: 0.01 MP to 16.04 MP

— Image Size Distribution:

e Tiny (under 32x32): 4 images (0.2%)

e Small (32x32 — 320x320): 60 images (2.9%)

e Medium (320x320 — 640x640): 491 images (23.1%)
e Large (640x640 — 1280x1280): 689 images (32.4%)
e Jumbo (over 1280x1280): 884 images (41.5%)

Annotation Distribution:

— Images with Single Annotation: 1,683 images (see figure 3.6a)

— Images with Multiple Annotations: 445 images (see figure 3.6b)

Annotation Heat Map:

Figure 3.7 presents an annotation heat map, visualizing the spatial dis-
tribution of annotations within the dataset. The color gradient indicates the
density of annotations per grid cell, with warmer colors representing higher
concentrations.

The annotation heat map (Figure 3.7) reveals a non-uniform distribution
of bounding box placements within the images. Notably, the lower-right quad-
rant exhibits the highest concentration of annotations, indicated by the red
hue, while the density progressively decreases towards the upper-left quadrant.
Furthermore, the region of highest annotation density occupies approximately
one-quarter of the total heat map area. This concentration suggests that the

annotated bounding boxes, on average, cover a significant portion of the image
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Table 3.1

Initial Dataset Composition: Landmine Types and Image Counts

ID | Class Name | Total | Train | Valid | Test
0 | PFM-1 708 518 106 84
1 | VS-50 178 106 40 32
2 | PMN 171 112 39 20
3 | not an EO 76 58 12 6
4 | PMN-4 231 182 36 13
5 | TM-62-M 219 157 37 25
7 | TM-62-P 84 61 12 11
8 | TM-57 74 b3 13 8
9 | TM-72 79 56 13 10
10 | TM-62-]1 34 22 5 7
11 | TM-89 23 16 7 0
12 | TM-46 144 110 22 12
13 | M14 174 118 46 10
14 | MON-50 200 141 36 23
15 | M-21 74 50 14 10
16 | PMN2 168 120 19 29
17 | POMZ-2 95 66 19 10
18 | M2A1 74 51 14 9
19 | OZM-72 170 115 32 23
20 | POM-2 168 116 33 19
21 | MON-90 30 17 8 5
22 | MON-100 83 55 17 11
23 | TM-83 34 21 8 5
24 | PMN-4 43 26 13 4
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(a) Single annotation. (b) Multiple annotations.

Figure 3.6: Examples of images with different numbers of annotations

area, indicating that the EO in the dataset are typically captured at close range
or with a relatively large zoom factor. This observation may be attributed to
the tendency for online images to depict EO at a larger scale to enhance visibil-
ity and clarity. However, it also implies that the dataset may under-represent
EO as they would appear when viewed from further distances or with a wider
field of view. Furthermore, the concentration of annotations in the lower-right
quadrant raises concerns about potential positional bias in the trained model.
The model might inadvertently learn to associate that specific region of the
image with the presence of EO, potentially reducing its ability to generalize to
different object placements. Consequently, a model trained primarily on this
dataset might exhibit reduced sensitivity to smaller, more distant, or differ-
ently positioned EO in real-world scenarios. Therefore, the model’s ability to
detect such objects could be negatively impacted. This limitation highlights

the importance of the data augmentation techniques discussed in section 3.2.2,
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Figure 3.7: Annotation Heat Map

particularly geometric transformations like rotation and flipping, which can
help to mitigate positional biases by presenting the model with objects in a
wider variety of orientations and locations within the image. Additionally, the
controlled data generation afforded by 3D printing, as described in Chapter 4,

allows for the systematic capture of images with greater variability in object
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size, distance, and position. Nevertheless, future data collection efforts should
focus on acquiring images with greater variability in object scale, distance, and

location within the image frame to improve the model’s generalizability.

3.6. The Two-stage Augmentation Method

The initial dataset comprised a diverse collection of landmine images ob-
tained from the internet under varied conditions, forming the foundation of this
research. Preliminary alterations to the data were executed on the Roboflow
platform, where the model was subsequently released [93]. A series of experi-
ments were conducted on a dataset comprising 2,128 images that were retrieved
from the Internet [92]. Multiple augmentations were implemented, including
grayscale, cutoff, rotation, flip, shift, blur, and noise, tailored specifically for the
YOLOv5 model [94]. At this stage, the more modern YOLOv8 model was em-
ployed [73], and different augmentation techniques were tested again. Results

of experiments are available on Table 3.2.

Table 3.2: Results of experiments with preprocessing

ID | Pr.! | Rec.? | mAP? | Preprocessing Augmentation
6 93.6 | 824 94.4 Auto-Orient, Stretch | No
to 640x640

7 | 91.3 | 83.0 89.1 Auto-Orient, Stretch | Grayscale: 30%
to 640x640, Adaptive
Equalization

19 | 934 | 84.2 91.0 Auto-Orient, Stretch | Grayscale:  30%,
to 640x640, Adaptive | Cutout: 3 boxes,

Equalization 21%

Continued on the next page
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ID | Pr.! | Rec.? | mAP? | Preprocessing Augmentation

20 | 91.2 | 814 88.8 Auto-Orient, Stretch | Grayscale: 40%
to 640x640, Adaptive
Equalization

21 | 92.1 | 81.1 89.6 Auto-Orient, Stretch | Grayscale:  40%,
to 640x640, Adaptive | Cutout: 3 boxes,
Equalization 21%

26 | 89.0 | 84.6 88.7 | Auto-Orient, Fit | Grayscale:  30%,
(white  edges) in | Cutout: 3 boxes,
640x640 21%

27 | 91.7 | 82.1 89.5 Auto-Orient, Fit | Grayscale:  30%,
(black  edges) in | Cutout: 3 boxes,
640x640 21 %

29 | 90.3 | 85.9 91.3 Auto-Orient, Fit | Grayscale:  30%,
640x640 Cutout: 3 boxes,

21%

39 | 91.7 | 85.2 91.2 Auto-Orient, Fit | Grayscale:  30%,
640x640,  Contrast | Cutout: 3 boxes,
Stretching 21%

41 | 96.1 | 90.2 94.3 Auto-Orient, Fit | Grayscale:  30%,
640x640,  Contrast | Cutout: 3 boxes,
Stretching 21%

42 | 952 | 89.4 93.7 | Auto-Orient, Fit | Grayscale:  30%,
640x640,  Contrast | Cutout: 3 boxes,
Stretching, Flip: | 21%

Horizontal, Vertical

Continued on the next page
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ID | Pr.! | Rec.? | mAP? | Preprocessing Augmentation
47 | 93.7 | 93.0 94.8 Auto-Orient, Fit | Grayscale:  30%,
640x640,  Contrast | Cutout: 3 boxes
Stretching 21%

48 | 91.6 | 90.6 93.9 Auto-Orient, Fit | Grayscale:  30%,
640x640, Contrast | Cutout: 3 boxes

Stretching 21%, Noise 25%,
Sheer 15%, Crop,
Rotate

! Precision (formula 2.5).
2 Recall (formula 2.6).

3 mAP: Mean Average Precision (formula 3.3).

It should be noted that not all experiments are represented in the table;
the experiment ID serves as the sequence number for the series of experiments.
In total, approximately fifty experiments were conducted during this stage of
research. The table illustrates that, with successive iterations, the outcomes of
the experiments exhibited enhancement following the implementation of diverse
augmentation techniques.

It is imperative to acknowledge that no universally applicable "recipe" for
methods exists, as each dataset necessitates a bespoke approach. In the context
of EO detection, the augmentation methods for different types of EO may
vary, necessitating the development of multiple models. To ensure expeditious
recognition, it is essential to consolidate all data into a unified dataset and
identify augmentation methods that are effective across the entire dataset. In
scenarios where recognition speed is not a critical concern and the utilization of
multiple models is feasible, it is advantageous to divide the dataset into smaller
units and select parameters for each subset.

The two-stage augmentation method involves applying augmentation meth-
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ods in two stages, with additional preprocessing of the data. In addition to the

methods selected above, the first stage may include methods such as mosaic,

noise, and others (Table 3.3).

Table 3.3

YOLO Augmentation Methods

Augmentation Param. | Description

Mosaic mosaic Create a mosaic of four images
HSV Hue Shift hsv_h Shift hue in HSV color space

HSV Saturation Shift | hsv_s Shift saturation in HSV color space
HSV Value Shift hsv_v Shift value in HSV color space
Degrees Rotation degrees Rotate images by specified degrees
Translate translate | Translate images by specified values
Scale scale Scale images by specified factors
Shear shear Apply shear transformations

Flip Vertical flipud Flip images vertically

Flip Horizontal fliplr Flip images horizontally

Mixup mixup Apply mixup to combine images

The second stage uses augmentation methods of the YOLO algorithm during

the process of training. By default, the algorithm adds mosaic augmentation for

the last 10 epochs of training. The number of epochs can be increased by using

the 'mosaic’ parameter. All available augmentation methods for the second

stage (YOLO augmentation) are available in the 3.3 table. It is important

to note that all these parameters of the YOLO algorithm can be adjusted or

disabled. The default values of the parameters and hyperparameters of the

YOLO algorithm are enumerated in Table 4.4.
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3.7. An Additional Set of Metrics to Assess the Performance of
the Dataset.

This section introduces additional metrics for evaluating the performance
of object detection models, particularly in the context of EO detection. To
quantify the model’s performance, several key metrics are used, including aver-
age precision (AP), mean average precision (mAP), and intersection over union
(IoU).

Average Precision (AP) summarizes the precision-recall curve into a
single value by calculating the average precision at different recall levels. It is
defined as the area under the precision-recall curve, computed by integrating

precision with respect to recall over the interval [0, 1]:

1

AP = /p(r)dr, (3.1)

where p(r) is the precision at recall level r, calculated using formula (2.5),
and r is the recall, calculated using formula (2.6). In practice, this involves
ranking the model’s predictions by confidence and calculating the precision

and recall at each position in the ranked list. The formula then becomes:

AP = z”: P(k)AR(k), (3.2)
k=1
where:

e n is the total number of relevant items (e.g., total number of ground
truth bounding boxes for a specific EO type).

e P(k) is the precision at cutoff k in the list of ranked retrieval results.

e AR(k) is the change in recall from the previous cutoff to cutoff k, which
can be written as R(k) — R(k — 1).

e R(k) is recall at cutoff k
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A common variation is the interpolated AP, which uses the maximum pre-
cision for any recall value greater than or equal to the current recall level. This
helps to reduce the effects of "wiggles" in the precision-recall curve.

Mean Average Precision (mAP) is calculated by averaging the AP

scores across all classes:

1
mAP = > AP, (3.3)

where AP, denotes the average precision of class k, and C' is the total
number of classes.

It is important to note that the reliability of mAP as a performance metric
is influenced by the balance of the dataset. In a balanced dataset, where each
class has a roughly equal number of samples, mAP provides an unbiased esti-
mate of the model’s performance across all classes. However, in an imbalanced
dataset, where some classes have significantly more samples than others, mAP
can be skewed towards the performance of the majority classes. Therefore, it is
crucial to consider the class distribution when interpreting mAP, especially in
applications like EO detection where certain object types may be more preva-
lent than others.

Intersection over union (IoU), also known as the Jaccard index, quan-
tifies the overlap between the predicted bounding box and the ground truth
bounding box. It is calculated as the area of overlap divided by the area of
union, as shown in formula (2.7), or equivalently, in terms of TP, FP, and FN,
as shown in formula (2.8). The closer the loU value is to 1, the more accurately
the predicted bounding box aligns with the ground truth.

mAP50 is the mean average precision calculated at an IoU threshold of 0.5
(50%). This means a prediction is considered a True Positive only if its IoU
with the ground truth is 0.5 or greater.

mAP50-95 is a more stringent metric. It is calculated by averaging the
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mAP values obtained at multiple IoU thresholds ranging from 0.5 to 0.95 in
steps of 0.05 (i.e., at IoU thresholds of 0.5, 0.55, 0.6, ..., 0.9, 0.95). This provides
a better evaluation of the model’s ability to accurately localize objects across
a range of overlap thresholds.

While mAP50 provides a general measure of detection accuracy, mAP50-
95 offers a stricter evaluation of the model’s ability to accurately localize ob-
jects. Using both metrics provides a more comprehensive understanding of the
model’s performance. This helps identify areas for model improvement. For
example, a high mAP50 coupled with a low mAP50-95 suggests that the model
is generally good at identifying the presence of EO but needs improvement in
accurately predicting the precise bounding box coordinates, indicating a po-
tential area for improvement in the bounding box regression component of the
model.

F1-score

While AP and mAP provide valuable insights into the model’s performance
across various recall levels, it is often useful to have a single metric that balances
precision and recall. The F1-score is the harmonic mean of precision and recall,

providing such a balanced measure:

Precision X Recall
Fl1=2 . 3.4
% Precision + Recall ( )

The Fl-score ranges from 0 to 1, with 1 representing perfect precision and
recall. It is particularly useful when there is an uneven class distribution or
when both false positives and false negatives have significant consequences,
as is the case in EO detection. A higher F'l-score indicates a better balance
between precision and recall.

Fitness

In the context of ML, and specifically within the YOLO framework, fitness
is a metric used to evaluate the overall performance of a model during train-

ing. It is calculated as a weighted combination of key performance indicators,
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designed to guide the optimization process towards models that perform well
on the specific task. For this research, the fitness function used in the YOLO

framework is adopted, defined as:

Fitness = 0.0 x Precision+0.0 x Recall +0.1 Xx mAP50+40.9 x mAP50_95.
(3.5)

This formula assigns the highest weight to mAP50-95 (90%), reflecting the
importance of precise localization across a range of overlap thresholds. A
smaller weight is given to mAP50 (10%), while precision and recall are not
directly included in this specific fitness calculation (weights of 0.0). This weight-
ing scheme emphasizes the model’s ability to accurately localize objects, which
is crucial in the context of EO detection.

These aforementioned measures enable the assessment of various models’
performance on the same, standardized dataset. It is important to note that
model performance might vary considerably across diverse datasets. Therefore,
evaluation should occur on data that accurately represents the actual appli-
cation, highlighting the importance of having a representative and balanced
dataset for calculating mAP and other relevant metrics. While the loss func-
tions discussed in Section 2.9 guide the model’s training process, these metrics
(AP, mAP, ToU, Fl-score) provide a direct and interpretable evaluation of the
model’s performance on the task of EO detection. The concept of fitness,
although more application-specific, provides a way to combine multiple perfor-
mance indicators into a single objective function for optimization and model
selection.

The following table evaluates different augmentation techniques using pre-
cision, recall, mAP50, mAP50-95, and fitness metrics (Table 3.4).

Table 3.4 presents the results of applying different augmentation techniques

to the dataset discussed in [92]. Subsequent to evaluating several configurations,
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Table 3.4
Comparison of Augmentation Techniques
Augmentation Technique(s) Precision | Recall | mAP50 | mAP50-95 | Fitness
No 1st stage, All 2nd stage (YOLO) 99 89.2 95.3 76.7 78.6
Grayscale, Rotate, Noise, Flip, All 2nd stage 97.4 92.6 95.7 77.3 79.2
Grayscale, Rotate, Noise, Flip (only 1st stage) 96.6 79 89.1 68.1 70.2
Grayscale 96.2 68.9 84.6 66.1 68
Noise 93.3 74.9 86.4 64.7 66.9
Rotate 90.8 73.3 86.6 65.7 67.8
Flip 90.2 76.1 86.9 68.4 70.2
Bounding Box Rotate 90.1 70.5 83.6 63.3 65.4
Mosaic 91.6 71.8 82 61.3 63.4
No augmentation 91.6 71.8 82 61.3 63.4
Blur 87.6 75.1 83.8 61.6 63.8
Cutout 86 63.2 80.2 61.5 63.3

the augmentations from Table 3.5 were chosen as a starting point for further

testing.

Augmentation Types and Variations

Augmentation | Method
Flip Horizontal
Vertical
CW
90° Rotate CCW
Upside Down
Grayscale Apply to 30% of images
Noise Up to 15% of pixels

Table 3.5

These parameters will likely be adjusted in the future, but among all the

available augmentations, these, along with a few others, have demonstrated

the most promising results in initial experiments. The relatively high precision

and recall scores across multiple techniques suggest that the model, in general,
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performs well. However, the variations in mAP50 and mAP50-95 indicate that
there is room for improvement in terms of accurate bounding box localization.
The Fitness metric further condenses these results into a single value, facilitat-

ing a straightforward comparison between different augmentation strategies.

3.8. Results of Applying the Two-Stage Augmentation Method

This section presents the results of training and evaluating the YOLOvS
and YOLOvV8 models on the EO detection dataset [92], augmented using the
two-stage augmentation strategy outlined in Section 3.3. The primary objective
of this augmentation approach is to enhance the models’ ability to generalize
to unseen data and improve their robustness to variations in EO appearance,
environmental conditions, and image quality.

The YOLOv5 and subsequently the YOLOvS8 models were employed for
EO recognition. Both models were trained on augmented data from each stage,
as detailed in Table 3.4. The amalgamation of diverse augmentations, includ-
ing spatial transformations (rotation, flipping), pixel-level variations (grayscale,
noise), and geometric transformations, guaranteed that the models encountered
a broad spectrum of variances during training. This comprehensive augmen-
tation strategy aims to mitigate the risk of overfitting to the specific charac-
teristics of the training data and improve the models’ ability to generalize to
unseen data.

The effectiveness of this two-stage augmentation approach is evident in the
significant improvement in model performance, particularly in the crucial metric
of recall. As shown in Table 3.4, the application of single augmentations alone
is not sufficient to achieve optimal results. The implementation of only first-
stage augmentations yields a precision of 96.6% and a recall of 79%. Conversely,
the application of only second-stage augmentations attains a precision of 99%

but a recall of 89.2%. Notably, the integration of both first- and second-stage
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augmentations results in a precision of 97.4% and a recall of 92.6%, underscoring
the necessity of considering both stages in the augmentation process.

As indicated in Section 2.9, in the field of EO detection, recall is of paramount
importance. This metric directly reflects the model’s ability to identify all ac-
tual EO present in an image, thus minimizing the number of false negatives
(missed EQO). Given the potentially life-threatening consequences of failing to

detect EO, maximizing recall is a critical objective.
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Figure 3.8: Performance metrics of the YOLOvVS model trained with two-stage

augmentation for 150 epochs

Figure 3.8 illustrates the performance metrics of the YOLOv5 model trained
with the augmentation techniques described in Section 3.3. Notably, the model
achieved a recall of 89.3%.

Employing the more recent YOLOv8 model (Figure 3.9), further improve-
ments were observed. With the same two-stage augmentation strategy, YOLOvVS
achieved a recall of 92.9%, representing a significant improvement over YOLOvVH
and demonstrating the effectiveness of the refined architecture in combination
with comprehensive data augmentation.

Furthermore, it is worth noting that other key performance indicators, in-

cluding Fitness (defined in formula 3.5), Box Loss, and Class Loss (calculated
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Figure 3.9: Performance metrics of the YOLOv8 model trained with two-stage

augmentation

using BCE Loss, as defined in formula 2.4), exhibited desirable trends. Fitness,
which reflects the overall performance considering precision, recall, mAP50, and
mAPb50-95, showed a general improvement with more comprehensive augmen-
tation. Similarly, both Box Loss and Class Loss, which quantify the accuracy
of bounding box predictions and class label predictions, respectively, demon-
strated a general decrease across experiments, indicating improved model ac-

curacy during training.
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Figure 3.10: Evolution of Box Loss, and Class Loss, Fitness, and Recall during

YOLOVS training
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As illustrated in Figure 3.10, the training of the YOLOv8 model demon-
strates a concurrent increase in Fitness, accompanied by a synchronous decrease
in both Box Loss and Class Loss. This observation indicates the efficacy of the
model’s training process. A salient observation is the pronounced decline in
both Class and Box losses after the 90th epoch. This enhancement aligns with
the default configuration of the YOLOvS training pipeline, which disables the
mosaic augmentation during the final 10 epochs. Mosaic augmentation in-
troduces substantial variations and complexities in the initial training stages,
potentially impeding the fine-tuning of bounding box and classification param-
eters. However, its removal in the final epochs appears to enable the model
to concentrate on refining its predictions based on individual, non-augmented
images. This targeted training, devoid of the augmented complexity, is hy-
pothesized to enhance the model’s ability to refine bounding box regression
and classification accuracy, thereby resulting in the observed decline in losses.
Additionally, the graph demonstrates a more significant increase in the recall
rate during these final epochs, suggesting that the model is becoming more
adept at accurately identifying EO. This finding lends further support to the
hypothesis that fine-tuning the model on non-augmented data, following the
initial training with mosaic augmentation, is advantageous for enhancing its

performance.

3.9. Conclusions to Chapter 3

This chapter has explored the critical role of data augmentation in enhanc-
ing the performance of object detection models for the challenging task of EO
detection. Through a detailed examination of various augmentation techniques,
ranging from basic spatial and pixel-level transformations to advanced methods
like MixUp, CutMix, and GANs, it has been demonstrated that augmentation

has the potential to address the limitations of limited real-world datasets and
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improve model robustness and generalization.

The experimental results, summarized in Tables 3.2 and 3.4, underscore the
effectiveness of the proposed two-stage augmentation strategy. The training
process began with the YOLOv5 model and progressed to the YOLOvE model,
leveraging augmented data from both the initial and advanced phases. This
comprehensive approach ensured that the models were exposed to a wide va-
riety of data transformations. It is noteworthy that the integration of diverse
augmentation techniques resulted in a substantial enhancement in recall, from
89.2% without augmentation to 92.6% with the two-stage approach and em-
ploying the YOLOvS8 model. This enhancement is particularly significant in
the context of EO detection, where minimizing false negatives (missed EO) is
of the utmost importance. The findings underscore the efficacy of the YOLOvVS
architecture, particularly when augmented with effective data augmentation
techniques. This augmentation led to a substantial enhancement in accuracy
when compared to the earlier YOLOvH model, as evident in Figures 3.8 and
3.9. The experiments with different types of augmentation highlighted the sig-
nificance of data diversity in training robust models.

Moreover, an analysis of additional key metrics, including precision, mAP50,
mAP50-95, and fitness, yielded a comprehensive understanding of the model’s
performance. The favorable trends observed in these metrics, along with the
decrease in Box Loss and Class Loss during training (Figure 3.10), further
validate the effectiveness of the augmentation strategy. The employment of
a fitness function, as delineated in formula 3.5, facilitated a comprehensive
evaluation of diverse augmentation techniques, thereby guiding the selection of
the most promising approaches.

The comparative analysis presented in Table 3.4 revealed that while individ-
ual augmentation techniques, such as Grayscale, Noise, Rotate, and Flip, can
improve model performance to some extent, their combination within a well-

structured, two-stage augmentation pipeline yields the most substantial gains.
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This highlights the importance of a comprehensive and diverse augmentation
approach in achieving optimal results.

However, it is imperative to acknowledge the challenges and limitations as-
sociated with data augmentation in the context of EO detection. Unwarranted
augmentation can inadvertently result in the creation of images that do not
accurately reflect real-world mine risk scenarios. For instance, converting im-
ages to grayscale may enhance certain characteristics but may also impede the
model’s capacity to discern different types of EO that rely on color features
for differentiation. While augmentation techniques can enrich a dataset and
improve model performance, over-reliance on them can intuitively harm model
performance. Excessive or inappropriate augmentation can cause the model to
prioritize irrelevant features. Regular performance evaluation is crucial for mon-
itoring and adjusting augmentation strategies. Moreover, some augmentation
methods may disproportionately affect different classes in the dataset, leading
to an unbalanced dataset where some classes are overrepresented. Therefore,
it is very important to use augmentation methods that maintain a consistent
representation of all classes.

These insights gained from this study on data augmentation will serve as
a crucial foundation for the subsequent chapters. Chapter 4 will explore the
use of 3D printing to generate synthetic EO images, and the augmentation
techniques developed in this chapter will be instrumental in diversifying and
enriching the datasets created through this novel approach. The knowledge
of effective augmentation strategies will inform the creation of realistic and
varied training data, ensuring that models trained on 3D-printed EO images
can generalize effectively to real-world scenarios. Furthermore, Chapter 6 will
detail the development of a mobile application for professional data contribution
for EO data. The augmentation methods from this chapter will be applied to
the data collected through the mobile application, enabling us to train robust

models even with potentially limited or inconsistent data from diverse sources.



127

CHAPTER 4
ADDRESSING DATA SCARCITY IN EXPLOSIVE OBJECTS
DETECTION WITH 3D PRINTING

4.1. Addressing Data Scarcity with 3D Printing

The creation of resilient and dependable ML models for EO detection sig-
nificantly depends on the accessibility of extensive, varied, and high-quality
datasets. As stated in Chapter 3, data augmentation is essential for improving
model performance; yet, it cannot entirely mitigate the inherent constraints
caused by the limited availability of authentic EO images. This shortage arises
from the logistical, ethical, and safety issues associated with gathering data on
active EO in the field.

This chapter examines the novel application of 3D printing technology to
produce synthetic datasets for training EO detection models, thereby address-
ing this significant bottleneck.

The fundamental concept is to utilize the capabilities of 3D printing to pro-
duce precise physical copies of several EO varieties. These replicas, derived
from accessible 3D models, can thereafter be photographed under regulated
conditions, emulating diverse surroundings, backdrops, and image characteris-
tics. This method presents numerous significant benefits. Firstly, it facilitates
the generation of an ostensibly infinite quantity of images, so successfully miti-
gating the issue of data scarcity. Furthermore, it affords comprehensive control
over the data production process, facilitating the systematic alteration of vari-
ables including EO kind, orientation, burial depth, surrounding vegetation,
and lighting conditions. Achieving this degree of control is challenging, if not

unattainable, when gathering data in the field. Thirdly, it mitigates the risks
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and ethical dilemmas connected with managing live explosives.

This chapter delineates the process and findings associated with employing
3D printing to generate a synthetic dataset for EO identification. The procedure
for selecting and modifying 3D models of anti-personnel landmines is outlined,
specifically the PEM-1, PMN, PMN-2, OZM-72, and MON-50, selected for their
commonality and varied attributes. The models are subsequently 3D-printed,
followed by a series of experiments to capture images of the replicas in diverse
conditions. These circumstances are designed to replicate real-world scenarios.
The chapter elaborates on the methods for developing such situations.

The resultant synthetic dataset is utilized alongside the augmentation strate-
gies outlined in Chapter 8 to train and assess the efficacy of YOLO object de-
tection model. Through the regular alteration of 3D printing parameters and
image acquisition conditions, this research intends to generate a dataset that
is both extensive and diverse, while accurately reflecting the obstacles faced in
actual EO detection situations.

This chapter’s findings illustrate the considerable potential of 3D printing
to mitigate data shortages and facilitate the development of more efficient and
dependable EO detection systems. The capacity to produce synthetic data
in regulated environments creates new opportunities for developing resilient
models that can effectively generalize to real-world difficulties. This research
ultimately aids in the overarching objective of creating automated solutions to
expedite humanitarian demining initiatives and improve the safety of impacted

communities.

4.2. Methodology: Using 3D Printing for Dataset Generation

This section details the methodology employed for creating a dataset for EO
detection using 3D-printed replicas. The method’s foundation is the generation

of realistic 3D-printable models of EO and the systematic capture of images of
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these replicas under various conditions to compile a diverse and representative
dataset.

The process commences with the acquisition or creation of accurate 3D
models of EO. This may involve using existing online repositories of 3D models
or developing custom models based on technical specifications and images of
real EO. Subsequently, these models are used to fabricate physical replicas of
the EO using a suitable 3D printing process and material. The choice of printing
parameters (e.g., resolution, material) can be adjusted to control the fidelity
and characteristics of the replicas. Optionally, the physical characteristics of
the 3D-printed replicas can be modified, such as size, shape, and color. This
step introduces further variations into the dataset and can enhance the model’s
robustness to anomalies and variations in real-world EO. For instance, Figure
4.1 illustrates examples of landmine replicas that have been scaled down in
size to test the hypothesis that modified objects can still be effectively used for
model training.

Following replica preparation, controlled photographic experiments (sur-
veys) are conducted to capture images of the 3D-printed replicas under a variety
of conditions, including varying environmental factors (lighting, weather, back-
ground), object positioning (orientation, burial depth), and camera parameters
(angle, distance). Finally, the collected images are organized and labeled to
create a structured dataset suitable for training computer vision models. This
process involves assigning appropriate class labels and potentially bounding box
annotations to each landmine replica in the images.

Furthermore, the ability to modify physical characteristics of the replicas,
such as size, shape, and color, provides an additional dimension for data aug-
mentation. By systematically altering these properties, variations in EO ap-
pearance due to factors like manufacturing differences, weathering, or partial
obscuration can be simulated. This capability enhances the dataset’s diver-

sity and improves the robustness of trained models to anomalies that might be
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encountered in real-world scenarios.

(a) OZM-72 (b) MON-50

Figure 4.1: Examples of 3D-printed landmine replicas scaled down in size to

evaluate the feasibility of using modified objects for model training

This 3D printing-based methodology offers a practical and ethical solution
to the data scarcity challenge in EO detection. By generating synthetic data
under controlled conditions, this research can create datasets that are both ex-
tensive and representative of the complexities encountered in real-world scenar-
ios. The subsequent sections provide a detailed account of the implementation
of this method, encompassing the selection of EO types, 3D printing proce-
dures, image acquisition protocols, and the outcomes of model training using

the generated dataset.

4.3. Objective of the 3D Printing Technique

The primary objective of the research presented in this chapter is to assess
the efficacy of employing 3D-printed landmine replicas for training computer

vision models to address the issue of data scarcity. This will enable the de-
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velopment of a framework for acquiring ML models derived from 3D-printed
replicas. The resultant models can be utilized to detect actual EO, with poten-
tial applications in UAV-based or robotic detection systems.

To attain this objective, the following specific aims are established:

— Develop a dataset for training computer vision models, consisting of
photographs of 3D-printed replicas of prevalent anti-personnel land-
mines in Ukraine. The dataset will encompass diverse weather con-
ditions, including clear, foggy, rainy, and snowy environments.

— Train and optimize models on the generated dataset. This involves
expanding the dataset through augmentation techniques (as detailed in
Chapter 3) and fine-tuning model hyperparameters, such as learning
rate and batch size, for optimal performance.

— Evaluate the trained models’ performance on a separate dataset of au-
thentic landmine photographs provided by domain experts, using the

metrics defined in Section 2.9 to assess their real-world applicability.

4.4. Primary Hypotheses of the Methodology

This study examines the efficacy of employing 3D-printed EO replicas, as
described in the methodology outlined in Section 4.2, to train computer vision
models for EO identification. The primary hypotheses guiding this research
are:

Hypothesis 4.1. 3D-printed replicas, as detailed in Section 4.2, can effec-
tively train computer vision models for successful EO identification in real-world
scenarios.

Hypothesis 4.2. Models initially trained on 3D-printed replicas can be fur-
ther enhanced with real-world data by including additional data into the dataset,
augmenting the number of training epochs, and fine-tuning model hyperparam-

eters.
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The following assumptions underpin this research:

— The 3D-printed replicas, created using the methodology outlined in Sec-
tion 4.2, accurately replicate the essential shape, texture, and visual
attributes of actual landmines relevant for visual detection.

— The diverse survey settings (variations in illumination, backdrop, and
angle) employed during the image acquisition of the 3D-printed repli-
cas, as described in Section 4.2, provide adequate data variability for
effective model training.

For clarity, the following simplifications were adopted in this study:

— Certain landmine models were reduced in scale during the 3D printing
process (see Section 4.2), potentially impacting detection accuracy. This
potential impact will be analyzed in the results.

— The models were trained exclusively on visual data (photographs), disre-
garding other potential detection modalities (e.g., magnetic properties).

— The detection performance for replicas of metal landmines might differ
from those fabricated from metal due to variations in material proper-
ties, such as metallic luster and texture. This will be taken into account
during the evaluation.

— The study employs photographs captured under various weather condi-
tions and from diverse viewpoints. However, this does not encompass
all potential real-world permutations. The effectiveness of EO recogni-
tion may improve with a larger and more varied dataset, which will be
explored in future work.

In this research, replicas of landmines frequently used in Ukraine were fab-
ricated, and a dataset comprising photographs of these replicas was compiled.
These replicas were utilized to train a computer vision model, employing their

varied appearances and simulated settings to emulate real-world scenarios.
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4.5. Rationale for Model Selection in Explosive Objects

Detection

To ensure the relevance and applicability of this research to the war in
Ukraine, the selection of EO models was based on a careful assessment of the
types being utilized in the region. The ongoing war in Ukraine has seen the
widespread use of anti-personnel landmines by Russian forces. Reports from
humanitarian organizations and military sources indicate that a minimum of
13 varieties of anti-personnel mines are being employed [98]. These EO are
positioned on the ground, occasionally concealed, but in numerous instances,
they are at least partially visible. This visibility, even when partial, makes them
potentially detectable using computer vision techniques, which is the focus of
this research.

For this study, the following landmine types were selected due to their ex-
tensive prevalence in the conflict zone, their surface-laid deployment (making
them visually detectable), and the significant threat they pose to civilians [96]:

— PMN: (Figure 4.2a) This landmine is colloquially referred to as
a “Widow” owing to its substantial trinitrotoluene concentration (200
grams), which typically leads to fatalities upon detonation.

— PMN-2: (Figure 4.2b) Despite containing just half the quantity
of trinitrotoluene compared to the PMN, this landmine is extensively
utilized and manufactured in many countries.

— OZM-72: (Figure 4.1a) This landmine commonly known as the
“Jumping Witch” or “Frog.” Upon activation, the OZM-72 ascends to
a height of 60 to 80 cm, detonating at torso level, so amplifying the
potential harm to individuals in proximity.

— MON-50 (Figure 4.1b): Characterized by its distinctive design this
landmine is frequently concealed beneath grass or foliage. The landmine

possesses an extensive damage radius of 50 meters.
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— PFM-1 (Figure 4.2c): Prevalent, typically impacting the feet or
hands. This landmine, dispersed from helicopters or rockets, can in-
clude extensive regions, including tree canopies, vegetation, roofs, or
building facades. The various colors of the landmine can captivate chil-
dren’s attention.

Table 4.1 presents the physical characteristics and triggering mechanisms of

the selected landmine models.

Table 4.1
Characteristics of Selected Landmine Models
Landmine Type Triggering Mechanism | Visual Features
PMN (4.2a) Blast Pressure Round, often brown or green
PMN-2 (4.2b) Blast Pressure Round, often brown or green, with a distinctive pressure plate
OZM-72 (4.1a) | Fragmentation | Tripwire or command Cylindrical, often with visible fragmentation elements
MON-50 (4.1b) | Fragmentation | Command or tripwire Rectangular, directional fragmentation mine
PFM-1 (4.2¢) Blast Pressure Small, "butterfly" shape, often brightly colored

(a) PMN (b) PMN-2 (¢) PFM-1

Figure 4.2: Examples of 3D-printed landmine replicas originally insize

To provide a visual representation of these threats, Figure 4.1 displays the
scaled-down replicas of the MON-50 and OZM-72 landmines, while Figure 4.2
showcases the in-size replicas of the PMN, PMN-2, and PFM-1 landmines.

It is important to note that all anti-personnel landmines are prohibited

under international law, specifically the Convention on the Prohibition of the
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Use, Stockpiling, Production and Transfer of Anti-Personnel Mines and on their
Destruction (the Anti-Personnel Mine Ban Convention), adopted in 1997 [97].

The majority of antipersonnel landmines, including those examined in this
study, lack self-deactivation capabilities. This indicates they can remain oper-
ational for numerous years post-installation. Therefore, the selection of these
specific EO models ensures that this research addresses some of the most press-
ing and impactful aspects of the EO threat in Ukraine, providing a foundation

for developing effective detection models.

4.6. The Process of 3D Printing and the Tools Used in the Study

3D printing technology facilitates the production of detailed replicas of spe-
cific landmines, thereby enhancing research initiatives. This section details the
methodologies and instruments employed in the study. Software:

— Blender (The Netherlands) [99]: An open-source software utilized for
the creation and modification of 3D models, Blender was employed to
construct and alter 3D representations of the chosen EO.

— GIMP (USA) [100]: This complimentary and open-source graphic ed-
itor was utilized for post-processing and refinement of the landmine
model photographs.

Device: the Prusa i3 MK3S+ (Czech Republic) [101] The 3D printer was se-
lected for its precision, dependability, and capacity to replicate intricate com-
ponents. This printer comes bundled with slicing software and other necessary
utilities for 3D printing.

Specifications for printing:

— Infill: the models were printed with a minimum infill of 5 — 15%, which
did not compromise their strength.

— Size modification: certain models, such the OZM-72 and MON-50,

were diminished to enhance compatibility with printing capabilities.
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The simplification from section 4.4 that recognition quality would re-
main unaffected by size reduction was evaluated on these landmines.

The publicly accessible models utilized in this study are enumerated in Table

4.2.

Table 4.2
Examples of Printed Models
1D Qty | Color | Infill | License Author Source
PMN 1 Green 5% | CC BY-NC-ND mussy [102]
PMN-2 | 2 | Green | 5% | CCBY, CC BY-NC.SA | | Hom Benjaminsen, o, o o)
Jonathan Lavoie

OZM-72 1 Gray 5% | CCBY valterjhersonl [105]
MON-50 1 Green 5% | CC BY-NC-ND mussy [106]

PFM-1 3 Gray 15% | CC BY-NC-ND mussy [107]

Table 4.2 lists the authors, the license, and the infill % utilized during the

model’s printing process.

4.7. Rationale for Selecting the YOLO Model

Having established the methodology for creating a dataset of 3D-printed
landmine replicas (Sec. 4.8), the next critical step is selecting an appropri-
ate computer vision model for training and evaluation. Detecting EO with
computer vision is a sophisticated endeavor that necessitates high precision,
dependability, and real-time or near-real-time processing capabilities. A review
was done to assess the suitability of current computer vision models for object
detection in EO detection.

Summary of the models:

— R-CNN ( [108]) and its derivatives (Fast R-CNN [109], Faster R-

CNN [110], Mask R-CNN [111]) exhibit lower inference speeds due to
their multi-stage process of region proposal and feature extraction, yet

achieve high accuracy:.
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— SSD (Single Shot MultiBox Detector [112]): This model outperforms
the original R-CNN in speed and simultaneously predicts object loca-
tions and classifications. However, its precision can be lower, particu-
larly for small objects.

— YOLO (You Only Look Once [72]): A rapid and precise object detect-
ing algorithm. It processes images in a single pass (hence the name
"You Only Look Once’), rendering it suitable for real-time applications.

Selection of models: This stage of the study used the YOLOv8 model [73]
due to its several characteristics that render it especially appropriate for EO
identification.

— Strong Balance of Precision and Speed: YOLOvS offers a strong
balance between precision and speed, making it well-suited for real-time
object detection tasks like those required for UAV-based EO surveys.

— Real-time Processing: YOLOvS’s ability to process images in a sin-
gle pass enables real-time performance, which is crucial for rapid EO
detection.

— Adaptability: YOLOvS8’s architecture can be readily adapted to de-
tect the specific visual features and varying sizes of different EO types.

— Reduced False Positives: YOLO models, in general, demonstrate a
reduced tendency to generate false positives in the absence of objects,
a critical factor in minimizing unnecessary and potentially dangerous
interventions in safe areas.

It should be noted that at the time of this research, YOLOv11 was avail-
able. However, the methodology and findings presented here are expected to
be applicable to newer YOLO versions as well, demonstrating the flexibility of
the approach and its adaptability to advancements in the underlying detection
algorithm.

The YOLO algorithm was introduced in 2015 by Redmon et al. [72]. The

approach computes the bounding boxes and corresponding class probabilities
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directly from the complete images in a single pass. The algorithm analyzes
images in real time at a rate of 45 frames per second. Fast YOLO, a smaller
and faster variant of the original model, can process up to 155 frames per
second while achieving double the mean average precision of other real-time
detectors [72]. While YOLO may exhibit slightly higher localization errors
compared to some two-stage detectors, it demonstrates a significantly reduced
propensity to generate false positives in the absence of objects. This renders
it a dependable option for applications like EO detection, where minimizing
false alarms is crucial. One of the most popular iterations, YOLOvS [73], has
been utilized across multiple domains. These encompass real-time aerial object
identification for surveillance [113|, tracking individuals who shoot [114], and
high-resolution aerial imaging [115]. The technique has demonstrated potential
in medical applications, including brain tumor identification [116] and real-time
arrhythmia monitoring [117]. Furthermore, it has been employed in vehicular
security via license plate and vehicle model recognition [118].

To evaluate the effectiveness of the trained model in detecting EO, a two-
pronged testing approach was employed. First, the model was tested on addi-
tional images of the 3D-printed replicas, captured in various locations and under
differing conditions. This allowed us to determine whether additional training
data or further model refinement was necessary. Second, the model underwent
evaluation using a distinct dataset comprised of photographs of actual land-
mines sourced from professional deminers. This evaluation on real-world data
assessed the model’s ability to learn from replica images and generalize that

learning to real images.

4.8. Dataset of 3D-Printed Explosive Objects

Building upon the methodology outlined in Section 4.2, this section de-

scribes the dataset of 3D-printed landmine replicas created for training and eval-
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uating the object detection models. The dataset contains 1,438 photographs,
encompassing a range of conditions, including sunny days, cloudy days, morn-
ings, evenings, rain, fog, and snow, with an approximately equal distribution
across five landmine types: PMN, PMN-2, OZM-72, MON-50, and PFM-1.
This study involved the compilation of a comprehensive dataset captured un-
der various conditions to simulate potential real-world scenarios. The purpose
of this dataset is to train and evaluate computer vision models for EO detection,
addressing the data scarcity issue discussed in Section 4.1.

The photographs were captured using a 64-megapixel camera, with standard
settings of ISO 50, 24 mm focal length, F1.8 aperture, and a shutter speed of
1/60. These settings were chosen to maintain a consistent depth of field and
ensure sufficient image sharpness under various lighting conditions. Multiple
resolutions were employed during image acquisition (3468x4624, 3000x4000,
3456x3456), with a common square resolution of 3456x3456. For initial model
training, the original images were standardized to a resolution of 640x640 pixels,
which is a common input size for YOLO models and facilitates the use of
augmentation techniques discussed in Chapter 3. Subsequently, the trained
models were also evaluated on higher resolution images (1280x1280 pixels) to
assess their performance on actual landmine photographs.

The photographs were captured in natural surroundings, including forest
floors, gravel paths, sandy terrain, and areas adjacent to water bodies. Im-
ages were taken under varying lighting situations (e.g., direct sunlight, shade,
overcast) and included distracting elements (e.g., apples, garbage, stones) to
evaluate the model’s ability to distinguish EO from common objects. Different
types of vegetation, such as tall grass, leaf litter, and bushes, were also included
to assess the model’s performance in varied environments. Monochromatic pho-
tographs were incorporated to mitigate the effects of color discrepancies between
the 3D-printed replicas and real landmines, and to evaluate the model’s ability

to identify EO based on shape and texture alone, as color may not always be a
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Figure 4.3: Images in the dataset: a — OZM-72 on a snowy backdrop; b —

PMN-2 on a snowy surface; ¢ — PMN-2 on a layer of leaves above an asphalt
surface; d — PFM-1, camouflaged to blend with the surrounding stones; e —
MON-50 positioned on a tree in a monochrome depiction; f — a monochrome
representation of a PMN landmine in a foliage adjacent to a fallen tree trunk;
g — PMN in a creek; h — PMN-2 surrounded by apples; i — PFM-1 in a trashed

environment
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reliable feature in real-world scenarios.

This diverse dataset, encompassing various EO types, environmental condi-
tions, and imaging parameters, provides a robust foundation for training and
evaluating the performance of object detection models for EO detection. The

dataset will be used to train models, as described in the following section.

4.9. Preparing the Dataset: Annotation, Processing, and

Augmentation

Having established the methodology for creating the 3D-printed landmine
replica dataset (Sec. 4.8), the next crucial step involved annotating the collected
images and preprocessing the data for model training. The gathered images
were subjected to annotation, which involved drawing bounding boxes around
each landmine replica and assigning the appropriate class label (e.g., PMN;,
PMN-2, OZM-72, etc.). Several tools and platforms were evaluated for the
purpose of generating annotations.

The evaluation of platforms’ functionalities for producing EO detection
datasets is as follows:

— Labellmg ( [119]) is a straightforward and complementary tool suit-
able for minor tasks or the preliminary phase of annotation (e.g., pilot
annotation or initial data exploration). However, it possesses restricted
functionalities and lacks automation support.

— makesense.ai ( [120]) is a web-based application for annotating datasets.
It provides an intuitive interface and accommodates various forms of an-
notations, rendering it suitable for medium-sized projects. Nevertheless,
it did not support persistent storage of annotation results at the time
of the study.

— TORAS (Toronto Annotation Suite) ( [121]) is a web-based plat-

form for picture annotation that incorporates technologies for interac-
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tive segmentation and contemporary Al models, such as SAM (Segment
Anything Model), to expedite the annotation process. While TORAS
possesses user-friendly annotation capabilities, at the study’s initiation,
it imposed a 1GB data size restriction, whereas the data amount sur-
passed 3GB.

— Roboflow ( [93]) is a comprehensive solution that encompasses the en-
tire process from image collecting and annotation to model training and
deployment on devices. It provides automatic annotation. However, the
web interface for annotation exhibited slower performance during an-
notation tasks.

— Google Cloud Platform ( [122]) facilitates model creation and pro-
vides annotation tools, but it offers little control over the training pro-
cess, such as limitations on model selection, training methodology, and
hyperparameter configuration.

— Microsoft Azure ( [123|) allows for the generation of models using
pre-trained models, which accelerates the development process; how-
ever, it offers fewer customization possibilities relative to other plat-
forms, including a streamlined training procedure and hyperparameter
configurations.

— Amazon SageMaker ( [124]) offers workflow management and auto-
mated annotation capabilities; however, it necessitates the utilization
of Amazon Web Services, which might be challenging to navigate.

None of the platforms fully met the criteria of this study. Therefore, a cus-
tom annotation application was developed to meet the specific requirements of
this research, offering greater flexibility and control over the annotation pro-
cess. The application generated annotations in the YOLO format, consisting of
text files with bounding box coordinates and class labels for each image. Data
was initially stored using a self-developed application on Google Cloud Stor-

age ( [122]), where photographs were stored in both 640x640 and 1280x1280
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resolutions to facilitate both initial model training and subsequent evaluation
on higher-resolution images. The annotated data was then uploaded to the
Roboflow platform for data augmentation. The augmentations specified in Ta-

ble 4.3 were implemented using Roboflow’s built-in tools.

Table 4.3

Roboflow Augmentations and Their Purpose

Augmentation

Name

Purpose of Use

Flip (Horizontal, Verti-
cal)

To prevent memorizing the positions of objects
and improve model robustness to object orien-

tation.

90° Rotate (CW, CCW,
Upside Down)

To prevent memorizing the positions of objects
and improve model robustness to object orien-

tation.

(Apply to
45% of images)

Grayscale

To address varying object scales, enhance ro-
bustness to color variations, and improve per-
formance under challenging recognition condi-

tions.

Noise (Up to 5% of pix-
els)

To address occlusion of small objects, simulate
sensor noise, and improve model robustness to

image imperfections.

Mosaic

To enhance data variety by combining multiple
images into a single training sample, simulating
cluttered scenes and improving object detection

in complex backgrounds.

Table 4.3 delineates the objective of each augmentation approach employed
in this study. Compared to the initial augmentation strategy outlined in Table

3.5, Mosaic augmentation was added to further enhance dataset diversity. Ad-
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ditionally, the proportion of images subjected to Grayscale augmentation was
increased from 30% to 45% to improve robustness to color variations, and the
intensity of Noise augmentation was reduced from 15% to 5% of pixels to better

reflect realistic noise levels encountered in the target application.

4.10. Training the YOLOv8 Model on the 3D-Printed Landmine
Dataset

This section details the process of training the YOLOvVS object detection
model on the dataset described in Section 4.8, utilizing the augmentation strate-
gies outlined in Chapter 3. The primary goal of this training process is to
develop a robust model capable of accurately detecting EO in images.

The training process was conducted using a Tesla T4 GPU, provided through
the Google Colab cloud computing platform, to leverage its computational
power and accessibility for accelerated model training. At this juncture, the
YOLOvVS8 algorithm is employed, using augmentations from Table 3.5. Table
4.4 presents the default augmentation parameters available in YOLOvVS, along
with their descriptions. The "Value" column indicates the default parameter
settings in the YOLOvVS8 framework. For the experiments, the augmentations
specified in Table 3.5 were primarily utilized, with modifications as described
in Section 4.9 and Table 4.3.

The model’s performance was evaluated using the metrics defined in Section
2.9, including precision, recall, and mAP50 (see Table 4.5).

Upon selecting the types of landmines and identifying their models in the
public domain, 3D replicas were produced, with several copies created for cer-
tain models. In the trials, the landmines were coated in various colors, po-
sitioned at diverse angles, partially overlapped, and photographed with other
items. The dataset creation procedure was executed iteratively through a series

of surveys (100 — 200 new images each), experiments, and model training, using
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Table 4.4

Default YOLOvS8 Augmentation Parameters and Their Descriptions

Key Value | Description

hsv_h 0.015 | Image HSV-Hue augmentation (fraction)

hsv s 0.7 Image HSV-Saturation augmentation (fraction)

hsv v 0.4 Image HSV-Value augmentation (fraction)

degrees 0.0 Image rotation (+/- degree)

translate 0.1 Image translation (+/- fraction)

scale 0.5 Image scale (+/- gain)

shear 0.0 Image shear (+ /- degree)

perspective 0.0 Image perspective (+ /- fraction), range 0-0.001

flipud 0.0 Flip image up-down (probability)

fliplr 0.5 Flip image left-right (probability)

mosaic 1.0 Image mosaic (probability)

mixup 0.0 Image mixup (probability)

copy _paste 0.0 Copying part of images one to one (probability)

augmentation techniques, outcome evaluation, and target setting for further it-

erations. Table 4.5 encapsulates the findings of multiple trials demonstrating

the impact of picture quantity, diverse augmentations, and configurations on

the model’s performance.

Table 4.5: Comparison of the Results of Different Experiments

ID | Qty

Sz.l | Pr.?

Rec.? | mAP* Sp°| Note

1 195

640 | 74.9

71.2 80.8 2 Prepr. 3.6 and Aug.
3.5 (1st stage), Aug.

4.4 (2st stage)

Continued on next page
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Table 4.5 — continued from previous page

ID | Qty| Sz.!' | Pr.2 | Rec.? | mAP* Sp® Note

2 130 | 640 | 72.5 64.9 66.7 4 Same as 1 Prepr. 3.6
and Aug. 3.5 (Ist
stage), Aug. 4.4 (2st
stage)

3 250 | 640 | 89.4 84.9 94.5 14 | Same as 1

3.1 250 | 640 | 90.8 84.3 91.5 14 | Same as 1, Dbut
Grayscale 100%

4 400 | 640 | 74.9 71.2 80.5 20 | Same as 1

4.1 1 400 | 640 | 95.0 91.9 93.4 25 | As 1, but Grayscale
incr.  to 60% and
Noise decr. to 2%

5 500 | 640 | 93.8 89.8 94.1 28 | Same as 1

6 500 | 640 | 92.9 86.6 92.8 48 | Same as 1, but Noise
decr. to 5%

6.1 | 500 | 640 | 95.2 94.6 97.6 48 | As in 6, but Grays.:
45%, Mosaic

7 800 | 640 | 91.9 88.6 94.1 45 | Same as 1

7.1 800 | 1280 | 96.5 91.6 96.4 170] As 1, but Resize
1280x1280

8 1000| 640 | 96.8 96.4 97.8 59 | Same as 6.1

8.1 | 1000| 640 | 97.3 94.8 98.4 65 | As 6.1, but YOLOvS
Aug., Copy-Paste
(0.5)

9 1000 | 1280 | 98.5 97.7 98.9 240| As 6.1, but Resize to

1280x1280

Continued on next page
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Table 4.5 — continued from previous page
ID | Qty| Sz.!' | Pr.?2 | Rec.? | mAPY Sp’| Note
10 | 1438 640 | 97.9 96.7 98.7 120| Same as 6.1
11 | 1438| 1280 | 98.0 98.2 99.3 240| As 6.1, but Resize to
1280x1280

I Resolution of the side of the square image in pixels.
2 Precision (formula 2.5).

3 Recall (formula 2.6).

4 mAP: Mean Average Precision (formula 3.3).

5 Average image processing speed per second.

Table 4.5 illustrates that during the studies, the model’s performance
progressively improved; nevertheless, the picture processing time per second,
and consequently the total time, also escalated.

The YOLOvVS algorithm was trained on a dataset comprising 1,438 images,
and the implementation of enhancement techniques resulted in an augmented
image count of 3,452. The photographs were allocated into training (3,021,
or 87.5%), validation (287, or 8.3%), and test (144, or 4.2%) groups. During
the testing phase, the augmentation methods provided in 4.4 were adjusted
to enhance model performance. The model demonstrated 98.0% precision and
98.2% recall, indicating a favorable outcome on the application of 3D-printed
models for landmine detection. The model’s training process was conducted
iteratively, with adjustments made to the batch size of images processed per
epoch (a complete run through the training dataset) and exploration of various
data augmentation techniques. A batch size of 32 was employed for images
with a resolution of 640x640 pixels. However, for images with higher resolution
(1280x1280), the maximum batch size was constrained to 8 due to limitations
in computational resources, leading to a decline in learning performance by

approximately fourfold (refer to Table 4.5 for trials 7 and 7.1, 8 and 9). The
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incorporation of supplementary augmentations, including Mixup and Copy-
Paste, led to an enhancement in precision but a reduction in model recall (see
Table 4.5: Experiments 8 and 8.1). However, given the heightened significance
of recall in the EO detection task, these augmentations were excluded from the
final model. The incorporation of mosaic augmentation, which amalgamates
several images into a single entity, markedly enhanced the model’s performance,

attaining a precision of 98.0% and a recall of 98.2%.

4.11. Results and Discussion

Following the training methodology described in Section 4.10, the model was
evaluated on the 3D-printed EO dataset. This section presents the results of
this evaluation, focusing on the key metrics defined in Section 2.9. Specifically,
the results from Experiment 8.1 are analyzed (Table 4.5), which employed the
two-stage augmentation strategy with Copy-Paste augmentation.

Figure 4.4 illustrates the evolution of precision, recall, mAP50, and
mAP50-95 during the training of the model over 100 epochs. As shown in the
figure, precision, recall, and mAP values generally increased over the course of
training, stabilizing around epoch 80. This indicates that the model progres-
sively learned to better detect EO with increasing exposure to the training data.
However, it should be noted that the number of training epochs used in this
study (100 — 150) was chosen as sufficient for the experiments. In reality, the
number of epochs should be 1,000 to 3,000, depending on the learning speed.

Figure 4.5 presents the normalized confusion matrix for the validation dataset,
obtained from the YOLOvS8 model trained on the 3D-printed landmine dataset
(Experiment 8.1). The matrix provides a detailed breakdown of the model’s
performance across different EO classes.

The confusion matrix reveals that the model achieved high precision for

most landmine classes, particularly for MON-50 (100%, class 14) and PMN-2
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Figure 4.4: Evolution of precision, recall, mAP50, and mAP50-95 during the
training of the model over 100 epochs (Experiment 8.1, Table 4.5)
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Figure 4.5: Normalized confusion matrix for the model on the validation dataset
of 3D-printed landmines (Experiment 8.1). Class labels: 0 — PFM-1; 2 — PMN;
14 — MON-50; 16 — PMN-2; 19 — OZM-72
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(98%, class 16). These results suggest that the model is able to reliably dis-
tinguish these EO types from the background and other objects. However, the
model exhibited a higher false positive rate for the PFM-1 class (6%, row 0),
indicating that some background elements were misclassified as PFM-1 land-
mines. The challenge in detecting PFM-1 in its natural environment can be
attributed to its small size and varied coloration, as well as the fact that it
is designed to blend in with its surroundings. On the other hand, the model
infrequently overlooks EO, as evidenced by the elevated precision across all
categories. In instances where a misidentification occurs, the model assigns
the EO to a category that calls for scrutiny (e.g., the OZM-72 is occasionally
categorized as the MON-50). This suggests that the model is generally able to
identify the presence of an EQO, even if it sometimes misclassifies the specific
type.

Figure 4.6 illustrates examples of successful landmine replica detections by
the model on images that were not included in the training dataset.

These results demonstrate the model’s ability to generalize to new images
and variations in EO appearance and background. The model successtully
detected EO across different types, including the challenging PFM-1, with rel-
atively high confidence scores (see 4.12).

Further analysis and discussion of these results, including an evaluation on
real EO images and an assessment of the limitations of the current approach,

are detailed in the following two sections.

4.12. Evaluation on Real Landmine Data

Having trained the YOLOv8 model on the dataset of 3D-printed landmine
replicas (Section 4.10), this section presents the crucial evaluation of the model’s
performance on a dataset of real EO images. This assessment aims to determine

the model’s ability to generalize from the synthetic training data to real-world
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(g) MON-50 on snow (h) PMN-2 on snow (i) PEM-1 on snow and leaves

Figure 4.6: Examples of successful landmine replica detections by the model

on images not included in the training dataset
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scenarios and identify areas for further improvement. Specifically, this research
analyzes the results from Experiment 11 (Table 4.5), which utilized the full
two-stage augmentation strategy and the largest training dataset.

Figure 4.7 illustrates instances of the model identifying actual landmines,
along with some cases of misclassification. The images were obtained from a
dataset provided by professional deminers.

Subfigures (a), (b), (c), (d), (¢), (f), and (g) present instances of correct
identification, while subfigures (h) and (i) depict occurrences where EO were
identified but misclassified. The model misclassified several landmines that
were not represented in the training dataset, such as the POM-3 and POM-3
parachute cap. These misclassifications likely occurred because these landmines
had visual similarities to those on which the model was trained (e.g., the POM-3
parachute cap being similar in shape to the PMN).

Table 4.6 presents the results of evaluating the model from Experiment 11
(Table 4.5) using data that is independent of the training set — namely, images
of 3D-printed replicas and real EO.

Table 4.6
Results of Model Testing with New Data Types

Data Type Qty | Precision (%) | Recall (%) | mAP50 (%) | mAP50-95 (%)
3D-Printed EO | 402 98.4 98.6 99.1 85.1
Real EO 254 91.0 79.1 87.5 65.5

As shown in Table 4.6, the model achieved significantly higher performance
on the dataset of 3D-printed landmines compared to the dataset of real ones.
This difference is particularly noticeable in the recall and mAP50-95 metrics.
The lower performance on real landmines suggests that there are still challenges
in generalizing from synthetic data to real-world scenarios. This could be due
to factors such as the increased variability and complexity of real-world images,

the presence of unexpected objects or environmental conditions not captured
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(a) Correctly identified  (b) Correctly identified (c) Correctly identified
PMN PMN-2 MON-50

IMOH-50 (100%)

MMH-2 (100%)

(d) Correctly identified (e) Correctly identified (f) Correctly identified
PMN-4 PMN-2 MON-50

3M-72 (86%)

(g) Correctly identified (h) POM-3 incorrectly (i) POM-3 parachute cap
OZM-72 classified as OZM-72 incorrectly classified as PMN

Figure 4.7: Illustrations of EO identification on photographs of actual land-

mines
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in the synthetic dataset, and subtle differences in visual features between the
3D-printed replicas and actual landmines. The results indicate that the model
developed utilizing 3D-printed replicas of landmines demonstrates promising
outcomes, serving as a foundation for subsequent enhancements.

In order to implement this model in a practical application, it is necessary
to utilize a larger dataset. In light of the observed discrepancy in performance
between synthetic and real-world data, and in accordance with the recommen-
dations of platforms such as Google Cloud, which recommend a minimum of
1000 images per class, it can be assumed that a dataset three times larger than
the one used in this phase of the work may be required.

Table 4.7 provides a per-class breakdown of precision, recall, mAP50, and
mAP50-95 for the real landmine dataset.

Table 4.7
Results of Testing the Model on Real Landmines

Landmine Type | Precision (%) | Recall (%) | mAP50 (%) | mAP50-95 (%)
PFM-1 78.0 84.2 89.1 61.2
MON-50 94.3 60.0 77.1 57.9
PMN-2 93.2 90.5 94.1 73.9
OZM-72 924 81.0 87.8 63.4
PMN 97.2 79.5 89.4 71.2
Mean 91.0 79.1 87.5 65.5

Figure 4.8 illustrates the normalized confusion matrix, associated with Table
4.7.

The confusion matrix in Figure 4.8 allows for the analysis of the detection
outcomes for each type of EO. Class 0 represents PFM-1, class 2 represents
PMN, class 14 represents MON-50, class 16 represents PMN-2, and class 19
represents OZM-72. The matrix highlights a significant number of misclassifi-
cations for the MON-50 (class 14), mistaking it for the background. This may
be attributed to the visual dissimilarity of the 3D-printed MON-50 replica to
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Figure 4.8: Normalized confusion matrix for the dataset from actual EO

an actual MON-50 landmine, potentially due to limitations in the 3D printing
process or the materials used. To enhance the outcomes, one may incorpo-
rate additional photographs of the MON-50, create a more lifelike model of the
landmine, produce this model at full scale, or experiment with various colors
during the printing process.

The model generally demonstrates good precision across most EO types,
particularly for PMN-2 (93.2%) and PMN (97.2%). However, the recall for
MON-50 is notably lower (60.0%), indicating that the model frequently failed
to detect this particular EO type in the real-world images. This lower recall
for the MON-50 may be due to differences between the scaled-down 3D-printed
replica (see Section 4.2) and real EO, including material properties, surface
details, and the presence of occlusions and complex backgrounds in real-world
images. It also underscores the need for a more comprehensive training dataset

for this specific EO type.
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4.13. Discussion

The use of 3D-printed EO replicas for creating synthetic training datasets
has shown significant potential for EO detection models. The following sub-
sections analyze the key findings, compare the results with existing research,

discuss limitations, and outline directions for future work.

4.13.1. Summary of Findings. A dataset was created using 3D models
of five prevalent types of anti-personnel landmines identified in Ukraine (Table
4.1). EO replicas were fabricated using a Prusa i3 MK3S+ 3D printer utilizing
PLA plastic with a minimum infill of 5 — 10% (Figures 4.1 and 4.2). To guar-
antee data diversity, 1438 images were captured under various environmental
conditions (clear, cloudy, rain, snow, etc.) and from multiple viewpoints (Fig-
ure 4.3). The acquired dataset comprises images of EO across various terrains,
in diverse lighting conditions and visibility levels, facilitating the training of
computer vision models on more realistic data.

The YOLOvVS model 73] was selected for EO recognition because of its su-
perior accuracy and rapidity. The dataset of 3D-printed replicas of landmines
was utilized to train the model. The learning process was conducted iteratively,
involving incremental adjustments of the model’s hyperparameters and the ap-
plication of diverse data augmentation techniques, specifically those outlined
in Tables 3.5 and 4.3. Consequently, a high precision of 98.0% and recall of
98.2% were attained on the test dataset (Table 4.5), validating the efficacy of
employing 3D-printed models.

To further evaluate the model’s performance, testing was performed on
an independent validation dataset comprising 402 images of 3D manufactured
landmines, where the model exhibited great performance (Figure 4.6, Table
4.6). This indicates that the model can generalize and effectively identify EO

in novel images.
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In the concluding phase of the research, the developed model was evaluated
using an independent dataset comprising 254 images of actual EO (Figure 4.7).
Table 4.6 indicates that the model attained an average precision of 91.0% and
a recall of 79.1%. The results are due to the significant similarity between
printed landmines and actual ones, together with the superior learning and

generalization capabilities of the YOLO algorithm.

4.13.2. Comparison with Existing Research. A primary advantage
of this research is the capacity to do studies in authentic conditions. In con-
trast to [41,42|, which performed studies at a sandy site containing buried EO,
this study executed experiments across multiple locations (parks). Moreover,
in contrast to [43|, which employed the dataset from [42], this study utilized
its own dataset. An further advantage is the diversity of landmines employed
in this research, selected for their prevalence in the war in Ukraine, in con-
trast to [36], which utilized solely the PFM-1 type. Unlike [48|, where data
was transmitted to a computer for further processing to detect EO from a
UAV, this study employs the YOLO framework for real-time object recogni-
tion. In contrast to research [41-43], which utilized limited or synthetic data,
this study evaluated the model using actual EO, hence enabling an assessment
of its practical applicability. The insufficiency of extensive data for analysis,
along with the absence of comparative results on actual landmines, may result
in the methodology being ineffective in practical applications.

This study illustrates that in situations of limited data, 3D printing can
effectively augment the training and testing datasets for models intended to
identify actual EO. Models developed on printed landmines can serve as a foun-
dation for testing in actual conditions. In this scenario, it is essential to identify
instances where the model misidentifies the object and include more data into
the training process. Research such as [41-43| may attain superior outcomes

by integrating 3D printing for dataset generation. The superior performance of
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the models developed in this study is ascribed to the methodical construction
of the dataset, the visual resemblance of the models to actual landmines, and

the dependability of contemporary computer vision methods.

4.13.3. Limitations. Nonetheless, for certain EO types, such as the
MON-50 and PMN, both precision and recall were inferior compared to oth-
ers (Table 4.7). These outcomes may stem from several factors. The training
dataset images were captured from a greater distance (1 — 1.6 meters) compared
to the close-range images in the test dataset. Secondly, the 3D-printed replica
of the MON-50 landmine failed to accurately replicate the shape and texture
of the authentic EO, potentially impacting the precision of its identification.

The matrix in Figure 4.8 indicates that the low recall for MON-50 in Table
4.7 results from the failure to distinguish all landmines. Furthermore, for OZM-
72 (class 19), the proportion of unidentified EO is marginally elevated at 17%.
Nonetheless, the model exhibited a high degree of accuracy in detecting EO.

The current analysis highlights the necessity of minimizing the object’s di-
mensions. The diminished dimensions of the MON-50 model may have led to
its decreased recognition accuracy. A further potential limitation is the camera
distance of 1 — 2 meters employed during data collecting. Modifying the model’s
design or investigating other computer vision techniques may be essential for
proficient UAV picture processing, as evidenced in [125] for aircraft recognition.
The analysis is constrained by the limited variety of EO kinds included in the
dataset. While the predominant types of landmines employed in the Ukraine
war were selected, the incorporation of a broader array of EO would have fa-
cilitated a more adaptable model. A further limitation is the lack of realism of

many 3D representations of landmines, such as the OZM-72 and MON-50.

4.13.4. Future Research Directions. To enhance the model, one may

explore contemporary feature extraction techniques, such as ORB [126] or
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AKAZE [127], which exhibit more resilience to variations in illumination and
perspective compared to traditional SIFT and SURF methods. Furthermore,
the implementation of alternative contemporary neural network topologies may
be contemplated to enhance the outcomes. EfficientDet [82] is recognized for
its superior accuracy and computational efficiency, which is particularly cru-
cial when implementing the model on mobile devices or resource-limited UAV.
Transformer-based models (DETR [81], Deformable DETR [128]) exhibit ex-
ceptional accuracy on intricate datasets and proficiently handle high-resolution
images. This may be advantageous for identifying EO in aerial or UAV imagery.
These methodologies may enhance the model’s capacity to differentiate between
EO and background, particularly for categories with significant discrepancies,
hence yielding increased detection accuracy and efficiency. Nonetheless, it is
important to acknowledge that certain approaches may necessitate additional
data for training or exhibit increased computing complexity. To enhance the
precision of real EO detection, it is essential to augment the dataset and re-
fine the realism of 3D models or incorporate additional variations. Exploring
supplementary techniques, such data augmentation and hyperparameter opti-
mization, is advisable to enhance the model’s generalizability.

Future research will focus on integrating these findings into a unified, multi-
platform algorithmic environment, as detailed in Chapter 6. In the course of
this research, a mobile application for Android devices was evaluated. This
application was designed to facilitate data collection and real-time EO detec-
tion. Additionally, a messenger bot interface was developed for user interaction
and model deployment. The development of this multi-platform environment
represents the next crucial step in translating this research into a practical,

field-deployable solution for humanitarian demining.
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4.14. Conclusions to Chapter 4

This chapter explored the potential of using 3D-printed landmine repli-
cas to create synthetic datasets for training computer vision models in EO
detection. The generated dataset, which consists of 1,438 photographs of 3D-
printed replicas of five prevalent landmine types captured under diverse en-
vironmental conditions, has proven effective in training the YOLOvS model.
The model achieved a precision of 98.0% and a recall of 98.2% on the test
portion of this synthetic dataset. These results validate the core premise of
this study: that 3D-printed replicas can be utilized to generate varied and
representative datasets for training computer vision algorithms, offering a safe
and cost-effective alternative for both research and practical applications. This
approach is particularly valuable in the initial training of models and for aug-
menting datasets that include real landmine images.

The YOLOvVS model, trained on this dataset and employing the two-stage
augmentation strategy detailed in Chapter 3, demonstrated the significant im-
pact of specific augmentation techniques. Notably, the combination of augmen-
tations listed in Table 4.5 (Experiment 11) yielded the best results. The anal-
ysis of the confusion matrix (Figure 4.5) highlighted areas for potential model
enhancement, particularly in differentiating EO from background elements.

Further evaluation was conducted using an independent dataset of 254
photographs of actual landmines, provided by professional deminers. On this
dataset, the model attained an average precision of 91.0% and a recall of 79.1%
(Table 4.6). While these results are promising, they also reveal a performance
gap compared to the synthetic dataset. This gap underscores the challenges
of generalizing from synthetic to real-world data and highlights the need for
further refinement of the 3D printing and data generation process.

Moreover, the per-class performance analysis (Table 4.7) showed substantial

variation in precision and recall across different EO types. For instance, the
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precision for PFM-1 detection was 78.0%, while for PMN it reached 97.2%.
Similarly, recall ranged from 60.0% for MON-50 to 90.5% for PMN-2. These
discrepancies can be attributed to several factors, including the limitations of
the 3D-printed replicas in accurately capturing the intricate details of certain
landmines (e.g. MON-50), the reduced scale of some replicas, and the variations
in image capture distances between the training and testing datasets.

The limited size of the real landmine image dataset is another constraint
that should be addressed in future research. Additionally, the confusion matrix
analysis (Figure 4.8) revealed a tendency for the model to misclassify certain
background elements as EO, particularly for the PFM-1 class. This indicates
a need for further investigation into the features that the model is using for
classification and for techniques to improve its ability to distinguish between

EO and visually similar background objects.
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CHAPTER 5
DEVELOPMENT AND DEPLOYMENT OF A CLOUD-BASED
EXPLOSIVE OBJECTS DETECTION SERVICE WITH
MESSENGER BOT INTEGRATION

5.1. Introduction: A Cloud-Based Explosive Objects Detection

Service for Messenger Platforms

Building upon the methodologies for data augmentation and model training
established in Chapters 3 and 4, this chapter details the design and implemen-
tation of a cloud-based EO detection service accessible through a user-friendly
messenger bot interface. This system leverages the cross-platform availability
of messenger applications and the scalability of cloud computing to provide a
practical and efficient solution for EO identification.

The proposed approach enables users to upload images of suspicious ob-
jects to a messenger bot for evaluation, utilizing advanced ML algorithms to
deliver real-time assessments of EO probability. By combining the power of
Al cloud computing, and messenger platforms, this project seeks to empower
individuals, particularly those in affected regions, to swiftly and accurately
identify potential explosive risks. Ultimately, this work contributes to support-
ing humanitarian demining initiatives, improving public safety, and aiding in
the long-term recovery of post-conflict areas like Ukraine.

The key features of this system include:

— A cloud-based architecture utilizing GCP [122] for scalability and reli-

ability.

— A messenger bot interface for seamless interaction with the service.

— Integration with Google Gemini to provide users with supplementary
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information regarding identified EO.
The following sections will elaborate on the system’s architecture, imple-
mentation details, and evaluation, demonstrating its potential as a valuable

tool in the ongoing effort to address the global EO challenge.

5.2. Related Work

Currently, there is a scarcity of readily available software solutions capable
of providing real-time EO detection through a simple, user-friendly interface
like a messenger bot. Moreover, developing, designing, testing, and manag-
ing such a user-focused solution requires significant resources. While the ulti-
mate goal is to integrate advanced detection models directly into mobile devices
for near-the-ground operation, leveraging existing, widely-used messenger plat-
forms represents a crucial intermediate step. This approach allows for rapid
deployment of the models, minimizing development overhead and maximizing
accessibility through familiar interfaces already present on most smartphones
and computers.

Utilizing existing messaging platforms with bot functionality conserves de-
velopment resources that can be focused on enhancing the core recognition
algorithms. It also allows the dissemination of the model to a broader au-
dience. This is particularly valuable for rapid identification purposes; when
users encounter a suspicious object in real life or online, they can submit an
image via a messenger bot to receive a prompt assessment. While dedicated
mobile applications offer potential advantages for specialized tasks, messenger
bots provide immediate, cross-platform accessibility without requiring users to
download and install separate applications.

The service utilizes the models developed in previous chapters, which ex-
plored the creation of ML models for EO detection, incorporating data augmen-

tation and 3D printing to address data scarcity (Chapters 3 and 4). Although
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these efforts demonstrated the potential of Al for EO detection, a significant
barrier persisted: how to effectively deploy these advanced models to those who
need them most in the field, such as demining teams, humanitarian organiza-
tions, and civilians in affected areas. This necessitates a solution that is readily
accessible, intuitive, and adaptable to various locations and user requirements.

Several mobile applications exist for mine action, such as those developed
by the UNMAS [50] and the Collective Awareness to Unexploded Ordnance
(CAT-UXO) [129] application. However, these applications primarily focus on
EO awareness, risk education, and reporting of suspected hazards. They lack
the capability for automated, real-time EO recognition directly from images.
This gap presents a substantial opportunity to leverage the ubiquity of smart-
phones and the capabilities of cloud computing to establish a more proactive
and effective method for EO identification.

Existing solutions for EO detection often suffer from limitations in accessi-
bility, usability, and real-time performance. In this chapter, these limitations
are addressed by proposing a cloud-based service that leverages the widespread
use of messenger platforms, providing a user-friendly, efficient, and readily de-
ployable tool for EO detection. While dedicated mobile app development re-
mains a long-term goal, the messenger bot approach offers a practical and read-
ily available solution for bridging the gap between advanced detection models
and end-users in the field. The following sections detail the design and imple-

mentation of this system.

5.3. Goals and Objectives

The primary goal of this project is to address the pressing humanitarian
issue of EO detection through the development and evaluation of a novel cloud-
based service that leverages the accessibility of messenger platforms and the

power of Al. This research aims to provide a near-real-time, user-friendly, and
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readily deployable method for EO detection by utilizing the scalability of cloud
computing and the functionalities of commonly available smartphones. The
proposed system integrates Al, cloud computing, and a messenger bot interface
to offer a more accessible, efficient, and user-friendly solution compared to
traditional, resource-intensive demining methods.

To achieve this goal, the following specific objectives are defined:

1. Cloud-Based System Design and Implementation: Design and
implement a cloud-based architecture for an EO detection service, uti-
lizing GCP services, including Cloud Functions for image processing
and a pre-trained model, hosted on Roboflow, for object detection.

2. Messenger Bot Interface Development: Develop and implement a
user-friendly messenger bot interface that allows users to submit images
of suspected EO for analysis and receive detection results along with
relevant safety information.

3. Google Gemini Integration: Integrate the system with Google Gem-
ini to provide users with contextual information about identified EO,

such as their type, origin, characteristics, and safety precautions.

5.4. Architecture of the Cloud-Based Explosive Objects

Detection System

This section details the architecture and design principles of the cloud-
based EO detection service. The system utilizes Google Cloud Functions to
implement ML models and process images efficiently. A messenger bot serves
as the user interface, facilitating interaction with the service. Users submit
photographs of suspicious objects to the bot, which subsequently transmits
them to the cloud for evaluation. The results, including the probability of an
EO and its likely type, are transmitted to the user via the bot. This architecture

facilitates seamless integration with multiple messaging platforms and ensures
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adaptability for future modifications, such as incorporating new EO types or
integrating with different sensor modalities.

The system features a modular architecture, consisting of three primary
components, as illustrated in Figure 5.1:

— Messenger Bot: This element functions as the user interface, enabling
users to engage with the service via a messenger application. The mes-
senger bot interface was chosen for its widespread accessibility, ease of
use, and familiarity to a large user base. It acquires images from users,
transmits them to the cloud for processing, and delivers the analysis
findings. While Telegram was used for initial development and testing,
the modular design allows for adaptation to other messenger platforms.

— Cloud Functions: These functions, deployed on the GCP [122], man-
age image processing and analysis. The Cloud Functions are triggered
upon receiving an image from the messenger bot via a webhook. They
obtain images from the messaging bot and activate the EO identification
module. These functions handle image format verification, resizing, and
any necessary preprocessing steps before invoking the EO recognition
module. The utilization of serverless Cloud Functions enables efficient
resource allocation, automatically scaling based on demand and mini-
mizing operational costs.

— EO Recognition Module: The EO Recognition Module utilizes a
pre-trained model [73] to detect and classify EO in the images. The
inference process is managed by the Roboflow service [93], which hosts
the model and provides an API for efficient model invocation. The
model was fine-tuned on a diverse dataset of EO images, including
both real-world images and synthetic images generated through data
augmentation and 3D-printed replicas, as described in Chapters 3 and
4.

As illustrated in Figure 5.1, the system’s modular design allows for inde-
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Figure 5.1: System architecture of the cloud-based EO detection service

pendent development and optimization of each component, ensuring flexibility
and scalability. The use of cloud functions ensures optimal resource usage and
rapid response times, while the messenger bot interface offers a user-friendly
and accessible means of engaging with the service. This architecture combines
the accessibility of messenger platforms with the power of cloud computing and
the accuracy of a state-of-the-art object detection model to create a robust
and user-friendly EO detection service. The following section provides further

details on the implementation of each component.

5.5. Implementation Details

This section provides a detailed description of the technical implementation

of the cloud-based EO detection service.
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5.5.1. Messenger Bot Implementation. The messenger bot serves as
the primary interface for user interaction, developed using Python and the
‘python-telegram-bot framework [95]. This framework was selected for its ease
of use, comprehensive documentation, active community support, and asyn-
chronous architecture, which enables the bot to handle multiple user requests
concurrently. The bot is designed to handle image uploads from users, forward
these images to the Google Cloud Functions via a webhook, and deliver the
detection results back to the user in a clear and informative manner.

The bot utilizes a webhook to establish a communication channel with the
Google Cloud Functions. When a user uploads an image, the Telegram API
sends a notification to the designated webhook URL, triggering the correspond-
ing Cloud Function for image processing. The webhook URL is secured to
prevent unauthorized access.

Upon receiving an image message, the bot extracts the file ID from the
Telegram API’s response. The following Python code snippet illustrates how
the bot downloads the image and uploads it to Google Cloud Storage:

Listing 5.1: Downloading and uploading an image via the Telegram bot

1 # Create a blob in a GCS bucket
2 blob = bucket.blob(filename)

! # Download the file content into a BytesIO object
file_stream = BytesIO()
6 try:
7 await new_file.download_to_memory(out=file_stream)
8 except TelegramError as e:
9 # Handle Telegram API errors (e.g., file not found, download
failed)
10 print (f"Error downloading file: {e}")
11 # Send an error message to the user
12 return

13 file_stream.seek(0) # Reset the stream position to the beginning

15 # Upload the file content from the BytesIO object
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16 try:

17 blob.upload_from_file(file_stream)

18 except GoogleCloudError as e:

19 # Handle Google Cloud Storage errors (e.g., bucket not found,
upload failed)

20 print (f"Error uploading file to GCS: {e}")

21 # Send an error message to the user

return

This code demonstrates the use of the ‘BytesIO* object for in-memory file
handling, allowing the bot to efficiently download the image from Telegram’s
servers and then upload it to the designated Google Cloud Storage bucket. The
‘try-except’ blocks ensure that potential errors during the download or upload
process are handled gracefully, preventing crashes and providing informative
error messages to the developer and potentially the user. The bot then proceeds

to initiate the EO detection process on the uploaded image.

5.5.2. Cloud Function Implementation. The backend processing and
analysis are handled by Google Cloud Functions, written in Python and de-
ployed using the Google Cloud Functions framework [122]. Upon receiving an
image message from the user, the Telegram bot sends a request to a desig-
nated Cloud Function via a webhook. This triggers the execution of the Cloud
Function, which performs the following steps:

1. Image Validation and Preprocessing: The function first validates
the image format and performs necessary preprocessing. This includes
resizing the image to the required input dimensions of the model (e.g.,
640x640 pixels) and normalizing pixel values.

2. EO Detection Invocation: The preprocessed image is then passed
as input to the EO Recognition Module. This module utilizes a two-
stage object detection approach, potentially employing different models
or configurations for increased accuracy and robustness.

The core of the EO detection process involves invoking the Roboflow API
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to perform inference using pre-trained models. As illustrated in Listing 5.3, the
Cloud Function sends a request to the Roboflow inference endpoint, specifying
the filename and the ID of the model to be used. The code first attempts infer-
ence with ‘model x‘. If no objects are detected, it proceeds to use ‘model vy,
providing a fallback mechanism. Error handling is incorporated to manage po-
tential issues during the inference process. The results are then processed to

extract information about the detected objects.

Listing 5.2: Running inference calling Roboflow API using 2 models

1 # Call first runRoboflowInference Cloud Function

inference_url = INFERENCE_URL

V]

params = {'filename': f'{new_file.file_id}. jpg', 'model_id' '
model_x'}
| response = requests.get(inference_url, params=params)
6 objects_found = False
8 if response.status_code != 200:

9 await bot.sendMessage (chat_id=chat_id,

10 text=f"Error running inference: {response.textl}")

11 return

12

13 print (f"Photo processing model ...")

14 objects_found = await process_inference_responce (objects_list,

response, bot, filename, chat_id, user_language)

16 if not objects_found:
17 params = {'filename': f'{new_file.file_id}.jpg', 'model_id'
model_y '}

18 response = requests.get(inference_url, params=params)

20 if response.status_code != 200:
21 await bot.sendMessage (chat_id=chat_id,
22 text=f"Error running inference: {response.textl}")

23 return

25 print (f"Photo processing model...")

26 objects_found = await process_inference_responce (objects_list,



171

response, bot, filename, chat_id, user_language)

The ‘await process inference responce’ function, called after each infer-
ence attempt, handles parsing the JSON response from Roboflow, extracting
bounding box coordinates, confidence scores, and class labels of detected ob-
jects. Subsequently, this information is used to generate alerts or visualizations
for the user, indicating the presence and location of potential EO. This demon-
strates a robust approach to EO detection, leveraging cloud infrastructure and

external API for efficient and scalable processing.

Es8 Cloud Storage

Settings

v Inference API

)) Cloud Run <
i @

API Gateway Model

Figure 5.2: Google Cloud architecture with a gateway to Google Cloud Func-
tions (Cloud Run) as an initial entry point, Google Storage for settings, and

Roboflow API which hosts models

Picture 5.2 depicts an architecture of GCP. Google Cloud Run takes the
main part of orchestration, but the model which is hosted on Roboflow processes

images and identifies EO on them.

5.5.3. The Explosive Objects Recognition Module Integration.
The EO Recognition Module utilizes a pre-trained YOLOv8 model [73] to de-
tect and classify EO in the submitted images. This model was trained on the
diverse dataset described in chapters 3 and 4, which includes real-world EO im-
ages, images of 3D-printed landmine replicas, and synthetic images generated

through data augmentation techniques.
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The trained YOLOv8 model is hosted on the Roboflow platform [93], lever-
aging its efficient inference API and model versioning capabilities. The Cloud
Functions communicate with the Roboflow API to send the preprocessed images
for inference and receive the detection results. These results include bounding
box coordinates, class labels, and confidence scores for each detected EO, where
the confidence scores might determine if an alert is generated or not.

The EO Recognition Module, hosted on Roboflow, returns a JSON response
containing the detection results. The Cloud Function then processes this re-
sponse to extract the bounding box coordinates, class labels, and confidence
scores for each detected object. To visually represent these detections, the
Cloud Function draws bounding boxes around the detected EO on a copy of
the original, preprocessed image. An example of this process is shown in the

following Python code snippet:

Listing 5.3: Drawing bounding boxes on the detected objects

1 for prediction in predictions['predictions']:

2 isPredicted = True
3 classname = prediction['class']
1 confidence = prediction['confidence']

5 # Find the object name based on class_id

6 print(f"object_name: {classnamel}")

8 X, y, w, h = prediction['x'], prediction['y'], prediction['width

'], prediction['height']

10 # Calculate corner points based on Roboflow's format
11 x1 = x - (w / 2)
12 yl =y - (h / 2)
13 x2 = x + (w / 2)
14 y2 =y + (h / 2)

16 draw.rectangle ([(x1, y1), (x2, y2)], outline="red", width=11)

This code snippet iterates through the predictions, extracts the bounding

box coordinates (x, y, width, height), calculates the corner points, and draws a
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red rectangle on the image. The resulting image, with bounding boxes overlaid,

is then sent back to the user via the Telegram bot.

5.6. Integration with Google Gemini and Additional Bot

Features

To enhance the informational value and practical utility of the EO detec-
tion service, the system incorporates an integration with Google Gemini. This
integration aims to provide users with supplementary information about identi-
fied EO, thereby increasing situational awareness and promoting safer decision-

making.

5.6.1. Collaboration with Google Gemini. Upon the identification
of a potential EO by the recognition module (Section 6.5), the bot automatically
generates a query to Google Gemini, specifying the detected EO type. Google
Gemini then provides a concise summary of relevant facts about the EO. This
summary may include:

— Country of Origin: The country where the EO was manufactured.

— Primary Attributes: Key characteristics such as the EO’s type,
weight, and dimensions.

— Usage Methodology: Information on how the EO is typically de-
ployed and its activation mechanism.

— Additional Information: Relevant details such as common varia-
tions, safety precautions, and links to external resources for further
reading.

Figure 5.3 illustrates an example of a Google Gemini response for a detected

EO. This integration significantly enhances the user’s understanding of the

potential threat, facilitating more informed decision-making in the field.
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Uploaded a photo, recognize... Uploaded a photo, recognize...

There are mines in the photo: i There are n th

Found o
MMH-2 (

Looking for information about landmines... Looking for information about landmines...

The PMN-2 anti-personnel mine is a notoriously dangerot Here's some information about the TM-62-P anti-tank mine:

indiscriminate weapon. Here's a breakdown of its charact

**Name:** PMN-2 (MMH-2 in Cyrillic), also known as the "Black
Widow" mine. * **Name:** TM-62-P, TMN-62, TM-62

**Country of Ori: Soviet Union, now widely produced and
stockpiled in Russia and other former Soviet states. and manufactu
* **Type:** An

**Hazards:**

* **Blast:** The PMN-2 is ure-activated blast mine. It
i

Figure 5.3: Screenshots of the messenger bot interface. The source of the

images: Forester

5.6.2. Target Audience and Deployment Context. Presently, the
messenger bot is tailored for interaction with demining professionals. To fa-
cilitate this specialized use case, the bot is integrated with a dedicated forum
for deminers. Upon detecting an EO, the bot disseminates information about
it and provides a link to the relevant discussion thread on the forum. This
enables deminers to swiftly share information, synchronize their efforts, and
collaboratively formulate plans.

However, the bot’s functionality could be expanded to serve a broader audi-
ence, including civilians living in explosive-affected areas and international or-

ganizations involved in humanitarian demining. In such scenarios, the bot could
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provide links to relevant articles on EO safety, contact information for emer-
gency services and demining organizations, and guidelines on how to respond
to a suspicious object. This approach would enhance public understanding of

EO risks and promote safer conduct in the presence of potential hazards.

5.6.3. Language Support and Additional Features. To enhance ac-
cessibility, the bot supports two interface languages: Ukrainian and English.
The interface language is automatically determined based on the user’s lan-
guage settings in their messenger application.

Beyond its primary function of EO detection, the bot offers a range of
ancillary features to further improve its utility:

— EO Addition Request: It is possible for users to submit requests for

the incorporation of new classes into the model recognition capabilities.
This subject will be discussed in greater detail in Chapter 7.

— Recognized EO List: Users can access a list of EO types currently

recognized by the model.

— Feedback Submission: Users can provide feedback on the bot’s per-

formance, helping to identify areas for improvement and refinement.

These additional features contribute to the bot’s flexibility and usefulness
as a tool for both professional deminers and potentially the wider public. They
also provide valuable mechanisms for continuous improvement and adaptation

of the system based on user input and evolving needs.

5.7. Conclusions to Chapter 5

This chapter has presented the design, implementation, and evaluation of
a novel cloud-based EO detection service accessible through a user-friendly
messenger bot. The developed system demonstrates the significant potential
of leveraging readily available technologies, such as advanced machine learn-

ing models, cloud computing platforms, and familiar messenger interfaces, to
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address the urgent global challenge of EO detection.

The integration of the YOLOvVS model, hosted on Roboflow, with the scal-
able infrastructure of GCP ensures high identification accuracy and rapid data
processing. The choice of Telegram as the initial messenger platform, while
adaptable to other platforms, provides immediate access to a vast user base.
Furthermore, the integration with Google Gemini enriches the user experience
by providing crucial contextual information about identified EO, enhancing
situational awareness and promoting safer decision-making.

The project is under active development, with ongoing efforts focused on
continuously refining the bot and enhancing the accuracy and robustness of the
EO recognition models. A key aspect of this iterative process involves analyzing
detection errors, identifying challenging scenarios, and incorporating relevant
images into the model’s training dataset. This iterative approach allows the
system to "learn from its mistakes" and progressively improve its detection
capabilities over time.

Future development will prioritize expanding the bot’s ability to recognize a
wider range of EO types and integrating it with other prevalent messenger plat-
forms. Furthermore, the aim is to incorporate the insights and methodologies
from previous chapters, particularly the use of advanced data augmentation
techniques (Chapter 3), and 3D-printed replicas (Chapter 4), to further en-
hance the training dataset and improve the model’s ability to generalize to

diverse real-world scenarios.
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CHAPTER 6
DESIGN, IMPLEMENTATION, AND EVALUATION OF A
CROSS-PLATFORM APPLICATION FOR EXPLOSIVE
OBJECTS DETECTION

6.1. Introduction

The widespread use of anti-personnel landmines in conflict zones like Ukraine,
where an estimated 128,000 square kilometers of land and 13,000 square kilo-
meters of water are contaminated [58], poses a significant threat to human
life and hinders post-conflict recovery. Building upon the foundation laid in
previous chapters, which focused on generating a robust training dataset us-
ing 3D-printed landmine replicas and advanced data augmentation techniques
(Chapters 3 and 4), and resulted in trained YOLO models with high accuracy
on synthetic data, this chapter details the development and evaluation of a
cross-platform application for real-time EO detection, a key component of the
unified algorithmic environment. This application is designed to bridge the gap
between advanced Al-powered detection models and end-users in the field by
providing a readily deployable and user-friendly interface.

The cross-platform application, with a mobile build specifically evaluated
and tested by professional deminers, supports near-the-ground operation, fa-
cilitates user-friendly interaction, and enables the collection of valuable data
for ongoing model refinement. The application is designed for both online and
offline operation. When online, it integrates with the GCP API using HTTP
calls for EO detection, leveraging the same backend infrastructure as the mes-
senger bot (Chapter 5). In offline mode, it utilizes an on-device version of the

YOLO model for local processing.
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This chapter focuses on the development of the standalone, cross-platform
application, written in C++ with the Qt framework. Subsequent sections detail
the application’s architecture (Section 6.5), user interface design (Section 6.8),
and core functionalities (including image acquisition, online and offline object
detection, and data transmission) (Section 6.9). Results and discussion are

provided in Section 6.10.

6.2. Objectives of the Cross-Platform Application

Within the scope of the unified algorithmic environment for EO detection,
this chapter focuses on the development and evaluation of a cross-platform
application designed for deployment on user devices, particularly mobile plat-
forms. The application is designed to operate in both online and offline modes,
providing flexibility depending on network availability. The online mode lever-
ages real-time processing via the GCP API detailed in Chapter 5, while the
offline mode utilizes an optimized, on-device version of the YOLO model for
local processing.

The primary objectives of this cross-platform application are:

1. Accurate and Efficient EO Detection: To provide users with a re-
liable tool for identifying EO in both online and offline modes, achieving
high precision and recall while minimizing processing time.

2. On-Device (Offline) Processing: To enable EO detection in areas
with limited or no internet connectivity, utilizing a streamlined, on-
device YOLO model.

3. Cloud-Based (Online) Processing: To leverage the scalability and
computational power of the GCP for enhanced detection accuracy and
access to the latest model updates when an internet connection is avail-
able.

4. User-Friendly Interface: To provide an intuitive and easy-to-use in-
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terface for image acquisition, object detection, and result visualization.

5. Semi-Automatic Data Annotation: To facilitate the continuous
improvement of the detection model by enabling users to contribute to
the dataset through a semi-automatic annotation process.

6. Data Transmission and Model Refinement: To establish a secure
mechanism for transmitting user-annotated data to a central server for
model retraining and refinement.

7. Adaptability and Extensibility: To design the application with a
modular architecture that allows for future expansion, including the
addition of new EO types and integration with other sensors.

The widespread adoption of smartphones and other mobile devices makes
them an ideal platform for deploying this application, ensuring broad accessibil-
ity. The development of a user-friendly, cross-platform application for mobile
EO recognition will streamline and expedite the identification process. Fur-
thermore, there are plans to expand the functionality of the app to include
additional features, such as the notification of users regarding the presence
of explosive devices, the transmission of their coordinates for the purpose of
reporting and mapping, and other related operations.

To achieve these objectives, the following tasks were identified as essential:

1. Implement Online and Offline Detection Capabilities: Develop
and integrate both online and offline EO detection functionalities within
the cross-platform application. This includes:

— Online Mode: Integrating the application with the GCP API for
real-time processing using the cloud-hosted YOLO model.

— Offline Mode: Deploying a compressed and optimized version of
the YOLO model directly onto the target device (e.g., Android
smartphone) for on-device detection without requiring internet con-
nectivity. The efficacy of this offline mode will be assessed through

a performance test that evaluates both recall and detection speed.
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2. Enable User Correction and Annotation: Implement a user-friendly

interface within the application to allow users to:

— Manually annotate objects within images (add bounding boxes).

— Correct model predictions (adjust bounding box size /position, change
object class labels).

— Select the correct EO type from a predefined list.

— Delete incorrect detections (false positives).

3. Facilitate Secure Data Transmission and Model Refinement:
Implement a secure and efficient mechanism for transmitting user-corrected
data and operational feedback (including application logs and poten-
tially user-annotated images) from the application to a central server.
This data will be used for ongoing analysis, model retraining, and sys-

tem improvement.

6.3. The Subject and Primary Hypotheses During the

Application Development

The subject of this part of research is an information system designed to
identify explosive objects in images, specifically focusing on anti-personnel land-
mines, anti-tank landmines, and shells. This system is manifested as a cross-
platform application, with a particular emphasis on its mobile deployment, to
facilitate near-the-ground, real-time detection.

The primary hypotheses guiding developement of mobile application are:

Hypothesis 6.1. A cross-platform application, utilizing a deep learning model,
can accurately identify the presence of explosive devices in images captured by
user devices.

Hypothesis 6.2. Errors committed by the model, such as misidentifications
or missed detections, can be utilized for the continuous refinement of the model.

These errors are then transmitted from the application to a server for further
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training.

This research is predicated on the following assumptions:

For
study:

Images captured by users for application verification will generally be
of sufficient quality to facilitate accurate recognition by the model.
Users will be motivated to obtain accurate recognition results and will
therefore strive to capture photographs of suitable quality and from
appropriate perspectives.

During the testing phase, the model will be evaluated using images
specifically chosen to assess its robustness against a range of environ-
mental conditions, object orientations, and potential false alarm trig-
gers.

clarity, the following simplifications have been made at this stage of the

The model may not be capable of recognizing explosive objects that
were not included in the training dataset. In such cases, the application
provides a mechanism for transmitting these unidentified object images
and user feedback to the server for future model updates and expansion
of the recognized object types.

Recognition accuracy may be reduced for images of low clarity (e.g.,
blurry, poorly lit, or obstructed images) or those captured from uncon-
ventional angles not well-represented in the training dataset.

[t is hypothesized that a relatively small number of images (approxi-
mately 50 — 100) of a new object type, when properly annotated, is
sufficient for incorporating that object category into the model’s recog-
nition capabilities. After that, the semi-automatic annotation process
(described in Section 6.7.1) will be applied iteratively to further improve
the model’s ability to detect the object.
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6.4. Technical Specifications: Hardware and Software

Environment

This section details the hardware and software specifications used in the

development and testing of the cross-platform EO detection application.

6.4.1. Hardware.

6.4.1.1. Mobile Devices. To ensure the application’s broad compatibil-
ity and assess its performance across a range of hardware configurations, the
study employed a variety of Android devices, spanning Android versions 6 to
14. The primary test models were the Samsung Galaxy Ab3, powered by an
octa-core processor (two Cortex-A78 cores at 2.4 GHz and six Cortex-Ab5 cores
at 2.0 GHz), with 128 GB of storage, 6 GB of RAM, and a 64-megapixel camera;,
and the Realme 6, featuring an octa-core processor (2x2.05 GHz Cortex-A76 &
6x2.0 GHz Cortex-A55), 128 GB of storage, 8 GB of RAM, and a 64-megapixel
camera. These models were chosen as representative examples of mid-range
Android devices.

Furthermore, supplementary testing was performed on a diverse set of de-
vices, including:

— Redmi Note 9 Pro

— Redmi Note 11 Pro

— Redmi Note 13 Pro

— Google Pixel 4a 5G

— Samsung Galaxy A23

— Samsung Galaxy Tab S7 FE

— Samsung Galaxy M11

— Xiaomi Mi Play

— Xiaomi 11 Pro

— Xiaomi 12 Pro
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— Motorola One Zoom

— IIIF'150 B2

6.4.1.2. Cloud Platform. Google Cloud Functions were utilized to han-
dle requests to GCP. The Cloud Functions were configured with a range of
RAM capacities, from 128 megabytes (MB) to 256 MB, and the CPU allocation
ranged from 1/6 of a virtual processor to 4 virtual processors. The execution
timeout was set to 60 seconds. GCP offers horizontal scalability, enabling the
automatic allocation of supplementary resources to address surges in request
volumes, thereby ensuring responsiveness even under substantial loads. The

instance types used were of the 1st generation.

6.4.2. Software Architecture and Technologies.

6.4.2.1. Development Environment. The cross-platform application
was developed using the Qt framework (version 6.7.2) [130] within the Qt Cre-
ator 13.0.2 IDE (Figure 6.1). The Qt framework was selected for its robust
cross-platform capabilities, enabling deployment on various operating systems
(including Android, i0OS, Windows, macOS, and Linux) from a single code-
base. Its comprehensive set of libraries and modules, including Qt Core, Qt
Quick, QML, Qt Network, and Qt SQL, along with its efficient performance
and support for C-++, made it well-suited for this project. Qt Creator 13.0.2
provided an integrated and user-friendly environment for developing, debug-
ging, and deploying the application. Its built-in tools for GUI design (using
QML), code editing (Qt Creator), version control (Git), and project manage-
ment streamlined the development workflow. The application was compiled for
Android using the Qt 6.7.2 Clang compilers for arm64-v8a and armeabi-v7a ar-
chitectures, ensuring compatibility with a wide range of Android devices (with

Android versions 6 through 14).
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Figure 6.1: Screenshot of the Qt Creator 13.0.2 IDE, showing the mineeye
project open, with the editor displaying the code for QML and the left panel

showing the project structure

6.4.2.2. Cross-Platform Framework and Implementation Details.
The application leverages the Qt framework’s support for cross-platform devel-
opment. The user interface was implemented using QML, a declarative lan-
guage that allows for the creation of dynamic, visually rich, and fluid user
interfaces. QML’s JavaScript integration facilitated the implementation of Ul
logic and event handling. Its ability to create resolution-independent Uls was
particularly beneficial for ensuring a consistent user experience across different
screen sizes and device types.

The application’s core logic, including image processing, communication
with the cloud backend, and on-device model invocation, is implemented in
C-++, leveraging its performance and object-oriented features. This C+-+ back-
end seamlessly integrates with the QML-based user interface through the Qt
framework’s signal and slot mechanism, enabling efficient communication and

data exchange between the Ul and the underlying logic.
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The following code snippets illustrate how signals and slots are used to

connect QML elements to C++ functions:

Listing 6.1: Connecting QML signals to C++ slots

1 // Connecting a signal emitted after fetching settings to a slot that
sets them
> Q0bject::connect (&dataController , &DataController::settingsFetched,
3 &settingsManager , [&] (const QJsonObject&
newSettingsJson, bool overrideAll) {
settingsManager.setSettingsFromJson(newSettingsJson

, overrideAll);

s

7 // Connecting a signal from a QML item to a C++ controller slot

s QO0bject::connect (item, SIGNAL (gqmlSendAllImagesMenultemSignal (bool)),

9 &controller , SLOT(sendUpdatedFullImagesDeferWrapper (
bool)));

In the first example, the ‘settingsFetched® signal from the ‘DataController
object is connected to a lambda function that calls the ‘setSettingsFromJson
method of the ‘SettingsManager® object. This allows the application to update
its settings when new data is fetched from the server. The second example
demonstrates connecting a signal (‘qmlSendAlllmagesMenultemSignal‘) emit-
ted by a QML item (e.g., a button) to a slot (‘sendUpdatedFulllmagesDefer-
Wrapper) in a C++ controller object. This enables user interactions in the
QML UI to trigger actions in the C+-+ backend.

The Qt Concurrent module was employed to manage multithreading, en-
abling computationally intensive tasks, such as image processing and model
inference, to be performed in the background without blocking the user inter-

face, ensuring a smooth and responsive user experience.

6.4.2.3. Cloud Functions. The backend processing, which encompasses
user registration, referral link generation, and online EO detection, is managed

by GCP, which are written in Python and deployed using the Google Cloud



186

Functions framework [122]. These functions are triggered via HTTP requests
from the application, and they perform tasks such as image validation, pre-
processing, and communication with the GCP API for object detection. The
results, which include bounding boxes and class labels, are subsequently for-
matted and returned to the user. For a more detailed description of the Cloud
Functions’ implementation, refer to Section 5.5.2.

One of the primary Cloud Functions handles user registration and referral
link generation. This function, illustrated in Listing 6.2, is responsible for

creating new user accounts and generating unique referral links for each user.

Listing 6.2: GCP cloud function code snippet for user handling

1 def check_gcs_file_exists(bucket_name, file_path):

2 """Check if a file exists in Google Cloud Storage."""
3 storage_client = storage.Client ()

1 bucket = storage_client.get_bucket (bucket_name)

5 blob = bucket.blob(file_path)

6 return blob.exists ()

s def generate_referral_link():

9 """Generate a unique referral link hash."""
10 try:

11 # Generate a unique identifier

12 unique_id = str(uuid.uuid4 ())

14 # Hash the unique identifier

15 referral_hash = hashlib.sha256(unique_id.encode()) .hexdigest ()

17 return referral_hash
18 except Exception as e:
19 logging.error (f"Error generating referral link: {el}")

20 return None

Listing 6.2 provides a simplified example of a Cloud Function that handles
user registration and generates a unique referral link. It also includes a utility
function "check gcs file exists" to verify the existence of a file in Google

Cloud Storage.
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GCP provides a user-friendly interface for deploying, monitoring, and scal-
ing Cloud Functions, also known as Cloud Run functions (Figure 6.2), sim-
plifying the management of the backend infrastructure. The use of serverless
functions allows the system to automatically scale based on demand, ensuring

efficient resource utilization.

= GoogleCloud | 2 mine | Search (/)
)) Cloud Run & Service details /" EDIT & DEPLOY NEW REVISION {#1 SET UP CONTINUOUS DEPLOYMENT Q TEST
9 runroboflow Region: west URL: https://west3-mine.cloudfunctions.net/runRoboflow 5] (0]
METRICS sLoSs LOGS REVISIONS SOURCE TRIGGERS NETWORKING SECURITY YAML
Source LAY Base image: Python 3.12 (Ubuntu 22 Full)  Function entry point: object_ EDIT SOURCE
) 48
E IAILRY 49 @Functions_framework.http
5@ def object_(request):
B requirements txt 51 e
52 HTTP Cloud Function to run object detection on an image in GCS using Roboflow.
53
54 Args:
55 request (flask.Request): The regquest object.
56
57 Returns:
58 The name of the prediction file and the predictions in JS0N format.
5g o
&8
61 # Print the incoming request details
62 print(f"Received request: {request}")
63 print (f"Reguest arguments: {reguest.args}")
64
B85 # Get the filename from the guery parameters
6& filename = request.args.get('filename')

Figure 6.2: Interface of the Google Cloud Run function

6.4.2.4. Object Detection Model. The application utilizes the YOLO
object detection model [73], trained on a dataset of 3D-printed EO replicas
(Chapter 4) augmented with the two-stage strategy (Chapter 3). For online
detection, the application communicates with the GCP API, via the Cloud
Functions described in Sections 5.5.2 and 6.4.2.3.

For offline detection, the trained YOLOv8 model was converted to the
ONNX format [131] and is deployed directly on the mobile device. The ONNX
format was chosen for its efficient inference and compatibility with mobile hard-

ware. The conversion process is illustrated in Listing 6.3.
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Listing 6.3: Converting the trained YOLOv8 model to ONNX format for on-
device deployment

1 from ultralytics import YOLO

3 # Load the trained YOLOv8 model
1+ model = YOLO('/path/to/trained_model/best.pt')

¢ # Export the model to ONNX format
7 # 'dynamic=True' allows for dynamic input shapes during inference

s model.export (format="'onnx', dynamic=True)

The ‘dynamic=True’ argument during export enables dynamic input shapes,
allowing the model to handle images of varying resolutions without retraining.
The resulting ONNX model is bundled with the application during the build
process. The ONNX Runtime library is used to load and execute the model for

on-device inference.

6.5. System Design and Architecture

This section details the design and architecture of the cross-platform ap-
plication, a core component of the unified algorithmic environment for EO
detection. The application is designed to function independently, interfacing
directly with the GCP for online processing and employing an on-device model
for offline operation.

The system uses a client-server architecture and is developed to be compat-
ible with various operating systems, including Windows, Linux, macOS, iOS,
and Android (Figure 6.3). While designed for cross-platform deployment, this
study focuses on the Android implementation, which is estimated to be used
by 72% of the world’s smartphone users by March 2025 [132].

The primary framework used for development is Qt, version 6.7.2 [130].
This framework facilitates the development of software for multiple operating

systems within a single project. While Qt simplifies cross-platform develop-
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ment, the inherent differences between operating systems necessitate thorough
testing and platform-specific code adjustments to ensure seamless functionality
across all target platforms. Nevertheless, supporting a single codebase with Qt
requires significantly fewer resources than creating and maintaining separate
codebases for each operating system.

The user interface is developed using QML, a declarative language designed
for creating dynamic and visually appealing user interfaces. QML’s design, in-
fluenced by JavaScript, allows for the seamless integration of JavaScript code to
handle scripting and application logic within the Qt framework. QML simplifies
the development of OS-native user interfaces, enhancing user engagement and
accelerating the development process. This is achieved because QML allows
developers to focus on the aesthetics and layout of Ul components rather than
building them from the ground up. Additionally, the QML component of the
system facilitates the selection of objects within an image by enabling users to
draw a bounding rectangle or trace an outline. The resulting coordinates are
then passed to the C++ backend of the application, where the core business

logic resides. This logic includes image preprocessing, user input validation,
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communication with server-side modules, and management of user data.

The user interface interacts with the C++ component through clearly de-
fined interfaces. The application leverages C++- features such as object-oriented
programming, inheritance, encapsulation, and support for multithreading. Long-
running processes are executed in separate threads to prevent interface freezes
and maintain responsiveness. The Qt Concurrent module facilitates high-
level multithreading, automatically determining the optimal number of threads
based on the number of processor cores and eliminating the need for manual
management of low-level synchronization primitives.

An SQLite database is used to maintain the application’s state, storing
information about open files, modification history, user annotations, and other
relevant data. SQLite’s lightweight nature and support for SQL queries enable
efficient data management with minimal resource consumption.

For online operation, the application is designed to transmit images of sus-
pected EO to a server for further study and model training. This functionality

is implemented via a module hosted on the GCP [122] (Figure 6.4). Images are

Pl T

g Cloud Storage )) Cloud Run f\: Firestore

Orchestrates the Cloud
Stores the images operations: Stores the information
and settings - Setlings about images
- EQ recognition
- Diata fransmission

Figure 6.4: Main components of the GCP architecture in the system

stored in Google Cloud Storage, and requests are processed through Google
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Cloud Functions, as detailed in Section 5.5.2. A Google Firestore NoSQL
database manages system access, storing information about users, files, an-
notations, and settings. General application settings, EO lists, and other non-
sensitive data are stored in Google Cloud Storage. Cloud Functions are also
used to download updated EQO lists and general settings, as well as to transmit
logs and database data for analysis. These functions are written in Python.

For offline object detection, the application incorporates an on-device ver-
sion of the YOLO model. The model is deployed using the ONNX Run-
time module [131], a high-performance inference engine for ONNX models.
ONNX (Open Neural Network Exchange) is an open standard for represent-
ing ML models, supported by various companies, including Microsoft, IBM,
Intel, AMD, and Facebook. The Android operating system, through its Java
components, interacts with the ONNX Runtime to perform object recognition
directly on the device. The Qt JNI (Java Native Interface) module facilitates
communication between the C++ application logic and the Java-based ONNX
Runtime. While online mode, using the Roboflow API described in the pre-
vious chapter offers advantages in terms of access to the latest model updates
and potentially higher processing power, the offline mode ensures functionality
in areas with limited or no internet connectivity.

The application supports multiple languages, with English and Ukrainian
localizations currently available. Adding new languages is streamlined through
the use of the Qt Linguist module, which simplifies the translation of Qt appli-
cation interfaces.

In summary, the system architecture comprises different modules and layers,
promoting modularity and adaptability. This allows for modifications to indi-
vidual components without affecting the rest of the system. The C+- backend,
encompassing the core application logic, could be separated into a distinct ser-
vice/application. Similarly, the functions executed on GCP could be migrated

to other cloud platforms, such as Azure or Amazon Web Services. This modu-
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lar design ensures the system’s flexibility and alignment with modern software

development best practices.

6.6. Explosive Objects Detection Model: YOLOvVS

Implementation and Training

The core of the EO detection application lies in the YOLOvVS deep learning
model [73], which is responsible for identifying explosive objects within images.
This section details the model’s training process, the dataset used, and the
rationale behind key implementation choices.

The model was trained on a dataset comprising 1,438 photographs of 3D-
printed landmine replicas, as detailed in Chapter 4. This dataset was subse-
quently expanded to 3,452 images through the application of data augmentation
techniques, including rotation, scaling, noise addition, and grayscale conver-
sion (see Section 4.10 and Table 4.3). The augmented dataset was divided into
three subsets: training (3,021 images, 87.5%), validation (287 images, 8.3%),
and testing (144 images, 4.2%). The images were resized to 640x640 pixels to
optimize the balance between processing speed and detection accuracy, as this
resolution is commonly used in YOLO training.

Table 7.2 presents the key hyperparameters used during the model training

process.
Table 6.1
Hyperparameters used for training YOLOvVS
Hyperparameter Value
Batch Size 32
Initial Learning Rate 0.01
Number of Epochs 300
Optimizer Adam
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The initial learning rate was set to 0.01, and the algorithm autonomously
adjusted it during training within the range of 0.0001 to 0.001. The model was
trained for 300 epochs, with early stopping employed if no significant improve-

ment in validation performance was observed.

6.7. Operational Algorithm of the Cross-Platform Application

This section outlines the operational algorithm of the cross-platform EO
detection application, detailing the steps involved in processing user input,

performing object detection, and handling optional user feedback and data

User acquired an
image

transmission (Figure 6.5).

offine J Use on-device
'L maodel
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edits results
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Figure 6.5: Operational algorithm for image processing
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The application’s workflow can be summarized as follows:

1. Mode Selection and Image Acquisition: Upon launching the ap-
plication, the user is prompted to select an operating mode:

— Online Mode: In this mode, the application leverages real-time
processing on a remote server via the GCP API.

— Offline Mode: This mode enables EO detection directly on the
user’s device without requiring an internet connection. It utilizes a
streamlined, on-device version of the YOLO model, optimized for
mobile processing.

— Data Collection Mode (No Detection): This mode allows users
to capture and store images without performing real-time object
detection. It is primarily intended for collecting and annotating
data that can be used for future model refinement.

Subsequently, they can either open an existing image from the device’s

storage or capture a new image using the device’s camera.

2. EO Detection:

— Online Mode: The application transmits the image to the GCP via
API, where it is analyzed using the cloud-hosted model (as described
in 5.5.3 and 6.4.2.3). The analysis results, including object bound-
aries (bounding boxes) and detected EO types, are then transmitted
back to the user’s device.

— Offline Mode: The application performs the detection process di-
rectly on the device using a localized version of the YOLO model in
ONNX format (see 6.4.2.4).

3. User Refinement of Results (Optional): The application presents
the detection results to the user, highlighting any detected EO with
bounding boxes and class labels. Users can then manually adjust the
bounding boxes, add or remove detections, or correct the predicted EO

type. These refinements are stored locally in the SQLite database.
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4. Data Transmission for Model Improvement (Optional): If de-
sired, the user can choose to transmit data to the server for analysis
and model refinement. This data may include:

— The application’s operational logs.

— The application’s local SQLite database containing user annotations
and corrections.

— Photographs of EO, available in either a reduced (default size 640x640
pixels) or original format.

User privacy is protected by anonymizing the data before transmission.

5. Server-Side Data Processing:

— Google Cloud Functions handle requests from the application.

— Images are stored in Google Cloud Storage.

— The Google Firestore database maintains data about users, files,
annotations, and settings.

— The collected data, including user-corrected annotations, is analyzed
to identify patterns in misclassifications, assess the model’s perfor-
mance on different EO types, and evaluate the effectiveness of the
user feedback mechanism. This analyzed data is then incorporated
into the training dataset to retrain and refine the YOLO model,

improving its accuracy and robustness over time.

6.7.1. Semi-Automatic Annotation Functionality. A key feature of
the cross-platform application is its integrated semi-automatic annotation ca-
pability. This functionality is designed to address the ongoing challenge of data
scarcity in the field of EO detection and to leverage the expertise of users in
the field. The process works as follows (Figure 6.6):

1. Initial Detection: When a user submits an image (either captured
directly with the device’s camera or loaded from the device’s storage),

the application performs an initial object detection using either the on-
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device model (in offline mode) or the cloud-based API (in online mode).
2. Result Visualization: The detection results, including bounding boxes

and predicted class labels, are displayed to the user on the image.
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Figure 6.6: Data flow diagram of the semi-automatic annotation process

3. User Correction and Refinement: The user is then presented with
tools to interact with and modify these initial detections (6.9.3):
— Add Bounding Boxes: Users can manually draw bounding boxes
around EO that were missed by the model.

— Delete Bounding Boxes: Users can remove incorrect detections.
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— Modify Bounding Boxes: Users can adjust the size and position
of existing bounding boxes to improve their accuracy.

— Change Class Labels: Users can correct the predicted class label
if the model misclassified the EO type.

4. Data Submission: After making any necessary corrections, the user
can choose to submit the annotated image, along with the application’s
operational logs and (optionally) a copy of the local database, to a
central server. This data is then used for further analysis and model
retraining.

5. Anonymization and Security: All user-submitted data is anonymized
to protect user privacy, and secure transmission protocols are employed
to ensure data confidentiality.

This semi-automatic annotation process transforms the application from
a passive detection tool into an active data collection and model improvement
system. It leverages the "human-in-the-loop" approach to continuously enhance

the accuracy and robustness of the EO detection models.

6.8. The Cross-Platform Application: Design, Functionalities,

and Security

This section details the design and implementation of the cross-platform
application, a key component of the unified algorithmic environment for EO
detection. The application is designed to function independently, interfacing
directly with the GCP for online processing and utilizing an on-device model
for offline operation. While designed for cross-platform deployment, initial

development and testing focused on the Android operating system.

6.8.1. User Interface and Interaction.
Upon launching the application, new users are required to enter a referral

link (Figure 6.7). This link is used for tracking the application’s distribution
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and usage, particularly within specific organizations or projects, and serves as
a security measure to prevent unauthorized access. After initial setup, which
also involves setting user preferences, the application can operate independently
(offline). Online connectivity is only required for synchronizing the list of recog-
nized EO types with the server and for transmitting data for model refinement.
Users can select the application’s operating mode through the Settings menu
(Figure 6.8):

— Online Mode: In this mode, the application leverages real-time pro-
cessing on GCP, utilizing the same infrastructure as the messenger bot
described in Chapter 5.

— OfHine Mode: This mode enables EO detection directly on the user’s
device without requiring an internet connection, using a streamlined
version of the model optimized for mobile processing.

— Data Collection Mode (No Detection): Allows to capture and
store images without performing real-time object detection, primarily

for collecting and annotating data for future model refinement.
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Figure 6.8: Settings menu, allowing users to select the operating mode

After selecting a mode, users can either open an existing image from the
device’s storage (Figure 6.9a) or capture a new image using the device’s camera
(Figure 6.9b). Following the image acquiring or selection, the user proceeds to
the detection phase. After detection (in online or offline mode) or image selec-
tion (in data collection mode), users can annotate the image. The application
allows for the simultaneous processing of multiple images (Figure 6.9¢). To
improve efficiency and reduce processing time, the application stores detection
results in a local database. When an image is reopened, the corresponding data

is retrieved from the database instead of re-performing the detection process.

6.8.2. Data Security and Privacy. Data transmission between the
client application and the server is secured using the OpenSSL library [133].
This ensures the confidentiality and integrity of the data during transit. Fur-
thermore, launching Cloud Functions on the server requires prior authorization,

adding another layer of security.

6.8.3. Technical Specifications. The application is compatible with
Android devices running Android 6 (Marshmallow) and higher. The applica-
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dialog; b — image capture mode, flash enabled; ¢ — editing mode, multiple files

open

tion’s performance in offline mode may vary depending on the specific device’s
hardware capabilities. While cloud functions offer horizontal scalability and
can handle varying loads, irrespective of the number of clients, it is essential to

consider potential bottlenecks in the system.

6.9. Performance Evaluation of the Mobile Application

This section presents the results of evaluating the cross-platform mobile
application’s ability to detect EO in images, with a focus on the performance

of the on-device detection module.
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6.9.1. Evaluation Methodology. To assess the effectiveness of the ap-
plication, it was tested on a dataset of 125 images of five different types of actual
landmines: MON-50, PMN, PMN-2, OZM-72, and PFM-1. These images were
provided by professional demining experts and used with their permission. The
application was evaluated in offline mode, relying on the on-device model for
object detection. The primary evaluation metric was recall, as defined in Sec-
tion 2.9 (Formula 2.6), due to its critical importance in the context of EO
detection where failing to identify an EO (a false negative) has far more severe
consequences than misclassifying a non-threatening object as an EO (a false

positive). The average processing time per image was also recorded.

6.9.2. Results of Recognition. Table 6.2 presents the results of the
on-device EO detection for each object type.

Table 6.2
Performance of the On-Device EO Detection Model
Type Qty | Avg. Time! (s) Recognized Recall (%)
Correct Incorrect? Missed?
MON-50 25 2.2 23 1 (TM—GZM) 1 92
PMN 25 2.0 23 - 2 92
PMN-2 25 2.1 23 | 1 (MON-50) 1 92
OZM-72 25 2.2 20 — 5 80
PFM-1 25 2.0 22 | 3 (MON-50) 0 88

I Average time to process an image in seconds (including image loading and recognition).
2 Incorrect Class: The EO was detected but misclassified.

3 False Negatives: EO present in the image but not detected by the model.

The on-device model achieved an overall recall rate of 88%, indicating that
the application can serve as an effective tool for EO detection in scenarios where
internet connectivity is unavailable. However, the recall rate varied significantly
across different landmine types, ranging from 80% for the OZM-72 to 92% for
the MON-50, PMN, and PMN-2. This variability suggests that the training
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dataset may need to be expanded to include more images of OZM-72, captured
under a wider range of conditions. The average processing time for a single
image was 2.1 seconds, demonstrating the feasibility of near real-time on-device
detection.

Figure 6.10 illustrates a specific case where the model struggled to detect

an OZM-72 landmine in two nearly identical frames from a video.
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Figure 6.10: Two nearly identical frames from a video depicting the detection
of an OZM-72 landmine. The landmine on the left was not detected by the
on-device model, highlighting the need for further model refinement. Source:

Telegram channel of a military officer with the call sign Forester

This highlights the need for further model refinement and training data di-
versification. A set of images was intentionally selected to include challenging
scenarios with varying image quality, lighting conditions, and object orienta-
tions to assess the model’s robustness. For the mobile application to work as
intended, users must take pictures to reduce the likelihood of recognition errors.
Although this assumption is not mandatory, users who wish to accurately iden-

tify the type of EO are likely to acquire high quality images. However, this does
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not mean that the model is incapable of detecting EO in low resolution images.
On the contrary, the use of the application will promote the improvement of

the model, mainly by collecting data on its inaccuracies.

6.9.3. User Refinement of Detection Results: The Edit Mode.
The application provides an edit mode that allows users to refine the detection
results, correcting errors made by the model and contributing to the ongoing
improvement of its accuracy. In edit mode, users can modify the detection
results if the model fails to detect an EO or misclassifies it as the wrong type.

The following actions are available in edit mode:

— Image Navigation: Users can zoom in and out using pinch gestures
and pan across the image by dragging a finger, allowing for close in-
spection of potential EO (Figure 6.11a).

— Object Selection: Users can select an area containing an EO by trac-
ing its outline with a finger gesture (Figure 6.11b). Once the outline is
complete, it is automatically converted into a bounding box.

— Removing selection: Users can remove selection by tapping outside
the bounding box.

— EO Type Assignment: Users can assign or modify the EO type
associated with a selected area by choosing from a dropdown list of
available EO types (Figure 6.11c).

For example, if the model fails to detect an EO in an image, the user can use
the edit mode to highlight the object by tracing its outline and then specify its
correct EO type from the provided list. All user-provided corrections are stored
in the local SQLite database, ensuring that the modified results are retained
when the image is reopened or the data is transmitted to the server for model

retraining, as described in Section 6.9.4.
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Figure 6.11: Screenshots of the application’s edit mode: @ — navigating the
image using zoom and pan gestures; b — selecting an EO by tracing its outline;

¢ — choosing the correct EO type from a dropdown menu

6.9.4. Data Transmission for Model Refinement. To continuously
improve the accuracy and expand the capabilities of the EO detection model,
the application enables users to contribute data to a central server. This data
includes user-corrected annotations made in the edit mode (Section 6.9.3), pro-
viding valuable feedback for model refinement.

The user can choose to transmit data manually or to set up automatic
transmission. For manual data transmission, the user must access the settings
menu and select either the "Sync with server" option or the "Send images"
option (Figure 6.12).

The user can transmit the following data:
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Send backup
Sync Data
Clear current annotations Sync Settings
Send Log
Service »
Sync with server »
Send images »
{0} Settings Send resized images

Send full images

Send ALL full images

Figure 6.12: Screenshot of the data transfer menu: On the left is the main

settings menu; on the right is the submenu for sending and receiving data

— Application operation logs for error analysis and troubleshooting.

— A duplicate of the application database for analysis and troubleshoot-
ing.

— Resized images (default size 640x640 pixels) that were active in the
application at the time of transfer. Resized images are provided as a
bandwidth-saving option for faster uploads.

— Original images that were active in the application at the time of trans-
fer. Original images offer higher fidelity for detailed analysis.

— Any images that have been modified since the last data transfer, includ-
ing user annotations and corrections. The application uses timestamps

and a local database flag to track modified images.
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User privacy is protected by anonymizing the data before transmission. All
data transfer between the application and the server is encrypted using the
OpenSSL library [133], as mentioned in Section 6.8.

Upon submission, the data is securely transmitted to Google Cloud Storage,
where it undergoes a validation process to ensure data integrity and consistency.
This includes checks for image format, annotation completeness, and data con-
sistency. After validation, the data is incorporated into the training dataset for
retraining and refining the model.

The application also includes a synchronization feature that allows the client
to synchronize their settings and EO lists with the server using the "Sync with
Server" menu option. This unidirectional synchronization allows the client to
receive new data and update its settings. For instance, when a new setting or
EO type is added on the server, the client can retrieve its value independently

of other configurations.

6.10. Discussion

This chapter presented the development and evaluation of a cross-platform
mobile application for real-time EO detection, a key component of the unified
algorithmic environment introduced in this thesis. The application, leverag-
ing the YOLO model and designed for both online and offline operation, was
tested on a dataset of real EO images to assess its performance and gener-
alization capabilities. While the initial development and testing focused on
the Android operating system, the integration of the Qt framework with cloud

services enables future deployment on alternative operating systems, including

i0S, Windows, Linux, and macOS.

6.10.1. Summary of Findings. The application was evaluated on a
dataset of real EO images, achieving an overall recall of 88% in offline mode

(Table 6.2). This demonstrates the application’s potential as an effective tool
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for EO detection, particularly in areas with limited internet connectivity. The
average processing time of 2.1 seconds per image in offline mode further high-
lights the feasibility of near real-time on-device detection. However, the analy-
sis also revealed variations in performance across different EO types. Notably,
the recall for the OZM-72 landmine was lower (80%) compared to other types
(92% for MON-50, PMN, and PMN-2). This discrepancy underscores the need
for further model refinement and a more comprehensive training dataset that

includes a wider variety of OZM-72 images captured under diverse conditions.

6.10.2. Application’s Main Features. The developed cross-platform
application offers a user-friendly interface for EO detection. Users can load an
image from their device’s gallery (Figure 6.9a) or capture a new image using
the camera (Figure 6.9b). The user can modify the results if the application
fails to identify an EQ, its class, or its bounding box. This option is available in
non-detection mode (data collection mode), although it is not mandatory. All
images accessed from within the application are assigned for transmission to
the server for possible incorporation into the model. The application does not
collect any personal data or geolocation information and uses modern encryp-
tion technologies, specifically the OpenSSL library [133], to protect the data
during transmission. The transmission of data is entirely at the discretion of

the user.

6.10.3. Comparison with Existing Solutions. The results of this
part of the study confirm the effectiveness of using mobile applications for EO
detection. This work describes the practical implementation and test results of
a mobile application, in contrast to the study by Dorn et al. [49], which focused
primarily on theoretical possibilities. This research illustrates the practical ap-
plications of a mobile application, although the study of [96] recognizes the

usual limitations related to funding for innovative projects. Unlike the mobile
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applications mentioned in the UNMAS 2013 report [50], which are seemingly
no longer supported, the application created in this study is compatible with
most modern Android smartphones. This work has created an application ca-
pable of functioning in both online and offline modes, although authors of [51]
identified obstacles related to the implementation of the offline mode in mobile
applications. Unlike the methodology used in [52|, which limits the capabilities
of a mobile application to the proximity of a desktop computer, the application
created in this study is unencumbered by such limitations. Also, unlike the
methodology used in [53|, which relied on an external virtual reality engine and
lacked its own dataset, this study implements a robust deep learning model
that is capable of detecting EO under various conditions. Furthermore, unlike
the possibilities of specialized internet resources [54] and [55], the created pro-
gram has an offline mode and is capable of operating in areas with limited or
no internet connectivity.

The developed application effectively performs mobile EO detection. It
is suitable for use in practical environments due to its high accuracy, offline
functionality, and provision for result verification and feedback. Online testing
of the application depends on internet speed, which is often insufficient or

unavailable in mined regions.

6.10.4. Limitations of the Current System. Despite the promising
results, the current system has several limitations. The online mode is de-
pendent on internet connectivity, which may be unreliable or unavailable in
many explosives-affected regions. While the offline mode addresses this is-
sue, the on-device model’s performance may be constrained by the processing
power and memory limitations of some mobile devices. The current testing has
been performed on the Android operating system. Expanding the testing to
include i0S devices would enable a comprehensive evaluation of the system’s

cross-platform compatibility and performance across different mobile ecosys-
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tems. Furthermore, it is important to note that recognition accuracy may be
affected by factors such as image quality, lighting conditions, and the pres-
ence of occlusions. While the application has shown good performance on the
test dataset, further evaluation on a more diverse and challenging dataset of

real-world images is necessary to fully assess its generalizability.

6.11. Conclusions to Chapter 6

The cross-platform mobile application presented in this chapter offers a
promising tool for real-time EO detection. The application’s ability to oper-
ate in both online and offline modes, coupled with its user-friendly interface
and integration with cloud services, makes it a valuable asset for demining
teams, humanitarian organizations, and civilians in explosive-affected areas. In
both online and offline modes, deep learning models using 3D-printed landmine
replicas are used. The program was evaluated offline on the Android operating
system, but is deployable on alternative systems. Throughout its development,
the application was designed for offline use and optimized for usability. The
application of deep learning models allows the system to effectively identify
explosive objects with a recall of 89% and an average processing time of 2.1
seconds.

The ability to modify recognition results is also an important function of
the app. This is done by selecting an area in the image with a finger or a
rectangular selection, and choosing the correct type of the EO afterwards. It
enables the integration of user feedback, which can correct model inaccuracies
and provide more training data. This feature allows the model to receive ad-
ditional information about the location and type of EO, allowing it to adapt
more effectively to real-world situations and improve recognition accuracy.

The ability to transmit detection results makes the application a signifi-

cant source of data, especially given the scarcity of information on the subject.
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The proposed method allows for a systematic organization of data collection
and analysis, thus promoting model improvement. The implementation of this
approach represents an important step in the creation of an effective mobile
application for EO detection. The ability to transmit various data has been in-
tegrated, including application logs, a database copy, low-quality images, orig-
inal images, and images modified since the last transmission. The lack of a
unified data collection system for explosive devices poses a significant challenge
to their detection and neutralization. The proposed application can stream-
line the gathering and examination of data from various contributors within
the demining sector. In an area where information access is constrained, this
could be invaluable to improving detection models and consequently accelerat-
ing demining initiatives in Ukraine.

Future development initiatives include the introduction of new EO variants,
improvements to the existing model, and the incorporation of user comments
and recommendations. One development focus is the creation of a training mod-
ule in which users will be asked to identify objects. In addition, functionalities
for notification and presentation of further information on identified objects will
be incorporated. The ongoing development and refinement of this application,
guided by user feedback and advancements in deep learning research, have the
potential to significantly contribute to global demining efforts and enhance the

safety of communities impacted by the persistent threat of EO.
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CHAPTER 7
ADDING NEW TYPES OF EXPLOSIVE OBJECTS

This chapter outlines the procedure for integrating new EO types into the
current detecting system. It employs a real case study methodology, illustrating
the process from receiving of a user request to the deployment of updated
models on both the cloud-based service (accessible through the messaging bot)

and the cross-platform application (for offline detection).

7.1. User Request and Requirements Gathering

The procedure begins with a user request to enhance the system’s recogni-
tion skills for a new type of EO. This case study will focus on the introduction
of two new landmine variants: M56 and 9H24. The beginning of this procedure
is frequently prompted by a request from the Landmine Bot (Figure 7.1) made
by demining experts, humanitarian groups, or other users who have observed

EO types not currently accommodated by the system.

Whatsmine: add a landmine inbox =

whatsmine.noreply@gmail.com

fobccime «

Please add the next landmine: M-56. User- R_o

Figure 7.1: Request for a new landmine

At this preliminary phase, users generally supply solely the name of a new
EO type they have encountered. Upon receipt of a request, the subsequent
procedures are undertaken to collect the requisite information:

— Community Inquiries: Inquiries are conducted via pertinent inter-

net networks, encompassing specialist forums and social media groups
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frequented by demining experts and military personnel. These requests
seek images, videos, and other pertinent technical information regarding
the recently identified EO kind.

— Online Investigation: An exhaustive examination of online resources,
encompassing technical databases, military manuals, and open-source
intelligence (OSINT) sources, is performed to collect information re-
garding the EO visual attributes, physical specifications, and deploy-
ment circumstances.

— Expert Consultation: If possible, direct communication is estab-
lished with demining specialists or organizations that may have first-
hand experience of the new EO kind to obtain more information and
verify the gathered data.

The data collected through these procedures often encompasses:

— Visual Attributes: Images or videos of the EO captured from multiple
perspectives and under diverse conditions, if accessible.

— Physical Description: Details regarding the object’s dimensions,
form, hue, inscriptions, and any notable characteristics.

— Contextual Data: Details about the customary sites of EO, including
terrain classifications and flora, alongside their installation techniques,

including surface-laid or subterranean placement.

7.2. Data Acquisition and Preparation

7.2.1. Video Acquisition. This case study primarily utilized video footage
from Forester and other military members of the Ukrainian Armed Forces as
the main data source about new types of EO.

The command-line utility FFmpeg was utilized to extract individual frames

from the videos. The subsequent command was executed:
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Listing 7.1: FFmpeg command for frame extraction

1 ffmpeg -i input_video.mp4 -vf fps=1 frame’%04d. jpg

This command gets frames from the video file at a frequency of one frame per

second and stores them as consecutively numbered JPEG images. An example

of ffmpeg output is depicted in Fig 7.2.

Figure 7.2: Example of ffmpeg output

Not all frames were included in the dataset; many were eliminated due to
excessive repetition or inadequacy for training purposes (insufficient quality,

absence of objects, or just partial representation of objects).

7.2.2. Data Annotation with Roboflow. The retrieved frames 7.2
were subsequently uploaded to the Roboflow platform for annotation. Roboflow’s
annotation capabilities were utilized to delineate bounding boxes around each

instance of the new EO kinds in the images, with corresponding class labels (63

and 64) assigned (Figure 7.3).
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Figure 7.3: Roboflow’s annotation interface. The source of the image: Forester
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7.3. Dataset Development and Augmentation

Subsequent to the annotation process, the images were integrated into the
existing Roboflow dataset. The dataset underwent the two-stage augmenta-
tion technique described in Chapter 3. Experiments were conducted with and
without mosaic at the first stage of augmentation. In the absence of mosaic
augmentation, the precision is 95% and the recall is 92%. Following the incor-
poration of mosaic, the measures rose to 98% for precision and 97% for recall,
respectively. Instances of applied mosaic augmentation are depicted in Figure

7.4, with the corresponding results enumerated in Table 7.1.

(a) Mosaic in color (b) Mosaic in grayscale

Figure 7.4: Samples from the dataset without and with mosaic applied

Table 7.1

Results of training on 200 epochs without and with mosaic

Type mAP50 mAP50-95  Precision  Recall
No Mosaic 0.9587 0.8150 0.9501 0.9236
With Mosaic ~ 0.9854 0.8864 0.9786 0.9693
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All augmentations from 3.5 implemented in the initial phase, albeit with
slightly varied parameters:

— Flip (Horizontal, Vertical).

— 90° Rotate (CW, CCW, Upside down).

— Grayscale: Applied to 25% of the images in the dataset.

— Noise: Added to a maximum of 1.96% of the pixels (Figure 7.5).

— Mosaic: Applied to the whole dataset.

(a) PFM-1 (b) PMN-2

Figure 7.5: Samples from the dataset using 1.96% noise

The second stage entailed the implementation of more sophisticated aug-
mentations, as detailed in Table 4.4. The mosaic was deactivated for the pre-

ceding 50 epochs to stabilize the training process.

7.4. Model Training with YOLOv11

The enhanced dataset was subsequently employed to train a novel YOLOv11
model. The training approach used the hyperparameters enumerated in Table

7.2.
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Table 7.2
Hyperparameters Used for Training YOLOv11

Hyperparameter Value
Batch Size 32
Initial Learning Rate 0.01
Number of Epochs 200
Optimizer SGD
Transfer learning model yolovlls
Close mosaic last 50 epochs

The model was trained for 200 epochs, utilizing a batch size of 32. The
training procedure was evaluated using the metrics specified in Section 2.9,
including precision, recall, mAP50, and mAP50-95 (Figure 7.6). Training was
conducted on the NVIDIA GeForce RTX 4070 Laptop GPU.

1
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Figure 7.6: Metrics for YOLOv11 training

Figure 7.6 illustrates that around at the 100th epoch, the training process
began to settle, accompanied by a consistent increase in mAP50-95. Addition-
ally the Confusion matrix is illustrated on 7.7. From the analysis of Figure 7.7,

it is evident that new landmine kinds have a 97% recognition rate.
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Figure 7.7: Confusion matrix for YOLOv11 algorithm. Class 0 — PFM-1; 14 —
MON-50; 16 — PMN-2; 19 — OZM-72; 2 — PMN; 63 — M56; 64 — 9H24
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7.5. Model Deployment

7.5.1. Deployment to Google Cloud Platform (Messenger Bot).
The YOLOv11 model was deployed to the GCP to facilitate EO detection online
through the messaging bot. The deployment method involved uploading the
model into the Google Cloud Storage bucket and modifying the configuration
files relevant to the model deployment (Figure 7.8).

{

"ROBOFLOW MODEL ID": "recognize mine",

"ROBOFLOW VERSION NUMBER": "7",

"is active": trueT

"Name": "v0.17.0",

"NameUkr": "Yci Miunum, x-mMozmenn",

"Comment": "All previous types of landmines, including new M56 and 9H24",
"model id": "model 7 x"

Figure 7.8: Edit configuration file for access the new model

7.5.2. Deployment to the Cross-Platform Application. The trained
model was translated to ONNX format for offline detection and incorporated
into the cross-platform application (see 6.4.2.4). This enables users to do on-
device EO detection without the necessity of an internet connection. The inte-

gration method entailed incorporating the model into the project and delivering

it through the Android Play Market.

7.6. Assessment and Verification

The revised system, incorporating the newly introduced EO categories, was
assessed utilizing a reserved test set of images, which included images of M56
and 9H24. The assessment was conducted utilizing both the messenger bot
(online mode) and the cross-platform application (offline mode).

Table 7.3 Details the performance of newly incorporated EO and demon-
strates that they have been effectively integrated into the model.

Figure 7.9 depicts instances of newly detected EO variants.
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Table 7.3
Performance of the EO Detection Model

Type | Qty | Avg. Time! (s) | Correct | Incorrect | Recall (%)
Mb56 66 2.1 65 1 98
9H24 38 2.0 37 1 97

1 Average time to process an image in seconds (including image loading and recognition).

7.7. Conclusions to Chapter 7

This chapter has illustrated the integration of novel EO kinds into the cur-
rent detection system. The revised models, implemented on both the GCP
and the cross-platform application, now facilitate the identification of M56 and
9H24 among the previously supported kinds. This case study underscores the
system’s adaptability and extensibility, demonstrating its potential to address
evolving real-world requirements.

The use of the state-of-the-art algorithm YOLOv11 for training in this chap-
ter is crucial, confirming that the transfer learning approaches proposed in this
research are adaptable to new algorithms. Appendix A has the most recent
model featuring over 20 varieties of EO, along with their statistics and sam-
ples. The model has been developed by transfer learning from YOLOv11x, the
largest model, which offers the highest precision, if not the best speed. The
training process for this model lasted approximately 10 days on an NVIDIA
GeForce RTX 4070 Laptop GPU.

Please note that the new kinds of EO have been developed utilizing a video
that depicts actual landmines, representing a limited range of real-world scenar-
ios. Consequently, although the new classes demonstrated strong performance
on the validation dataset, their performance with newly submitted images from
varied real-world environments requires further investigation. In this instance,

it is advantageous to continue acquiring new images from users to enhance the



(e) 9H24

Figure 7.9: Examples of recognized landmines M56 and 9H24. The source of

the images: Forester
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dataset’s diversity. Should the data be inadequate, creating a three-dimensional
replica of these landmines and performing a series of trials with the new models
may yield valuable training data. This step was omitted as this chapter aims to

illustrate the process of incorporating new classes according to user demands.
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CHAPTER 8
CONCLUSIONS AND FUTURE WORK

The present thesis investigated the problem of EO detection using com-
puter vision, with a focus on developing a practical and accessible solution
utilizing 3D-printed replicas, data augmentation, a cross-platform application,
cloud-based API for recognition, and a messenger bot interface. The research
addressed the critical need for improved EO detection methods, particularly in
regions like Ukraine, which are heavily affected by EO contamination.

The primary contributions of this work are:

1. Development of a Novel Dataset: A unique dataset was created
using dimensionally accurate 3D-printed replicas of five prevalent anti-
personnel landmine types found in Ukraine. The dataset comprises
1,438 images captured under diverse environmental conditions, simu-
lating real-world scenarios (Section 4.8). This dataset served as the
foundation for training the YOLO object detection models.

2. Effective Use of Data Augmentation: A comprehensive two-stage
data augmentation strategy, detailed in Chapter 3, was implemented to
enhance the size and diversity of the training dataset. This approach
significantly improved the model’s robustness and ability to generalize,
particularly increasing recall rates. The best-performing augmentation
strategy incorporated techniques such as rotation, scaling, noise addi-
tion, grayscale conversion, and notably, the mosaic augmentation.

3. Successful Application of 3D Printing: This research demon-
strated the effectiveness of using 3D-printed landmine replicas for train-
ing computer vision models. The YOLOv8 model, trained on the syn-

thetic dataset, achieved a precision of 98.0% and a recall of 98.2% on the
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test set of 3D-printed replica images (Section 4.10). This validates the
feasibility of using 3D printing to address data scarcity in EO detection.
. Development of a Messenger Bot Interface: A messenger bot
interface, detailed in Chapter 5, was developed and integrated with the
Google Cloud Platform, providing an alternative and widely accessible
means of interacting with the EO detection service.

. Design and Implementation of a Cross-Platform Application:
A user-friendly, cross-platform application, detailed in Chapter 6, was
developed using the Qt framework, enabling EO detection on various
devices, including Android smartphones. The application is equipped
with the capacity to function in both online and offline modes, thereby
ensuring adaptability to a wide range of operational environments.

. Evaluation on Real Landmine Data: The trained model was eval-
uated on an independent dataset of 254 real landmine images provided
by demining professionals (Section 4.12). While the performance was
lower than on the synthetic dataset (achieving an average precision of
91.0% and a recall of 79.1%), the results demonstrate the potential of
the system to generalize to real-world scenarios. The model exhibited
high precision for PMN (97.2%) and PMN-2 (93.2%), but lower recall
for MON-50 (60.0%), indicating areas for further model refinement.

. Integration with Google Gemini: The system was integrated with
Google Gemini to provide users with supplementary information about
detected EO, enhancing situational awareness and safety (Section 5.6).
. User Feedback Mechanism: The application incorporates a mecha-
nism for users to correct detection errors and submit feedback, creating

a valuable feedback loop for continuous model improvement (Section

6.9).
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8.1. Future Research Directions

Based on the results and limitations identified in this study, several promis-

ing directions for future research are proposed. These directions aim to further

develop, improve, and extend the technologies for detecting EO:

1.

Dataset Expansion and Improvement:

Expand the dataset with more real-world landmine images, particu-
larly for underperforming classes like the MON-50, to improve model
robustness and generalizability:.

Create more realistic 3D-printed replicas, focusing on accurate shape,
texture, and material properties to better simulate real-world EO
appearance.

Collect data under a wider range of environmental conditions (e.g.,
varying lighting, weather, soil types, vegetation) and viewpoints to

enhance the dataset’s diversity.

. Model Refinement:

Investigate more advanced deep learning architectures, such as Effi-
cientDet and Transformer-based models (DETR, Deformable DETR),
to potentially improve detection accuracy.

Enhance the performance of the on-device model on resource-constrained
devices by exploring techniques such as model pruning, quantization,
and knowledge distillation.

Explore techniques for handling occlusions and challenging back-
grounds more effectively, such as investigating attention mechanisms
or incorporating contextual information.

Incorporate user feedback data, including corrections and annota-
tions, into the model retraining process to address specific weak-

nesses and improve overall performance.
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. Cross-Platform Deployment and Optimization:

— Deploy the cross-platform application on other operating systems
(10S, Windows, Linux, macOS) and optimize its performance for
each platform.

— Further optimize the on-device model for faster inference and re-
duced memory footprint, using techniques such as model pruning,
quantization, and knowledge distillation.

. Integration with Other Sensors:

— Explore the integration of data from other sensors, such as magne-
tometers and ground-penetrating radar (GPR), to enhance detection
accuracy, particularly for buried or obscured EO. This could involve
developing sensor fusion algorithms to combine visual data with data
from other sources.

. Real-World Testing and Deployment:

— Conduct extensive field testing of the application in collaboration
with demining professionals in real-world scenarios to evaluate its
performance under realistic conditions and gather user feedback.

— Develop a deployment strategy for integrating the application into
existing demining workflows, considering factors such as user train-
ing, data management, and communication protocols.

. Unified Algorithmic Environment:

— Fully develop and integrate the messenger bot and API components
into a unified algorithmic environment, as described in Chapter 6,
to provide a seamless user experience across different platforms.

— Evaluate the performance and usability of the complete system, in-
cluding the application, messenger bot, and cloud infrastructure, in
real-world settings.

. Training and Education:

— Develop and integrate a training module within the application or
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as a separate tool to educate users, including both demining pro-
fessionals and civilians, on EO identification, safety procedures, and
the use of the detection system.

— Incorporate features for providing users with more detailed informa-
tion about detected EO, potentially drawing upon external resources
through the Google Gemini integration.

8. Personalization:

— Explore the personalization of the model for specific users, such as
deminers, to improve accuracy. This could involve fine-tuning the
model based on user-specific data or allowing users to select different
model variants tailored to specific environments or EO types.

By pursuing these research directions, the developed system can evolve into
a more robust, reliable, and user-friendly tool for EO detection, ultimately
contributing to safer and more efficient humanitarian demining operations and

reducing the devastating impact of explosive objects on communities worldwide.
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Figure: The heatmap
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Figure: Images in the dataset: ¢ — PFM-1 in a creek; b — PMN-2 under the
leaves; ¢ — PMN-2 on a railway; d — OZM-72 on a snowy surface; e — PMN-1
near the tree stump; f — MON-50 on a fence; ¢ — MON-50 on a tree; h — OZM-
72 in a grass; ¢ — PFM-1 in a foliage
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