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TOOLS AND METHODS FOR EXPLOSIVE OBJECTS DETECTION USING
ARTIFICIAL INTELLIGENCE AND COMPUTER VISION

Abstract. Relevance. The problem of detecting explosive ordnance remains one of the most acute in the modern world and in
Ukraine, in particular due to the growing number of armed conflicts and contamination of territories with landmines and unexploded
ordnance. Traditional methods of demining are time-consuming, dangerous, time-consuming and not always effective, necessitating
the introduction of innovative technologies based on artificial intelligence and computer vision. Object of research. The object of
research is intelligent tools and methods for detecting explosive objects, in particular the proposed prototype combining deep
learning (YOLOV8) and robotic platforms for real time. Purpose of the article. The article is aimed at analyzing existing solutions,
developing and experimentally testing an efficient, portable system for automated mine detection using lightweight deep learning
models capable of operating on mobile devices in a variety of environmental conditions. Research results. Two specialized datasets
covering different types of mines (POM-2, POM-3, PMA-2 "starfish") and various environmental conditions, soil types, weather
factors and the presence of obstacles were used, modernized and annotated in the work. To speed up the training of the Al models,
distributed and parallel computing are applied. The YOLOV8-nano and YOLOv8-small models demonstrated high precision (up to
98.8%) and recall for major landmine classes, which was confirmed by the analysis of confusion matrices and key metrics. The
focus is on the development and research of a prototype system for automated landmine detection based on deep learning and
computer vision, integrated with robotic platforms and unmanned aerial vehicles. The system provides real-time operation (2-2.6
frames per second) on mobile devices, has a simple architecture and the ability to integrate with robotic and unmanned platforms.
Conclusions. The proposed system is promising for humanitarian demining due to its high accuracy, mobility and ease of
deployment. At the same time, the results of the experiments indicate the need for further improvement of models to increase
resistance to changes in environmental conditions and reduce the number of false positives. The implementation of such solutions
will contribute to increasing the efficiency and safety of demining in post-conflict regions.

Keywords: unmanned ground operations, landmine detection, artificial intelligence, visual data processing, computer
vision, distributed and parallel computing.

real-time inference. The YOLO architecture was selected

Introduction for its speed, efficiency, and portability.

Landmines and explosive ordnance continue to
pose a significant humanitarian challenge, driven by the
growing number of global conflicts. Vast land and urban
areas remain contaminated with antipersonnel (AP) and
antitank (AT) mines, as well as unexploded ordnances
(UXOs), requiring decades for clearance using current
technologies. Effective solutions demand improvements
in detection, clearance, and victim assistance.

Traditional detection methods rely on metal
detectors and ground-penetrating radar, often integrated
into dual-mode handheld systems [1]. Recent
advancements include UAV- or robot-mounted sensors
such as microwave radar, infrared cameras, and
magnetometers [2]. Surficial ordnance - either
abandoned or cluster-deployed — also presents a growing
risk, necessitating specialized detection tools.

Electronic sensors and Al-based image processing
now enable autonomous systems capable of identifying
and mapping surface threats. High-resolution cameras,
paired with real-time Al analysis, offer reliable detection
across varied environments. This study introduces a
prototype system using a sensor-equipped, remotely
operated robotic platform for detecting visible surface
UXOs, notably the PFM-1 and PMA-2 plastic landmines,
which remain common and deadly in post-conflict zones.

Recent efforts in object detection, particularly
through deep learning, have enhanced identification
accuracy across multiple fields — including autonomous
navigation, surveillance, and now humanitarian
demining. Both CNN- and transformer-based models can
analyze high-resolution imagery, though not all support

The proposed system integrates real-time detection
with robotic mobility, adaptable to additional platforms
such as UAVs. This research presents a lightweight and
high-recall solution tailored to operational constraints,
addressing a critical gap in landmine detection through a
practical, deployable, and scalable approach [3].

Analysis of proposed system implementation.
The "Demining Robots" project deploys autonomous
robots for landmine detection and removal. The UGO
(Unmanned Ground Operations) robot is key in detecting
surface landmines, using LIDAR, holographic radar,
accelerometers, GPS (5 cm accuracy), RGB, and depth
cameras. Some robots in the swarm also feature trip-wire
detection to counter mines like the "starfish." Fig. 1
provides an overview of the swarm's functionalities [4].

For real-time surface landmine detection, an RGB
camera mounted on the robot is utilized, ensuring
effective identification and processing of visual data [5].

Fig. 1. Details of demining robot. On the left, is the robot

with the on-board GPS system and off-board GPS tower;

on the right, a panoramic view of the robotic platform
scanning the test field
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As an example, a lightweight detection system has
been introduced, capable of running on mobile devices
operated by remote personnel at a safe distance from
hazardous areas. The model's execution speed is
dependent on the processing capabilities of the device, as
it operates entirely within a web browser. The system
architecture is illustrated in Fig. 2 [4].

The system demonstrates high flexibility, requiring
only a Python backend to run on the robotic platform
while connecting to a mobile camera. In this
implementation, an iPhone 13 Pro serves as the primary
sensor, utilizing its video camera to capture data as the
robot navigates the environment. The backend streams
video input from the camera, awaiting connection from
the frontend interface.
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Fig. 2. The proposed system architecture; the components of
the camera, backend, and frontend are independent of the
moving vehicle used; this flexibility makes it possible to be
used both on robot (left) and UAV (right) vehicles

Upon connection, the frontend retrieves YOLO (You
Only Look Once) ONNX (Open Neural Network
Exchange) weights from various sources and processes the
incoming video stream using the model. The processed
images, along with detection results, are then displayed on
the user interface, as depicted in the tablet and smartphone
visuals in the top-left section of Fig. 2.

Dataset creation and processing

To create comprehensive datasets for training and
testing a real-time surface landmine detection system,
data was gathered in diverse conditions to mimic real-
world scenarios. The datasets cover various factors,
including:

1) environment: grass and gravel terrains to
capture surface variations;

2) weather: multiple conditions like cloudy, sunny,
and shadowy settings, affecting image quality and
landmine visibility;

3) obstacles: presence of bushes, branches, walls,
trees, trunks, and rocks, which can obscure landmines.

Two open datasets have been used as an example.
The datasets specifically built for surface landmine
object class. First dataset uses scale models of Russian
POM-2 and POM-3 surface mines. The second dataset
uses model of PMA-2 “starfish” landmine. All landmines
are illustrated in Fig. 3.

Fig. 3. Images of used landmines:
a—POM-2, b — POM-3, ¢ — PMA-2 “starfish”

First dataset consists of 4485 images (88% are used
for train set) with a valid set of 402 images where each
image represents a mine (not only the mines illustrated
above) that has been put under a certain environment and
weather conditions and the test data set consisted of 249
images [7, 8]. Additional dataset details are presented in
Table 1. The second dataset comprises 47 recorded
videos, each with an average duration of 107 seconds,
captured at a frame rate of 6 frames per second (FPS).
Approximately 25% of the frames contain at least one
landmine, resulting in 6,640 annotated frames out of a
total of 29,109 frames in the dataset [4]. Additional
dataset details are presented in Table 2.

Table 1 — Data categories for the first dataset. Values were
calculated from 4485 varying in resolution from
800px x 400px up to Full HD (1920px x 1080px)

Environment Weather
Split Grass| Gravel| Sunny| Shadow | Cloudy
Train | 2009 1892 2192 678 1031
Valid 296 106 164 97 141
Test 155 94 91 75 83

Table 2 — Data categories. Values were calculated over the
47 ITA (Image Transformation Augmentation) videos
(11D (Independent and Identically Distributed)), and
11 USA videos (OOD (Out of Distribution))

Environment Weather
Split Grass | Gravel | Sunny | Shadow | Cloudy
Train 26 8 15 12 7
Valid 3 2 1 3 1
Test (1ID) 4 2 2 3 2
Test (OOD) 11 0 8 1 2

Model selection and determination

The annotation process was conducted using the
Computer Vision Annotation Tool (CVAT), a widely
utilized framework for image annotation. Fig. 4 presents
examples of annotated frames captured under various
conditions. To meet the requirement for real-time
processing in landmine detection, a single-stage object
detection method was selected. Object detection approaches
are generally categorized into single-stage and multi-stage
methods. Multi-stage models, such as the R-CNN (Region-
based Connected Neural Networks) family (R-CNN, Fast
R-CNN, Faster R-CNN), first generate potential object
regions before performing object detection within those
regions [9, 10]. In contrast, single-stage models, such as
YOLO, detect objects directly without a separate region
proposal step [11, 12]. YOLOvV8 was selected for its real-
time performance and efficiency, crucial for landmine
detection [13]. After conversion to ONNX, the models
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became lightweight (3MB for "nano" and 11MB for
"small"), ensuring easy deployment on platforms like
browsers, smartphones, and tablets. This compact size
reduces computational load while maintaining accuracy.
YOLOV8's strong performance with smaller annotated
datasets made it ideal for efficient landmine detection.

Fig. 4. Examples of annotated data using CVAT:
a— for the first dataset; b — for the second dataset

Al-driven computer vision and multi-sensor
robotics improve the efficiency and accuracy of
explosive object detection. Using deep learning models
like YOLOV8 with UGVs and UAVs enables real-time
landmine detection in diverse environments [14]. Datasets
reflecting different weather, terrain, and conditions
enhance model reliability. Lightweight deployment on
mobile devices ensures flexibility in hazardous areas,
while advancements in Al, robotics, and aerial
surveillance reduce risks and improve safety in demining
operations, supporting global humanitarian efforts.

Experimental setup

To thoroughly evaluate the performance of the
landmine detection system, a set of metrics was defined
to measure precision, recall, and overall model
effectiveness across varying conditions [15]. These
metrics are essential for minimizing false negatives, as
accurate detection of each landmine is critical for safety.
For this particular case a few key metrics were selected:

TP

~TP+FP’

P — precision, proportion of true positive predictions
relative to all positive predictions made by the model;
a higher precision indicates fewer false positives; TP —
true positive predictions; FP — false positive predictions;
TP

"~ TP+FN’
R — recall, the proportion of true positive detections out of
all actual positive cases; essential for reducing the likelihood
of missed landmines; FN — false negative predictions;

P *R

P+R’
A — the weighted average of Precision and Recall,
reflecting the overall accuracy of the model. YOLOV8
model training was performed using the composed dataset,
which was collected and annotated specifically for this
task. The training process included the following stages:

P

R

A:Z*

1) pre-trained model: the initial phase involved
training on the “ImageNet” dataset, comprising RGB
images and corresponding annotations across 1000
classes sourced from the internet. This stage is essential
for learning fundamental image features such as colors,
shapes, and general object structures;

2) initial fine-tuning: fine-tuning was conducted
using the “SurfLandmine” dataset, which consists of RGB
video recordings annotated with landmine instances under
various environmental conditions in Italy. Video
sequences were divided into individual frames and
shuffled to ensure variability. The dataset includes a range
of weather conditions, soil types, and surroundings,
providing a comprehensive base for robust training;

3) validation: a designated subset of data was
utilized to validate model performance at intervals during
the training process, ensuring the system’s ability to
generalize effectively to previously unseen data.

To accelerate the training process, distributed and
parallel computing was applied.

Results

The YOLOV8 model's effectiveness in landmine
detection was evaluated using both IID and OOD data.
Performance results for YOLOv8-nano model are shown in
the confusion matrix (Table 3) and summarized in Table 4.

Table 3 — Confusion matrix for YOLOv8-nano

Predicted! POM- | POM- Starfish | Environment
Actual 2 3
POM-2 384 0 0 18
POM-3 0 188 0 9
Starfish 0 0 166 5
Environment 81 67 90 0

Table 4 — Summary table for YOLOv8-nano

Class Precision Recall Avg. accuracy
(P, %) (R, %) (A, %)
POM-2 95.5 82.6 88.6
POM-3 95.4 73.7 82.8
Starfish 97 64.8 77.7
Environment - 0 -

Results breakdown for YOLOv8-nano:

— POM-2 class: TP = 384 (POM-2 predicted as mine
POM-2); FN =81 (POM-2 predicted as environment); FP =
18 (Environment predicted as POM-2).

— POM-3 class: TP = 188 (POM-3 predicted as
mine POM-3); FN = 67 (POM-3 predicted as
environment); FP =9 (Environment predicted as POM-3);

— Starfish class: TP = 166 (Starfish predicted as
mine Starfish); FN = 90 (Starfish predicted as
environment); FP =5 (Environment predicted as Starfish).

Another model used for results evaluation was
YOLOv8-small. The observations are collected in the
confusion matrix in Table 5 and summarized in Table 6.

Results breakdown for YOLOv8-small:

— POM-2 class: TP = 395 (POM-2 predicted as
mine POM-2); FN = 90 (POM-2 npredicted as
environment); FP =9 (Environment predicted as POM-2).

— POM-3 class: TP = 182 (POM-3 predicted as
mine POM-3); FN = 51 (POM-3 predicted as
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environment); FP = 7 (Environment predicted as POM-3);

— Starfish class: TP = 172 (Starfish predicted as
mine Starfish); FN = 101 (Starfish predicted as
environment); FP = 2 (Environment predicted as Starfish).

Table 5 — Confusion matrix for YOLOv8-small

Predicted\ POM- | POM- Starfish Environ-
Actual 2 3 ment
POM-2 395 0 0 9
POM-3 0 182 0 7
Starfish 0 0 172 2

Environment 90 51 101 0

Table 6 — Summary table for YOLOv8-small

Class Precision Recall Avg. accuracy
(P, %) (R, %) (A, %)
POM-2 97.8 814 88.8
POM-3 96.3 78 86
Starfish 98.8 63 76.9
Environment - 0 -

As shown in Table 4, the YOLOV8-nano model
achieved high precision in detecting POM-2, POM-3,
“starfish” mines with 95.5%, 954% and 97%
respectively. However, it demonstrated lower precision
for the "environment" class, where non-mine objects
were often misclassified as threats. Despite the low false
negative rates — a critical factor in mine detection — the
model produced false positive rates of approximately
18% for POM-2, 26% for POM-3 and 35% for "starfish".

Table 6 indicates similar behavior from the
YOLOv8-small model, with a slight reduction in the
overall false positive rate. Precision values for POM-2,
POM-3 and "starfish" reached 97.8%, 96.3% and 98.8%
respectively. While false positives for POM-3 decreased
compared to the nano model, they still present challenges
for real-world deployment. A detailed evaluation of the

model’s performance on the proposed datasets indicates
that YOLOvV8 models deliver strong recall and precision
when operating within the training data distribution.
Running at 2 FPS in a smartphone browser, the model
demonstrates notable portability, with compact sizes of 3
MB (nano) and 11 MB (small), making it suitable for
deployment on a wide range of devices. However, results
highlight a significant distribution shift between 11D and
OOD data, emphasizing the composed dataset’s
complexity and the challenge of object detection under
unfamiliar conditions, as evidenced by a high false
negative rate in OOD scenarios. These findings underscore
the need for further model enhancement through targeted
data augmentation, focused training on edge cases, and
refined hyperparameter tuning to improve generalization.

Conclusions

This study introduces a novel real-time surface
landmine detection system integrated into a demining
robot. Operating at 2.6 frames per second, the system is
lightweight, user-friendly, and accessible through web
browsers and smartphones. Its high recall rate marks a
substantial step forward in improving landmine detection
capabilities. To the best of current knowledge, this is the
first approach to surface landmine detection with a strong
emphasis on operational speed, resulting in longer
deployment durations compared to UAV-based methods,
which are typically constrained by battery limitations.

A key feature of the system is its handling of false
positives — an inherent challenge in detection tasks.
Although the YOLOV8-nano and YOLOv8-small models
exhibit elevated false positive rates, this conservative
approach is justified in landmine scenarios. Alerts can be
promptly reviewed by a human operator via smartphone,
reducing the chance of missing real threats and enhancing
the safety of both robotic platforms and nearby personnel.

©
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IncTpyMeHTH Ta MeTOAM BUSIBJIEHHSI BHOYXOHe0e3MeuHnX NMpeIMeTiB
3 BUKOPUCTAHHAM IITYYHOI0 iHTEJEKTY Ta KOMIT’OTEPHOr0 GaYeHHs

. B. JleBuenko, A. O. [Togopoxusk, H. 10. Jlro6uenko

AHoTanig. Y 1poMy JOCTI)KCHHI MPEACTABICHO JCTAIbHUN aHai3 IHCTPYMEHTIB 1 METO/IB, 0 BUKOPHUCTOBYIOTHCS,
BKJIFOYHO 31 CTpaTerisiMu 300py OaHWX, BHOOPOM MOJENi Ta apXiTEeKTypOIO CHCTEMH. 3aBISKH BHKOPWUCTAHHIO TEXHOJOTIH
IITYYHOTO 1HTEJIEKTY B PEXXUMI PEaTbHOTO Yacy Ha POOOTH30BaHUX 1 MOBITPSIHUX IUIAT(GopMax MOXKIHNBE TOCATHEHHS MIPOTPECY B
aBTOMATH30BaHOMY BUSBIICHHI BUOYXOHEOE3IIEYHUX MPEIMETIB, 110 3HIKYE PU3UKHI PyYHOTO PO3MiHYBaHHS Ta MiIBHUILYE Oe3MeKy
B YPOKEHHX PETiOHAX y BCHOMY CBIiTi. AKTyasbHicTh. [IpoOrema BUsBICHHS BHOYXOHEOE3NEUHUX TPEAMETIB 3aJHIIAETHCS
OJTHI€I0 3 HAUTOCTPIIINX Y Cy4aCHOMY CBIiTi Ta B YKpaiHi 30KpeMa uepe3 3p0CTaHHs KiJIbKOCTI 30pOiHIX KOH(IIKTIB i 3a0py THEHHS
TEpUTOpiii MiHAMU Ta Hepo3ipBaHWUMHU Ooempunacamu. TpaauLiliHI METOANW PO3MIHYBAaHHS € TPYIAOMICTKMMH, HeOe3NEeYHHMH,
BHMAararoTh 0arato 4acy Ta He 3aB/IH € epeKTHBHIMH, 1110 3yMOBIIIOE HEOOXiTHICTh BIIPOBAPKCHHS iIHHOBAIlIHHUX TEXHOJIOTIH Ha
OCHOBI LITYYHOTO IHTEJIEKTY Ta KOMII'IoTepHoro GaueHHs. O0’ekT mocaimkeHHsA. O0’€KTOM JOCTI/UKEHHS € iHTEJIeKTyallbHi
IHCTPYMEHTH Ta METOJM BHUSBJICHHS BHOYXOHEOE3MEYHUX MPEIMETIB, 30KpeMa MPOMOHOBAHUIT IPOTOTHII, LIO MOEHYE TIHOOKE
nayaHHg (YOLOVS) Ta poboTti3oBani miathopMu i1t peaabHoro yacy. Meta eTatTi. MeToIo CTaTTi € aHai3 iCHYI0UHX pillleHb,
po3poOKa Ta eKCIepHUMEHTalbHA IepeBipka e()eKTHBHOI, MOPTATHBHOI CHCTEMH Ul aBTOMAaTH30BAaHOTO BHSBICHHS MiH i3
BUKOPHCTAHHSM JIETKHX MOJIeJIeH TIIMOOKOr0 HaBYaHHS, 3/1aTHOT MPAIFOBATH Ha MOOIIBHUX MPUCTPOSIX y PI3HOMaHITHUX yMOBax
cepenoBuia. Pe3yabraTn gociimkeHHs. Y poOoTi BUKOPHCTaHO, MOJICPHI30BaHO Ta aHOTOBAHO [[Ba CIIeLliasli30BaHi AaTaceTH,
1110 OXOILTIONTH PiHi THIHU MiH (POM-2, POM-3, PMA-2 “starfish™) Ta pi3HOMaHiTHi yMOBH HaBKOJIMIIIHEOTO CEPEIOBHIIA, THUITH
IPYHTIB, MOTOAHI (akTOpH Ta HasIBHICTh Mepenko. JJisi MpUIIBUILICHHS TPEHYBaHHS MOJIENI ITY4YHOTO IHTEJIEKTY 3aCTOCOBAHO
posnoineHi Ta mapanenbHi obuucineHHa. Mogeni YOLOvS-nano ta YOLOvS-small nponeMoHCTpyBamd BHCOKY TOYHICTB
(precision mo 98,8%) i recall [u1st OCHOBHHX KJIaciB MiH, IO MiATBEPPKEHO aHAII30M MaTPHIb IUTyTAHWHHU Ta KJIIOYOBUX METPHUK.
OcHOBHa yBara NMpHUIISETbCS PO3POOILi Ta TOCIIPKEHHIO TIPOTOTHITY CHCTEMH JUISl aBTOMATH30BaHOTO BHSBJICHHS MiH Ha OCHOBI
rIIMOOKOTO HaBYaHHS Ta KOMI FOTEPHOTO OaueHHs, IHTErpPOBaHOi 3 pOOOTH30BaHUMH TIaTGopMaMu Ta OE3MIIOTHIMH JTiTATEHIMU
amapatamu. Crucrema 3abe3nedye po6oTy y peansHoMy 4aci (2—2,6 kanpis/c) Ha MOOUTBHUX TIPUCTPOSIX, MA€ TIPOCTY apXiTEKTypy
Ta MOKJIHMBICTh iHTEerpamii 3 poOOTH30BaHMMHU 1 OE3MITOTHHUMHU IUIATGopMamMH. BHCHOBKHM. 3ampomoHOBaHa CHCTEMa €
MEPCIICKTUBHOIO /I TYMaHITapHOTO PO3MiHYBaHHsI 3aBSIKH BUCOKiif TOUHOCTI, MOOLIBHOCTI Ta MPOCTOTI po3ropTanHs. BogHouac
Pe3yNbTaTH €KCIIEPUMEHTIB BKa3ylOTh Ha HEOOXIAHICTh MOAAIBIIOrO BIOCKOHAJICHHS MOJENEi Ul MiABUIICHHS CTIHKOCTI 10
3MIHH YMOB CEPEIOBHIIA Ta 3MEHIICHHS KUIBKOCTI XHOHOMO3UTUBHUX CIIPALlOBaHb. BIPOBaXKEHHS TaKUX PillleHb CHPHUATHME
IIiABUIIEHHIO €()eKTUBHOCTI Ta O€3IeKH PO3MiHYBaHHS Y MOCTKOH(IIKTHUX perioHax.

Knwo4yoBi cioBa: 0e3mijoTHI Ha3eMHi omeparii, BUSBICHHS MiH, IITY4YHHH IHTENEKT, oOpoOKa Bi3yaJbHHX HAaHHX,
KOMIT I0TepHe GayeHHs, PO3MOAIICHI Ta HapaieibHi 00UHCIICHHSI.
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