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Body temperature is a critical health indicator, and non-contact thermal imaging-based 
prediction systems are essential for early detection of infectious diseases. This study compares 
the performance of three FA-SSD (Feature Fusion and Spatial Attention-Based Single Shot 
Detector) models with different feature extractors—VGG-19, MobileNetV3, and ResNet-152—
for face detection and body temperature prediction using thermal images. A subset of 520 
thermal facial images from the Comprehensive Facial Thermal Dataset was used, with 80% for 
training, 10% for validation, and 10% for testing. Model performance was evaluated using 
Generalized Intersection over Union (GIoU) for detection accuracy, and Mean Absolute Error 
(MAE) with Mean Absolute Percentage Error (MAPE) for temperature prediction accuracy. 
The results showed that no single model excelled in all metrics. ResNet-152 achieved the 
highest average GIoU, indicating superior object detection performance. VGG-19 delivered the 
lowest average MAE of 0.451°C and MAPE of 1.278%, making it the best for temperature 
prediction. MobileNetV3 achieved the lowest minimum MAE of 0.000050°C but showed 
higher average errors and validation fluctuations. In conclusion, VGG-19 is recommended for 
clinical temperature accuracy, ResNet-152 for robust detection, and MobileNetV3 for edge 
deployment. 
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1. INTRODUCTION 

Human body temperature is a vital indicator that directly reflects 
an individual's health and is commonly used for the early 
detection of various diseases, including the early symptoms of 
infections such as influenza and COVID-19 [1], [2]. In various 
public facilities, such as airports, hospitals, and offices, rapid and 
accurate body temperature monitoring is crucial for controlling 
the spread of infectious diseases [3]. However, traditional 
contact-based thermometer methods have limitations, including 
longer measurement times and physical interaction, which may 
increase the risk of transmission [2], [4], [5]. 
 
The development of artificial intelligence (AI) technology plays 
a significant role in addressing medical issues [6], [7], particularly 

in computer vision, which enables machines to interpret and 
analyze visual information [8]. One of the models used in 
computer vision for object detection is the Single Shot Multibox 
Detector (SSD), known for its speed and effectiveness in 
detecting objects in images and videos [9], [10]. SSD has been 
further developed into the Feature Fusion and Spatial Attention-
Based Single Shot Detector (FA-SSD), which combines feature 
fusion and spatial attention to improve object detection accuracy 
[11]. FA-SSD enhances standard SSD by integrating multi-scale 
feature fusion and spatial attention mechanisms, which are 
particularly beneficial for capturing fine-grained thermal patterns 
on facial surfaces. 
 
While FA-SSD has demonstrated strong performance in general 
object detection tasks using RGB images [11], [12], its 
application to thermal-based body temperature prediction 
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remains largely unexplored. To the best of our knowledge, no 
previous study has systematically compared the impact of 
different backbone architectures—specifically VGG-19, 
MobileNet-V3, and ResNet-152—on the dual tasks of face 
detection and temperature regression from thermal imagery. 
Furthermore, existing research on thermal face analysis has 
primarily focused on face detection or recognition rather than 
continuous temperature value prediction. This gap is significant 
because accurate body temperature prediction requires not only 
precise facial localization but also reliable extraction of thermal 
intensity information from the detected region. 
 
Each feature extractor has unique characteristics and advantages 
that may influence performance in thermal imaging tasks. VGG-
19 is known for its deep architecture [13] and its effectiveness in 
transfer learning due to its 19 layers [14]. MobileNetV3 excels in 

computational efficiency on mobile devices [15]-[18], while 
ResNet-152 has advantages in mitigating the vanishing gradient 
problem in very deep networks [19],[20],[21]. However, how 
these architectures affect the trade-off between detection 
precision and temperature regression accuracy in thermal images 
has not been systematically investigated. 
 
The objective of this study is to compare the performance of the 
FA-SSD model with feature extractors VGG-19, MobileNetV3, 
and ResNet-152 in detecting faces and predicting human body 
temperature based on thermal images, as well as to evaluate the 
accuracy and prediction errors of each model using the metrics 
Generalized Intersection over Union (GIoU), Mean Absolute 
Error (MAE), and Mean Absolute Percentage Error (MAPE).  

 
 

 
Figure 1. Research method  

 

2. METHOD 

The following describes the methodology used in this research, 
as shown in Figure 1. The approach encompasses the essential 
steps, from dataset collection to model training, to ensure the 
effectiveness and accuracy of human body temperature prediction 

based on thermal images. Each stage of the process has been 
carefully planned to optimize data quality and enhance the 
model's performance. The following subsections outline the 
detailed steps involved in data preprocessing, dataset splitting, 
and training the FA-SSD model. 
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Figure 1 illustrates the research methodology for developing a 
temperature detection model based on image data, using the FA-
SSD (Feature Attention Single Shot Detector) method. In general, 
the research process begins with data collection, followed by data 
preprocessing, dataset splitting, and modeling with FA-SSD 
across various feature-extractor architectures. The model is then 
tested using the test data and evaluated using GIoU, MAE, and 
MAPE metrics. The evaluation results are compared to analyze 
the performance of the three feature extractors. Finally, a 
comparison of the results is made, leading to the research 
conclusion. 
 

2.1. Dataset Collection 

The primary material used is the Comprehensive Facial Thermal 
Dataset released by Abuhussein et al,. [22]. This dataset consists 
of 2,250 human facial thermal images captured using the UNI-T 
UTi165A camera, which is used for thermal-based face detection 
and recognition. The data collection process was conducted 
directly using the UNI-T UTi165A thermal camera, which is 
specifically designed for face detection, face recognition, and 
emotion expression analysis. The selected dataset provides a 
diverse representation of facial expressions and environmental 
variables, making it suitable for predicting body temperature 
under varying conditions. In this study, a subset of the dataset was 
used, containing 520 images with a rainbow color palette, which 
includes variations in emotional expressions and environmental 
conditions, as well as a temperature range from 0°C to 50°C. The 
selected subset includes only images with clear facial visibility 
and minimal occlusion to ensure reliable annotation and 
temperature extraction. The resolution of the thermal images 
produced is 240×320 pixels. This dataset is publicly available 
through Mendeley Data at 
https://data.mendeley.com/datasets/8885sc9p4z/1. The dataset 
has been anonymized and is publicly available for research 
purposes. No additional ethical approval was required as this 
study uses only pre-existing, de-identified thermal images. 
 

2.2. Preprocessing Data 

In this study, several preprocessing steps were performed to 
prepare the dataset for analysis and ensure high-quality data for 
model training. The first step was to crop the thermal images to 
remove unnecessary elements, such as digital temperature panels 
and other information located at the top and right sides. The 
original image size of 240 × 320 pixels was cropped by 38 pixels 
from the top and 43 pixels from the right, resulting in a final 
image size of 197 × 282 pixels. This cropping process is essential 
for eliminating visual noise from measurement instruments, 
ensuring the model focuses solely on the relevant target object. 
After cropping, padding was applied to standardize the image 
size. Proportional padding was added to the left, right, top, and 
bottom, bringing the final image size to 512 × 512 pixels. The 
target size of 512 × 512 pixels was selected to meet the input 
requirements of the FA-SSD backbone networks while 
preserving sufficient spatial resolution for face detection and 
temperature extraction. This ensures that the proportions and 
details of the main object are preserved without distortion, while 
centering the important areas of the image. No data augmentation 
was applied to maintain consistency with real-world deployment 
scenarios. 

 
The next step involved annotating the images to delineate the 
target areas for model training. LabelImg, a GUI-based 
annotation tool, was employed to manually label the facial 
regions with bounding boxes and the label "person." The 
annotations were saved in the Pascal VOC (XML) format, which 
is fully compatible with the FA-SSD architecture implemented in 
this study. A total of 520 images were meticulously annotated, 
with each annotation file stored in XML format, ensuring that 
filenames corresponded to their respective image files. This 
annotation process is essential to ensure the model is trained to 
focus precisely on the facial region, which is crucial for accurate 
body temperature prediction. 

 

 
Figure 2. Illustration of the Data Annotation Process with Facial 

Bounding Box 

2.3. Model Training and Hyperparameter Tuning 

Training was conducted using Visual Studio Code, with a virtual 
environment managed through Anaconda. The entire model 
development and training process leveraged CUDA acceleration 
on the NVIDIA GeForce GTX 1660 Ti GPU with Max-Q Design. 
A random seed of 42 was set for dataset splitting and model 
initialization to ensure reproducibility. The model used in this 
study is the Feature Fusion and Spatial Attention-Based Single 
Shot Detector (FA-SSD), integrated with three feature extractors: 
VGG-19, MobileNetV3, and ResNet-152. 
 
The dataset was randomly divided into three parts: 80% for 
training, 10% for validation, and 10% for testing. This division 
allows for efficient model training while ensuring that sufficient 
data is reserved for both validation and testing. The 80% training 
data ensures the model has enough examples to learn effectively, 
while the 10% validation data helps fine-tune the model and 
prevent overfitting. The remaining 10% testing data is used for 
final performance evaluation, providing an unbiased assessment 
of the model's generalization ability. 
 
The model was optimized using a combined loss function: GIoU 
loss for bounding box regression and Mean Squared Error (MSE) 
loss for temperature prediction. To optimize model performance 
during training, hyperparameter tuning was carried out, including 
adjustments to the number of epochs, batch size, learning rate, 
dropout rate, and optimizer type. The optimal combination of 
hyperparameters was determined using EarlyStopping, which 
halts training automatically if validation performance does not 
improve after a set number of epochs (patience = 10), and 
ReduceLROnPlateau, which adaptively adjusts the learning rate 
with a reduction factor of 0.5 and patience of 3 when the model's 
performance stagnates. These strategies were essential for 
preventing overfitting and accelerating the model's convergence. 



  RIDHO SHOLEHURROHMAN/ JURNAL NASIONAL TEKNOLOGI DAN SISTEM INFORMASI - VOL. 12 NO. 02 (2026) 300-311 

https://doi.org/10.25077/TEKNOSI.v12i2.2026.300-311  Ridho Sholehurrohman 303

The hyperparameters used for all three models are summarized in 
Table 1. These settings were consistently applied across all 
models for fair comparison. 
 
Table 1. Hyperparameter Tuning for FA-SSD Models 

Parameter Value 
Epoch 40 

Batch size 16  
Optimizer Adam 

Learning rate 0.0001 
EarlyStopping Patience = 10 

ReduceLROnPlateau Reduction factor = 0.5, Patience = 3 
Dropout 0.5 

 

2.4. Model Evaluation 

The performance of the trained models was evaluated using 
several widely accepted metrics, including Generalized 
Intersection over Union (GIoU), Mean Absolute Error (MAE), 
and Mean Absolute Percentage Error (MAPE). These metrics 
were chosen to assess both the accuracy of object detection and 
the precision of body temperature predictions. 

2.4.1. Generalized Intersection over Union (GIoU) 

Generalized Intersection over Union (GIoU) is an extension of 
the Intersection over Union (IoU), designed to overcome the 
limitations of IoU when the two bounding boxes do not overlap. 
While IoU focuses only on the overlapping area between two 
bounding boxes, GIoU considers the space outside the boxes, 
providing additional information about the relative positioning 
and distance between the two objects [23],[24],[25]. This makes 
GIoU a more comprehensive metric for evaluating object 
detection performance, especially when objects are not 
overlapping. The formula for GIoU is defined as [23]: 

𝐺𝐼𝑜𝑈 = 𝐼𝑜𝑈 −  
|஼∖(஺∪஻)|

|஼|
  (1) 

where 𝑰𝒐𝑼 is the traditional Intersection over Union 
|𝑨∩𝑩|

|𝑨∪𝑩|
, 𝑨 is 

the ground truth bounding box, then 𝑩 is the predicted bounding 
box, and 𝑪 is the smallest enclosing bounding box that can cover 
both 𝑨 and 𝑩 [23].  
 

 
 

Figure 2. Illustration of GIoU Calculation 
 

Figure 3 illustrates the GIoU calculation, in which C denotes the 
smallest enclosing box. This adjustment enables GIoU to penalize 
inaccurate predictions, even when there is no overlap between the 
predicted box and the ground truth box, thereby measuring how 
far the predicted box is from the correct position 

2.4.2. Mean Absolute Error (MAE) 

Mean Absolute Error (MAE) is an evaluation metric used to 
assess how well a model's predictions align with the actual data 
or observations. MAE is calculated as the average of the absolute 
errors between predicted and actual values [26]. A lower MAE 
value indicates better model performance, as it suggests that the 
difference between predictions and actual values is smaller. The 
formula for MAE is [27]: 

𝑀𝐴𝐸 =  
ଵ

௡
∑ |𝑦௜

ᇱ − 𝑦௜|
௡
௜ୀଵ   (2) 

where 𝒚𝒊
ᇱ is the predicted value, then 𝒚𝒊 is the actual value, and 𝒏 

is the number of data points. 
  

2.4.3. Mean Absolute Percentage Error (MAPE) 

Mean Absolute Percentage Error (MAPE) is a statistical metric 
used to evaluate the accuracy of predictions in forecasting 
models. It calculates the average absolute percentage error 
between predicted values and actual values [28]. MAPE is 
particularly useful when comparing model performance across 
different datasets or scales. The formula for MAPE is [26]: 

𝑀𝐴𝑃𝐸 =
ଵ

௡
∑ ቚ

௒೔ି௒೔
ᇲ

௒೔
ቚ × 100௡

௜ୀଵ     (3) 

where 𝒀𝒊 is the actual value for the 𝒊-𝒕𝒉 sample, then 𝒀𝒊
ᇱ is the 

predicted value for the 𝒊-𝒕𝒉 sample, and 𝒏 is the total number of 
data points. 

3. RESULT AND DISCUSSION 

This section presents and discusses the findings of our 
experiments, evaluating the performance of the proposed FA-
SSD models with feature extractors VGG-19, MobileNetV3, and 
ResNet-152 using the metrics described in the previous section. 
The results are analyzed to compare the effectiveness of each 
backbone architecture and to identify the model that provides the 
best overall detection performance. 

3.1. Training Performance Analysis 

The performance of the models was evaluated during training 
using Generalized Intersection over Union (GIoU), Mean 
Absolute Error (MAE), and Mean Absolute Percentage Error 
(MAPE). 

 



RIDHO SHOLEHURROHMAN/ JURNAL NASIONAL TEKNOLOGI DAN SISTEM INFORMASI - VOL. 12 NO. 02 (2026) 300-311 

Ridho Sholehurrohman  https://doi.org/10.25077/TEKNOSI.v12i2.2026.300-311 304

  
(a)                   (b) 

 

 
(c) 

 
Figure 4. GIoU Training Graphs of FA-SSD: (a) VGG-19, (b) MobileNetV3, and (c) ResNet-152  

 
Figure 4 shows the GIoU training graphs for FA-SSD: (a) VGG-
19, (b) MobileNetV3, and (c) ResNet-152. In the early epochs, 
GIoU increased sharply for all models. VGG-19 reached nearly 
97% by the end of training, while MobileNetV3 stabilized 
between 85% and 90%, and ResNet-152 achieved a steady range 
of 92% to 95%. The training process was conducted for 40 epochs 
with a batch size of 16, using the Adam optimizer with a learning 
rate of 0.0001. EarlyStopping was applied with a patience value 
of 10, and ReduceLROnPlateau with a reduction factor of 0.5 and 
patience of 3 to prevent overfitting and improve convergence. A 

dropout rate of 0.5 was used to enhance generalization, 
particularly for VGG-19. For validation, VGG-19 maintained a 
stable GIoU of 90-92%, while MobileNetV3 showed more 
fluctuations (80-87%), and ResNet-152 remained stable at around 
90%. These results suggest that VGG-19 achieved the best 
balance between training and validation, while MobileNetV3 
showed greater validation instability, possibly due to its smaller 
model size and different optimization behavior. 
 

  
(a)                   (b) 
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(c) 

 
Figure 5. MAE Training Graphs of FA-SSD: (a) VGG-19, (b) MobileNetV3, and (c) ResNet-152.  

 
Figure 5 illustrates the MAE training graphs for the models: (a) 
VGG-19, (b) MobileNetV3, and (c) ResNet-152. The training 
MAE consistently decreased across all models, indicating that the 
models improved at predicting body temperature over time. 
VGG-19 showed the most consistent decrease, reflecting strong 
performance in temperature prediction. The training 
hyperparameters—such as a batch size of 16, a learning rate of 

0.0001, and a dropout rate of 0.5—helped prevent overfitting and 
enabled efficient learning. Similarly, ResNet-152 showed a 
gradual decrease in MAE, indicating improvement in prediction 
accuracy. However, MobileNetV3 showed some fluctuations in 
the validation MAE, suggesting instability, possibly due to its 
lightweight architecture, which is more sensitive to variations in 
thermal features. 

 

  
(a)                   (b) 

 
(c) 

 
Figure 6. MAPE Training Graphs of FA-SSD: (a) VGG-19, (b) MobileNetV3, and (c) ResNet-152.  

 
Figure 6 presents the MAPE values for the models: (a) VGG-19, 
(b) MobileNetV3, and (c) ResNet-152. The training MAPE for all 
models decreased consistently, indicating that the models' relative 
prediction error diminished over time. VGG-19 had the lowest 
MAPE, indicating superior prediction accuracy. The use of the 
Adam optimizer, learning rate of 0.0001, and dropout rate of 0.5 
contributed to stable learning and superior performance. ResNet-
152 showed consistent improvement in MAPE, with only slight 

fluctuations, indicating good model performance. However, 
MobileNetV3 exhibited larger spikes in validation MAPE, 
reflecting instability in its predictions. This fluctuation could be 
attributed to the smaller batch size of 16 and the dropout rate of 
0.5, which may have caused the model to struggle with 
generalizing to the validation data. 
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3.2. FA-SSD Evaluation 

Model evaluation was conducted on two main aspects: object 
detection (bounding box) and body temperature prediction. The 
metric used for object detection evaluation is the Generalized 
Intersection over Union (GIoU). At the same time, temperature 
prediction accuracy was assessed using Mean Absolute Error 
(MAE) and Mean Absolute Percentage Error (MAPE). Prediction 
results were automatically collected for all test images and 
analyzed descriptively to compare the performance of the three 
feature extractors tested. This series of research steps aims to 
identify the optimal FA-SSD model with a feature extractor for 
object detection and body temperature prediction from thermal 
images. 

3.2.1. Object Detection Evaluation 

In this stage, model performance was evaluated in terms of object 
detection by measuring the Generalized Intersection over Union 
(GIoU). The GIoU metric is used to assess the similarity between 
the model's predicted bounding box and the ground truth in the 
test data. The higher the GIoU value, the better the model is at 
precisely detecting the object's location. In the object detection 
process, the model initializes a predicted bounding box as an 
initial estimate of the object's position in the image. This 
bounding box is then adjusted to align more closely with the 
actual position (ground truth). GIoU is used to measure how well 
the predicted bounding box matches the ground truth by 
comparing the intersection area of the two regions to their union 
area. In this evaluation, the average GIoU values for each 
model—FA-SSD VGG-19, FA-SSD MobileNetV3, and FA-SSD 
ResNet-152—were analyzed. Figure 7 below presents a barplot 
visualization of the average performance of the three models. 

 
 

Figure 7. Comparison of Average GIoU Performance Model  
 
Based on Figure 7, FA-SSD with the ResNet-152 extractor 
demonstrated superior performance in detecting facial objects on 
the dataset used in this study. 

3.2.2. Temperature Prediction Evaluation 

The model's performance in predicting temperature was 
evaluated by comparing its predictions with the actual 
temperature in the test data. To calculate the model's performance 
in temperature prediction, the Mean Absolute Error (MAE) and 
Mean Absolute Percentage Error (MAPE) metrics were used. The 
MAE value indicates the average absolute difference between the 
predicted and actual temperatures. Meanwhile, MAPE measures 
the average percentage error in predictions. 
The evaluation results on the test data provide an overview of how 
accurately the model predicts temperature. Table 2 below 
presents the statistical results of prediction differences for each 
model used in this study. 

 
Table 2. Temperature Prediction Results of Different Models  

Model  FA-SSD VGG-19 FA-SSD MobileNetV3 FA-SSD ResNet-152 
 

MAE (°C) 
Min 0.009430           0.000050            0.017208                         

Max 2.348637 2.154587 2.218922 
Average 0.451361 0.472088 0.545047 

 
MAPE (%) 

Min 0.027333  0.000142 0.050464 

Max 6.364869             6.489719                  6.683499                  
Average 1.277950 1.343460 1.546691   

 
Based on Table 2, the performance results for the three FA-SSD 
models are presented using the MAE and MAPE metrics. The 
FA-SSD VGG-19 model showed the best overall temperature 
prediction performance. This model achieved the lowest average 
error, with an MAE of 0.451361°C and a MAPE of 1.277950%. 
The minimum MAE achieved was 0.009430, and the maximum 
was 2.348637. These results indicate that FA-SSD VGG-19 
achieves the highest temperature prediction accuracy among the 
three models. 
 
Next, the FA-SSD MobileNetV3 model ranked second. This 
model recorded an average MAE of 0.472088°C and an average 
MAPE of 1.343460%. Interestingly, this model achieved the 
lowest MAE of 0.000050°C, although its overall average error 
was slightly higher than that of VGG-19. 

Meanwhile, the FA-SSD ResNet-152 model showed the lowest 
temperature prediction accuracy in this comparison. This model 
produced an average MAE of 0.545047°C and an average MAPE 
of 1.546691%. Based on these results, it can be concluded that 
FA-SSD ResNet-152 has the largest average temperature 
prediction error among the three models tested. Overall, no single 
model excelled in all metrics, so model selection should be 
tailored to the application requirements, whether prioritizing 
object detection localization precision or body temperature 
estimation accuracy. 

3.3. FA-SSD Testing Results  

After conducting the quantitative evaluation of the three models 
in Section 3.2, this section presents visual examples of prediction 
results from each model on the test data. Figure 8 shows sample 
predictions from FA-SSD VGG-19, FA-SSD MobileNetV3, and 
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FA-SSD ResNet-152 along with the metric values generated for 
each prediction. It should be noted that the values shown in Figure 

8 are the results of single prediction samples, not overall average 
values. 

 
Figure 8. FA-SSD Testing Results: VGG-19, MobileNetV3, and ResNet-152.  

 
In Figure 8, the FA-SSD VGG-19 model demonstrated excellent 
performance on a single test sample. This model achieved a GIoU 
value of 95.05%, indicating precise object detection on that 
sample. For temperature prediction, the model predicted 35.75°C 
with an MAE of 0.15°C and a MAPE of 0.41%. These results are 
consistent with the evaluation in Section 3.2, which showed that 
FA-SSD VGG-19 has the lowest average MAE and MAPE 
among the three models. 
 
Next, the FA-SSD MobileNetV3 model achieved a GIoU score 
of 93.75% on the test data. The predicted temperature was 
34.93°C with an MAE of 0.43°C and a MAPE of 1.25%. These 
results align with the findings in Section 3.2, which indicate that 
MobileNetV3 has an average error slightly higher than that of 
VGG-19. 
 
Furthermore, the FA-SSD ResNet-152 model demonstrated solid 
performance. With a Ground Truth temperature of 36.70°C, the 
model predicted 36.41°C, yielding a GIoU of 94.35%, an MAE 
of 0.29°C, and a MAPE of 0.78%. Although the GIoU value in 
this sample (94.35%) is slightly lower than that of VGG-19 
(95.05%), it should be recalled that, based on the evaluation in 
Section 3.2, the ResNet-152 model has the highest average GIoU 
among the three models for overall object detection. 
 
Overall, the visual examples in Figure 8 reinforce the evaluation 
findings in Section 3.2. FA-SSD VGG-19 excels in temperature 
prediction (lowest average MAE and MAPE), while FA-SSD 
ResNet-152 excels in object detection (highest average GIoU). A-
SSD MobileNetV3 offers a balance with lower computational 
complexity, as reflected in its competitive average MAE and 
MAPE despite the lightest architecture 

3.4. Analysis and Discussion 

The experimental results reveal an interesting trade-off between 
object detection accuracy and temperature prediction precision 
across the three feature extractors. While ResNet-152 achieves 
the highest average GIoU score, it does not yield the most 
accurate temperature predictions. Conversely, VGG-19 delivers 
the lowest MAE and MAPE despite having a slightly lower 
average GIoU than ResNet-152. This finding suggests that 
precise bounding box localization does not necessarily translate 

into better temperature estimation, likely because temperature 
prediction depends more on the consistency of pixel intensities 
within the detected region than on the exact boundary alignment. 
The superior detection performance of ResNet-152 can be 
attributed to its deep residual architecture, which enables better 
feature extraction and gradient flow during training. However, the 
same architecture may introduce effects that slightly degrade the 
model's ability to capture fine-grained temperature variations, 
potentially due to the loss of high-frequency thermal information 
through deep residual connections. In contrast, VGG-19, with its 
more straightforward architecture, appears to preserve better the 
thermal intensity information needed for accurate temperature 
regression. 
 
MobileNetV3 presents an interesting case. Despite having the 
lightest architecture and showing more validation fluctuations 
during training, it achieved the lowest minimum MAE among all 
models. This indicates that MobileNetV3 achieves excellent 
predictions on certain samples but struggles to maintain 
consistency across the entire dataset. This behavior is typical for 
lightweight models that trade off some generalization capacity for 
computational efficiency. 
 
From a practical perspective, the choice of model should be 
guided by the specific application requirements. For fever 
screening in clinical settings where temperature accuracy is 
paramount, VGG-19 is the most appropriate choice despite its 
higher computational cost. For applications that require robust 
facial localization before temperature extraction, such as multi-
person screening in crowded environments, ResNet-152 offers 
higher detection reliability. For deployment on edge devices with 
limited computational resources, MobileNetV3 provides a viable 
balance between accuracy and efficiency. 
 
For future work, ensemble strategies that combine ResNet-152 
for detection with VGG-19 for temperature prediction could be 
explored to leverage the strengths of both architectures. 
Additionally, testing on more diverse thermal datasets collected 
under varying environmental conditions would help validate the 
generalizability of these findings. Furthermore, optimization 
techniques such as quantization or pruning could be applied to 
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MobileNetV3 to enhance its deployment feasibility on edge 
devices while maintaining prediction accuracy. 

4. CONCLUSION 

This study evaluated the performance of three FA-SSD models 
with different feature extractors—VGG-19, MobileNetV3, and 
ResNet-152—for object detection and body temperature 
prediction from thermal images, using the GIoU, MAE, and 
MAPE metrics. The experimental results showed that no single 
model excelled in all evaluation metrics. FA-SSD ResNet-152 
achieved the highest average GIoU, indicating superior object 
detection performance due to its deep residual architecture. 
However, this model produced the highest average temperature 
prediction errors with an MAE of 0.545°C and an MAPE of 
1.547%. In contrast, FA-SSD VGG-19 delivered the most 
accurate temperature predictions, achieving the lowest average 
MAE of 0.451°C and MAPE of 1.278%, despite having a slightly 
lower average GIoU than ResNet-152. FA-SSD MobileNetV3, as 
the lightest architecture, showed competitive performance with 
an average MAE of 0.472°C and MAPE of 1.343%, and notably 
achieved the lowest minimum MAE of 0.000050°C among all 
models. 
 
From a practical perspective, the choice of model should be 
guided by specific application requirements. For clinical fever 
screening where temperature accuracy is critical, FA-SSD VGG-
19 is the most suitable choice. For applications that require robust 
facial localization before temperature extraction, such as multi-
person screening in crowded environments, FA-SSD ResNet-152 
offers higher detection reliability. For deployment on resource-
constrained devices such as mobile or embedded systems, FA-
SSD MobileNetV3 strikes a viable balance between accuracy and 
computational efficiency. 
 
Several limitations of this study should be acknowledged, 
including the characteristics of the dataset and the controlled 
testing environments. For future work, ensemble strategies that 
combine ResNet-152 for detection with VGG-19 for temperature 
prediction could be explored to leverage the strengths of both 
architectures. Additionally, testing on larger and more diverse 
thermal datasets and applying optimization techniques such as 
quantization or pruning to MobileNetV3 would further enhance 
its deployment feasibility on edge devices. 
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