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Abstract A few promising solutions for thermal imaging
Unexploded Ordnance (UXO) detection were proposed after the
start of the military conflict in Ukraine in 2014. Our research
focuses on improving the accuracy of UXO detection in thermal
images. The current state-of-the-art UXO detection method is
based on the YOLOv5 Convolutional Neural Network (CNN).
We accessed the effectiveness of UXO detection by using the
state-of-the-art object detector YOLOv7 in this article. Two
YOLOv7 models were re-implemented, fine-tuned using a grid-
search approach and trained on a UXOTi_NPA public dataset
of 720x480 pixel thermal images. The results showed that the
models were able to identify UXOs from 11 different classes
with more than 90% probability and a Mean Average Precision
(mAP) of 86.8% to 89.7%, depending on the model's complexity.
The metrics are just slightly behind the YOLOV5 results. Such
CNN, thus, enables accurate automatic UXO detection, which is
crucial to address one of the least explored and life-threatening

problems worldwide.
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Sinopsis Po zacetku vojaskega spopada v Ukrajini leta 2014 je

bilo predlaganih nekaj obetavnih resitev za odkrivanje
neeksplodiranih ubojnih sredstev (UXO) v termalnih slikah.

Nasa raziskava se osredotoca na izboljSanje natanénosti

detektiranja UXO v termalnih slikah. Trenutno najsodobnejsa

metoda detektiranja UXO temelji na konvolucijski nevronski

mrezi (CNN) YOLOv5. V tem c¢lanku smo ovrednotili

ucinkovitost detektiranja UXO s pomocjo najsodobnejsega

detektorja objektov YOLOvV7. Reimplementirali smo dva

modela YOLOV7, ju fino uglasili s pristopom iskanja po mrezi in

ju naudili na javni zbirki UXOTi_NPA, ki vsebuje termalne slike

velikost 720x480 pikslov. Rezultati so pokazali, da sta modela

zmozna identificirati UXO iz 11 razli¢nih razredov z vec¢ kot 90-

Kljuéne besede: ~ odstotno verjetnostjo in s srednjo povprecno tocnostjo (mAP)
A]f;ig\‘;g;t od 86,8 % do 89,7 %, odvisno od kompleksnosti modela.
racunalniski vid, Rezultati le malo zaostajajo za rezultati YOLOV5. Taksna CNN
umetna inteligenca,  torej omogoca natanéno avtomatsko detekcijo UXO, kar je
poklicno

.. kljuénega pomena za reSevanje enega najmanj raziskanih in
usposabljanje,

izobrazevanje  Zivljenjsko nevarnih problemov na svetu.
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1 Introduction

Thermal imaging is a non-contact method that converts the radiation pattern of an
object into a visible image, known as a thermal image or thermogram. All objects
above absolute zero temperature emit infrared radiation and this energy is detected
by air and space-borne Thermal Infrared (TIR) remote sensors (Kuenzer & Dech,
2013). These systems do not requite an external source of infrared radiation, making

it suitable for field use.

Explosive remnants of war have been part of daily life since World War I, with 64
countries (Roberts & Williams, 1995) contaminated by landmines. There are
countries with databases of explosive devices (GICHD, 2022), while others are still
developing such information. Mine clearance is a slow process, taking approximately
100 times more time to clear each mine placed. Most of these remnants are well
known by their physical dimensions, weight, type of fuse, and material of the cover.

They mostly lie on the surface and are unaffected by weather or vegetation.

In a project by Norwegian People's Aid (NPA) in Bosnia and Herzegovina in 2019,
thermal imaging (Bajic, 2020) was tested as a promising technology for surveying
hazardous areas. In this research, thermal imaging and LiDAR sensors were
mounted on Unmanned Aerial Vehicles (UAVs) and experimented with for this

purpose.

Object detection by using thermal images is a broad research field (Leira et al., 2021),
(Dai et al., 2021), (Banuls et al., 2020), however the detection of Unexploded
Ordnances (UXOs) using thermal imaging is a relatively new research field. We
found just few studies on this topic, like (Nikulin et al., 2018) for the PFM-1
‘Butterfly Mines’ detection and study (Krause et al., 2018) focused on the detection
of landmines based on thermal changes in the environment. An experiment in (Yao
et al., 2019) was conducted using time series thermal images to detect buried
landmines. The use of Deep Learning for UXO detection is still relatively rare in the
field. A research group from Binghamton University expanded their previous work
(Nikulin et al., 2018) by using Deep Learning for automated detection and mapping
of PFM-1 mines (Baur et al., 2020).
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Recently, in our previous work (Baji¢ & Potocnik, 2023) we proposed the first
automated Convolutional Neural Network (CNN) based solution for UXO
detection using thermal imaging data that can identify multiple classes of objects.
The YOLOV5 architecture was adapted successtully for the UXO detection problem
in our previous study. Besides, the UXOTi_NPA public database (Baji¢ & Potoc¢nik,
2023) of 808 annotated thermal images of Unexploded Ordnance was published.
YOLOvV5 model detection results on the UXOTi_NPA dataset are considered as
the baseline results for this dataset.

In this study, we will access the effectiveness of the newest YOLO atchitecture, i.c.
YOLOV7, on the UXOTi_NPA public dataset. The YOLOV7 architecture will be
adapted and retrained to detect UXOs from 11 different classes in highly variable
thermal images. This architecture will be modified to fit the UXO detection
problem, fine-tuned with a grid-search approach, and finally trained end-to-end on
thermal images. The effectiveness of the adapted and retrained CNN architecture
will be confirmed through experiments on the UXOTi_NPA dataset.

2 Evaluation Dataset UXOTi_NPA

The construction of the evaluation dataset UXOTi_NPA is decribed in (Baji¢ &
Potoc¢nik, 2023). This dataset consists of 808 thermal images of the dimension of
720 X 480 pixels with annotations. The number of objects (UXOs) per image varied
between one to three. Figure 1 depicts a sample thermal image from our dataset.

Figure 1: Sample thermal image from the UXOTi_NPA dataset.

Source: own.
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Target objects can belong to one of the eleven classes (also to different classes in

one image). Table 1 depicts sample UXO objects for each of the eleven classes, with
some additional information.

Table 1: UXO objects from each of the eleven classes. Such objects appear in images from

the evaluation dataset.

RGB Image Thermal Image

Occurrences

o
©
o
[
,.E
=)
=)

Hand

2/3 grenade 121
AP land
mine

3/4 PMR 104
capljinka
Bullet

4/5 30.2 mm 116
Land

5/6 mine 136
PMR 2A
Mortar

6/7 mine 149

M:82 mm
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RGB Image Thermal Image

Number of
Occurrences
in Dataset

#y 2

Tromblo
10/2 n mine 161
TTM RP

The data splitting in the UXOTi_NPA is prescribed. The training set contains 640
images, the validation set 80 and the testing set 88 images.

3 YOLOv7 Architecture

The You Only Look Once (YOLO) Deep Neural Network is a highly advanced
object detector with an exceptional compromise between an accuracy and a speed
of object detection. This is achieved by dividing the image into grid cells and
considering each cell as a proposal to detect the object. Over time, many YOLO
variants have been created with different features and capabilities, such as
FastYOLO, YOLO-tiny, YOLO-lite, and YOLOv5n, which has been shown to be
as effective as the more complex R-CNN or Faster R-CNN object detectors.

The most recent YOLO version is YOLOvV7, i.e., a successor of the YOLOvV5
version. YOLOv7 has typically higher accuracy than YOLOv5 but is slower when
training on custom data due to its use of more floating-point operations.
Additionally, it is slower on commonly available GPU systems, although it is faster
on high-end ones.
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We compared the effectiveness of YOLOv5 and YOLOv7 architectures on the
UXOTi_NPA dataset in this study. Let us emphasize that YOLOvV5 results mean
the baseline results for our evaluation dataset. We experimented with five models of
YOLOV5 in our previous study (Baji¢ & Potocnik, 2023). In this research, we
compare these baseline results with the results of two YOLOv7 models, namely
regular and tiny model as outlined in Table 2 (all presented metrics in Table are for
the COCO dataset).

Training of the models was carried out on the Google Colaboratory platform,
utilizing Tesla T4 GPUs. The programming code for the models was saved in
Ultralytics' notebooks available on the Github page (Wang et al., 2022). The Pytorch
framework, Python 3.7.15 and some supplementary libraries were employed to

implement the models.

Table 2: Comparison of five mainstream YOLOvV5 and two YOLOv7 detection models,
trained and evaluated on the COCO dataset. The results were taken from (YOLOv5 Models;
Hittps:/ | Github.Com/ Ultralytics/ Yolov3) and (Github YOLOw?).

mAP@0.5 mAP@0.5:0.95 | Parameters (in Million)
YOLOv5n 45.7% 28.0% 1.9
YOLOvV5s 56.8% 37.4% 7.2
YOLOv5m 64.1% 45.4% 21.2
YOLOv5! 67.3% 49.0% 46.5
YOLOv5x 68.9% 50.7% 86.7
YOLOV7 tiny 56.7% N/A 6.2
YOLOv7 69.7% N/A 36.9
4 Results

This section presents the findings of our experiments. Initially, we solved the
problem of classification and detection of UXOs from 11 different classes (i.e., an
eleven UXO class detection problem). The five different models of the YOLOv5
version and two models of YOLOv7 version were trained separately on the
UXOTi_NPA database's training set, for 300 epochs, utilizing identical
hyperparameters. Subsequently, the trained CNNs were evaluated on the
UXOTi_NPA testing set, with the classification and detection effectiveness
measured using classic metrics, including Precision, Recall, Mean Average Precision
(mAP) at a 0.5 threshold, and the average mAP within the 0.5 to 0.95 threshold

range at an interval of 0.05. Table 4 presents results of our initial experiment, and,
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at the same time, it also includes the number of free parameters (in million) for each

model.

Table 3: Effectiveness of five models of the YOLOvV5 and two models of YOLOV7, retrained
on the UXOTi_NPA dataset: an eleven UXO class detection problem. The column
‘Parameters’ presents the number of CNN-free parameters.

mAP@0.5 mAP@0.5:0.95 Parameters (in Million)
YOLOv5n 99.5% 87.0% 1.9
YOLOV5s 99.5% 88.5% 72
YOLOv5m 99.5% 89.9% 212
YOLOV5] 99.5% 90.5% 465
YOLOv5x 99.5% 89.7% 86.7
YOLOV tiny 99.5% 86.8% 6.2
YOLOV7 99.5% 89.7% 36.9

In the subsequent experiment, we combined UXOs from all 11 classes into a single
class (i.e., 'a single UXO class detection problem"). The objective was to detect if any
UXOs were present in a thermal image, irrespective of their type, and to identify
their location. This scenario simulated a real-world situation where the primary
interest of UXO removers is to ascertain whether UXOs are present in a given area
before determining their type. The same YOLOv5 and YOLOv7 models as used in
the first experiment were employed also in this experiment, only the output layer
was modified accordingly. The training process and other parameters remained
identical to those used in the previous experiment. The models were evaluated on
the testing dataset of the UXOTi_NPA database, where the UXOs from all 11

classes were combined into a single testing class. The results are shown in Table 4.

Table 4: Effectiveness of five models of the YOLOvV5 and two models of YOLOV7, retrained
on the UXOTi_NPA dataset: a single UXO class detection problem. The column
‘Parameters’ presents the number of CNN-free parameters.

mAP@0.5 mAP@0.5:0.95  Parameters (in Million)
YOLOv5n 99.5% 87.9% 18
YOLOV5s 99.5% 90.5% 71
YOLOv5m 99.5% 90.6% 211
YOLOV5] 99.5% 91.1% 46.4
YOLOv5x 99.5% 91.5% 86.6
YOLOV7 tiny 99.5% 86.8% 6.1
YOLOV? 99.5% 90.3% 36.8

Figure 2 and Figure 3 present some qualitative results. Figure 2 depicts results for
the eleven UXO class detection problem, while results for a single UXO class
detection problem are shown in Figure 3. The left column of both figures displays
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the annotated original thermal images from the UXOTi_NPA testing set.
Annotations (and results) are presented in a form of bounding boxes, whereat the
(detected) class is specified by an index and colour (see also Table 1 for indexes). In
the case of binary detection (Figure 3), all UXOs are grouped into a single class
(index 1).

On the other hand, the middle and the right columns of both figures depict the
UXO detection results by using our retrained YOLOv5 and YOLOv7 models.

Annotated original Detection by YOLOv5 Detection by YOLOv7

Figure 2: Qualitative results for the eleven UXO class detection problem: Expert annotations
are overlaid on the thermal images (left column) and bounding boxes with UXOs, detected
by using the retrained YOLOv5n and YOLOV7 tiny (rows 1 and 3, middle and right column),
or YOLOv5x and YOLOvV7 regular (rows 2 and 4, middle and right column). The class index
and detection probability are written next to the bounding box.

Surce: own.
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Figure 3: Qualitative results for the single UXO class detection problem: Expert annotations
are overlaid on the thermal images (left column) and bounding boxes with UXOs, detected
by using the retrained YOLOv5n and YOLOv7 tiny (rows 1 and 3, middle and right column)
or YOLOv5x and YOLOV7 regular (rows 2 and 4, middle and right column). A single class
index 1 and detection probability are written next to the bounding box.

Surce: own.
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5 Discussion and Conclusion

In this study, we have experimented with a state-of-the-art computational approach
utilizing Deep Learning and Convolutional Neural Networks aimed to detect
Unexploded Ordnances (UXOs) from thermal imaging materials. The detection of
UXOs 1s an essential support activity by the neutralization of explosive war
remnants. With our automated solution, a terrain can be examined from the air (e.g.,
by using Unmanned Aerial Vehicles) and potentially dangerous areas can be

identified in advance.

Our study's innovation is the utilization of thermal images for UXO detection.
Thermal imaging provides valuable information about the environment and its
changes, particularly if this information is not detectable in the visible spectrum.
Different materials, including UXOs, leave their unique thermal signatures in the
image, making it possible to identify them with high accuracy. An example is a land
mine with a green metal casing placed on green grass. Such a mine is impossible to
detect in the visible spectrum, but it is easily separable in the thermal spectrum (see
Figure 4).

Figure 4. A land mine with a green metal casing placed on green grass: An image in the
visible spectrum (left) and the same terrain in the thermal spectrum (right). Note: This
example is from our private database and is not part of the UXOTi_NPA dataset.

Source: own.

We also compared the performance of YOLOv7 with that of YOLOV5 on the
UXOTIi_NPA public dataset in this article. YOLOV5 is an established architecture
thoroughly tested on various datasets, while YOLOv7 was introduced recently (in

2022) and is still in the development phase. Based on the obtained standardised
metrics mAP on the UXOTi_NPA dataset, we conclude that the YOLOV5 seems
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to be a better trade-off between model size and detection effectiveness than
YOLOV7. The reason lies undoubtedly in the higher number of false positive
detection by YOLOV7 (see Figure 2). We also see a possible cause in a small
UXOTi_NPA dataset. Considering a training time on the UXOTi_NPA dataset,
YOLOvV7 requires more processing time and resources compared to YOLOV5,

whereat such an increase was not justified by the results. A similar discussion can be
found in (Durve et al., 2023).

In this work, we have shown that the combination of deep Convolutional Neural
Networks and thermal imaging can be used advantageously to detect UXOs in a real
environment. Our future work will go in several directions, primarily in an expansion
of the UXOTi_NPA dataset with new objects and environments, and in an upgrade
of YOLOv7 with a module for the more efficient feature analysis and fusion.
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