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Abstract: - Thermal imaging plays a vital role in surveillance systems, specifically low-light or nighttime 
conditions. However, traditional methods have challenges in accomplishing accurate object recognition as well 
as skeleton generation in thermal images due to varying environmental conditions. To address these challenges 
and improve object recognition and skeleton generation accuracy in thermal images, the proposed You Only 
Look Once version 8 using Efficient net as backbone for Thermal Image (YOLO8-EFTI) algorithm was 
evaluated and compared with the traditional YOLO v8 to assess its effectiveness in recognizing objects and key 
points in thermal images. This study introduces a YOLO8-EFTI applied to thermal images, aimed at enhancing 
accuracy through performance parameters. It was hypothesized that the YOLO8-EFTI algorithm would show 
greater accuracy compared to state-of-the-art methods. The results of the experiments indicate that the proposed 
YOLO8-EFTI method enhances performance, achieving a 9.5% higher precision, 37.84% higher recall, 8.53% 
higher mAP@50, and a 7.95% higher mAP@50-95 than the traditional YOLOv8 architecture in object 
detection. 
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1  Introduction 
The surveillance system has become important part 
of today’s era in the concern with safety, crime 
prevention and threats detection. One of the 
advancement in this field is use of Thermal Imaging 
in which object can be recognized based on heat 
rather than visible light. This technology is very 
useful in night as well as smoky condition where 
visibility of human eye is lower. Surveillance in 
such condition it is essential to use object detection 
and skeleton generation using thermal image. 

There is advancement in traditional machine 
learning and deep learning methods for object 
detection and skeleton generation in thermal 
imaging, the conventional methods like Convolution 
Neural Network and Deep Learning models are 
significantly used in situation where data or 
computational resources are limited. The Models are 
able to learn from complex and multilayer features 
which effectively interpret and analyze the scenario.  

In recent year, various models like You Only 
Look Once (YOLO), Faster R-CNN, and Single 
Shot MultiBox Detector (SSD), have been 

developed for thermal object detection. There are 
development in architectural design, working 
mechanism in special layers which causes 
effectively detect small and low resolution objects.  

Key strategies in deep learning-based thermal 
object detection include the following: 

Model Architecture Optimization: Popular 
detection models (e.g., YOLOv8) are modified with 
fewer parameters and attention enhancements to suit 
the thermal imaging requirements. 

Attention Modules: Channel and spatial 
attention mechanisms help models focus on the 
most informative regions within thermal images, 
[1]. 

Transfer learning: the models which designed 
for visible light images were converted for thermal 
imaging by fine tuning model parameters. 

Small Object Detection: The small objects that 
are blurred in thermal images are detected by adding 
a specific layer or modifying respective field, [2]. 

Data Augmentation: The model generalization 
are improved by transformations such as rotation, 
flipping, and noise addition in order to differentiate 
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the training data. 
Multi-Modal Fusion: The overall robustness and 

accuracy of the system are improved by integration 
of thermal images with visible spectrum data or 
inputs from other sensors, [3]. 

Preprocessing Techniques: To make object 
boundaries more distinguishable, methods like 
histogram equalization are commonly used in 
thermal images. 

Efficient Inference: The lightweight 
architectures and model pruning techniques are 
widely used to achieve real-time performance on 
embedded systems, [4]. 

There are several factors such as environmental 
variability, domain differences, and the lack of large 
annotated thermal datasets makes several challenges 
to limit large-scale deployment of these systems. 

To overcome these challenges, this work 
proposes the YOLO8-EFTI algorithm, for object 
detection and skeleton generation in thermal 
imagery. It is expected that this approach will 
achieve better results compared to existing models 
in terms of both speed and accuracy. 

The rest of the paper is structured as follows. 
The Related Work section reviews existing research 
and recent advancements in this area. The 
Methodology section explains the proposed 
methodology, with model design and its key 
components. The detailed analysis of experimental 
findings is presented in Results and Discussion 
section, and finally, the contributions and outlines 
for future research is summarized in Conclusion.  

 
 

2  Related Work 
In surveillance application Thermal imaging has 
increased significant attention, particularly for 
detecting objects in low-light or nighttime 
environments. Researchers have proposed a 
lightweight version of YOLOv8 that incorporates a 
Global Attention Mechanism (GAM) and depth-
wise convolutions, resulting in a 2% increase in 
precision and a 12.8% improvement in processing 
speed, while reducing the parameter count by 
approximately 75%. 

Another study introduced a multi-scale, multi-
target thermal infrared traffic detection method 
based on an improved YOLOv8. This approach 
integrates a novel Parm_C2f module and a 
DNC_Detect Head that utilizes deformable 
convolution, thereby enhancing model performance 
in complex traffic environments, [4]. 

For low-resolution infrared imagery, an 
enhanced YOLOv8 model incorporating a Spatial 
Pyramid Downsampling (SPD) module was 

developed. This modification notably improves the 
small-object detection accuracy and increases the 
inference speed, demonstrating superior 
performance on datasets such as LLVIP and 
VEDAI, [5]. 

In the context of nighttime wildlife monitoring, 
the YOLOv8-night model introduces a channel 
attention mechanism, achieving higher mean 
Average Precision (mAP) scores than the standard 
YOLOv8. This makes it a reliable tool for 
ecological studies and wildlife conservation, [6]. 

The vehicle detection and classification system 
elaborates and evaluates an ensemble-based deep 
learning architecture, a collaborative framework 
merging “Efficient-Det and YOLOv8 for enhanced 
vehicle detection. The ensemble framework was 
significantly enhanced. Overall predictive 
performance, contributing to more robust and 
reliable results”, [7]. 

Modern surveillance systems operate across 
multiple environments, including ground-based, 
aerial, surface water, and underwater domains, [8]. 
While advancements in technology have 
significantly improved surveillance capabilities, 
they do not fully replace the role of human 
operators. In practice, CCTV operators still face 
cognitive challenges such as visual overload and 
lapses in attention, which must be considered when 
designing effective surveillance support systems, 
[9]. Furthermore, in the recent Internet of Things 
(IoT) technology large-scale data management, 
potential security risks included within video 
surveillance networks which introduce additional 
complexity, [10]. 

Accuracy and efficiency are comparatively 
improved in Deep learning approach for object 
detection and skeleton generation in thermal 
imagery, than traditional techniques. In particular, 
deep learning-based methods have advanced 
thermal image reconstruction and detection by 
addressing inherent challenges such as the lack of 
distinct visual features and the presence of thermal 
reflections. 

For instance, deep learning approaches have 
demonstrated superior performance in 
reconstructing thermal images. A convolutional 
autoencoder-based image patch matching technique 
was developed for infrared imagery, which 
outperformed conventional matching methods and 
enhanced the accuracy of 3D object reconstruction, 
[11]. Similarly, a deep learning-based method for 
compressed sensing in MR image reconstruction 
was proposed, which operates without the need for 
extensive pre-training or large datasets, making it 
suitable for practical clinical applications, [12]. 
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In the context of object detection, deep learning 
methods have also shown strong potential in 
handling challenges unique to thermal imagery, 
such as differentiating between actual objects and 
heat-induced reflections. A lightweight Mask R-
CNN model has been introduced for this purpose, 
incorporating a three-channel input conversion 
strategy to improve detection performance, [13]. 
This method effectively reduces errors caused by 
reflections on surrounding surfaces due to thermal 
radiation. 

In the summary, both the thermal image 
reconstruction and object detection achieved by the 
deep learning approaches with better performance. 
To make highly effective for analyzing thermal 
imagery these methods provides better image 
clarity, higher reconstruction accuracy, and reliable 
detection performance. The progress in development 
of deep learning algorithms and their applications in 
thermal imaging are expected to address the 
remaining challenges and expand the use of thermal 
cameras in various fields. The YOLO algorithm is 
used for object detection, [14]. These techniques can 
be used for surveillance and abnormality detection 
[15], [16], [17], [18], [19], [20], [21], [22]. 

The modern object detection and pose estimation 
frameworks, including RCNN-based methods, 
Detectron architectures, and YOLO-based models 
are used for object detection as well as skeleton 
generation. The use of these framework are 
depending on the application requirements. 
RCNN-based Approaches: 

Region-based Convolutional Neural Networks 
(RCNN) and their developed versions like Fast 
RCNN and Faster RCNN, gives significant 
advances in object detection. These models are 
based on a two-stage detection pipeline, I first stage 
where candidate regions are generated and object 
classification and bounding box refinement process 
in nest stage. [23] the high localization accuracy and 
reliable detection performance are achieved due to 
this hierarchical approach; but, computational 
complexity are increased due to the multi-stage 
processing and reduced inference speed, particularly 
in real-time scenarios, [24]. 

 
Detectron Frameworks: 
The human pose estimation tasks and applications 
such as robotics, motion analysis, and clinical 
rehabilitation the Detectron based frameworks are 
used. The detailed skeletal representations by 
accurately estimating joint positions provided by 
these frameworks, [25]. Detectron performs 
especially well in environments involving complex 
human-object interactions, where contextual and 

spatial dependencies between detected regions can 
enhance pose accuracy. Nevertheless, in certain 
specialized rehabilitation tasks, alternative pose 
estimation models may achieve superior 
performance for specific joint movements, [26]. 
 
YOLO-based Methods: 
The YOLO (You Only Look Once) family of 
models which can be used in object localization and 
classification. This design of YOLO helps to 
significantly reduces computational overhead make 
suitable for real-time applications. Although YOLO 
has slightly lower precision than two-stage 
detectors, but it consistently delivers fast and 
reliable detection, making it effective in time critical 
systems, [27], [28]. 

In summary, each detection method presented 
above has it unique strength: with the help of 
detailed region analysis the RCNN-based models 
gives better accuracy, YOLO methods are well 
known for their  speed and efficiency for real-time 
applications, and In complex pose estimation tasks 
the Detectron based methods are widely used. 
Consequently, the selection of an method depends 
on the specific demands of the application, 
including accuracy requirements, computational 
constraints, and the complexity. 

 
 

3  Proposed Methodology 
In the YOLOv8 architecture, the backbone+ neck 
and head structure, the backbone+ neck is used for 
feature extraction. In the state-of-art method, 
CSPDarknet53 along with a Spatial Pyramid 
Pooling Fast (SPPF) network is used. The 
CSPDarknet53 network comprises a C2F network, 
which is an advanced version of the C2 network. 

The splitting and merging is a principle 
operation of C2F network. The SPPF block consist 
of convolution block and a sequence of maxpool 
layers, and every resulting feature map is 
concatenated and ends with a convolution block. 
The SPPF block enables a neural network to work 
with images of different resolutions through pooling 
operations. 

As shown in Figure 1, the head consists of a 
detection block that is responsible for detecting the 
object. The detection block contains two tracks: the 
first is for bounding box prediction, and the second 
is for class prediction. Both tracks have two 
convolution layers, followed by Conv2D layers, 
resulting in the bbox and class losses. 

Thermal cameras were captured the thermal 
reflections of the objects and cerates Thermal 
Images. Figure 2 shows a block diagram of the 
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proposed method.  
During the preprocessing stage, the blurring 

effects were mitigated, and the thermal images were 
enhanced to a higher resolution. In the subsequent 
stage, to enhance the accuracy of the object 
detection technique, modifications were required in 
the existing YOLOv8 architecture. YOLOv8 
operates in two components: the backbone, neck, 
and head. In the proposed methodology YOLO8-
EFTI, the backbone and neck structures are replaced 
with an efficient net network to improve the 
performance parameters. 

 

 
Fig. 1: YOLO v8 architecture 
Source: created by the authors 

 

 
Fig. 2: Proposed YOLO-EFTI methodology 
Source: created by the authors. 

 
EfficientNet is highly optimized for extracting 

features from an image, and it offers a family of 
models (B0–B7), which provides a choice for 
selecting the backbone depending on the resources 
and accuracy. EfficientNet operates in three stages: 
convolution, feature extraction, and multiscaling. 
The initial convolution is performed using the 
Conv2D function with kernel, stride, and padding, 
the output of which is given to the mobile inverted 
residual Bottleneck Convolution (MB Conv.) block. 
Initial Convolution 

F1 = Conv2D(I,  K1,  S1,  P1)   (1) 
Where: K Kernel, S Stride, P Padding 
 

MB Conv. This was used to improve feature 
quality and computational efficiency. The 
components used in the MB Conv. Block are: 

Point-wise convolution (1x1) which was used to 
combine the information across channels, that is, 
expansion. 

Point-wise convolution (expansion) 
Fexp = conv2D(fin, K1, S1, P1)We + be (2) 

Where 𝑊𝑒 , 𝑏𝑒 𝑎𝑟𝑒 𝑙𝑒𝑎𝑟𝑛𝑎𝑏𝑙𝑒 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 
 

Depth-wise convolution is a specialized type of 
convolution that operates separately on each 
channel. 
 

Depth-wise convolution 
Fdw = DepathwiseConv (fexp, Kd, Sd, Pd) (3) 

 
Point-wise convolution is used to reduce the 

number of channels back to their original size that 
is, the projection stage. 

Point-wise convolution (expansion) 
Fproj = conv2D(fdw, K1, S1, P1)Wp + bp (4) 

 
The squeeze and excitation (SE) module is the 

main component of the MB Conv. This module 
recalibrates the channel-wise features of the input 
data. It selectively enhances and suppresses useful 
and less useful features, respectively. 
 

Squeeze and excitation block 
Fse = Fproj ∙ σ (Fc (GlobalAvgPool(Fproj))) (5) 

Where σ is Activation Function 
 

Stage-wise scaling is carried out, and then 
global pooling and features are extracted. 

Fglobal = GlobalAvgPool(Ffinal)  (6) 
 

The SE (Squeeze-and-Excitation) module 
operates in two main stages: squeeze and excitation. 
In the squeeze stage, average pixel value is 
calculated by global average pooling layer which is 
applied to each channel. This process effectively 
summarizes the entire feature map by capturing the 
most important information from each channel and 
compressing it into a single representative value. 

In the excitation stage, these compressed values 
are passed through a small neural network. The 
appropriate weights are signed by this network by 
learning the relative importance of each channel, 
which improves both the efficiency and accuracy of 
the model. 

The YOLOv8, directly predicts the center of an 
object which simplifies object localization, rather 
than calculating offsets from predefined anchor 
boxes. This removes the dependency on anchor 
boxes improves the detection process. Additionally, 

Input 
Thermal 
Image 
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Processing 

 

YOLO-TEF 
algorithm 

 

Key-
points, 
Bbox 
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the use of non-maximum suppression (NMS) in the 
post-processing eliminates the redundant and 
overlapping bounding boxes, which retained 
relevant bounding boxes. 

In skeleton generation, the YOLO EFTI pose 
architecture improves feature representation, 
particularly for thermal imagery. These Feature 
maps are extracted from multiple stages of the 
EfficientNet backbone, which enables the model to 
capture both fine details and high-level semantic 
information. 

Since these extracted features differ in channel 
dimensions from those in the original YOLOv8 
design, depthwise-separable convolutional 
adaptation layers are introduced to align the feature 
dimensions while maintaining important spatial 
information needed for accurate keypoint detection. 
To further improve performance in low-contrast 
thermal environments, channel-wise attention 
modules are applied after feature adaptation. These 
modules help the network focus on human-related 
thermal patterns while reducing background 
interference. 

A lightweight Path Aggregation Feature 
Pyramid Network (PAN-FPN) is then used to 
combine multi-scale features in a structured manner. 
This fusion enhances contextual understanding 
across different resolutions and improves the 
detection of small or partially occluded human 
figures. The refined feature maps are then fed into 
the YOLOv8-Pose head, which performs joint 
prediction of bounding boxes, confidence scores, 
and human skeletal keypoints in an end-to-end 
fashion. 

 

  
Fig. 3: Flowchart of YOLO-EFTI 
Source: created by the authors. 

 

Overall, the proposed architecture achieves a 

balance between computational efficiency and 
improved detection performance, making it suitable 
for real-time human pose estimation in thermal 
imaging. The flowchart of the proposed skeleton 
generation method is illustrated in Figure 3. 
 

Performance parameter 
To assess the effectiveness of the YOLO8-EFTI 
algorithm for object detection in thermal images, 
several standard performance metrics were used: 

Precision indicates the accuracy of positive 
predictions, Recall This reflects how well the model 
identifies all relevant objects in an image, The 
mAP@50 mean Average Precision at an IoU 
threshold of 0.5 evaluates detection accuracy and 
The mAP@50–95 provides a more comprehensive 
evaluation by averaging precision over multiple IoU 
thresholds ranging from 0.5 to 0.95, The overall 
performance measurement of the YOLO8-EFTI 
model is calculated by computed above metrics for 
each class and then averaged to obtained. To 
determine whether the proposed approach achieves 
improved accuracy in detecting objects within 
thermal images compare these values with those of 
existing methods.  

 
 

4  Result and Discussion 
The YOLO8-EFTI algorithm proposed in this work 
is designed to enhance object detection in thermal 
images, particularly for surveillance applications.  

This study specifically compares the Object 
detection and skeleton generation state-of-the-art 
methods with proposed method and Furthermore, 
evaluating the model’s performance in real-time 
scenarios is essential to confirm its practical 
applicability in surveillance systems. 

To validate its effectiveness, the proposed 
method is compared with existing object detection 
models, including Faster R-CNN (FRCNN), 
EfficientDet, SSD, and YOLOv8. The comparison 
is carried out using standard performance metrics 
such as Precision, Recall, and F1-score. The same 
thermal image database included four classes (Bus, 
Car, Cycle, and Person) for training purposes. The 
Google Colab platform was used, and a T4 GPU 
was configured for training.  

The Table 1 shows comparison between 
existing deep learning architecture and proposed 
YOLO-EFTI method, which indicated 7.04% 
improvement in Precision value, 3.04% 
improvement in Recall and 2.40% improvement in 
F1 Score value, A summary of the scores mentioned 
in Table 1 is graphically shown in Figure 4, [29]. 
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Table 1.  Comparison between Deep Learning 

Architecture and Proposed method 
Methods Precision Recall F1 Score 

FRCNN 0.55 0.46 0.50 
Efficient-Det 0.67 0.41 0.51 
SSD 0.42 0.43 0.42 
YOLO-8 0.71 0.44 0.54 
YOLO-EFTI  0.76 0.60 0.67 

Source: created by the authors. 

 

 
Fig. 4: Comparison of YOLO8-EFTI and CNN 
architecture 
Source: created by the authors. 

 
Performance was evaluated on the FLIR 

Thermal Dataset using epochs from 0–200 with a 
learning rate of 0.001. At the final epoch, YOLOv8-
EFTI achieved higher performance with 76.1% 
precision and 60.1% recall compared to 69.5% and 
43.6% for the default YOLOv8 as represented in 
Table 2 (Appendix). The proposed model also 
improved detection accuracy, achieving 58.5% 
mAP@50 and 25.8% mAP@50–95, outperforming 
the baseline YOLOv8 (53.9% and 23.9%). 

Figure 5 illustrates performance variation across 
training epochs (1–200) for the default YOLOv8 
and the proposed YOLO8-EFTI model, showing 
improvements in performance parameters during 
training. Table 3 (Appendix) compares keypoint 
detection results of the default YOLOv8 pose model 
and YOLO8-EFTI at different epochs (50–200) 
using OKS-based metrics. The proposed model 
achieves the highest precision and improves Pose 
mAP@50–95 while maintaining similar Pose 
mAP@50 compared to the baseline. 

Although a slight decrease in recall is observed, 
the results show that the proposed YOLO8-EFTI 
model delivers more precise and reliable keypoint 
predictions, particularly at higher IoU thresholds. 
Overall, the findings indicate that the modified 
YOLO8-EFTI pose architecture consistently 

enhances pose estimation accuracy and achieves 
comparable or better mAP performance across 
training epochs. This highlights its effectiveness in 
accurately localizing keypoints when compared to 
the standard YOLO pose model. 
 

 
(a) Precision Chart (b) Recall Chart 

 
(c) mAP50 Chart (d) mAP50-95 

Chart 
Fig. 5: Comparison of proposed YOLO8-EFTI 
method and YOLOv8 Default architecture 
Source: created by the authors. 

 
Table 4. Testo 686 Thermal Camera specification 

Sr. 

No. 
Parameter Specification 

1 Infrared resolution 160 X 120 pixel 
2 Super Resolution 

(Pixel) 
320 X 240 pixel 

3 Thermal sensitivity <0.08º C 
4 Spectral range 7.5 to 14 µm 
5 Image refresh rate 9 Hz 

Source: created by the authors 

 
The proposed YOLO8-EFTI methodology was 

also applied to a real-time dataset captured on 
campus using a Testo686 thermal camera, the 
specifications of which are listed in Table 4. The 
some sample images are shown in Figure 7 

The real-time image dataset consists of four 
classes: Bus, Car, Cycle, and Person. All images 
were pre-processed using the Testo software. These 
processed images were applied to the proposed 
YOLO8-EFTI method on the Google Colab 
platform using a T4 GPU. The results are shown in 
Figure 8. 
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(a) Predicted Image I (b) Predicted Image II 

Fig. 6: Predicted thermal images obtained using 
proposed YOLO8-EFTI method. 
Source: created by the authors. 

 
Figure 6 shows the predicted results of the 

thermal images from the test dataset of the FLIR 
thermal dataset.  

 

       
(a) Car        (b) Bus 

Fig. 7: Real time thermal images captured using 
Testo 686 
Source: created by the authors. 

 
The thermal image dataset were pre-processed 

and applied to the proposed YOLO8-EFTI method 
on the Google Colab platform using a T4 GPU. The 
proposed YOLO8-EFTI method was applied to one 
class i.e. Person with 6 keypoints (head, body, left 
hand, right hand, left leg and right leg). The results 
are shown in Figure 9. 

 

   
Fig. 8: Output of proposed YOLO8-EFTI method 
Source: created by the authors. 

 
Table 6 presents a comparative performance 

analysis of different EfficientNet architectures (B0–
B7) when used as backbones in an object detection 
or image analysis model (likely YOLO or a similar 
detector). Table 5 (Appendix) evaluates the 

performance using standard metrics: Precision, 
Recall, F1 Score, mAP@50, and mAP@50-95. 

Stochastic Gradient Descent (SGD) is a widely 
used optimization method due to its simplicity and 
effectiveness in training large-scale models, [30]. 
The randomness can introduce gradient variance and 
slow convergence, [31]. To address this, improved 
variants such as mini-batch SGD and advanced 
sampling methods (e.g., typicality sampling) have 
been developed to reduce noise and enhance 
training efficiency, [32]. 
 

       
Fig. 9: Keypoint Prediction using proposed 
YOLO8-EFTI method 
Source: created by the authors. 

 
Table 6. Analysis of Efficient Net Backbone 

architecture 
Architecture P R F1 

Score 

mAP@ 

50 

mAP@ 

50-95 

B0 0.561 0.601 0.290 0.585 0.258 
B1 0.785 0.614 0.345 0.639 0.295 
B2 0.561 0.601 0.290 0.585 0.258 
B3 0.703 0.584 0.319 0.628 0.306 
B4-B7 0.561 0.601 0.290 0.585 0.258 
Source: created by the authors. 

 
θ𝑡+1 =  θ𝑡 −  𝜂∇θ𝐽(𝜃𝑡)  (7) 

 
Where, 
𝜃𝑡: model parameters at step t. 
∇θ𝐽(θ𝑡): Gradient of the loss function J with respect 
to parameters 
𝜂: Learning rate  

 
The Adam optimizer is commonly used in deep 

learning due to its ability to adapt the learning rate 
for each parameter and handle sparse gradients 
efficiently. It combines the strengths of AdaGrad 
and RMSProp, resulting in faster and more stable 
convergence compared to standard Stochastic 
Gradient Descent, [33]. Adam works by maintaining 
moving averages of both the gradients and their 
squared values to compute adaptive learning rates. 

However, in applications involving differential 
privacy, the introduction of noise can affect 
performance by introducing bias in the estimation of 
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the second moment. To address this issue, 
approaches such as DP-AdamBC have been 
proposed, which apply bias correction techniques to 
improve accuracy under noisy conditions, [34]. 

The first moment (mean of gradients) (8), 
second moment (uncentered variance) (9), and their 
corresponding bias-corrected estimates (10) are 
calculated as follows: 

𝑚𝑡 =  𝛽1𝑚𝑡−1 + (1 − 𝛽1) ∙ 𝑔𝑡    (8) 
 
𝑣𝑡 =  𝛽2𝑣𝑡−1 + (1 −  𝛽2) ∙ 𝑔𝑡

2   (9) 
 

𝑚𝑡̂ =  
𝑚𝑡

1− 𝛽1
𝑡 , 𝑣𝑡̂ =  

𝑣𝑡

1− 𝛽2
𝑡    (10) 

 
Where, 
𝑚𝑡 ∶ momentum, smooth the gradient 
𝑣𝑡 : scales the learning rate adaptively 
𝛽1 ∶ Exponential decay rate for first moment 
𝛽2 ∶ Exponential decay rate for second moment 
𝑔𝑡 =  ∇θ𝐽(θ𝑡): Gradient of the loss function 
  

An extension of the AdamW optimizer 
introduces weight prediction to further improve its 
performance. In this approach, future weights are 
estimated before each mini-batch update by utilizing 
the AdamW update rule. These predicted weights 
are then used during both the forward and backward 
passes, allowing the optimizer to achieve faster 
convergence and improve overall training efficiency 
in deep neural networks, [35]. 

AdamW itself is an improved variant of the 
Adam optimizer, where weight decay (11) is 
separated from the gradient update process. This 
decoupling helps in better regularization, leading to 
improved generalization and reduced overfitting. As 
a result, AdamW is particularly well-suited for 
training complex deep learning architectures. 

 
g𝑡 =  ∇θ𝐽(θ𝑡) +  𝜆 ∙  𝜃𝑡  (11) 

 
Where, 
λ: weight decay coefficient 
 

In general, for simple models Stochastic Gradient 
Descent (SGD) can be effective, Adam and AdamW 
are often preferred in modern deep learning 
applications due to their faster convergence and 
better performance. 

Following Table 5 (Appendix) shows a 
comparative analysis using three optimizers: SGD, 
Adam, and AdamW to compare the YOLO default 
architecture and the proposed YOLO8-EFTI 
approach  

 

Table 7. Analysis based on different Learning rate 
Learning 

Rate 

P R F1 

Score 

mAP@ 

50 

mAP@ 

50-95 

0.0001 0.629 0.216 0.322 0.243 0.0896 
0.0005 0.821 0.516 0.634 0.563 0.247 
0.001 0.792 0.519 0.627 0.582 0.28 
0.005 0.813       0.651       0.723 0.691        0.34 
0.01 0.771       0.524       0.624 0.649       0.283 

Source: created by the authors. 

 
In the further analysis hyper parameter learning 

rates are varied to compare proposed YOLO8-EFTI 
approach, with YOLOv8 architecture with the 
AdamW optimizer, as presented in Table 7. This 
tuning the learning rate highlights the optimal 
performance in thermal image detection tasks. 

Similarly, Table 8 presents comparison between 
YOLOv8 and proposed YOLO8-EFTI approach 
which indicates 3.70% in Precision, 15.38% in 
Recall, 9.72% in F1 Score, 18.84% in mAP@50 and 
8.10% in mAP@50-95 improvement. 

 
Table 8. Analysis based on different Batch 

Size 
Batch 

Size 

P R F1 

Score 

mAP@ 

50 

mAP@ 

50-95 

Time 

(hr) 

4 0.53 0.51 0.52 0.51 0.22 0.14 
8 0.72 0.62 0.67 0.69 0.30 0.11 

16 0.81 0.65 0.72 0.69 0.34 0.09 
32 0.84 0.75 0.79 0.82 0.37 0.10 

Source: created by the authors. 

 
 [36], served as the primary source of thermal 

images used in this research. The dataset contains 
grayscale thermal images captured under diverse 
environmental conditions, which is suitable for 
training and evaluating proposed YOLO8-EFTI 
model.  

 [37] was used for annotation, and 
preprocessing. The platform facilitated the manual 
labeling of class objects keypoints and bounding 
boxes, ensuring high-quality annotations compatible 
with the proposed YOLO8-EFTI model. 

 
 

5  Conclusion 
This study proposes the YOLO8-EFTI model, a 
modified version of YOLOv8 designed to improve 
object and pose detection in thermal surveillance 
environments. The backbone is enhanced using 
EfficientNet-B1, which achieved the best balance of 
detection performance with 78.5% precision, 68.9% 
F1-score, 63.9% mAP@50, and 29.5% mAP@50–
95 on the FLIR Thermal Dataset. EfficientNet-B3 
provided the highest mAP@50–95, indicating 
stronger fine-grained detection capability, while 
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other EfficientNet variants produced similar results 
under identical training conditions. 

For keypoint detection, the YOLO8-EFTI 
model improved pose precision by 2.94% and 
increased pose mAP@50–95 by 3.10%, 
demonstrating better keypoint localization accuracy 
and reduced false positives compared with the 
default YOLOv8 pose model. Across all evaluation 
metrics—precision, recall, F1-score, mAP@50, and 
mAP@50–95—the proposed method consistently 
outperformed the baseline architecture. 

Among optimizers, Adam optimizer achieved 
the highest precision and F1-score, while AdamW 
optimizer provided the best generalization with the 
highest mAP@50–95. Experiments with learning 
rates showed optimal performance at 0.005, while 
excessively high rates slightly reduced accuracy. 

Batch size experiments shows improved 
performance, with the best results obtained at a 
batch size of 32, achieving the highest precision, 
recall, F1-score, and detection accuracy.  

Overall, by experimentation it is proved that 
modified version of YOLOv8, YOLO8-EFTI 
framework significantly enhances detection 
accuracy, robustness, and training stability for 
thermal image surveillance applications. 
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APPENDIX 
 
 

Table 2.  Comparison between YOLOv8 Default Architecture and YOLO8-EFTI for object detection. 
 YOLOv8 Default Architecture Proposed Method 

Epoch P R mAP@50 mAP@50-95 P R mAP@50 mAP@50-95 
50 0.246 0.172 0.145 0.060 0.262 0.187 0.159 0.066 

100 0.716 0.305 0.347 0.144 0.792 0.277 0.379 0.164 
150 0.78 0.409 0.508 0.226 0.816 0.358 0.459 0.224 
200 0.695 0.436 0.539 0.239 0.761 0.601 0.585 0.258 

Source: created by the authors. 

 
Table 3. Keypoint Comparison between Yolo Default Pose and YOLO8-EFTI pose detection 

 Pose Precision 

(OKS) 

Pose Recall (OKS) F1 Score Pose mAP@50 

(OKS) 

Pose mAP@50-95 

(OKS) 

Epoch Default Proposed Default Proposed Default Proposed Default Proposed Default Proposed 

50 0.909 0.921 0.858 0.829 0.883 0.873 0.884 0.877 0.454 0.438 
100 0.951 0.977 0.936 0.957 0.943 0.967 0.975 0.983 0.637 0.628 
150 0.917 0.949 0.978 0.936 0.947 0.942 0.983 0.970 0.690 0.651 
200 0.951 0.979 0.978 0.893 0.964 0.934 0.982 0.982 0.645 0.665 

Source: created by the authors. 

 
Table 5. Analysis based on Optimizers 

Optimiser 

YOLO Default Architecture Proposed YOLO8-EFTI Method 

P R F1 mAP50 
mAP50-

95 
P R F1 mAP50 

mAP50-

95 

SGD 0.629       0.496       0.277 0.511       0.242 0.65       0.531       0.292 0.601       0.276 
Adam 0.752       0.643        0.347 0.74       0.374 0.892        0.71        0.395 0.79       0.379 

AdamW 0.77       0.753       0.381 0.778        0.42 0.828       0.669       0.370 0.775       0.422 
Source: created by the authors. 
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