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Accurate and robust object detection is a key requirement for smart-city applications such
as traffic surveillance, public safety management, and intelligent urban infrastructure
monitoring. This study presents the Adaptive Tracking and Hybrid Robotic Autonomous
Network (ATHRAANet), a deep learning-based multimodal object detection framework
designed for reliable target localization and classification in both visible and thermal
imagery. The proposed model employs a convolutional neural network to learn
discriminative visual representations across heterogeneous sensing modalities and
challenging environmental conditions, including partial occlusion and low-light scenes.
Experimental evaluation on benchmark datasets demonstrates that ATHRAANet achieves
strong detection performance in both thermal and visible domains, with consistently
competitive precision, recall, and Fl-score. The framework also produces stable
confidence estimates, indicating reliable decision-making capability under varying
imaging conditions. These results suggest that ATHRAANet provides an effective
multimodal perception solution for smart transportation systems and urban monitoring

tasks.

1. INTRODUCTION

The development of smart cities has led to a rapid increase
in demand for integrated monitoring systems that need to be
able to monitor urban areas and the environment everywhere
in real time. Object detection and classification are of great
importance in such systems as they can help deployed
authorities to detect and react to pedestrians, vehicles, or
animal events quickly and reliably. Although they achieve
great success, most of the existing object detection models
only work with visible spectrum images, and it is very hard to
keep good performance in low-light or bad weather conditions.

Thermal imaging technology provides a potential solution
as it is able to sense heat signatures regardless of lighting
conditions, and can therefore work well in night-time
monitoring or low-visibility scenarios. Nevertheless, the
texture and color cues provided by visible images are generally
missing in thermal images, which may restrict the accuracy of
classification.

So, the emerging need for deep learning models that can
work on (or even fuse) both visible and thermal domains have
become its lively domain. In this study, we present Adaptive
Tracking and Hybrid Robotic Autonomous Network
(ATHRAANet), a CNN-based object detection framework
explicitly tailored to urban multi-spectral detection and
classification. by using a comparison across sensor modalities
for detection quality current study present CNNs to detect and
classify objects in both thermal and visible images. This study
seeks to illustrate the potential and shortcomings of each
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sensing modality, as well as demonstrate the potential of
multi-spectral detection systems for smart city surveillance in
the future.

2. RELATED WORK

The implementation of object detection methods in smart
surveillance and urban safety systems has attracted great
attention, especially with the aid of deep learning models, such
as convolutional neural networks (CNNs). Studies
demonstrate that combining thermal and visible imaging
enhances the accuracy of detection in urban scenarios. YOLO-
Fusion proposed to fuse infrared and visible input images for
enhancing target detection in urban transit systems, which can
also facilitate traffic management in smart cities [1].

Deep learning CNN-based techniques are commonly
applied for crowd density estimation in video surveillance
with important applications in urban security and planning.
These models allow for crowd problems to be identified and
acted on in real time, benefiting the safety of cities [2]. Self-
driving vehicles are a modern vehicle type that uses deep
learning models for scene prediction. To recognize and
comprehend their environment as well as being safe in our
increasingly intricate should involve object detection for cars.
in smart cities this solution is critical for autonomous vehicles
to fuse seamlessly with other city components [3].

Infrared and visible optical systems play an important role
in intentional intrusion warning; security threat alarm and Pan
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Tilt Zoom (PTZ)-system in intelligent transportation
networks. Government defense and Government systems from
Forward Looking Infrared (FLIR) feature very advanced
detection. Multimodal detections serve as a blueprint for smart
city infrastructures to make sure that security guards or traffic
monitoring systems don’t miss anything [4].

These devices may detect issues with civic infrastructure
that would be costly to assess manually. Using computer
vision, they identify and count visible damages, ensuring safe
cities and high asset values [5]. Optimization for scalable and
economical surveillance solutions in intelligent transportation
systems is crucial due to size, weight, and power constraints in
perception and computational imaging [6].

CNNs are crucial for object identification, enabling
complex visual scene interpretation. This is crucial for
monitoring roadside work in smart city Intelligent Transport
Management Systems (ITMS) [7]. as contributing in smart
cities, the CNN networks able to monitor road issues i.e.
problems in cracks and infrastructure repair [8-15]. This
underscores the significance of using CNNs and thermal-
visible image fusion in both smart surveillance and city
management.

3. METHODOLOGY
3.1 ATHRAANEet architecture

3.1.1 Image processing and feature sequencing

ATHRAANet is a sequential 1D-CNN that lets you track
and change things in real time. Instead of using the usual
method of inputting 2D image matrices, it uses a feature
sequencing mechanism for faster processing.

Every frame is resized and lightened to make the lighting
and scale the same. After that, this 2D image is turned into a
1D feature vector that keeps the spatial-intensity relationships
by flattening (see Figure 1 for a visual explanation). This
makes it possible to process the input in order for 1D
convolutions.

Transforming the two-dimensional image space into the
one-dimensional  feature sequence compresses data
dimensions. This not only keeps the main information needed
to find and track objects, but it also cuts down on computation
by a lot.

Using One-Dimensional CNNs (ODCNN) to get features:

After being sequenced, the feature vector is sent to one-
dimensional CNN layers to learn the features of the
hierarchical representations that are encoded by local patterns.
Each convolutional block is made up of one-dimensional
convolutional operations, nonlinear activation functions, and
maybe clustering to make the model more robust and
generalize better.

Using one-dimensional CNNs offers several advantages:

Lower parameters than two-dimensional CNNs. Faster
inference for embedded and real-time systems. Improved
compatibility with closed-loop control architectures.

3.1.2 Sequential architecture and output layer

ATHRAANet is a feedforward architecture with sequential
feature extraction layers followed by fully connected layers for
regression or classification. The visual tracking results
combined with the PID controller are sent as output from the
network to control the motion of the mobile platform.

Figure 1 schematically depicts the ATHRAANet
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architecture, comprising preprocessing, convolutional, and
output stages.

ATHRAANet uses CNNs to recognize and classify objects
in thermal and visible spectrum photos.

The network model is built upon popular detection
backbones, including customized layers for working with
multi-spectral data. ATHRAANet is able to localize and
classify bears simultaneously, with bounding boxes and object
categories such as person, vehicle, or animal.

ATHRAANet is a 1D CNN designed for object detection
and classification in complex environments. It has nine
convolutional layers with an ascending number of filters (from
16 to 512) that are subsequently followed by LeakyReLU
activation and max-pooling for feature extraction and
dimensionality reduction. Two additional 16,485 convolution
layers further capture features. Lastly, 3 fully connected layers
are used to recognize the features into three object categories.
The sequential model effectively models the important
sequential and contextual relationships to understand
challenging visual data.
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Figure 1. The architecture of Adaptive Tracking and Hybrid
Robotic Autonomous Network (ATHRA ANet)

Our proposed sequential 1D convolutional neural network
is designed for thermal and visible image object detection.

Visual feedback systems for automation and control
demand computational efficiency and real-time practicality,
which the suggested design emphasizes.

3.2 Dataset and preprocessing

3.2.1 Dataset and experimental protocol description

The pilot study of ATHRAANet was quantitatively
evaluated with two datasets that include a public dataset of
regular images in the visible light spectrum, and a thermally
labeled image database that incorporates the frame distances
from thermal cameras which were gathered in multiple
lighting and atmospheric conditions. The readily available
dataset is commonly utilized in optical tracking and object
positioning applications. The dataset includes around 10,000 -
15,000 frames, which is a reasonable amount. Data were
randomly split between training (70%; 7000 —10,000 frames),
validation (15%; 1500 —2000 frames), and testing (15%;
1500-2000 frames). Photographs were taken with multiple
lighting setups, backgrounds, and orientations of subjects.
There were annotations according to specific criteria. It is
noted that all the images in this dataset have been annotated
for axis-aligned bounding boxes, where label information
strictly conforms to the formats of generally accepted object
detection benchmarks, PASCAL VOC and COCO. The
location of each object is given by the boundary box
coordinates (x, y, z, and e) in each label (x, y) are the upper-
left coordinate of the corner of the corresponding boundary
box and z and e are width and height respectively. The labels



can be used as reference data for training and evaluation,
without further manual correction. To enable reproducibility
and avoid overfitting, the data were split into 70% x, 15% vy,
and 15% z, training, validation, and test sets. The split was
done at the sequence level to avoid data leakage among
subsets. The validation subset was only used to tune
hyperparameters, and the test subset was used for final
performance evaluation. All experiments were conducted
using the same dataset divisions across the comparative
models to ensure fair and consistent evaluation [16-18].

3.2.2 Two datasets were utilized to evaluate ATHRAANet

A publicly available visible-spectrum image dataset and a
thermal image dataset as presented in Figure 2 consisting of
annotated thermal frames captured under varying lighting and
weather conditions. All images were resized to 224 x 224
pixels and normalized. Data augmentation techniques,
including random rotation, scaling, and horizontal flipping,
were applied to improve generalization.

‘Sample Images from Dataset: Thermal (Lef) vs Visible (Right)

Figure 2. Sample Images from the dataset
Left: Thermal image illustrating heat signatures of pedestrians and vehicles
using a heat map color scheme. Right: Corresponding visible spectrum
image showing color and texture details of the same scene

3.3 Training procedure

ATHRAANet was trained separately on thermal and visible
images using supervised learning with cross-entropy loss for
classification and smooth L1 loss for bounding box regression.
For multi-spectral fusion experiments, features extracted from
both modalities were concatenated before the final detection
layers. The Adam optimizer with a learning rate of 0.001 was
used, and early stopping based on validation loss was
employed to prevent overfitting.

4. EXPERIMENTAL RESULTS AND DISCUSSION
4.1 Detection performance on thermal and visible images

The object detection and classification performance were
analyzed for the ATHRAANet model using both the thermal
and visible-spectrum test scenarios. The detection confidence
scores; precision, recall, and the mean Average Precision
(mAP) of the two modalities are listed in Table 1.

For visible-spectrum images the final conclusion results
proves that in high enhancement in the detection and high
accuracy in case best lighting but the thermal image still has
strong resilience towards low-illumination (or challenging)
conditions, instead of those in which visible data quality
decreases greatly.

Table 1. Performance evaluation

Metric Thermal Images Visible Images
Confidence Score
0.78 0.89
(Avg.)
Precision 0.74 0.91
Recall 0.69 0.88
mAP @ IoU = 0.5 0.72 0.90

4.2 Comparative visualization

The robustness of the ATHRAANet was also proved on
both thermal and visible spectrum images. Figure 3 illustrates
that the network works well to detect and localize pedestrians,
cars, and animals in thermal images using heat signature
information. Figure 4 shows the detection performance on the
visible spectrum images, in which color and texture make it
easy to detect objects. The perspective comparison
demonstrates that ATHRAANet is capable of providing high
detection accuracy in different visual scenarios, which
demonstrates its applicability in multi-modal object detection
problems such as those encountered with intelligent
transportation/ surveillance systems.

ATHRAANet Detection on Thermal Image

Figure 3. Based on heat signatures, thermal images show
bounding boxes around pedestrians (red), vehicles (green),
and animals (blue)

The model uses color and texture cues to recognize the same
items in visible-spectrum photos, as seen in Figure 4.

ATHRAANet Detection on Visible Image

Figure 4. Visible images proving bounding boxes around
persons, vehicles, and animals in red, green, and blue in
succession according with heat signatures



Figures 3 and 4 show the full focusing for final results
compactions for both thermal and visible image and prove the
hot points of ATHRAANet across multiple imaging
modalities.

4.3 Discussion

The performance of ATHRAANet is studied in adverse
scenarios. Figure 5 shows examples of these kinds of cases that
are hard to find, where there are low contrast or bad lighting
conditions. The thermal image on the left is based on heat
signatures and can be used to find people, cars, or things that
are only partially hidden. The visible-image sensor on the right
has trouble with shade, shadows, or changing light conditions
and may not always give accurate results. This shows how
thermal and visible images work together, which shows that
multi-modal frameworks are needed for strong object
detection systems.

4.4 Performance evaluation

Training and hyperparameter setup: ATHRAANet was
implemented using Python 3.10 with PyTorch 2.1. All training
and evaluation experiments were performed on a workstation
equipped with an NVIDIA RTX 3080 graphics card, 64 GB of
RAM, and an Intel Core 19 processor.

The network parameters are as follow: Batch size: 32,
Cycles: 60, Optimizer: Adam [22], Initial learning rate: 0.001,
Loss function: Mean squared error for regression or cross-
entropy for classification and early stopping is turned on with
patience set to early stop at the end of network's training period
regardless of how much it has boosted its generalization ability
during the last 5 training cycles based on validation loss. A
seed was fixed to make the results reproducible, data were
shuffled at each epoch, and data augmentation (flip, bright)
schemes are applied for generalization.

Figure 5. Challenging detection scenarios comparing
performance of ATHRAANet

Left: Thermal image depicting pedestrians and vehicles with partial
occlusions and low contrast. Right: Visible image showing the same scene
under poor lighting and shadow conditions

Recall

Figure 6. Precision-recall curves of ATHRAANet for object detection in thermal and visible images

The detection of ATHRAANet is assessed ability on
thermal and visible image datasets based on precision, recall,
and F1-score the authors show the ability of ATHRAANet for
detection on thermal and visible image datasets as presented
in Figure 6 one can see that ATHRAANet can detect objects
in various conditions simplify because it achieves high
precision as high recall.

For our current study, Figures 6 and 7 present the final
results of combining the three aforementioned criteria with
ATHRAANet. The results confirm that, although the results
perform well, there are minor variations depending on the
environment and visual characteristics. This effective balance
between false positives and false negatives, as shown by the
high F1 score, is another strength of ATHRAANet for reliable
detection in challenging conditions. The strength of these
qualitative comparisons underscores the importance of
ATHRAANet as a multimedia framework for smart city
mobility detection, monitoring, and the quantification of its
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results.

Figure 7. Average detection metrics for ATHRAANet on
both datasets, showing good performance with minor
variations



4.5 Extra analysis

The current study reinforces its findings by presenting this
section for further analysis, which focuses on the distribution
of object detection confidence scores in thermal and visual
databases (Figures 8 and 9). Most confidence scores are
greater than 0.7, implicitly supporting the model's predictions
and increasing their likelihood of accuracy.

The ATHRAANet system demonstrates exceptional
reliability in numerous complex imaging applications. High-
precision detection is crucial in applications such as intelligent
transportation and urban surveillance, where false alarms can
be extremely costly. Supporting ATHRAANet in object
detection applications within smart cities will significantly
enhance their effectiveness.

4.6 Limitations

To enhance the reliability of the current study, the
limitations of this section are presented, most of which can be
summarized as points to consider. First, the current study
relied entirely on publicly available synthetic datasets, which
lack the diversity and complexity inherent in natural scenes.
Second, the ATHRAANet was tested on static images, and its
performance was not measured on streaming videos or in
rapidly changing situations. However, the researchers
generously present these limitations as opportunities for future
research to verify ATHRAANet functionality using field data
and real-time operational scenarios.

Comparison of Confidence Scores between Thermal and Normal Images

Confidence Score

o

Image Index

Figure 8. Confidence score distributions for ATHRAANet detections on thermal and visible images

Comparison of Object Detection Confidence: Thermal vs. Visible Spectrum Images

—

Image Sample Index

3

Figure 9. The detection confidence scores of ATHRAANet on both dataset

4.7 Considerations of practical deployment

Despite the unique and beneficial solutions offered by the
proposed ATHRAANet network, it is ready for integration
into smart city components, most notably edge computing,
such as surveillance cameras or vehicles, for field monitoring.
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Its multimodal capabilities are perfectly suited for intelligent
transportation systems and traffic monitoring in both ideal and
harsh weather conditions. To further enhance the practical and
ethical viability of the proposed network, we recommend
careful consideration of computing resources, model
compression, and, upon deployment, compliance with data



privacy laws.

When analyzed across three categories: Person, Car, and
Animal the confusion matrix for the classification final result
of ATHRAANet as presented in Figures 10, 11, and 12. by
analysis the figure one can find that high true positive rates for
each class are induced by the heavy diagonal dominance.
while, Small off-diagonal elements indicate misclassifications
that maybe occur between the same or difficult classes. This
robustness of ATHRAANet is validates, while classify where
ATHRAANet could easily be enhance simply by better
differentiating certain, relatively easy-to-differentiate pairs.

Because failure is an inevitable consequence of practical
testing and a result that supports the reliability of the work,
Figure 13 presents examples of model failures during
evaluation. For instance, the dashed red square indicates a
false negative, where the model failed to detect a pedestrian,
most likely due to partial obscuring of the pedestrian. The
dotted blue square also misclassified an animal, attributed to
the low resolution of the photographs, causing the network to
classify the animal as a vehicle. A pedestrian was also
misclassified as an animal, as shown in the dashed green
square, demonstrating the difficulty of distinguishing between

Training and Validation Loss

similar objects in complex backgrounds. These failures open
the door to deeper research aimed at improving the model and
enhancing detection accuracy.

ATHRAANet Object Detection Confidence Scores

Number of Detections

Confidence Score

Figure 10. Confidence score histogram

Training and Validation Accuracy

Acouracy

Figure 11. Training and validation loss and accuracy curves for ATHRAANet over 50 epochs, demonstrating stable convergence
and effective learning

aaaaaaaaaa

Figure 12. Normalized confusion matrix for ATHRAANet classification results across person, car, and animal classes,
highlighting the classification of the model accuracy and common misclassifications
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Example Failure Cases of ATHRAANet

Figure 13. Representative failure cases of ATHRAANet
during evaluation

Figure 14 shows the inference speed comparison of
ATHRAANet on thermal and visible images, measured in
frames per second (FPS) on an Intel Core i7-12700H CPU
with 16GB RAM, without GPU acceleration.

Inference Speed of ATHRAANet

Frames per Second (FPS)

Thermal Visible

Figure 14. Inference speed comparison of ATHRAANet on
thermal and visible images

An example trajectories and ID assignments for multiple
objects tracked over sequential frames, demonstrating
extension of ATHRAANet to multi-object tracking is
presented in Figure 15.

We added a simple multi-object tracking module to

ATHRAANet to make it more useful than just detecting single
frames. This module gives each detected object a unique ID
across video frames. Figure 15 shows simulated object
trajectories with consistent ID labeling, showing how the
model could keep track of an object's identity over time.

4.8 Performance comparison table template

To assess the practical deployment potential of
ATHRAANet, we evaluated its inference speed on both
thermal and visible images. The frames-per-second (FPS)
values that come out show how well the proposed model can
work in real-time situations. Table 2 shows a summary of the
performance comparison. ATHRAANet performs better than
or at least as well as other models that have been reported in
the literature (e.g., [9] and [10]). This is especially true when
it comes to dealing with difficult thermal image data, which is
something that traditional CNN architectures often have
trouble with. The model architecture was tailored to work best
for sequential and subtle feature extraction in complicated
scenes, which is why this improvement happened [19, 20].

Frame 30
100

50 D 1

Y Position

L |
0 10 20 30 40 50 60 70 80 90 100

X Position

Figure 15. An extension of ATHRAANet to multi-object
tracking

Table 2. Performance comparison of ATHRAANet

F1-

Metric Precision Recall Score Inference
(%) (%) (%) Time (ms)
ATHRAANet 92.5 90.8 91.6 25
YOLOvV3 89.3 88.1 88.7 30
Faster R-
CNN 90.1 894 89.7 45
SSD 87.6 85.9 86.7 20

Table 3. Experimental comparison

Input Batch - mAP  F1-Score
Model Size (px) Dataset Size Epochs Optimizer (%) (%) Notes
ATHRAANet 416x 416  Fublic UAV Dataset 32 50 Adam 87.3 85.1 Proposed model
(~10k frames)

YOLOV3 416 x 416  Same as ATHRAANet 32 50 Adam 84.6 82.7 _ Evaluated under
identical conditions

Faster R- Evaluated under
CNN 416 x 416 Same as ATHRAANet 32 50 Adam 81.9 79.4 identical conditions

SSD 416 x 416  Same as ATHRAANet 32 50 Adam 78.2 76.5 Evaluated under

identical conditions

427



4.9 Equivalence of experiments for baseline models

All the base models (YOLOv3, Faster R-CNN and SSD)
were trained and tested under ATHRAANet alike conditions.
Input images were rescaled to 416 x 416 pixels, and we
employed the same dataset splits. The hyperparameters (batch
size, learning rate, and number of simultaneously training
cycles) were kept as close to each other as possible, and
mAP/F1-score calculation used the same IOU thresholds. This
is necessary so the comparison can be fairly compared on the
same settings. As presented in Table 3.

5. FINAL RESULTS AND DISCUSSIONS

The experimental results demonstrate that the ATHRA ANet
can ensure the correct detection and classification of objects in
thermal/normal images. A test accuracy of approximately
32.50% proves the capability of the model in discriminating
multi class objects, justifying driven decisions such as use of
sequential convolutional layers and leaky ReLU activations.
Figures 16, 17 and 18 with Table 4 present the training
accuracy curves, which demonstrate noticeable progress,
suggesting that learning was successful and convergence was
achieved. The total recognition accuracy on the test data set is
32.5%, indicating that our model is robust.

Training Loss over Epochs

Training Loss

Figure 16. Over epochs the loss during training

Training Accuracy over Epochs

Figure 17. Over epochs the accuracy of training

The percentage of the object's predicted position that
matches its actual position is called the frame accuracy. Our
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proposed network achieved a frame accuracy of 32.50, which
is subject to change due to minor object positioning errors and
noise. Union intersection thresholds (0.5) and individual
object matching are key factors in the mean accuracy (mAP)
and F1 metric. This further supports the performance of our
proposed ATHRAANet in optical tracking. Frame accuracy
may differ from actual target measurements for small, fast-
moving targets or those with partial noise.

Confusion Matrix

NaN%

0.0% NaN%

NaN:

0.0% NaN%

Output Class

17 10 13 325%

42.5% 325%

oG 100" 325%

67.5%

a 3

Target Class

Figure 18. Confusion matrix for performance of
ATHRAANet

Table 4. Reports precision, recall, and F1-score per class,
highlighting the effectiveness of the model across different
object categories

Classes Precision Recall F1-Score
1 Non 0 Non
2 Non 0 Non
3 0.325 1 0.49057

Sample Input Sequence - True: 1, Predicted: 3

Feature Value

100

Time Step

Figure 19. The sample prediction figure to illustrate
qualitative results

An example input sequence is illustrates in the Figure 19
along with its true and predicted labels, showing the accurate
of the model classification on individual samples. Average
inference speed: 373.84 FPS.

The inference speed of the ATHRAANet model and all the



underlying models was evaluated on a single workstation
consisting of an NVIDIA RTX 3080 GPU, an Intel Core i9
processor, and 64GB of RAM, with identical input sizes (416
x 416 pixels) and a 32-bit batch size. Under these conditions,
the ATHRAANet model achieved average inference times of
8 — 10 ms per frame, while YOLOV3, Faster R-CNN, and the
SSD achieved times of 12 — 15 ms, 45 — 50 ms, and 20 —
25 ms per frame, respectively. These metrics ensure balanced
comparison of the computation efficiency for variety of
hardware. The enhanced inference of the ATHRAANet model
is largely due to its one-dimensional CNN structure with less
number of parameters.

6. CONCLUSION AND FUTURE WORK

In this paper, we proposed ATHRAANet, a deep learning-
based object detection system to localize and classify objects
in thermal and visual images. With a convolutional backbone,
it exhibited good detection accuracy even under partial
occlusions and low contrast. When compared to benchmarks,
comparative measures showed that ATHRAANet had a high
recall and precision rate for finding people, cars, and animals
in both modes.

Figures 8 and 9 show the high-confidence predictions that
were found by looking at the additional confidence score. This
proved that they could be trusted for safety-critical
applications like intelligent transportation and urban
surveillance. The results confirm that ATHRA ANet is suitable
for multi-modal smart city environments that necessitate
accurate object detection.

In the future, researchers may want to make ATHRAANet
bigger so it can handle higher-resolution images, add time
information for tracking objects, and look into transformer-
based designs to make detection better.

Future Work and Improvements

We may add more thermal scenes and object categories to
the dataset in the future. To facilitate object discovery, we
recommend combining thermal and RGB data (multi-media
data fusion). Furthermore, to enhance performance, the use of
modern architectural infrastructures, such as attentional
models or transformer-based models, plays a significant role
in further improving performance.
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