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In modern military operations, object detection plays an important role in enhancing situational
awareness and tactical decision-making. However, the use of object detection in complex military
environments faces challenges, including poor visibility and the need for real-time decision-making.
Infrared imaging technologies, which operate outside the visible spectrum, are effective for detecting
military targets, particularly in low-visibility conditions. Despite the advantages of infrared imaging for
object detection, comparison of performance across different infrared spectra in military applications
remains limited. This limitation is primarily due to the varying object visibility across different infrared
bands and the lack of accessible military datasets, which are crucial for analyzing how these bands
influence military object detection and the performance of deep learning models under such conditions.
This study provides an analysis of object detection across various infrared bands, including near-
infrared, short-wavelength infrared, mid-wavelength infrared, and long-wavelength infrared, using
popular deep learning-based object detection models such as YOLOvS8, YOLOV9, YOLO Ghost P2, and
RT-DETR. The models were trained separately on each infrared band using simulated data and evaluated
for their ability to recognize military tanks, as this capability is crucial for unmanned aerial vehicles in
modern defense applications. Our findings reveal that the near-infrared band is the most suitable for
detecting tanks, and the YOLOvVS model provides the best performance.
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1. INTRODUCTION

In modern military operations, integrating advanced technologies is essential to maintaining a strategic

advantage and operational efficiency. Among these technologies, object detection has become a crucial tool,

significantly enhancing decision-making, situational awareness, and the effectiveness of tactical operations

(Aziz et al., 2020). Object detection systems enable the automatic identification and classification of enemy

forces, vehicles, infrastructure, and potential threats in real-time. These systems support a broad range of

applications, from the autonomous navigation of unmanned aerial vehicles (UAVs) to surveillance, target

acquisition, and security operations.

However, the military’s use of object detection encounters several challenges, primarily due to the complex

and unpredictable environments in which operations occur. Visibility can be significantly reduced by factors
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such as poor lighting, which can hinder the effectiveness of detection systems. Additionally, military
environments often contain a variety of objects, making it challenging to distinguish between key targets and
irrelevant background noise. In such situations, quick and accurate decision-making is crucial for military
success. To address these challenges, infrared (IR) imaging technology, which operates in a different
wavelength range than visible light, offers significant opportunities in the field of object detection for military
applications. Especially in modern conflict environments, the quick and accurate detection of enemy tanks is
critical to the success of military strategies. Therefore, the detection of tanks using unmanned aerial vehicles

is considered an essential element of military defense plans (Liu et al., 2022; Soumya et al., 2023).

There are different bands in the infrared spectrum, and these bands can cause various types of objects to appear
differently. The detected bands in the infrared spectrum can affect the effectiveness of the detection process.
Some objects appear more distinct in the infrared spectrum, while others may be less distinct or even invisible.
This can complicate the analysis of infrared images and the detection of objects. Therefore, to use infrared
images effectively, the effects of different bands in the infrared spectrum on tank detection need to be analyzed

in order to optimize detection capabilities.

Although there are studies investigating the performance of object detection algorithms in infrared images,
there remains a lack of comprehensive research comparing the performance across different infrared spectra,
particularly in military applications (S. Li et al., 2021; Zhang et al., 2022; Tham et al., 2023). The reasons for
this are the limited availability of publicly accessible infrared image datasets across different infrared bands,

and infrared datasets used in military applications are not available due to security concerns.

The primary aim of this study is to analyze the performance of various deep learning models for military tank
detection, to investigate the impact of variations in the infrared spectrum on detection accuracy, and to evaluate
the influence of training duration (epochs) on model performance. To achieve these objectives, we analyze
object detection for recognizing military tanks across various infrared spectra, including near-infrared (NIR),
short-wavelength infrared (SWIR), mid-wavelength infrared (MWIR), and long-wavelength infrared (LWIR)
by using You Only Look Once version 8§ (YOLOVS), You Only Look Once version 9 (YOLOV9), You Only
Look Once Ghost Phase 2 (YOLO Ghost P2), and Real-Time DEtection TRansformer (RT-DETR) deep
learning models on simulated UAV imagery. During the analysis, we tested the models that were trained
separately for each infrared band using test data from their own bands. After that, we created a common test
dataset by combining the test data from each infrared band and evaluated how all the models performed on
this test dataset. We also investigated the impact of the different epochs (100, 200, 300, 400) on model accuracy
to determine how training duration affects detection capabilities in each IR spectrum. Note that, in our previous
conference work, we only used the YOLOv8 and YOLOvV9 models for object detection in different IR spectra,
with each trained for just 100 epochs (Yucesoy & Sahin, 2024).
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The results of our study demonstrate the following:

e For all performance metrics, which are box loss, generalized intersection over union (GloU), and mean
average precision at IoU thresholds from 0.5 to 0.95 (mAP50-95), the considered deep learning models
using NIR exhibit the best performance.

e Among the selected deep learning models, YOLOVS is the most suitable for recognizing military tanks in
the IR spectrum.

e The performance of newer models is not always superior, as demonstrated by YOLOVS8's consistent
advantage over YOLOV9Y.

¢ Increasing training epochs can improve model performance, but it may also introduce variability and
declines in specific infrared bands.

e As the wavelength increases in the IR spectrum, detection success decreases.

e The transformer-based RT-DETR model takes around 1.8x longer to train than YOLO-based models for

the same number of epochs.

The remainder of this article is organized as follows: The next two sections provide general background
information on infrared bands, deep learning models, and related work. The methodology section then explains
how the scenario and dataset were generated, including the tools used, as well as details on model training and
performance metrics. This is followed by the presentation of results, accompanied by a discussion of the
findings. After addressing potential threats to validity, we conclude with our findings and propose directions

for future research.

2. BACKGROUND

2.1. Infrared Imaging

One of the key features of infrared technology is that it can operate under conditions that the human eye is
unable to detect. With this capability, IR imaging can be used in fields such as medicine, search and rescue,
security, industrial inspections, environmental monitoring, building inspections, and agriculture. In the

military, IR imaging provides a strategic advantage by detecting hidden and camouflaged objects.

IR images obtained from sensors typically operate in different spectra, which are divided into four main
categories: Near Infrared (NIR, 0.75-1.4 um), Short-Wave Infrared (SWIR, 1.4-3 um), Mid-Wave Infrared
(MWIR, 3-8 um), and Long-Wave Infrared (LWIR, 8-12 um) (EMF Corporation, 2024). In the context of
IR imaging, “um” (micrometers) represents a unit of length used to measure wavelengths of
electromagnetic radiation, which are used to categorize the infrared spectrum. IR radiation is typically
linked to two main sources: reflected radiation, which originates from external light sources, and the emission
of thermal energy from objects, which is directly related to their temperature. Overall, the main differences
between IR spectra lie in their wavelength ranges and how they interact with materials, which affects their

applications and usefulness.
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2.2. Deep Learning Models

One of the fundamental tasks in computer vision is object detection, which focuses on identifying and locating
objects within images (Gomaa et al., 2020). In deep learning, object detection models are designed to both
classify and pinpoint the locations of objects by producing class labels and bounding boxes. Deep learning-
based object detection involves feature extraction, bounding box prediction, object classification, and non-
maximum suppression. Key models include region proposal methods like Faster R-CNN, which offer accuracy
but slower performance, single-stage networks like YOLO for faster real-time detection, and transformer-
based models like DETR, which replace CNNs with transformers and eliminate post-processing steps like non-

maximum suppression (Shah & Tembhurne, 2023)

In this study, we used 4 deep learning models: YOLOvVS, YOLOVY, YOLO Ghost P2, and RT-DETR. YOLOv8
delivers strong real-time object detection performance, balancing accuracy and speed (Sohan et al., 2024).
YOLOVY is the newer version of YOLO and enhances feature extraction and small object detection. When
quick processing is important, YOLO Ghost P2 can be used, as it relies on innovative layers to boost
performance while requiring low computational resources. Finally, RT-DETR uses an optimized transformer-
based approach, enhancing detection capabilities and speed in real-time applications (Zhao et al., 2024). It
provides superior detection performance in complex scenarios by leveraging attention mechanisms to better
understand object relationships and contexts. However, RT-DETR’s transformer-based architecture requires
longer training and generally achieves lower inference speeds (FPS) compared to YOLO-based models,

creating a trade-off between accuracy and real-time performance.

3. RELATED WORK

Object recognition studies in infrared imagery play a critical role in various fields, including security, military
applications, healthcare, and space research. Research in the literature indicates that, due to the ability of the
infrared spectrum to detect objects that are invisible to the human eye, effective object recognition can be
achieved even in low-light conditions or completely dark environments (Bao et al., 2023; Sun et al., 2024). In
recent years, machine learning and deep learning algorithms have greatly improved object recognition in

infrared images.

Several studies provide a comprehensive overview of research conducted on infrared images using various
object recognition methods. For example, Sun et al. (2024) focus on the fusion of visible and infrared images
for object detection, showing how infrared thermal imaging addresses challenges in low light, adverse weather,
and obstructed environments. Wu et al. (2020) propose a real-time UAV tracking approach in infrared videos,
enhancing a fully convolutional classifier with a feature attention module and target search strategy,
demonstrating robustness and effectiveness in challenging environments and handling target displacement.

Yang et al. (2025) discuss the challenges and future directions of infrared object segmentation, highlighting
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issues such as low signal-to-noise ratios and small, blurred objects in infrared images, while also suggesting

deep learning-based methods for overcoming these challenges.

To enhance infrared small target detection, X. Wang et al. (2023) propose an attention-based method inspired
by the human visual system, improving object detection in complex backgrounds like the sea and sky.
Similarly, a study on pedestrian detection in infrared highlights its advantages in dark environments and
addresses dataset limitations with a transfer learning approach (Hu et al., 2020). Building on these
advancements, Moradi et al. (2020) developed a method for detecting small targets in search and tracking
systems, tackling the challenges of high gray-density backgrounds. Furthermore, Jinke (2023) improves
infrared object detection by incorporating spatial and temporal information, further enhancing accuracy in
challenging conditions. Sadic et al. (2025) provide a comprehensive review of the use of deep learning for
object detection in infrared images, highlighting the challenges posed by low contrast and non-uniformity in

such images, and suggesting possible directions for future research.

In our experiments, we used the YOLO series models, which stand out for their efficiency in speed and
performance, alongside the transformer-based object recognition model known as RT-DETR. Terven et al.
(2023) conducted a comprehensive study on the evolution of YOLO architectures in computer vision,
highlighting their importance in real-time object detection systems and applications. YOLO-based models
enable automatic labeling, with a customized YOLOVS fine-tuned for better moving object detection and
classification (Gomaa, 2024). Zhao et al. (2024) pointed out YOLO's speed and accuracy limitations due to
Non-Maximum Suppression (NMS) and introduced RT-DETR, which improves performance via a hybrid
encoder and uncertainty-minimal query selection, surpassing earlier YOLO models. Zhou et al. (2025) apply
YOLOV8 with super-resolution reconstruction to enhance UAV detection in infrared images, achieving high
accuracy and excellent detection performance, showing the potential of YOLO models in real-world

applications.

In addition to these studies, several studies have investigated the combination of YOLO algorithms with IR
imagery, highlighting its potential to enhance object detection capabilities across various applications (S. Li et
al.,2021; L. Lietal., 2022; Shen et al., 2023; Tu et al., 2023; Y. Wang et al., 2024). The potential of integrating
UAYV and infrared imaging technologies has also been explored for urban road safety (Aibibu et al., 2024).
Additionally, these technologies enable rapid and effective search operations during disasters or accidents
(Lagman et al., 2022). Some other studies compare the performance of various deep learning models for
infrared object detection and evaluate their effectiveness. For example, a comparative study using deep
learning-based infrared object detection models like YOLOv3-4GB, YOLOVSs, and YOLOvV7 on the FLIR
dataset showed that YOLOV7 achieved the best performance (Aboalia et al., 2024). Tanchuk and Kolobrodov
(2024) proposed that YOLOv8 and DETR demonstrate better object detection performance than YOLOvS and
Faster R-CNN. Another study proposes the lightweight YOLO-SMUG model, which addresses high

computational demands and improves the detection of small objects in UAV-based infrared imagery,
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outperforming existing models in both accuracy and efficiency (Luo & Zhu, 2025). Shchetynin (2025) also
presents a model based on YOLOS, which uses the Bi-FPN network to enhance object detection accuracy in

infrared images obtained by UAVs.

Furthermore, studies in object detection have primarily focused on utilizing specific infrared bands, which
have been used individually in various studies across different topics, such as people, animals, and vehicles
(Lee et al., 2015; Ghenescu et al., 2018; Price & Price, 2019; Pavlovi¢ et al., 2022). A common factor among

these studies 1s the use of self-collected data.

Although these studies demonstrate object detection in infrared imaging using deep learning, there is a lack of

comparisons between different infrared bands, particularly concerning military IR imagery.

4. METHODOLOGY

Our methodology involves generating infrared images of military tanks from a custom scenario created using
the Stage application, which simulates realistic environments and military operations. The scenario includes
various tank models and a UAV for surveillance. Real-time data from the simulation is processed using the
Ondulus IR library to generate infrared images across multiple spectral bands: NIR, SWIR, MWIR, and LWIR.
These images are then stored in JPEG format and manually annotated for object detection tasks. The dataset
is split into training, validation, and test subsets, with models trained using transfer learning on the YOLOVS,
YOLOV9, YOLO Ghost P2, and RT-DETR models. The performance evaluation of the models is based on
box loss, generalized intersection over union (GloU) loss, and mean average precision (mAP50-95) metrics
across different infrared spectra. The remaining part of this section provides detailed information about

scenario creation, IR image generation and annotation, model training, and performance evaluation metrics.

4.1. Scenario Creation

Since our goal is to provide an analysis of object detection across different infrared spectra, especially for
recognizing military tanks, which are crucial for strategic advancement, we need IR images at different
wavelengths for the same view. However, such datasets are not publicly available that contain tank image
scenes with the same viewing angle in different infrared bands. Therefore, we first generated a scenario that
consists of a realistic simulation of military tanks and an UAV using the Stage application to create the
necessary data. Stage application is a powerful tool designed for creating realistic and complex scenarios
commonly used in military simulations. This software allows users to create dynamic and natural environments

for air, land, and sea operations (Presagis, 2024a).

Figure 1 shows an aerial view of the scenario we generated. The scenario includes 3 Challenger2, 1
Challenger3, 1 Leopard2, 1 M1A3, 1 Merkava Mark, 3 T-72, 4 T-84 battle tanks, along with 1 MQ-9A
Predator-B class UAV. In the scenario, tanks with predefined routes, speeds, and maneuvers perform their

movements in the field while the MQ-9A Predator-B UAV, flying in the sky, conducts reconnaissance and
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surveillance activities to track the tanks. Additionally, in order to process scenario information in real-time
when the scenario is executed, a Distributed Interactive Simulation (DIS) gateway setting has been configured
on the Stage software, and the Stage software has been set up to send scenario data in real-time via the specified

IP (Open DIS, 2024).

Figure 1. Scenario creation

4.2. IR Image Generation

IR image generation involves capturing images using infrared radiation emitted or reflected by objects, which
is beyond the detection capability of the human eye. These images represent the infrared radiation emitted by
objects. Specialized infrared cameras and sensors detect the emitted heat, and once the radiation is captured, it
is converted into electrical signals. These signals are directly proportional to the intensity of the detected
infrared radiation. Due to the limited availability of public datasets, particularly for military tank IR images
captured by UAVs, we generated synthetic infrared images that closely mirror the real-world scenario of tanks

from the custom scenario we created.

To generate infrared images at different wavelengths of the same view, we used three software libraries in the
custom desktop application we integrated. Since the DIS software library is used for real-time communication
with the Stage application, we rely on the Ondulus IR library to process real-time asset information and
generate the infrared image of the simulated sensor based on the scenario's current environmental conditions
(Presagis, 2024b). We chose these because they play a critical role in simulations, particularly for military
training. They enable the creation of complex mission scenarios and detailed analysis using real-time, high-
quality sensor data. Finally, the OpenCV library is used to capture and save the infrared images generated by
Ondulus IR in JPEG format (OpenCV, 2024). This allows for the storage of images and facilitates further

analysis and integration into different systems.
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Figure 2 presents a high-level view of our IR image generation process. From our scenario created by the Stage
application, we obtain entity information such as tanks, UAVs, and time via the DIS Gateway to use this
information in our custom application. Then, our application generates infrared images based on real-time
asset data and the scenario's current conditions using the Ondulus IR library and saves these images in JPEG
format, as illustrated in the figure. Overall, we generated 2100 IR images for each spectral range - NIR, SWIR,
MWIR, and LWIR - each depicting the same scene across the different spectra, resulting in a total dataset of
8400 images. These images were generated using a shared simulation scenario, in which platform trajectories,
target configurations, viewpoints, and environmental conditions were kept identical. Within this scenario,
different infrared sensors for each band were simulated independently using the Ondulus IR Sensor Simulator,
adjusting only the band-specific sensor and spectral parameters. This approach ensures that all images share
the same geometry, viewing conditions, and scene dynamics, differing only in their infrared spectral
characteristics, thereby enabling a fair comparison across infrared bands. During the generation of the IR image
dataset, no additional augmentation was applied to the infrared images, as the synthetic data generated in our
study was already diverse and closely resembled the data captured by real UAVs in operational environments.

The generated IR images were then manually annotated to identify and label tank objects within them.

Custom Application

DIS Gateway IR Images
. —_— >
Stage DIS library

Ondulus IR liorary
OpenCV library

Figure 2. IR image generation
4.3. Experimental Design

We divided our dataset of generated infrared images into training, validation, and test subsets. Specifically,
70% of the images were randomly allocated for training, 15% for validation, and 15% for testing. This 70-15-
15 split is a commonly adopted practice in deep learning, providing a balanced distribution between model
training, evaluation, and testing, while also being well-suited to the size of our dataset. Specifically, for each

infrared band, this resulted in 1,500 images for training, 300 images for validation, and 300 images for testing.

To train our models, we configured the computer with the Windows 11 operating system, an AMD Ryzen 5
5500 CPU, and an Nvidia RTX 3060 GPU to efficiently process and analyze the generated IR images. During
training, we installed PyTorch 2.2.1 and CUDA 12.1 in virtual Anaconda environments on the Nvidia RTX
3060 GPU to facilitate the training process. This setup ensured that a suitable software environment was

prepared for training the models on the GPU.
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4.4. Model Training

To adapt the features learned from a visible light dataset to the unique characteristics exhibited by infrared
images, a training approach utilizing transfer learning is used during the model training phase. This approach
not only shortens training times but also considerably reduces the consumption of system resources during the
training process. As a result, pre-trained models on the COCO dataset with visible light data have been selected
for fine-tuning, specifically YOLOvVS series models such as YOLOv8m and YOLO Ghost P2, as well as RT-
DETR series model rtdetr-1 and YOLOV9 series model YOLOv9c.

The reason for selecting these three models from the relevant YOLO series is their comparable number of
parameters. YOLOv8m has approximately 25.9 million parameters, while YOLOv9c has about 25.3 million
parameters. Similarly, the YOLO Ghost P2 model also has around 25.9 million parameters. This similarity
facilitates an equitable comparison among the models. Additionally, the inclusion of the RT-DETR model in
the training process is due to the need to evaluate the performance of infrared bands in a transformer-based
object detection model. Another factor in selecting these four models is their alignment with the hardware

capacity constraints for training.

During training, we set batch=-1, val=True, 1r0=0.01, and Irf=0.01, while all other hyperparameters were kept
at their default values. Setting batch=-1 allows the batch size to be automatically determined based on GPU
memory, maximizing resource utilization. Enabling val=True ensures that the model is periodically evaluated
on the validation dataset, providing performance feedback during training. The initial learning rate, Ir0=0.01,
controls the speed at which model weights are updated at the start of training, while Irf=0.01 gradually reduces
the learning rate to 1% of its initial value by the end of training, facilitating stable convergence. To ensure
reproducibility and avoid potential bias introduced through manual hyperparameter tuning, we consistently
used the default, out-of-the-box configurations provided by the official YOLO and RT-DETR frameworks,
including standard settings for input resolution, learning rate schedules, and optimizers. While these default
hyperparameters may not be optimal for our simulated military tank dataset, they enable a fair comparison of

the models, since these settings were originally optimized for different datasets and tasks.

To facilitate a comprehensive comparison of the performance of object detection models on infrared bands,
the selected models were trained for 100 epochs across all infrared bands using simulated military tank images.
The training of the RT-DETR model for 100 epochs took approximately 1.8 times longer than that of the
YOLO-based models, which completed the same training in a shorter duration. Additionally, to observe the
impact of the number of epochs on performance, the top-performing model is subjected to training sessions

with different numbers of epochs.

Figure 3 presents examples of generated infrared images with different spectra, illustrating the diversity within
our dataset used for model training and performance evaluation. Each image represents a unique spectral range,

enabling a comprehensive evaluation of the models' capabilities across various IR bands. The figure shows
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NIR in the upper left, SWIR in the upper right, MWIR in the lower left, and LWIR in the lower right, ordered
by wavelength from low to high.

(a) NIR (b) SWIR

(c) MWIR (d) LWIR
Figure 3. Examples of generated IR images with different spectra
A key consideration is the inherent modal divergence between visible-spectrum (RGB) imagery and infrared
data, which ideally would be addressed through pre-training on large-scale infrared datasets to reduce the
resulting domain gap. However, the lack of publicly available datasets covering all four evaluated infrared
bands (NIR, SWIR, MWIR, LWIR) prevents effective domain-specific pre-training. Moreover, training high-
capacity models such as YOLOvVS and RT-DETR from scratch on our limited datasets (1,500 images per band)
would likely lead to severe overfitting and unstable convergence. Therefore, COCO pre-training was adopted
as a practical initialization strategy. Despite the modality gap, it provides useful low-level feature
representations (e.g., edges, contours, and textures) that improve convergence stability and facilitate effective

fine-tuning on infrared imagery.

4.5. Training and Evaluation Metrics

In this study, we use three metrics to evaluate model accuracy on generated IR images of tanks from the same

scene.

Box Loss Value: The loss function is a method that measures the difference between the predictions made by

the model and the actual bounding box. Box loss is a loss function used in object detection algorithms to ensure
that the predicted bounding boxes are accurately positioned and sized (He et al., 2019). It sums the errors for
each example in the training or validation sets. If the model makes a perfect prediction, the loss value is zero;
any deviation from perfection increases the loss. A high loss value usually indicates that the model's outputs
are incorrect, while a low loss value suggests that the model is making fewer mistakes. During the model's
training process, efforts are made to minimize this loss value, thereby making the positions and sizes of the

detected objects more accurate.
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Generalized Intersection over Union (GIoU) Loss: This loss function is an extension of the classic Intersection

over Union (IoU) metric used to improve the performance of object detection models in the field of computer
vision. The classic IoU calculates the overlap ratio between two object bounding boxes by providing the ratio
of the intersection area to the union area; however, it does not have a meaningful gradient in cases where the
boxes do not touch each other. In contrast, GloU takes into account the smallest enclosing box between the
two boxes in addition to the classic IoU, aiming to minimize the difference between the boxes even when the
IoU is zero. This enhances the model's learning process and allows for more accurate positioning of the

bounding boxes.

Mean Average Precision (mAP50-95): This metric calculates the average precision by varying the IoU

threshold values between 50% and 95%. This metric evaluates how well the model performs in scenarios
requiring both low and high threshold values. For example, mAP50 represents the average precision calculated
at a 50% threshold, while mAP9S5 is calculated at a 95% threshold. mAP50-95 averages the performance across
different thresholds, measuring the overall accuracy and consistency of the model in object detection. This
metric is critical for the development and comparison of object detection models, as it reveals how the model
performs not just at a specific threshold, but across a broad range (Reis et al., 2024). To calculate the mAP50-
95, the precision and recall must be computed at various confidence thresholds. While precision measures how
many of the examples predicted as positive by the model are actually positive, recall assesses how many of the

true positive examples the model correctly identifies as positive.

5. RESULT AND DISCUSSION

This section presents our findings on the evaluation of the deep learning models trained on different IR bands
to assess their performance in detecting tanks in IR imagery for military applications. We discuss the results
based on box value loss, GIoU, and mAP at thresholds ranging from 50 to 95. Each of these metrics provides
valuable insights into the models' performance. Box value loss helps us understand how accurately the models
predict bounding boxes around objects, while GloU measures the quality of these predictions by taking into
account both the area of overlap and the overall size of the bounding boxes. Lastly, mAP at various thresholds
allows us to evaluate the models' precision and recall across different levels of confidence, offering a

comprehensive view of their effectiveness in detecting objects within infrared images.

5.1. Box Loss Value

We examined the performance of the YOLOVS, YOLO Ghost P2, and YOLOv9 models by analyzing the box
loss values across different infrared bands (NIR, SWIR, MWIR, LWIR) over 100 epochs. This evaluation not
only highlights the comparative effectiveness of each model but also provides insights into how various IR

spectral bands influence object detection performance.

Figure 4 shows the results for YOLOv8, YOLO Ghost P2, and YOLOV9, with each model shown in a separate

plot. In each plot, the y-axis represents the box loss value, ranging from 0.2 to 1.7, and the x-axis represents
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the number of epochs, ranging from 5 to 100. Based on the results, NIR consistently shows the highest
performance across all models, making it the most effective choice for our applications. It is followed by
SWIR, then MWIR, and finally LWIR. This trend indicates that as we move to longer infrared wavelengths,
the effectiveness of detection decreases, highlighting the challenges associated with using the longer IR
spectrum for our study. For the MWIR in the YOLO Ghost P2 and YOLOvVY9 models, the box loss values start
higher than those for LWIR, indicating that initially, MWIR may face more challenges in accurately detecting
military tanks compared to LWIR. However, as training progresses, the performance of MWIR may improve,
leading to a decrease in box loss values and better performance compared to LWIR. In contrast, this trend is
not observed in YOLOVS, which highlights the unique performance characteristics of YOLOv8 in handling
various spectral bands, particularly MWIR. In addition, the performance of NIR and SWIR is more closely

aligned compared to the other spectral bands.
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Figure 4. Comparison of the box loss values over 100 epochs
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To compare model performance in the IR bands, we calculated the average values from the last 10 epochs,
specifically from epochs 90 to 100, as all models demonstrated similar trends across the different IR bands,
allowing for an effective comparison. Table 1 shows the average box loss values for each model across the
various IR spectra, providing a clear overview of their performance in military object detection tasks. Based
on the data, the YOLOvV8 model shows better performance in all infrared bands (NIR, SWIR, MWIR, LWIR).
It has the lowest average box loss values, which means it is more effective at detecting tanks compared to the
other models. This highlights that newer versions of YOLO are not always guaranteed to have better

performance.

Table 1. Comparison of YOLO models across spectral bands (Average box loss value)

Model NIR SWIR MWIR LWIR
YOLOvV8 0437 0.493 0.621 0.813
YOLO Ghost P2 0.522  0.581 0.778 0.865
YOLOV9 0.496  0.562 0.750 0.909

5.2. GIoU Loss

As RT-DETR leverages a transformer-based architecture, it utilizes the GloU loss metric to analyze
performance across IR bands, unlike YOLO-based models. YOLO-based models use the box loss value
because their structure predicts bounding box offsets relative to predefined positions, while RT-DETR uses
GlIoU loss, as it treats detection as a set prediction problem in which each query is matched to a ground truth
box. GloU is used specifically during training rather than for evaluation, as it provides meaningful gradients
that help the model improve bounding box predictions, even when the predicted boxes do not overlap with the
ground truth. Consequently, RT-DETR’s transformer-based architecture generally requires a longer training
time. Figure 5 illustrates the GIoU loss values for the RT-DETR model over 100 epochs across each spectral
band.
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Figure 5. GloU loss values over 100 epochs
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As shown in the figure, the loss curves across the IR bands exhibit a similar pattern when compared to the
YOLO-based models, following the sequence of NIR, SWIR, MWIR, and LWIR. While the absolute loss
values of the YOLO-based models and RT-DETR are not directly comparable due to their differing definitions,
their relative convergence behaviors provide meaningful insights. RT-DETR exhibits a smoother decay and
reaches a steady state more rapidly than the YOLO-based models, suggesting a more stable optimization
landscape across the IR bands. This comes at the cost of higher computational demand, with approximately

1.8x greater latency.

Comparing models optimized with different loss functions (e.g., Box Loss in YOLO variants versus GloU in
RT-DETR) introduces a limitation in achieving strict algorithmic parity during convergence analysis. While
standardizing the optimization objective across all models could provide a more uniform baseline, we
intentionally evaluate each architecture using its natively optimized loss configuration. The loss formulations
in modern YOLO architectures are highly tuned (e.g., CloU and Distribution Focal Loss), and replacing them
with GIoU could disrupt their intended optimization dynamics and lead to non-representative performance.
Accordingly, our convergence analysis focuses on relative optimization stability and decay trends rather than
absolute loss values. For fair and quantitative comparison of detection performance, we consistently rely on

standardized mAP metrics across all models.

5.3. mAP50-95

To evaluate the models, we used two different testing approaches. Initially, the performance of each model on
the images from its specific IR band was measured, allowing us to understand how effective each model was
in its specialized band. After this initial evaluation, a common test dataset was created from the test data of
each infrared band. This newly formed test set was constructed by combining data from different bands, and
the performance of all models was examined on this dataset. This way, the models were evaluated not only on
the data from their specific bands but also on the overall performance in IR images. Evaluations using the
general test set showed how effective the models were across a wide variety of IR images. This allowed us to
see not only how well the trained models performed in their specific bands but also in general IR image

processing tasks.

Table 2 presents the mAP50-95 values for the models trained for 100 epochs and tested across their respective
bands. The YOLOv8 model outperforms the others in all bands, achieving the highest mAP50-95 scores of
91.2 in NIR, 90.0 in SWIR, 87.5 in MWIR, and 79.6 in LWIR. This indicates that it is particularly effective
for tasks requiring accurate detection across these spectral bands. However, despite its lower GloU loss, RT-
DETR exhibits slightly lower mAP50-95 values across all spectral bands compared to the YOLO models. This
suggests that while RT-DETR excels in bounding box accuracy, the YOLO models may still offer better overall
detection performance in terms of mAP metrics. Interestingly, YOLO Ghost P2 is known for being lightweight
and built on earlier versions, while also offering competitive performance compared to YOLOvV9. Furthermore,

all models demonstrate a decline in performance from the NIR to LWIR bands. This trend highlights the
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challenges associated with detecting military tanks at longer infrared wavelengths. The decrease in mAP

scores, especially pronounced in LWIR, indicates a potential area for further optimization and improvement.

Table 2. mAP50-95 values for respective test dataset

Model NIR SWIR MWIR LWIR
YOLOv38 91.2 90.0 87.5 79.6
YOLO GhostP2  90.8 88.5 85.1 79.1
YOLOV9 90.0 88.0 86.4 78.0
RT-DETR 88.4 87.1 80.0 73

In a similar manner, Table 3 presents the mAP50-95 values obtained from a common test dataset encompassing
the entire IR spectrum by testing the YOLOvVS, YOLOvV9, YOLO Ghost P2, and RT-DETR models, all trained
for 100 epochs. The columns (NIR, SWIR, MWIR, LWIR) represent the training band of each model, while
all evaluations are conducted on the same combined test dataset. As expected, model performance decreases
when comparing the tests across their respective bands and the common dataset. However, it is clear that RT-
DETR performs better on the common dataset, demonstrating higher mAP values compared to YOLOvV9 and
YOLO Ghost P2. Additionally, YOLOVS does not have the best performance for LWIR, and this is the only

case where it falls short compared to other models.

Table 3. mAP50-95 values for the common test dataset

Model NIR SWIR MWIR LWIR
YOLOvS8 81.7 76.8 76.5 32.8
YOLO Ghost P2 76.8 67.9 68.3 41.0
YOLOV9 77.7 69.2 66.4 37.8
RT-DETR 78.4 72.5 70.7 46.7

5.4. Epoch Impact

To investigate the impact of epochs on the accuracy of detecting military tanks in IR images, we analyzed the
mAP50-95 values for YOLOvS, which demonstrated the best performance among the models considered. We
determined the number of epochs by examining the box loss values for YOLOVS, which had almost stopped
changing at 400 epochs, indicating that the model had largely converged. Accordingly, we conducted training
with 100, 200, 300, and 400 epochs to study how training duration influences detection accuracy across
different IR bands. It should be noted that this analysis was not intended as hyperparameter tuning using the

validation set, but rather to observe training behavior and convergence characteristics.

Table 4 and Table 5 show the mAP50-95 values across different epochs for the respective test dataset and the
common test dataset of the YOLOvVS model for different IR spectra, respectively. Table 4 demonstrates that
increasing the number of training epochs generally leads to improved mAP values across all infrared bands,

highlighting the effectiveness of training duration in enhancing model performance. In contrast, Table 5 reveals
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that while the NIR and SWIR bands show improvement with increased epochs, the MWIR band experiences
variability, and the LWIR band suffers a notable decline in performance. This indicates that while additional
training may benefit some bands, it could lead to overfitting or performance issues in others, particularly in
the LWIR band for the common test dataset. The observed performance degradation and rapid overfitting in
the LWIR spectrum can be attributed to both physical and technical factors. Physically, unlike shorter
wavelengths (NIR/SWIR), which capture reflected radiation and preserve geometric texture, LWIR (8—12 pm)
is dominated by self-generated radiation from objects, resulting in images with low spatial frequency and
limited structural detail. Technically, this shallow feature space allows deep learning models to quickly learn
the available representations during early epochs. However, with prolonged training, the network exhausts
generalizable features and begins to memorize dataset-specific noise and background artifacts, leading to a

noticeable decline in mAP on the test set.

Table 4. mAP50-95 values across different epochs for the respective test dataset of YOLOvS

Epoch NIR SWIR MWIR LWIR

100 91.2 90.0 87.5 79.6
200 91.4 90.4 88.1 83.1
300 91.8 90.6 88.2 83.7
400 92.6 91.3 90.1 84.1

Table 5. mAP50-95 values across different epochs for the common test dataset of YOLOVS

Epoch NIR SWIR MWIR LWIR

100 81.7 76.8 76.5 32.8
200 81.7 77.2 75.2 314
300 81.9 76.5 76.4 30.7
400 83.7 81.5 79.9 229

5.5. Qualitative Error Analysis

To gain a deeper understanding of the behavioral differences between the evaluated architectures, we
conducted a qualitative analysis of the detection results. Table 6 presents a visual matrix comparing the
performance of YOLOvV8, YOLOvV9, YOLO Ghost P2, and RT-DETR across the LWIR, MWIR, SWIR, and
NIR spectral bands. This visual assessment clarifies how each model processes the unique characteristics of

infrared imagery and adapts to the progressive loss of spatial information.

As illustrated in Table 6, environmental context and target signatures degrade significantly as the wavelength
increases. In the NIR and SWIR bands, background terrain and road structures are clearly visible, providing

rich spatial features. In these conditions, CNN-based architectures—particularly YOLOv8—demonstrate
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excellent bounding box precision and high confidence scores, leveraging their localized feature extraction
capabilities. However, in the LWIR band, background texture is largely lost, and the visual information is

reduced to thermal emissions (i.e., hot spots against a dark background).

Table 6. Tank Detection Examples on the Same Scene

YOLOVS YOLOV9 YOLO Ghost P2 RT-DETR

LWIR

MWIR

SWIR

NIR

While all models successfully detect targets in this sample, their behavioral differences become more apparent
under these challenging conditions. YOLO-based models, relying heavily on localized spatial gradients,
exhibit slight variations in bounding box tightness and confidence as local textures diminish in the LWIR
spectrum. Conversely, the Transformer-based RT-DETR utilizes global attention mechanisms to process the
entire image context. This architectural advantage allows RT-DETR to maintain robust detection performance
and stable confidence levels even when local geometric details are absent, although it can sometimes produce
slightly less tightly fitted bounding boxes compared to YOLOVS. These qualitative observations are consistent
with our quantitative findings, highlighting the fundamental trade-off between the localized precision of

YOLO and the global contextual modeling capabilities of Transformer-based architectures.

6. THREATS TO VALIDITY

One of the most significant threats to validity is the lack of existing datasets. While we created our own dataset,
limited access to tools such as the STAGE application and Ondulus IR restricts our ability to generate a wider
range of scenarios. Additionally, inconsistencies in the scenarios and environmental conditions simulated
within the STAGE environment may introduce variability, despite efforts to construct realistic settings. Certain

environmental factors may still have been overlooked, which could impact the generalizability of the results.

Although synthetic infrared images generated from simulated scenarios enable controlled experimentation,
this approach may not fully represent real-world IR imaging conditions. Synthetic data inherently introduces

a domain gap due to simplified physical modeling and the absence of real sensor noise, atmospheric variability,
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and environmental complexity. As a result, models trained on such data may not generalize effectively to real
operational environments, and the limited diversity of synthetic scenes may bias the learning process toward

unrealistic patterns.

Furthermore, the STAGE simulation environment, while enabling structured IR data generation across spectral
bands, is constrained by simplified thermal and physical modeling assumptions. It does not explicitly
incorporate environmental noise sources such as sensor-level noise, atmospheric scattering, weather effects
(e.g., fog, rain, humidity), or diurnal thermal cycles, including sunrise and sunset crossover effects. These
omissions may lead to a relatively sterile dataset that does not fully capture real-world infrared imaging
complexity. Consequently, a domain gap between synthetic and operational data may exist, potentially limiting

the generalization performance of both YOLO-based and RT-DETR models in real deployment scenarios.

Another potential limitation is the exclusive focus on tank objects during evaluation, which may reduce the
applicability of the results to other types of military targets. Additionally, all images are generated from a
single simulation scenario, which may lead to temporally adjacent frames appearing across the training,
validation, and test splits. To preserve alignment of corresponding scenes across different infrared bands, a
fixed random seed is used, ensuring a fair and consistent comparison of model performance despite this

limitation.

7. CONCLUSION

Object detection is crucial in modern military operations, enhancing decision-making and situational
awareness for tasks like surveillance and autonomous navigation. Challenges arise in complex environments
with poor visibility and distinguishing targets from background noise. Infrared imaging helps, particularly in
detecting enemy tanks using UAVs, a key aspect of modern defense. However, research comparing
performance across different infrared spectra in military applications is limited due to the scarcity of public

datasets and security concerns around military infrared data.

In this study, we thoroughly examined how well different deep learning models can detect military tanks using
various types of IR images, including YOLOVS, YOLOV9, YOLO Ghost P2, and RT-DETR. We not only
assessed the performance of these models but also identified which IR band is most suitable for military tank
recognition. By training and testing the models on different bands, we aimed to determine optimal detection
conditions and gain insights for military applications. Combining data from all bands gave us a comprehensive
view of model performance. We also explored how training durations (100, 200, 300, and 400 epochs)

impacted model accuracy, revealing how training time affects tank detection.

Our analysis revealed several key insights regarding the performance of deep learning models for military tank
detection in IR images. Firstly, across all performance metrics -- box loss value, GloU, and mAP50-95 -- the

models trained on NIR data demonstrated the best results. Among the models evaluated, YOLOVS proved to
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be the most effective for military tank detection in the IR spectrum, also showing that newer models do not
always guarantee better performance, as evidenced by YOLOvVS8 consistently outperforming YOLOV9. We
also noticed that additional training may not always yield further benefits and can lead to variability in certain
infrared bands, particularly in the LWIR band, when evaluated on a common test dataset. Additionally, we
found that as the wavelength increases in the infrared spectrum, detection effectiveness decreases. Finally, the
transformer-based RT-DETR model needed about 1.8x more training time than the YOLO-based models, even

when both were trained for 100 epochs.

These findings provide actionable insights for military applications. Specifically, NIR sensors are
recommended for UAV-based tank detection due to their superior performance. When selecting sensors, trade-
offs such as cost, availability, and operational conditions across different IR bands need to be considered.
Moreover, YOLOVS offers a strong balance of accuracy and computational efficiency, making it suitable for

real-time UAV operations.

As such, we believe that our study is important in the field of military applications, particularly due to the lack
of comprehensive datasets. By providing a detailed analysis of different deep learning models across various
IR bands, we contribute valuable insights that can help improve detection capabilities, particularly for military
tanks. Our findings can help direct future research, leading to better military surveillance and reconnaissance

efforts.

Future research may explore how seasonal changes like snow and leaf cover affect IR images and detection
performance. A qualitative analysis of challenging samples can highlight the approach's strengths and
limitations. Additionally, integrating data from multiple sensors (e.g., visible spectrum, radar, LIDAR) could

improve detection accuracy by leveraging complementary information.
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