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Abstract: Advancements in deep learning and infrared sensors have facilitated the integration of
RGB-thermal (RGBT) tracking technology in computer vision. However, contemporary RGBT track-
ing methods handle complex image data, resulting in inference procedures with a large number of
floating-point operations and parameters, which limits their performance on general-purpose proces-
sors. We present a lightweight Siamese dual-stream infrared-enhanced RGBT tracking algorithm,
called DuSiamIE.It is implemented on the low-power NVIDIA Jetson Nano to assess its practicality
for edge-device applications in resource-limited settings. Our algorithm replaces the conventional
backbone network with a modified MobileNetV3 and incorporates light-aware and infrared feature
enhancement modules to extract and integrate multimodal information. Finally, NVIDIA TensorRT is
used to improve the inference speed of the algorithm on edge devices. We validated our algorithm
on two public RGBT tracking datasets. On the GTOT dataset, DuSiamIE achieved a precision (PR)
of 83.4% and a success rate (SR) of 66.8%, with a tracking speed of 40.3 frames per second (FPS).
On the RGBT234 dataset, the algorithm achieved a PR of 75.3% and an SR of 52.6%, with a tracking
speed of 34.7 FPS. Compared with other algorithms, DuSiamIE exhibits a slight loss in accuracy
but significantly outperforms them in speed on resource-constrained edge devices. It is the only
algorithm among those tested that can perform real-time tracking on such devices.

Keywords: RGBT tracking; Siamese; infrared-enhanced; NVIDIA Jetson Nano; NVIDIA TensorRT

1. Introduction

The demands for computer vision are continuously increasing due to the advance-
ments in video surveillance, autonomous driving, and human–computer interaction tech-
nologies. Target tracking is a fundamental research area in this field. It entails continuously
monitoring an object’s location across consecutive frames by utilizing data from the initial
frame. This approach is widely used in various domains, such as security surveillance
and autonomous driving [1]. However, tracking systems frequently encounter challenging
scenarios such as dynamic changes in background illumination, target occlusions, rapid
target movements, and deformations, all of which pose significant difficulties for accurate
tracking. Specifically, dynamic changes in background illumination can lead to substantial
variations in image brightness and contrast, making it difficult to consistently identify the
target under different lighting conditions. Target occlusions can partially or completely hide
the target, preventing tracking algorithms from accurately detecting the target’s position.
Rapid target movements can cause image blurring or large frame-to-frame position changes,
rendering traditional tracking methods ineffective. These factors collectively have a severe
impact on the accuracy and reliability of tracking systems. Although target tracking meth-
ods have been developed to address these challenges, conventional RGB tracking, owing
to its dependence on visible-light imaging, is prone to failure in scenarios characterized
by pronounced variations in illumination, occlusions, or rapid target dynamics, thereby
posing significant challenges to the maintenance of robustness and real-time performance
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in practical applications [2]. Therefore, improving robustness and dynamic performance in
real-world scenarios has become a primary focus of research in target tracking [3].

The traditional approach for target tracking typically uses cameras and other equip-
ment to capture visual data of objects. However, relying on a single modality presents
challenges in acquiring sufficient information about the object. Specifically, visible light
imaging is susceptible to environmental factors such as fluctuations in illumination, rain,
smoke, and haze, which can significantly impair image quality. In contrast, infrared imag-
ing is less impacted by these conditions but suffers from lower resolution and reduced
textural details [4]. Furthermore, during thermal crossover, as shown in Figure 1, distin-
guishing between the target and the background within infrared images becomes difficult.
To overcome these limitations, an integrated vision tracker that combines both visible and
thermal infrared modalities can exploit their inherent correlation and complementarity.
This multimodal approach alleviates the limitations and uncertainties associated with
single-modal information, thereby enhancing the reliability of the tracking system [5].

Figure 1. Examples of poor lighting conditions (left) and exposure to shade (right).

The integration of multiple modalities necessitates the management of a substantially
larger volume of feature information, thereby demanding increased storage capacity [6],
enhanced computational power, and extended computation times [7]. Accurate target
tracking demands superior real-time performance compared to other visual tasks. Edge
devices, such as drones [8], autonomous vehicles [9], and wearable gadgets with limited
processing capabilities, require both high precision and real-time frame rates [10]. A
significant challenge in the practical implementation of RGBT tracking is ensuring both
tracking precision and real-time performance on resource-constrained edge devices [11].

Recently, the increasing prevalence of edge computing devices, such as the NVIDIA
Jetson Nano, has facilitated the advancement of effective target-tracking algorithms in
resource-limited environments. However, there remains a paucity of research dedicated
to reducing the computational complexity and resource consumption of these models.
Achieving accurate real-time target tracking on edge devices continues to pose significant
challenges [12]. Consequently, developing efficient and lightweight multimodal target-
tracking models for edge devices has become a primary focus of contemporary research [13].
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This study presents a novel and efficient dual-stream RGBT tracking network specifi-
cally designed for deployment on edge devices. The contributions of this work are primarily
as follows:

1. Dual-stream Siamese network: We present a specialized module designed to en-
hance infrared features and address the problem of feature loss during extraction,
particularly the under-utilization of infrared features commonly encountered in light
sensing. The incorporation of this module enhances the PR and SR by 2.7% and
3.3%, respectively.

2. Development of an infrared feature enhancement module: We introduce a novel
dual-stream Siamese network with optical sensing architecture for edge devices,
which demonstrates significant improvements in the PR and SR of 10.5% and 12.4%,
respectively, compared to a single-stream Siamese network.

3. Real-time tracking optimization using NVIDIA TensorRT: To facilitate real-time
tracking on resource-constrained edge devices, we utilize NVIDIA TensorRT. The
results demonstrate that the operating speed increased from 18.4 frames per second
(FPS) to 40.3 FPS, thereby fully meeting the real-time requirements for target tracking.

The subsequent sections of the paper are organized as follows: Section 2 presents
a review of pertinent research on RGBT target tracking. In Section 3, a comprehensive
discussion is provided regarding the three fundamental components of the proposed
tracking methodology. Section 4 offers a summary of the experimental results and analyses
conducted on publicly available RGBT datasets. Finally, Section 5 concludes the paper.

2. Related Work
2.1. RGB Tracking

RGB target tracking methodologies utilize visible light images to monitor and analyze
the positional dynamics of targets across consecutive frames. These methodologies are
broadly categorized into two primary paradigms: correlation filter-based methods and
deep learning-based approaches. Correlation filter-based RGB tracking systems, such as
the minimum output sum of squared error (MOSSE) algorithm [14], operate by matching
target templates in the frequency domain [15], achieving computational efficiency under
simplistic environmental conditions. However, these methods exhibit significant limitations
in complex scenarios, including low illumination, background clutter, and target occlusions,
where their robustness and tracking accuracy degrade considerably. Advanced techniques,
such as multi-task deep dual correlation filters (MDDCF) [16], have been proposed to
address these challenges by integrating alternating optimization and dual correlation
mechanisms. Nevertheless, the inherent dependency of these methods on visible-light
imaging restricts their adaptability in adverse and dynamic environmental conditions.

Similarly, deep learning-based RGB tracking approaches, exemplified by the Siamese
fully convolutional (SiamFC) neural network [17], frame the tracking task as a template
matching problem, thereby enhancing computational efficiency. However, these methods
often exhibit a lack of robustness when confronted with variations in target size or en-
vironmental disturbances. For instance, the Siamese box adaptive network (SiamBAN),
which introduces an anchor-free tracking framework capable of directly regressing target
position and size, circumvents complexities associated with predefined anchor boxes [18].
Despite this innovation, SiamBAN demonstrates suboptimal performance in scenarios
involving significant size variations or severe occlusions. Additionally, while the discrimi-
native tracker multi-domain network (MDNet) [19] achieves superior accuracy by training
multi-domain classifiers to distinguish targets from background datasets, its real-time
applicability is hindered by the computational overhead associated with online training,
limiting its robustness in dynamic environments [20].

Although RGB tracking methodologies have achieved considerable advancements,
they still encounter significant challenges in maintaining robust performance under adverse
conditions such as low illumination, occlusion, and dynamically changing environments.
These inherent limitations highlight the necessity for multi-modal tracking approaches that
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can leverage complementary information from diverse sensor modalities. By integrating
data from multiple sources, multi-modal tracking systems can enhance both the accuracy
and robustness of target tracking in complex and challenging scenarios.

2.2. RGBT Tracking

To address the limitations inherent in RGB tracking, researchers have increasingly
focused on multi-modal approaches, such as RGBT tracking, which integrates information
from both visible and infrared sensors. The fusion of these complementary modalities
helps mitigate issues related to occlusion and poor visibility, thereby ensuring more reliable
performance across a broader range of environmental conditions.

The integration of sensing devices and the advancement of deep learning has spurred a
growing interest in RGBT target tracking [21]. SiamFT [22] and dynamic Siamese networks
with multi-layer fusion DSiamMFT [23] expand the RGB Siamese network architecture by
incorporating a two-stream network designed to address the challenge of RGBT fusion
tracking. Despite the Siamese-based network’s simplicity, enabling faster computation,
its inability to fully utilize the capabilities of infrared and visible light modalities leads to
reduced accuracy [24]. Furthermore, the multi-adapter convolutional network (MANet) [25]
employs a multi-adapter network that performs modality-sharing, modality-specific, and
instance-aware feature learning within a unified deep architecture for RGBT tracking.
Additionally, the inclusion of a hierarchical multimodal fusion method in the hierarchical
multi-modal fusion tracker (HMFT) [26] greatly enhances accuracy. This approach not only
extracts shared features but also focuses on learning modality-specific features.

Recent studies have introduced sophisticated fusion strategies to enhance tracking
performance. The decision fusion adaptive tracker (DFAT) [27] addresses biases in RGB
and infrared modalities through dynamic weighting, achieving robust performance across
diverse conditions. It also optimizes template updates for long-term accuracy. The attribute-
based progressive fusion network (APFNet) [28] uses five attribute-specific branches to
tackle challenges like thermal crossover, illumination variation, and occlusion. By employ-
ing lightweight models, APFNet reduces dependency on large-scale training data while
maintaining accuracy. Its aggregation fusion module and enhancement fusion transformer
effectively combine and strengthen features, demonstrating superior performance on GTOT
and RGBT234 datasets. However, its relatively high computational complexity remains a
limitation for edge device applications [29,30].

3. Methodology

This paper presents the architecture of a lightweight Siamese dual-stream infrared-
enhanced RGBT tracking algorithm (DuSiamIE). Unlike conventional RGB tracking systems,
this method integrates complementary features from both infrared and visible-light imag-
ing, enhancing robustness against environmental challenges such as low illumination,
occlusions, and rapid motion, as shown in Figure 2.

The algorithm integrates a light-aware module into a lightweight Siamese net-
work tailored for edge devices. We introduce the multidimensional infrared feature
enhancement (MIFE) module, which enhances infrared features and improves modal
fusion details, addressing the issue of inadequate feature extraction and missing infrared
modalities in light-perception-guided modal fusion processes. Furthermore, to enable
real-time inference on edge devices, we optimize the algorithm’s feature extraction and
classification-regression layers to further enhance the performance of real-time tracking,
as detailed in Section 3.1.
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Figure 2. The DuSiamIE network: feature extraction via a Siamese network, modal fusion with the
LIFA module, infrared enhancement using the MIFE module, and tracking output after classification
and regression.

3.1. Lightweight Dual Stream Siamese Network Optimized for Edge Deployment

Target tracking technology has witnessed significant advancements in recent years.
The limitations of RGB target tracking have spurred a shift towards the development
of tracking algorithms that utilize multimodal fusion. The integration of multimodal
information can offer a more comprehensive understanding of target characteristics and
enhance the robustness and accuracy of tracking algorithms. However, the processing
of multimodal data leads to higher computational requirements and reduced real-time
performance, particularly when deployed on edge devices. To mitigate this problem, we
expand the RGB tracking network to ensure that the algorithm remains lightweight and
efficient while achieving high-precision tracking.

This study introduces a dual-stream Siamese network that comprises two branches,
each dedicated to processing its distinct input modality. To facilitate implementation on
edge devices, an optimized version of the lightweight network architecture, MobileNetV3, is
employed. It is made to reduce computational overhead, thereby enabling efficient deploy-
ment and acceleration on these devices. During the feature extraction phase, only the output
features from the fourth-layer inverted residual block are used for subsequent processing.

Under optimal illumination, visible light can capture features such as color, shape, and
texture. Conversely, in low-light or night-time conditions, infrared images can highlight
the thermal features of a target object by capturing its heat distribution and temperature
differences. To address this, we propose the light-aware feature aggregation (LIFA) module,
which optimizes the fusion process by considering illumination conditions. This allows
the module to adapt to the illumination of the input video and to identify and exploit
complementary and common features between different modalities. The structure of
the LIFA module is shown in Figure 3. The initial visible light frame is input into the
network with illumination perception capabilities. Features are further extracted through
convolution, and the model is stabilized by a batch normalization layer to accelerate the
training process. To achieve feature abstraction, fusion, and dimensionality reduction,
two fully connected layers are utilized. Consequently, two weights denoted as ωvi and
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ωir, which represent the illumination information, are obtained. The weights are derived
using the softmax function. Despite being remarkably lightweight, this perceptual network
possesses sufficient sensitivity to precisely detect illumination information and allocate
weights for fusion.

Infrared features are often underutilized in contemporary optical sensing networks.
This study introduces an approach that tackles this problem by enhancing infrared fea-
tures across multiple dimensions using the MIFE module. The combined and enhanced
template and search feature data are then fed into a high-level neural network for further
classification and regression tasks. This study employs anchor-free tracking in the final
head network designed for classification and regression tasks. The proposed methodology
deviates from earlier techniques that employed predefined anchor boxes for tracking. In-
stead, the algorithm directly predicts the target’s centroid and size, thereby reducing the
parameter count [31]. To generate the regression and classification feature maps, the tem-
plate and search features are concatenated at the pixel level. Furthermore, dimensionality
reduction techniques are implemented to decrease computational load, thereby improving
processing efficiency. This method is further refined to achieve a lightweight design. To
complete the target tracking process, the classification score map and regression offset are
derived from the classification and regression prediction layers, respectively.

During tracking, the object may exhibit localized movement near the boundary or
may move beyond the frame limits. To mitigate frame drift, this work proposes the use
of reflective padding. This technique involves mirroring pixels at the image’s edges into
the convolutional padding zone [32]. We specify the edge coordinates as (i, j), where i
represents the horizontal axis and j represents the vertical axis. Given a border pixel with a
value of p, reflective padding transfers this value to the adjacent padding location.

Horizontal direction:
Xpadded(i, j + P) = X(i, j). (1)

Vertical direction:
Xpadded(i + P, P) = X(i, j). (2)

This form of padding is generally considered to have a more natural visual impact
compared to zero padding. This is because it preserves the uninterrupted structure of the
image edges and reduces edge effects, thereby enhancing the authenticity of edge process-
ing. The method successfully mitigates the loss of information in the fused image when
objects are located near the boundary. Moreover, the padding procedure efficiently reduces
the influence of similarly shaped objects at the boundary. Subsequently, convolution is used
to extract relevant illumination properties, and adaptive average pooling (AAP) establishes
the dimensions of the output feature maps, ensuring the efficient preservation of spatially
essential information for subsequent tracking tasks.

Figure 3. LIFA module.

3.2. Multidimensional Infrared Feature Enhancement Module

The assessment of the DuSiamIE algorithm indicates that in environments with rapid
fluctuating illumination and significant target-background contrast, the algorithm fre-
quently encounters difficulties in differentiating between tracked objects, resulting in
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tracking failures. To resolve this issue, we employ mathematical modeling and provide the
LIFA-guided fusion method outlined in the preceding sections.

The variable L denotes light information, encompassing aspects such as spectral
distribution, geographical distribution, and reflectance. It mostly denotes the intensity of
light. The aim is to formulate a mathematical equation that accurately delineates the entire
process and extracts and integrates the feature information of L. Equation (3) delineates the
complete feature information F(L), comprising the visible light information fVI(L) and the
infrared feature information f IR(L), amalgamated by a weighting factor.

F(L) = ωvi(L) · fVI(L) + ωir(L) · f IR(L). (3)

The weighting coefficients ωir and ωvi, obtained from light perception, are associated
with light intensity and meet the equation ωir + ωvi = 1. In the model,

ωvi(L) =
L

L + M
, (4)

ωir(L) =
M

L + M
. (5)

In this context, M denotes an environmental constant that is separate from light. When
L is minimal, ωvi approaches 0, and ωir approaches 1; conversely, when L is maximal, the
reverse occurs.

The infrared feature information primarily relies on the thermal radiation of the object
and is typically considered a constant function:

f IR(L) = c. (6)

The modeling of the visible light feature information fVI(L) is a more complex oper-
ation. The feature information of visible light is inversely related to its intensity; hence,
the maximum value can only be attained under optimal lighting circumstances. Conse-
quently, an entropy model similar to the Gaussian distribution is utilized, expressed by the
following equation:

fvi(L) = A · exp(− (L − L0)
2

2σ2 ). (7)

In this application, L0 is the illumination level at which the optimal quantity of feature
information is accessible. A represents the maximal quantity of information, whereas σ
indicates the breadth of the control curve.

Substituting the aforementioned function into Equation (3) yields the following result:

F(L) =
L

L + M
· A · exp(− (L − L0)

2

2σ2 ) +
M

L + M
· c. (8)

In the limit of high light intensities (L→∞), the total feature information is predom-
inantly determined by the visible light information, with the infrared information being
effectively disregarded. Conversely, at low light intensities, infrared feature information
should, in theory, be the primary source of information. However, it was discovered that
under specific low-light conditions, infrared features were unable to exert a dominant
influence, with the majority of feature information still derived from visible light.

This is due to the fact that as L decreases, while the IR weight ωir(L) increases, the IR
feature information c remains constant and relatively insignificant. The visible light feature
information, fVI(L), although decreasing with L, is likely to remain high during the rapid
transition from high to low light. This is due to the smoothness of its exponential decay,
which results in a continuous dominance of the visible mode contribution.
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The derivation of Equation (8) is as follows:

F′(L) =
L

(L + M)2 · fvi(L) +
L

L + M
· f ′vi(L)− M

(L + M)2 · c. (9)

In which,

f ′vi(L) =
A

−σ2 · (L − L0) · exp(− (L − L0)
2

2σ2 ).

In instances of rapid alterations in illumination and elevated target-background con-
trast, the parameters σ and A exhibit a notable increase, resulting in a considerable rise
in fVI(L) and f ′vi(L). These remain the dominant components of the total information
F(L). Consequently, the potential of infrared features is not fully exploited across a broad
spectrum, and multimodal fusion is insufficient to attain optimal tracking outcomes in
certain instances.

To address this issue, this paper proposes enhancements to the infrared features. How-
ever, this paper finds that merely adjusting the fusion weights is insufficient to fully utilise
the infrared features, and this approach also affects the ability to perceive light normally.
Accordingly, this paper exploits the distinctive visual characteristics of infrared images,
which predominantly document temperature distribution and exhibit minimal color and
texture information. Furthermore, such feature information is typically distributed in
feature layers that are shallower than those containing visible light features.

In light of the aforementioned considerations, we propose the design of the MIFE
module. This method combines shallow infrared features with the current layer of infrared
features and performs multi-scale fusion enhancement, facilitating cross-scale information
interaction and capturing more valuable infrared feature information. The MIFE module
facilitates the acquisition of additional shallow infrared feature information and intro-
duces self-attention, which captures global information across different dimensions and
enhances the representation of infrared features. The incorporation of MIFE significantly
enhances tracking performance in scenarios characterized by rapid illumination changes
and difficulty in distinguishing between the foreground and background.

In Figure 4a, the architectural structure of MIFE is shown to consist of three parallel
branches. The cross-interactions between the C, H, and W dimensions are captured by
the latter two branches of the input feature map XMSI ∈ RC×H×W by rotating along the H
and W axes. After the multi-dimensional fusion processes, the three branches implement
an attention mechanism, producing intermediate features across multiple dimensions. As
illustrated in Equations (9) and (10), the final output is achieved via weighted averaging
X

′
MSI ∈ RC×H×W , where C, H, and W represent the processes in three distinct dimensions:

X
′
MSI_i = Dimi(XMSI) + XMSI , i = C, H, W, (10)

X
′
MSI =

X
′
MSI_C + X

′
MSI_H + X

′
MSI_W

3
. (11)

In this section, we describe three different operations, each representing a distinct
dimension. Specifically, in the first branch, the operation along the C dimension (channel
dimension operation) aims to eliminate the influence of the channel dimension while
constructing the dependency between height and width dimensions, denoted as H:W. As
illustrated in the green section of Figure 4b, assume the input feature map is given by
XHW ∈ RC×H×W . The input feature map XHW is first adjusted into three distinct forms as
inputs for the self-attention mechanism: XQ

HW ∈ RN×C, XK
HW ∈ RC×N , and XV

HW ∈ RC×N ,
where Q, K, and V represent the query, key, and value matrices, respectively, that are used
in the self-attention operation to capture the internal dependencies. Here, N = H × W
represents the number of spatial locations.
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Figure 4. MIFE module: (a) MIFE’s network structure. (b) Structure of the mechanism of self-attention
in different dimensions.

Next, we perform matrix multiplication between XQ
HW and XK

HW , yielding a feature
vector XQK

HW ∈ RN×N . This operation is intended to retain rich details while squeezing
the depth of the channel dimension. Subsequently, the optimized weights are obtained by
applying the Sigmoid function to XQK

HW ∈ RN×N . Finally, a matrix multiplication between
XV

HW and XQK
HW is performed, followed by a weighted summation with the original input

XMSI to obtain the final attention-fused output X
′
MSI_C.

In the second branch, the operation along the H dimension (height dimension opera-
tion) aims to eliminate the influence of the height dimension while establishing dependen-
cies between the channel and width dimensions, denoted as C:W. As illustrated in the pink
section of Figure 4b, the input feature map XMSI ∈ RC×H×W is rotated counterclockwise
by 90 degrees along the H axis, yielding the feature map XCW ∈ RW×H×C. To obtain the
output, we use the same self-attention mechanism and Sigmoid activation function as in
the first branch. Finally, the output is rotated clockwise by 90 degrees along the H axis to
maintain the original shape of the features, followed by a weighted summation with the
input to obtain the output feature map X

′
MSI_H .

In the third branch, interactions are conducted along the W axis, which involves the
operation along the W dimension (width dimension operation) to eliminate the influence
of the width dimension and establish dependencies between the channel and height dimen-
sions, denoted as C:H. As illustrated in the brown section of Figure 4b, the input feature
map XMSI ∈ RC×H×W is rotated counterclockwise by 90 degrees along the W axis, yielding
the feature map XCH ∈ RH×C×W . Similarly, we employ the same self-attention mechanism
and Sigmoid activation function as in the first branch. Finally, the output is rotated clock-
wise by 90 degrees along the W axis to maintain the original feature shape, followed by a
weighted summation with the input to obtain the output feature map X

′
MSI_W .

The uniform geometry of the MIFE module’s input and output feature maps allows its
application to any layer, thus helping to improve feature representation. The MIFE module
is added to DuSiamIE before the fourth feature extraction layer to incorporate shallow
infrared features. This integration uses a sophisticated separable convolutional architecture
to capture cross-dimensional interactions and improve the representation of infrared in-
formation, effectively resolving the problem of limited infrared feature contribution. This
work empirically confirms its efficacy in the ablation experiment described in Section 4.4.
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3.3. Optimization of Inference Speed for Embedded Devices

Efficient online processing is fundamental for practical applications of multimodal
target tracking systems on edge devices. Enhancing the computational efficiency and real-
time performance of the model while maintaining tracking accuracy is of great research
importance, especially for embedded devices with constrained resources.

The present study investigates the implementation of lightweight models on edge de-
vices and proposes optimization strategies to enhance operational efficiency. We implement
the algorithms on edge devices to assess their real-time inference performance. This enables
the complete process, including acquisition, processing, and result storage, to be executed
entirely on the edge device. An NVIDIA Jetson Nano with 4 GB of memory was chosen
as the edge device for this research. This development board has a processing capacity of
4.7 trillion operations per second (TOPS) at 10 W, which is adequate for supporting deep
learning model inference [33].

We further optimized the model using the NVIDIA TensorRT deep learning inference
optimizer to accommodate current software and hardware constraints. This optimization
streamlined the network architecture and enhanced the efficiency of resource utilization of
the underlying hardware components. In deep learning model inference, the convolutional,
activation, and normalization layers explicitly invoke the appropriate CUDA version 12.2
interfaces. The integration of layers and tensors using NVIDIA TensorRT enables the
consolidation of the initial network layers into a unified module, thereby reducing GPU
utilization, enhancing computational efficiency and preserving the fundamental operations
of the network.

The precise operating process of NVIDIA TensorRT is depicted in Figure 5. Initially, the
network architecture is vertically fused by integrating the convolution, bias, and rectified
linear unit (ReLU) layers into a composite “CBR” layer. The network architecture is
subsequently consolidated horizontally, whereby layers in the neural network that receive
identical input tensors and execute identical operations are combined into a single layer.
Ultimately, NVIDIA TensorRT facilitates the direct linkage of multiple output matrices and
buffers, thus eliminating the need for a separate concatenation operation. This enables the
output of the present layer to be immediately connected to the subsequent layer [34].

Figure 5. NVIDIA TensorRT optimization process.
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The majority of deep learning frameworks employ 32-bit floating-point (FP32) preci-
sion for tensors during the training process [35]. Although higher-precision data types can
improve accuracy, they also require more memory and computational resources. However,
in real-world inference scenarios, since the process does not involve backpropagation,
it is possible to reduce computational precision without significantly affecting accuracy.
NVIDIA TensorRT’s precision calibration technology allows the conversion of FP32 models
into lower-precision FP16 or INT8 formats. These optimizations reduce memory usage,
latency, and model size. By employing calibration, NVIDIA TensorRT effectively quantizes
FP32 models to INT8 precision while preserving performance, thus preventing degradation
due to reduced precision. This methodology aims to maintain accuracy while decreas-
ing resource consumption, thereby enabling more convenient deployment in resource-
constrained environments. Hence, the lightweight network described in this study can be
implemented on an embedded edge computing development board, facilitating effective
real-time processing for tracking visible light and infrared targets.

An analysis of the model’s performance on the NVIDIA Jetson Nano embedded
platform reveals that, after NVIDIA TensorRT acceleration, the real-time tracking frame
rate increases dramatically from 18.4 fps to 40.3 fps. This significant enhancement in frame
rate adequately satisfies the real-time tracking requirements of edge devices.

4. Experiments and Discussions
4.1. Datasets and Evaluation Indicators
4.1.1. GTOT Dataset and Metrics

The GTOT [36] dataset contains 50 video pairs from different scenarios and conditions,
and each pair consists of visible and thermal infrared videos. It consists of frames with
manually labelled real-world scenarios, and the challenge attributes are classified into
seven groups based on the state of the target. Two widely used evaluation metrics, the PR
and SR from the one-time evaluation (OPE), are used as evaluation metrics for the tracker.
For GTOT, the target object is usually small, and in this paper, the threshold is set to 5 pixels
following previous work.

4.1.2. RGBT234 Dataset and Metrics

The RGBT234 [37] dataset is a large-scale RGBT tracking dataset with 234 sequences
and 12 challenge attributes. The acquisition devices for this dataset are a thermal infrared
camera and a CCD camera, and the imaging parameters of the two cameras are identical,
which ensures a high degree of accuracy in the alignment between visible and thermal
infrared sequence pairs. Following previous work, the evaluation metrics in this paper are
based on the maximum precision rate (MPR) and maximum success rate (MSR), both with
a threshold of 20 pixels.

4.2. Experimental Environment

This study conducted the training of the proposed algorithm on a Windows 10 operat-
ing system, utilizing an AMD Ryzen 7 4800H CPU (4.20 GHz) and an NVIDIA GeForce
RTX 2060 GPU with 6 GB of dedicated RAM. The software environment comprised Python
3.8.18, CUDA 11.6, and PyTorch 1.13.0. Finally, to demonstrate the lightweight nature of
the algorithm during inference, it was deployed on an NVIDIA Jetson Nano edge device
equipped with a quad-core ARM Cortex-A57 CPU, 4 GB of LPDDR4 RAM, and a 128-core
Maxwell GPU. The NVIDIA Jetson Nano, with its balance of computational power and low
power consumption, is well-suited for assessing the efficiency of the proposed model in
real-time edge computing environments.

During the initial training phase, the backbone network of the tracker was trained
using multiple RGB datasets, including COCO [38], TrackingNet [39], LaSOT [40], and
DET [41], aiming to achieve optimal tracking performance. The backbone architecture
adopted a pre-trained MobileNetV3-Small model, which provides a good trade-off between
efficiency and accuracy. To effectively transfer learning from the pre-trained model, the
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backbone parameters were frozen during the first 10 epochs to train only the head network.
Subsequently, selective fine-tuning was performed on the feature extraction layers of
the backbone, allowing it to adapt specifically to the tracking task while retaining the
knowledge from the original pre-training.

The training process employed the stochastic gradient descent (SGD) optimizer with a
weight decay of 1 × 10−4 and a momentum of 0.9. The model was trained for 200 epochs
with a batch size of 64. The learning rate was initialized at 0.005 and decayed logarithmi-
cally to 0.0005, providing a gradual reduction that helps maintain stability as the model
converges. A warm-up strategy was implemented during the first 5 epochs, with the
learning rate starting from 0.001 and increasing incrementally by 0.001 per epoch. This
strategy ensured a stable initialization phase, thereby preventing gradient-related issues
during the early stages of training.

After the initial training on RGB datasets, the dual-stream Siamese network was
further refined using the RGBT234 dataset. This retraining aimed to improve the model’s
robustness to variations in illumination by leveraging both visible (RGB) and thermal
information. During this phase, the SGD optimizer with identical hyperparameters was
used, and training was conducted for an additional 20 epochs to adjust both the LIFA and
MIFE modules. This retraining process leveraged the previously learned features while
adapting the model to the additional thermal domain.

Following the training phase, the model was evaluated using the GTOT and RGBT234
datasets to assess its tracking accuracy and robustness under different environmental
conditions. The learning rate was adjusted logarithmically throughout the training process
to facilitate rapid and stable convergence, thus eliminating the need for continuous or
dynamic tuning and reducing computational overhead compared to conventional learning
rate adjustment techniques.

To enhance the generalization capabilities of the model, several data augmentation
techniques were employed during training, including translation, scaling, blurring, flip-
ping, and color perturbation applied to both the template and search regions. These
augmentation strategies were essential for mitigating overfitting and improving model ro-
bustness across diverse scenarios. Moreover, a fixed random seed was used during training
to ensure reproducibility of the experimental results, allowing for consistent evaluation
and comparison.

4.3. Comparison with Other Methods
4.3.1. Comparison of Results on GTOT

To evaluate the overall performance, the algorithms were deployed on an edge device,
the NVIDIA Jetson Nano, and compared with state-of-the-art trackers and lightweight
networks using Siamese networks, as shown in Table 1. In this paper, the unaccelerated
DuSiamIE and the TensorRT-accelerated DuSiamIE are compared with five other meth-
ods, including SiamRPN++ MobileNet [42], SiamCSR [7], DFAT [27], APFNet [28], and
HMFT [26]. As shown in the table, DuSiamIE’s PR reaches 83.4%, SR reaches 66.8% and
FPS reaches 18.4. However, the real-time performance of the most precise algorithms,
HMFT and APFNet, for inference on the NVIDIA Jetson Nano is currently limited to
0.02 FPS, respectively. These speeds are insufficient to fulfill the real-time demands. After
optimizing the network layers and floating-point precision using NVIDIA TensorRT, the
method described in this paper achieves a real-time running speed of 40.3 FPS. This speed
is approximately 2000 times faster than the highest-accuracy algorithm, indicating strong
performance and fully satisfying real-time requirements [43]. A more intuitive comparison
of accuracy and reasoning tracking speed is shown in the bubble chart Figure 6.

The following section presents a visual comparison of six algorithms, focusing on the
performance of DuSiamIE in relation to five other trackers across three sequences. Figure 7
illustrates that DuSiamIE precisely monitors the location of the target. Figure 7c shows a
sequence that includes all problematic characteristics from the dataset. The scene depicts
a fast-moving car in low illumination, partially occluded by dense foliage, overtaking
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another vehicle with similar thermal characteristics. The target’s dimensions undergo
substantial changes relative to the initial tracking frame. Despite these challenges, the
proposed method effectively tracks the target. However, as seen in Figure 7b, the method
described in this work repositions to the tracked target more slowly when faced with
occlusion compared to existing state-of-the-art techniques. This limitation arises from the
insufficient exploitation of deep features and the absence of an online template update
technique in our algorithm.

Table 1. Comparison of PR/SR scores (%) and FPS with other trackers on the GTOT dataset.

SiamRPNppMobile SiamCSR DFAT APFNet HMFT DuSiamIE DuSiamIE + TensorRT

PR 78.3 89.0 89.3 90.5 91.2 83.4 83.4
SR 65.8 70.7 72.3 73.7 74.9 66.8 66.8

FPS 5.3 4.8 0.69 0.02 0.02 18.4 40.3

Figure 6. Comparison of speeds of various tracking methods. (a) PR and speed based on GTOT.
(b) SR and speed based on GTOT.

Figure 7. Visual comparison of the tracker proposed in this article with other trackers on three video
sequences of GTOT: (a) Torabi1, (b) Quarrying, and (c) Fastcar2.

4.3.2. Comparison of Results on RGBT234

This paper compares the proposed tracker with five existing trackers across 12 RGBT234
attributes: no occlusion (NO), partial occlusion (PO), heavy occlusion (HO), low illumina-
tion (LI), low resolution (LR), thermal crossing (TC), distortion (DEF), fast motion (FM),
scale variation (SV), motion blur (MB), camera movement (CM), and background clut-
ter (BC). The results are summarized in Table 2, where the top three trackers for each
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challenge are highlighted in red, blue, and green, respectively. A dash (‘-’) indicates the
absence of available data or code, preventing the reproduction of the corresponding results.
The proposed tracker achieves PR and SR of 75.3% and 52.6%, respectively, with perfor-
mance comparable to the state-of-the-art trackers and notable robustness across multiple
attribute tests.

Table 2. Comparison of PR/SR scores (%) and FPS with other trackers on the RGBT234 dataset.

SiamRPNppMobile SiamFT DFAT HMFT APFNet DuSiamIE + TensorRT

NO 83.8 /64.2 84.8/62.0 80.9/55.7 90.9/67.4 80.8/54.1 82.2/61.2
PO 73.5/54.3 72.7/50.6 68.4/50.3 85.7/62.1 81.8/58.2 81.7/58.2
HO 59.4/43.4 57.6/40.7 75.4/55.6 66.4/46.9 84.7/59.6 67.5/45.1
LI 59.3/42.4 68.8/47.4 72.9/52.5 83.3/59.1 83.7/58.8 61.4/42.4
LR 66.4/46.5 69.6/46.5 74.1/53.3 76.3/57.1 83.4/58.8 74.1/46.4
TC 70.6/53.0 70.7/50.3 80.2/56.9 72.2/50.4 84.6/64.2 74.9/54.8

DEF 69.5/53.2 69.7/51.8 71.6/52.3 77.6/57.9 86.6/60.7 75.3/55.0
FM 65.3/46.9 62.0/42.2 71.4/52.2 65.9/46.9 79.9/59.1 75.8/51.2
SV 72.7/55.5 71.1/50.5 73.9/53.6 80.0/59.2 85.6/59.4 78.7/56.2
MB 64.5/48.7 59.0/43.3 76.9/53.1 70.6/50.9 89.0/62.7 66.3/47.3
CM 66.4/49.9 63.2/45.7 70.9/49.5 77.9/56.2 85.8/60.9 69.1/48.3
BC 57.8/39.3 60.5/40.3 79.5/57.7 73.8/49.8 84.5/61.2 64.8/41.9

ALL 69.7/51.7 68.8/48.6 75.8/55.2 78.8/56.8 82.7/57.9 75.3/52.6

FPS 5.3 - 0.7 0.32 0.5 34.7

All trackers were tested on the NVIDIA Jetson NANO, revealing a significant ad-
vantage for the proposed DuSiamIE tracker. Despite a marginal decrease in accuracy,
DuSiamIE, when deployed with NVIDIA TensorRT, attained a frame rate of 34.7 FPS,
which is over 60 times faster than the highest accuracy algorithm, demonstrating superior
performance among all evaluated trackers. This substantial speed gain aligns well with the
requirements for real-time inference in tracking applications. These findings, combined
with earlier evaluations, demonstrate that DuSiamIE offers not only high accuracy but
also a lightweight structure, which is uncommon among contemporary trackers, enabling
efficient real-time tracking on edge devices.

We compared DuSiamIE against five other state-of-the-art trackers, including ADR-
Net [44], HMFT, MDNet, DFAT, and APFNet, on three different sequences. As shown in
Figure 8, DuSiamIE accurately tracks the target. When the target moves or deforms rapidly,
DuSiamIE effectively handles this challenge due to its lightweight network structure. In
cases of varying degrees of occlusion, the LIFA module in DuSiamIE effectively manages
a wide variety of occlusion situations by extracting and fusing different modal features.
However, in low-illumination and non-occlusion environments, the tracking accuracy
is slightly reduced due to limitations in the feature extraction network and insufficient
information from the fused features. Nevertheless, the introduction of MIFE significantly
improves tracking performance compared to the standard Siamese network.
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Figure 8. Visual comparison of the tracker proposed in this article with other trackers on three video
sequences of RGBT234: (a) dog11, (b) electric bicycle in front car, and (c) flower2.

4.4. Ablation Study

An ablation study using the GTOT dataset is used to verify the essential components
of DuSiamIE in this work. We employed two reduced versions of DuSiamIE: one without
the LIFA and MIFE modules (DuSiamIE) and another with only the MIFE module removed
(DuSiamIE + LIFA). The data presented in Table 3 indicate that the baseline model scores
10.5% and 12.4% lower in PR and SR, respectively, compared to DuSiamIE + LIFA. These
findings suggest that LIFA effectively utilizes multimodal information to improve tracking
accuracy by considering illumination conditions. The full DuSiamIE model (with both
LIFA and MIFE) achieves scores that are 2.7% and 3.3% higher in PR and SR, respectively,
than DuSiamIE + LIFA. This indicates that MIFE effectively addresses the insufficient uti-
lization of infrared features in modal fusion. This enhancement improves the exploitation
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of infrared image data. These results validate the effectiveness of the primary modules of
DuSiamIE. Furthermore, we compare the performance of the DuSiamIE algorithm before
and after NVIDIA TensorRT optimization, demonstrating significant speed enhancements
in inference without a loss in accuracy. NVIDIA TensorRT optimizes the network architec-
ture and employs precision calibration techniques, which reduce computational overhead
and improve real-time performance on edge devices.

Table 3. Ablation studies.

DuSiamIE LIFA MIFE TensorRT PR(%) SR(%) FPS

✓ 70.2 51.1
✓ ✓ 80.7 63.5
✓ ✓ ✓ 83.4 66.8 18.3
✓ ✓ ✓ ✓ 83.4 66.8 40.3

4.5. Discussions

The results demonstrate that LIFA greatly enhances the accuracy of RGBT tracking
by using illumination information for modal fusion. This enables a more precise selection
of fusion feature proportions and focuses on a greater number of image features. The
MIFE module improves the identification of infrared characteristics that may not be readily
detected during the modal fusion procedure. The MIFE module further augments the
representation of infrared features by incorporating additional feature information. The
use of a lightweight network architecture and NVIDIA TensorRT optimization significantly
improves model performance. Within edge device testing, the real-time execution speed
significantly exceeds that of other algorithms. The configuration described here fully meets
the criteria for robust real-time performance and convenient implementation.

5. Conclusions

This paper presents DuSiamIE, a lightweight Siamese dual-stream network with
infrared feature enhancement specifically designed for edge devices. By utilizing the
LIFA and MIFE modules, DuSiamIE achieves state-of-the-art performance in real-time
tracking under various challenging conditions, such as low illumination and occlusion.
Experimental evaluations on the GTOT and RGBT234 datasets demonstrate that DuSiamIE
ranks among the top performers in terms of PR and SR scores. Furthermore, DuSiamIE
achieves real-time tracking speeds of 40.3 FPS and 34.7 FPS on the NVIDIA Jetson Nano,
significantly outperforming other state-of-the-art trackers in terms of speed. Ablation
studies validate the effectiveness of the LIFA and MIFE modules, while optimizations
using NVIDIA TensorRT significantly enhance inference speed without compromising
accuracy. In conclusion, DuSiamIE offers a robust and efficient tracking solution suitable
for deployment on resource-constrained platforms.
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