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Abstract: With the increasing demand for security surveillance, assisted driving, and remote sensing, target
detection networks with rich environmental perception capabilities and high detection accuracy have become a
research hotspot. However, detection techniques based on single-modality images face limitations in environ-
mental adaptability, as they are easily affected by lighting conditions, as well as obstacles such as smoke, rain,
and vegetation, leading to information loss and failing to meet the required accuracy. To address these issues, we
propose a target detection network—IV-YOLO, which integrates features from both visible and infrared images.
We built a dual-branch fusion network based on YOLOVS (You Only Look Once v8) that combines infrared and
visible images for target detection. On this foundation, we designed a Bidirectional Pyramid Feature Fusion
structure (Bi-Fusion) to fully integrate complementary features from different modalities, reducing detection
errors caused by feature redundancy and extracting fine-grained features of small targets through dual-modal
fusion. Additionally, we developed the Shuffle-SPP structure, which combines channel and spatial attention
mechanisms to enhance focus on deep features and further aggregate upsampling, extracting richer features. To
improve the model’s expressive power, we designed a loss function tailored for multi-scale target detection boxes,
accelerating the network’s convergence during training. Experimental results show that the proposed IV-YOLO
network achieves an average precision (mAP) of 74.6% on the UAV remote sensing dataset, 75.4% on the KAIST
pedestrian dataset, and 84.8% on the FLIR dataset. While ensuring detection accuracy, our model significantly
reduces computational load, making it well-suited to meet real-time requirements. This architecture is expected to

find broad application in fields such as autonomous driving, public safety, and others.

Keywords: dual-branch image object detection; IV-YOLO; bi-directional pyramid feature fusion; attention

mechanism; small target detection

1. Introduction

Bimodal image detection has emerged as a significant direction in the field of computer vision,
enhancing the performance and robustness of target detection systems by leveraging information
from two different sensing modalities. Traditional single-modal image detection methods rely solely
on information from one modality, making them susceptible to variations in lighting, occlusion, and
environmental complexity, which can lead to decreased detection accuracy and increased error rates
[1-3]. Bimodal image detection, however, can overcome the limitations of single-modal approaches,
improving system performance across various complex scenarios.

As we all know,infrared images provide stable thermal signals in low-light, nighttime, or adverse
weather conditions [4], while visible light images offer rich details and color information under normal
lighting conditions [5]. Fusing information from these two modalities can significantly enhance the
robustness of target detection. However, effectively merging infrared and visible light images is a
complex task, requiring the establishment of meaningful associations and complementary relationships
between the two modalities. The feature extraction and fusion processes for different modalities
must overcome modal disparities and leverage the unique advantages of each modality, making the
complementary nature of multimodal features particularly critical.

By exploring the complementary information between different sensing modalities, models
can enhance the richness and diversity of target features, enabling more accurate identification and
classification of various target types. This not only improves detection accuracy but also effectively
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reduces false positives and missed detections, resulting in superior performance in complex and
dynamic real-world scenarios. Additionally, it involves designing appropriate network architectures
and loss functions to optimize the model’s learning and generalization capabilities.

In recent years, significant progress has been made in the field of object detection for dual-modal
images. For instance, FusionNet [6] utilizes convolutional neural networks (CNNs) as the primary
feature extractors and inputs the fused feature maps into an object detection network for further
analysis. Dual-YOLO [7] introduces information fusion modules and fusion shuffle modules, enabling
the network to use visible light features to complement infrared images, thereby enhancing detection
accuracy and robustness. Guan et al. [8] employed deep convolutional neural networks to extract
features from infrared and visible light images separately and then fused these features using a
convolutional fusion module. Meanwhile, Kim et al. [9] improved overall detection performance
through joint training methods.

However, existing methods still have four main limitations. First, precise control and interpre-
tation of dual-modal feature fusion remain challenging, often resulting in redundant or insufficient
information in the fused features. Second, during the forward propagation in fusion networks, deep-
layer information is prone to loss, which can significantly affect detection accuracy, especially in
complex scenarios [10,11]. Third, many datasets include targets of various scales, and extracting
fine-grained features and achieving effective detection become extremely difficult under complex
backgrounds or large object occlusions. Lastly, fusion networks typically involve a large number of
parameters, leading to substantial model size and high computational costs, which in turn impacts the
real-time performance of object detection.

To address the aforementioned issues, we propose a real-time object detection method based
on a dual-branch fusion of visible light and infrared images. This method effectively overcomes the
problems of poor environmental adaptability and information loss inherent in single-modal image
detection, and tackles challenges such as feature disparity, information redundancy, and model op-
timization during the feature fusion process, achieving both efficient and accurate object detection.
Experimental results demonstrate that the dual-branch image detection approach significantly im-
proves the detection accuracy of multi-scale targets in complex environments while maintaining a
minimal parameter count. Our contributions can be summarized as follows:

(1)Building on the highly efficient YOLOvS8 [12] network, which excels in real-time object detec-
tion, we have developed a dual-branch network. This network includes one branch for extracting
target features from infrared images and another branch for extracting target features from visible
light images, and is named IV-YOLO. This approach effectively addresses the issues of complex
backgrounds and target feature loss in single-modal image detection, and is capable of extracting
fine-grained features of small targets from the network. While maintaining a low parameter count
and high frame rate, it significantly enhances the detection accuracy of multi-scale targets in complex
backgrounds.

(2)We proposed a method that integrates the Bi-Fusion module, using a bi-directional pyramid
structure to fuse features extracted from infrared and visible light images at different levels in a
weighted manner. This method effectively reduces redundant features, achieving optimal fusion of the
features from both modalities.

(3)We proposed the Shuffle-SPP structure, which enhances the model'’s ability to detect multi-
scale objects by extracting features from different scales through Spatial Pyramid Pooling (SPP).
Subsequently, an efficient hierarchical aggregation mechanism is employed to fuse features from
different levels, further improving feature representation. Based on this, features are divided into
different parts, and by focusing on the details and positions of each part, the accuracy and precision
of object detection are enhanced. This multi-level feature fusion, shuffling, and pooling operation
effectively reduces information loss, retaining more critical information and thereby improving the
overall performance of the network. Additionally, we introduced a loss function to enhance the
network’s attention to small objects and accelerate network convergence.
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(4)Our method achieved state-of-the-art results on the challenging KAIST [13] multispectral
pedestrian dataset and the Drone Vehicle [14] dataset. Furthermore, experiments on the FLIR [15] mul-
tispectral object detection dataset also demonstrated the effectiveness and generality of the algorithm.

The remainder of this paper is structured as follows: Section 2 describes related work pertinent to
our network. In Section 3, we detail the network architecture and methodology. Section 4 presents
our experimental details and results, comparing them with state-of-the-art networks to validate the
effectiveness of our approach. In Section 5, we summarize the research content and experimental
findings.

2. Related Work

This section briefly reviews the classical methods of deep learning (DL) in real-time object
detection, summarizes the research progress in multimodal image fusion techniques, and explores the
structures of attention mechanisms.

2.1. Real-Time Object Detector

With the rapid advancement of deep learning, particularly convolutional neural networks (CNNs),
real-time object detection technology has made significant strides in classifying and localizing objects
under low-latency conditions. Modern real-time object detection methods primarily rely on deep
learning models such as the YOLO (You Only Look Once) series, SSD [16] (Single Shot MultiBox
Detector), and Fast R-CNN [17]. The YOLO series achieves object localization and classification
through a single forward pass, while SSD directly predicts the classes and locations of multiple objects
using a convolutional neural network, and Fast R-CNN detects objects by first generating candidate
regions and then classifying and precisely localizing them.

Among these, the YOLO series has gradually become mainstream due to its efficient design.
Versions like YOLOv1 [18], YOLOvV2 [19], and YOLOv3 [20] have defined the classic detection architec-
ture, which typically consists of three parts: the backbone, the neck, and the head. YOLOv4 [21] and
YOLOVS5 [22] introduced the CSPNet design to replace DarkNet, combined with data augmentation
strategies, enhanced Path Aggregation Network (PAN), and more diversified model scales. YOLOv6
[23] introduced BiC and SimCSPSPPF in the neck and backbone, and adopted anchor-assisted training
and self-distillation strategies. YOLOvV7 [24] introduced the E-ELAN layer, while YOLOvS8 proposed
the C2f block for efficient feature extraction and fusion. YOLOV9 [25] further improved the architecture
with the introduction of GELAN and incorporated PGI to enhance the training process. The latest
YOLOV10 [26] introduced a continuous dual assignment method with NMS-free (Non-Maximum
Suppression) training, offering competitive performance and the advantage of low inference latency.

2.2. Deep Learning-Based Multimodal Image Fusion

In the field of deep learning-based multimodal image fusion and detection, extensive research
has been conducted to explore this issue in depth. Some studies use Convolutional Neural Networks
(CNN ) to extract features from different modalities and perform detection through feature-level fusion
methods. For example, Farahnakian, et al. [27] explored how to effectively fuse multimodal features
using CNNs to improve detection accuracy and robustness. Additionally, Generative Adversarial
Networks (GANs) have been widely applied in multimodal image fusion and detection to enhance
model robustness and detection precision. Li,, et al.[28] proposed a multimodal GAN architecture that
combines visible and thermal imaging, effectively fusing images from different sensors using GANs.
Researchers have also explored methods that integrate multi-task learning with weak supervision and
self-supervised learning to further optimize multimodal detection performance. For instance, FFD [29]
proposed a self-supervised learning framework to accomplish fusion tasks without requiring paired
images. Bao, et al. [30] proposed an innovative fusion architecture for handling visible and thermal
imaging in few-shot learning scenarios.
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At the same time, many methods have been proposed to improve the effectiveness of multimodal
image fusion. For example, TIRNet [31] focuses on addressing the redundancy problem associated with
fused features, while RISNet [32] designed a new mutual information minimization module to reduce
redundant information. Furthermore, PearlGAN [33] introduced a top-down guided attention module
and structured gradient alignment loss to achieve hierarchical attention distribution, thereby reducing
local semantic ambiguity and improving image encoding by leveraging contextual information.These
research advancements demonstrate the diversity and cutting-edge nature of the multimodal image
fusion detection field, offering new directions for further improving fusion effectiveness and detection
performance.

2.3. Attention Mechanism

In deep learning, attention mechanisms have gained increasing importance as they enable net-
works to focus on key features by performing a series of transformations. This mechanism emphasizes
the allocation of more information to the most significant feature representations while suppressing
less useful ones. Self-attention methods achieve this by computing the weighted sum of all positions
in an image to capture contextual information for a given position. SE [34] utilizes two fully connected
layers to model the relationships between channels. NL (Spatial Attention) equips the model with
spatial invariance, allowing the neural network to perform spatial transformations automatically while
keeping feature maps invariant. ECA-Net [35] uses one-dimensional convolutional filters to generate
channel weights, significantly reducing the complexity of the SE model. The non-local (NL) module
proposed by Wang et al. [36] computes a correlation matrix between each spatial point in the feature
map, producing a significant attention map. CBAM [37], GCNet [38], and SGE [39] sequentially com-
bine spatial and channel attention, while Shuffle Attention (SA) and DANet [40] adaptively integrate
local features with global dependencies by summing attention modules from different branches.

3. Methods

3.1. Overall Network Architecture

We designed the dual-branch object detection network IV-YOLO based on the YOLOvVS network.
The overall structure of IV-YOLO is shown in Figure 1. In the backbone of the IV-YOLO object detection
network, we employ dual branches to process visible light images and infrared images, respectively.
Each branch’s backbone consists of layers P1 to P5. The P1 layer uses a single-layer convolutional
(Conv) structure, as shown in Equation (1). Here,Fc, € RCin*Hin XWin,FCi represents the input feature
map, conv denotes a convolution operation with a kernel size of 3x3 and a stride of 2, BatchNorm2d is
used to accelerate the network’s convergence and enhance training stability, while the SiLU activation
function ensures the non-linearity of the convolution. Layers P2 to P5 utilize Conv layers and the C2f
structure from YOLOvVS, with C2f illustrated in Figure 2.

Conv (F¢,) = SiLU(BatchNorm 2d(convs,3s—> (Fc,))) (1)

In the feature fusion section, we designed a novel bidirectional pyramid fusion (Bi-Fusion)
module, the structure and characteristics of which are detailed in Section 3.2.1. In well-lit conditions,
visible light images can capture rich details of target objects, whereas thermal infrared images exhibit
significant contrast characteristics in low-light environments and can penetrate certain materials due
to their thermal sensitivity. Therefore, we fused the features extracted by the two branches at different
scales (P2, P3, P4, and P5) through the Bi-Fusion module, performing bidirectional pyramid feature
fusion. The P2 layer, being the shallowest with the smallest receptive field, captures fusion features
of small targets. The convolutional layers from P3 to P5 increase in depth, and their receptive fields
progressively enlarge, thus obtaining fusion features for small, medium, and large targets, respectively.
We found that the fused feature structure can effectively supplement the detail features of the infrared
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branch. Consequently, we fed the feature mapping vectors obtained from the fusion of P2 to P4 into
the P3 to P5 layers of the infrared branch for further feature extraction.
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Figure 1. The overall architecture of the dual-branch IV-YOLO. This network is primarily used for
detecting objects in complex environments. The backbone network simultaneously extracts features
from both visible light and infrared images, and fuses the features extracted from P2-P5. The fused
features are then passed to the infrared branch for further extraction. In the neck, we utilize the
Shuffle-SPP structure, and the resulting features undergo a three-layer upsampling process, which
integrates the features previously extracted by the backbone network, enabling the detection of objects
at different scales.
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Figure 2. Diagram of the C2F Module.
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In the design of the neck section, we introduced the Shuffle-SPP (Shuffle Spatial Pyramid Pooling)
structure, which enhances feature utilization efficiency through multi-scale pooling and multi-layer
convolution, combined with channel attention and spatial attention mechanisms, the structure and
characteristics are detailed in Section 3.2.2. Additionally, drawing inspiration from the YOLOvVS8
architecture, we incorporated an upsampling layer and a convolution concatenation operation to
preserve multi-scale features of the target. This design aims to mitigate the gradual loss of features
caused by convolution operations, thereby enhancing the target detection capability.

Through the overall network design, this architecture can extract texture features and rich details
from visible light images, as well as thermal radiation and material features from infrared images.
Additionally, by combining multi-level feature fusion with the shuffle attention mechanism, it ensures
the full utilization of both modalities” features, enhancing the network’s robustness in complex
environments.


https://doi.org/10.20944/preprints202408.2054.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 August 2024 d0i:10.20944/preprints202408.2054.v1

6 of 21

3.2. Feature Fusion Structure

Our feature fusion structure consists of two main components: the Bi-Directional Pyramid Feature
Fusion Structure and the Shuffle Attention Spatial Pyramid Pooling Structure. The Bi-Directional
Pyramid Feature Fusion Structure primarily integrates visible light image features with infrared image
features, while the Shuffle Attention Spatial Pyramid Pooling Structure operates within the deeper
layers of the network to fuse the extracted features, enhancing the connections between different
channels. This allows the model to better focus on the channels or locations that contain target-specific
features.

3.2.1. Bidirectional Pyramid Feature Fusion Structure

In the feature fusion module, we designed a bidirectional feature pyramid fusion structure called
Bi-Fusion to effectively integrate the features of infrared and visible light images. The Bi-Fusion
structure aims to enhance feature compensation and information interaction between the infrared and
visible light channels, as illustrated in Figure 3. In the structure shown in Figure 3, we feed the features
extracted from two branches into the main body of the fusion module. By establishing bidirectional
connections between the two modalities, we ensure more efficient information flow and fusion of
features at different scales. Additionally, we added extra edges between the input and output nodes at
the same level and treated each bidirectional path as a feature network layer to optimize cross-scale
connections. Moreover, we introduced learnable weights to ensure that Bi-Fusion effectively learns the
features of different inputs, thereby enhancing the effectiveness of feature fusion.

The green module in Figure 4 illustrates the weight allocation structure, adding an extra weight
to each input to enable the network to learn the importance of each input feature. We utilized Fast
Normalized Fusion to assign weights to each feature, as shown in Equation (2).

wi
O_;Trzjwj'l’ 2)

The condition w; > 0 is ensured by applying a ReLU activation function after each w;. The term
€ = 0.0001 is added to avoid division by zero and stabilize numerical computation. Equation (3-5)
describes the weight parameter fusion of Bi-Fusion, as illustrated in Figure 3.

P! = Conv wo B+ Pin 3
wo + w1 +€

(4)

i d
PSUt _Conv<(w0'P(lJn +wp - P! )w0>

(wo+w1) wo+e

(5)

i d
pot :Conv<(w1'Pin + wq - Pt )w1>

(w1 +wp) -wy+e€

Here, Py represents the features extracted from the infrared image, P; represents the features
extracted from the visible light image, wy is the weight parameter for the infrared image features, and
wy is the weight parameter for the visible light image features. P! denotes the normalized weight
parameter, improving the balance between accuracy and efficiency.

The Bi-directional Pyramid Feature Fusion Structure (Bi-Fusion) employs efficient bi-directional
cross-scale connections and repeated module designs, allowing feature information to flow bi-directionally
across different scales. This bi-directional information flow facilitates effective information exchange
between different scales. The purpose of this design is to enhance the efficiency and effectiveness
of feature fusion by strengthening bi-directional feature flow, thereby improving target detection
performance.
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Figure 3. Bidirectional Pyramid Feature Fusion Structure, Bi-Fusion Structure.
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Figure 4. Shuffle Attention Spatial Pyramid Pooling Structure.

3.2.2. Shuffle Attention Spatial Pyramid Pooling Structure

To enable deep networks to learn more mixed features from infrared and visible light images,
thereby making better use of the characteristics of both modes, we adapted and improved the shuffle
module design from SA-NET [41]. After feature extraction and fusion through layers P1 to P5, we
input the deepest fused features into the Shuffle-SPP module. This module facilitates information
exchange between the two modal images through multi-scale pooling, convolution concatenation, and
the shuffle attention spatial pyramid pooling structure. By combining efficient layer aggregation, it
enhances the model’s expressive capability, enabling it to extract richer features. The overall structure
of the Shuffle-SPP module is shown in Figure 4.

In Figure 4, we first adjust the number of channels using a Conv layer, followed by three Max-
Pool2d layers for multi-scale feature extraction. Next, we aggregate the extracted spatial information
and restore the features through a Conv layer to maintain the original image dimensions. To better
integrate the different characteristics of infrared and visible light modes, we divide the channels into n
sub-features X and iterate through each one. Each sub-feature Xj is further divided into two parts:
Xi1 and Xjo. The X part fully utilizes different channels and applies the channel attention mechanism
to focus on key features, while the Xy, part leverages the spatial relationships of the features, using the
spatial attention mechanism to highlight important features.
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The design of the Xjq part references the SE module and employs a channel attention mechanism.
The module uses a single-layer transformation of GAP+Scale+Sigmoid to convert the feature Xjq
from dimensions wii‘f to 11c through global average pooling, as shown in equation (6) and (7). Then,
the obtained channel weights are normalized and multiplied with X}, to obtain the feature module

X}, with channel attention. As training progresses, the module gradually captures specific semantic

information.
1 L .
s = Fgp(Xp1) = mzzxkl(l,]) (6)
i=1j=1
Xpq = 0(s) - Xp 7)

The design of the X}, part employs a spatial attention mechanism, which, unlike channel attention,
focuses on "where" the information is, complementing channel attention. First, we use Group Norm
(GN) [42] on X}, to obtain spatial statistics and apply a function to enhance the representation of X;,.
Subsequently, the obtained spatial weights are multiplied with Xj, to produce the feature module X},
with spatial attention ,as shown in equation (8). As training progresses, the module gradually captures
specific spatial information.

X}y = 0(Wy - GN(Xj2) + b2) - Xpo 8)

Then, all sub-features are aggregated to obtain a feature module with comprehensive information
interaction.

The Shuffle-SPP module achieves global context information acquisition by rearranging and
pooling features across channel and spatial dimensions. It effectively combines relevant information
from different channels while capturing broader spatial context. This process allows the network
to focus more precisely on the semantic and positional information of the target when processing
deep features, thereby enhancing the model’s expressiveness and the accuracy of target detection. In
this way, the Shuffle-SPP module not only enriches feature representation but also strengthens the
network’s ability to recognize targets in complex scenarios.

3.3. Loss Function

By analyzing the dataset, we categorize the detection targets into four types: tiny, small, medium,
and large. However, there is an imbalance in the sample quantities among these categories, with more
medium and large targets and fewer tiny and small targets. Medium and large targets generally benefit
from sufficient feature extraction, making them easier to locate and detect, whereas tiny and small
targets are harder to accurately locate. Therefore, we focus particularly on the performance of these
difficult-to-detect samples in bounding box regression and improve our loss function by referencing
PIoU v2.

To better handle the regression samples of different categories and focus on their respective
detection tasks, we adopt a linear interval mapping method to reconstruct the IoU loss. This method
enhances the regression accuracy for edge targets. The formula is as follows:

0, IoU < d
Tolrfocaler _ boi-d =~ g < ToU < u )
1, IoU > u

Here, IoUer represents the reconstructed Focaler-IoU, and IoU is the original value, [d, u] €
[0,1]. By adjusting the values of d and u, we can make IoU™@!" focus on different regression samples.
The loss is defined as follows:
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LFocaler-loU =1- Ioufocaler (10)

By optimizing Lgocaler-1oU , the parameters of the feature extraction network can be improved,
redundant image features can be eliminated, and the network’s generalization ability can be enhanced,
thereby speeding up convergence. For coordinate location errors, we choose to use Complete IoU
(CloU) Loss as the loss function to ensure more stable bounding box regression, as shown in equation
(11).

Lfocaler-Clou = Loy + IoU — ToUrocaler (11)

PIoU v2 requires only one hyperparameter, simplifying the tuning process. It combines a non-
monotonic attention function controlled by a single hyperparameter with PloU. The PIoU v2 loss is
derived by adding an attention layer to the PIoU loss, enhancing the focus on medium to high-quality
anchor boxes and improving the performance of the object detector. By emphasizing the optimization
of anchor boxes with moderate quality during the regression process, PloU v2 ensures better detection
results.

4. Results

In this chapter, we provide a detailed description of the implementation of the infrared and visible
light dual-branch image detection network, along with the hardware and software configuration
details. To verify the effectiveness of the proposed method, we conducted extensive experiments
on several public datasets, including the Drone Vehicle dataset, the KAIST dataset, and the FLIR
pedestrian dataset. The experimental results demonstrate that our method performs excellently across
these datasets.

4.1. Dataset Introduction

4.1.1. Drone Vehicle Dataset

The Drone Vehicle dataset [14] is a public dataset specifically designed for UAV image target
detection and classification tasks, widely used in traffic monitoring and intelligent transportation
systems research. Captured by drones, the dataset provides high-resolution aerial images covering
various traffic scenes such as urban roads, highways, and parking lots. It includes detailed annotations
of the locations, bounding boxes, and class labels of various vehicles, including cars, trucks, and buses.

The images span different environmental conditions from day to night, including both infrared
and visible light images. The entire dataset comprises 15,532 pairs of images (a total of 31,064 images)
and 441,642 annotated instances. Additionally, the dataset includes real-world occlusions and scale
variations.

4.1.2. FLIR Dataset

The FLIR dataset [15], released by FLIR Systems, is a public dataset widely used for infrared
image object detection and pedestrian detection research. This dataset primarily includes infrared
images and provides corresponding visible light images, enabling researchers to explore multimodal
fusion methods. The FLIR dataset covers various scenes and environmental conditions, including day;,
night, urban streets, and rural roads, helping to evaluate the robustness of detection algorithms under
different lighting and complex backgrounds.

The dataset contains over 10,000 pairs of 8-bit infrared images and 24-bit visible light images,
featuring objects such as people, vehicles, and bicycles in both daytime and nighttime scenes. The
resolution of the infrared images is 640 x 512, while the resolution of the visible light images ranges
from 720 x 480 to 2048 x 1536.
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4.1.3. KAIST Dataset

The KAIST dataset [13], released by the Korea Advanced Institute of Science and Technology
(KAIST), is a public dataset widely used for multimodal object detection and tracking research. It
includes both visible light images and infrared images, making it particularly suitable for studying the
fusion of information from different modalities to enhance detection performance. The KAIST dataset
covers various scenes and environmental conditions, including day, night, clear, and rainy weather,
to help evaluate the robustness of algorithms under different lighting and weather conditions. This
dataset specifically focuses on pedestrian detection tasks and provides detailed annotation information,
such as the position, size, and category labels of pedestrians.

The dataset is divided into 12 subsets, with sets 00 to 05 serving as training data (sets 00 to
02 for daytime scenes, sets 03 to 05 for nighttime scenes) and sets 06 to 11 as testing data (sets 06
to 08 for daytime scenes, sets 09 to 11 for nighttime scenes). The image resolution is 640 x 512,
and the dataset includes a total of 95,328 images, with each image containing both visible light and
infrared versions. The KAIST dataset covers various common traffic scenes during both day and night,
including campuses, streets, and rural areas, and provides 103,108 densely annotated instances.

In our experiments, we resized each visible image to 640 x 640. Table 1 summarizes the dataset
information used for training and testing.

Table 1. This is a table caption. Tables should be placed in the main text near to the first time they

are cited.
Hyper Parameter Drone Vehicle FLIR Dataset KAIST Dataset
Dataset

Scenario drone adas pedestrian
Modality Infrared + Visible Infrared + Visible Infrared + Visible

Images 56878 14000 95328
Categories 5 4 3

Labels 190.6K 14.5K 103.1K

Resolution 840 x 712 640 x 512 640 x 512

4.2. Implementation Details

We chose the YOLOVS network as the primary framework. During data augmentation, each
image had a 50% chance of being randomly flipped horizontally, and mosaic operation was employed
to stitch multiple images into one, increasing the complexity and diversity of training samples. The
entire network was optimized using the AdamW optimizer with weight decay, training for 300 epochs.
The learning rate was set to 0.001, and the batch size was 32. Weight decay was set to 0.0005, and
warmup momentum was set to 0.8. The AdamW optimizer combines the advantages of the Adam
optimizer while effectively reducing the risk of overfitting through weight decay, leading to more
stable and efficient training in most cases.

We implemented our code using the PyTorch framework and conducted experiments on a
workstation equipped with an NVIDIA GTX4090 GPU. We summarize the experimental environment
and parameter settings in Table 2. The hyperparameters for the datasets used in this paper are shown
in Table 3. The numbers of infrared and visible light images were equal. When using these datasets for
network training and testing, we performed data cleaning operations.
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Table 2. Experimental Setup and Parameter Settings.

Category Parameter
CPU Intel i7-12700H
GPU RTX 4090
System Windows11
Python 3.8.19
PyTorch 1.12.1
Training Epochs 300
Learning Rate 0.01
Weight Decay 0.0005
Momentum 0.937

Table 3. The hyperparameters of the datasets used in this paper. "test-val’ indicates that the same
dataset is used for both testing and validation in this study.

Hyper Parameter DroneVehicle Dataset FLIR Dataset KAIST Dataset
Visible Image Size 640 x 640 640 x 640 640 x 640
Infrared Image Size 640 x 640 640 x 640 640 x 640
Visible Image 28439 8437 8995
Infrared Image 28439 8437 8995
Training set 17990 7381 7595
Validation set 1469 1056 1400
Testing set 8980 1056 (test-val) 1400 (test-val)

4.3. Evaluation Metrics

Experiment on the DroneVehicle Dataset

We use Precision, Recall, and mean Average Precision (mAP) to evaluate the detection perfor-
mance of different methods. In the experiments presented in this paper, we primarily use the values of
precision and recall to measure the performance of the network, as calculated in Equations ( 12 ) and (

13).
iy TP
precision = g5 (12)
TP
= ———— 1
recall = - (13)

TP (True Positive) represents the number of samples correctly predicted as positive by the model.
FP (False Positive) represents the number of samples incorrectly predicted as positive by the model.
FN (False Negative) represents the number of positive samples incorrectly predicted as negative by
the model.

AP (Average Precision) refers to the area under the P-R curve enclosed by the coordinates. The
closer the AP value is to 1, the better the detection performance of the algorithm. The calculation
process of AP can be summarized as follows:

AP = /01 p(r)dr (14)

mAP represents the average of the AP for each class. By considering both precision and recall, it
provides a balanced measure of model performance. It is especially important in multi-class detection
tasks as it ensures that the model performs well across all categories. Additionally, mAP is robust to
class instance imbalances, providing a fair comparison of models. Therefore, mAP is widely used to
evaluate the performance of multi-class object detection tasks and is utilized in our experiments to
assess detection accuracy.The formula for calculating mAP is as follows:
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mAP = — ) AP (15)

4.4. Analysis of Results

In this section, we test the IV-YOLO network on three test datasets and compare the detection
results with those of advanced methods.

4.4.1. Experiment on the DroneVehicle Dataset

To validate the effectiveness of our proposed dual-branch object detection method for detecting
small targets under complex conditions, we conducted a series of experiments on the Drone Vehicle
dataset. In these experiments, we preprocessed the dataset by cropping 100 pixels of white border from
each side of the images, resulting in images of size 640x512 pixels, and modified the detection head to
use a Rotated Object Detection Head (OBB). Furthermore, in the Drone Vehicle dataset, the shapes of
Freight Cars and Vans are very similar, and many existing detection methods typically ignore these
two classes to avoid errors due to fine-grained classification. In contrast, we used the complete Drone
Vehicle dataset in our experiments to assess our network’s ability to extract and fuse fine-grained
features from dual modalities. The performance comparison between our method and other networks
is shown in Table 4.

Since many network models are designed for single-modal image detection, we evaluated these
models on both visible light and infrared images. As shown in Table 4, the YOLOv8 model performs
exceptionally well in terms of detection accuracy and also demonstrates high detection speed in single-
modal scenarios. This is why we chose YOLOVS as the core framework for the IV-YOLO algorithm.
Through innovative improvements, our proposed IV-YOLO algorithm achieved an accuracy of 74.6%
on the Drone Vehicle dataset, the highest among all networks tested. Specifically, for Freight Cars
and Vans, which are targets that are difficult for other networks to distinguish, our network achieved
the highest detection accuracies of 63.1% and 53% respectively by extracting and fusing fine-grained
features. The results in Table 4 indicate that our network not only effectively integrates features from
both modalities for robust detection in complex environments but also enhances detection performance
for visually similar targets through dual-branch feature fusion.

Table 4. Evaluation results based on the Drone Vehicle dataset. All values are expressed as percentages.
The top-ranked results are highlighted in green.

Method Modality Car FreightCar Truck Bus Van mAP
RetinaNet(OBB)[43] Visible 67.5 13.7 282 621 19.3  38.2
Faster R-CNN(OBB)[17] Visible 67.9 26.3 386 67.0 232 446
Faster R-CNN(Dpool)[44] Visible 68.2 26.4 387 691 264 458
Mask R-CNN[45] Visible 68.5 26.8 39.8 668 254 455
Cascade Mask R-CNNJ[46] Visible 68.0 27.3 447 693 298 478
RolTransformer[2] Visible 68.1 29.1 442 706 276 479
YOLOv8(OBB)[12] Visible 97.5 42.8 620 943 466 68.6
RetinaNet(OBB)[43] Infrared 79.9 28.1 328 673 164 449
Faster R-CNN(OBB)[17] Infrared 88.6 35.2 425 779 285 546
Faster R-CNN(Dpool)[44] Infrared 88.9 36.8 479 783 328 569
Mask R-CNN[45] Infrared 88.8 36.6 489 784 322 570
Cascade Mask R-CNNJ46] Infrared 81.0 39.0 472 793 33.0 559
RolTransformer[2] Infrared 88.9 41.5 515 795 344 59.2
YOLOvV8(OBB)[12] Infrared 97.1 38.5 652 945 452  68.1
UA-CMDet[14] Visible+Infrared 87.5 46.8 60.7 871 380 64.0
Dual-YOLO[7] Visible+Infrared 98.1 52.9 65.7 958 466 71.8

IR-YOLO(Ours) Visible+Infrared 97.2 63.1 654 943 530 746
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Figure 5 presents the visualization results of target detection on the Drone Vehicle dataset. The
visualized images are organized into six groups, each consisting of three rows. In each group, the
left side shows the detection results for visible light images, while the right side displays the results
for infrared images. The first row demonstrates that our network can achieve robust target detection
even under low-light conditions or with soft occlusions. The second row indicates that the network
effectively extracts fine-grained features, allowing it to distinguish between visually similar targets. The
third row shows that the network maintains strong robustness when dealing with densely populated
target scenes.
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Figure 5. Visualization of IV-YOLO Detection Results Based on the Drone Vehicle Dataset.

4.4.2. Experiments on the FLIR Dataset

We conducted a series of experiments on the FLIR dataset to validate the effectiveness of the
proposed method. Additionally, we compared the performance of common methods such as SSD,
RetinaNet, YOLOvV5s, and YOLOF, along with the Dual-YOLO network, which has shown high
performance on the FLIR dataset. The final experimental results are presented in Table 5.

The experimental results on the FLIR dataset are presented in Table 6. As shown in the table, our
network achieved the highest mAP value on this dataset compared to other methods. By utilizing
multi-scale feature fusion and three upsampling operations in the neck, our network enhanced its
ability to extract features from small objects. Table 6 indicates a significant improvement in the
detection accuracy of small objects like bicycles, which are typically challenging to identify. Although
there was a slight decline in performance when detecting large objects such as cars and pedestrians,
likely due to a reduced capability in capturing global features, the overall mAP results demonstrate
that our network effectively extracts multi-scale features, particularly in layers with smaller receptive
fields, leading to improved detection of small objects. Furthermore, our network’s fusion module
successfully extracts and integrates both shared and unique features from the two modalities. Through
the fusion of weighted parameters, the two modalities mutually enhance and complement each other,
resulting in superior detection performance.
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Table 5. The object detection results on the FLIR dataset, calculated at a single IoU threshold of 0.5. All
values are expressed as percentages, with the top-ranked results highlighted in green.

Method Person Bicycle Car mAP
Faster R-CNNJ[17] 39.6 547 676 539
SSD[16] 40.9 43.6 61.6 487
RetinaNet[43] 52.3 61.3 715 617
FCOS[47] 69.7 67.4 79.7 723

MMTOD-UNIT[14] 494 64.4 70.7 615
MMTOD-CG[14] 50.3 63.3 706 614

RefineDet[48] 77.2 57.2 845 729
TermalDet[14] 78.2 60.0 85.5 74.6
YOLO-FIR[49] 85.2 70.7 843 80.1
YOLOV3-tiny[20] 67.1 50.3 81.2 66.2
TARet[50] 77.2 48.7 85.8 70.7
CMPDI[51] 69.6 59.8 781 693
PearlGAN[33] 54.0 23.0 755 508
Cascade R-CNNJ[46] 77.3 84.3 79.8 805
YOLOV5s[22] 68.3 67.1 80.0 71.8
YOLOEF[52] 67.8 68.1 794 718
Dual-YOLO[7] 88.6 66.7 93 84.5
IV-YOLO(Ours) 86.6 77.8 924 856

Figure 6 illustrates the visualized results of target detection on the FLIR dataset. The images
in the first row demonstrate that, regardless of whether the background lighting is overly bright
or too dim, our network is able to accurately locate and detect targets by fusing features from two
modalities. The second row of images indicates that the network effectively extracts fine-grained
features of objects at different scales through its dual-branch structure, and, combined with a specially
designed loss function, accurately detects each target even in the presence of occlusions and densely
packed objects. The third row showcases the network’s strength in multi-scale feature extraction,
particularly in capturing more subtle details at smaller receptive fields, thereby significantly improving
the detection of small targets.

Figure 6. Visualization of IV-YOLO Detection Results on the FLIR Dataset.
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Table 6. The object detection results on the FLIR dataset, calculated at a single IoU threshold of 0.5. All
values are expressed as percentages, with the top-ranked results highlighted in green.

Method Precision Recall mAP
ForkGAN][53] 33.9 4.6 49
ToDayGANT[54] 114 14.9 5.0
UNITI[55] 40.9 43.6 11.0
Pearl GANI33] 21.0 39.8 25.8
Dual-YOLO[7] 75.1 66.7 73.2
IV-YOLO(OURS) 77.2 84.5 75.4

4.4.3. Experiments Based on the KAIST Dataset

To further validate the effectiveness and robustness of our proposed IV-YOLO algorithm, we
conducted experiments on the challenging KAIST dataset. Given the presence of numerous blank
and misaligned images in the KAIST dataset, we first performed data cleaning and then carried out
the object detection task on the processed dataset. After comparing our results with several popular
methods, our experimental outcomes are presented in Table 6.

From Table 6, it is evident that compared to the network we proposed for the KAIST dataset, the
accuracy of the first three methods is significantly lower. This discrepancy is mainly due to the lack of
data preprocessing during the training on the KAIST dataset, which led to issues such as blank images
and misaligned labels, thereby affecting the accuracy of the results. After preprocessing the dataset,
we compared our network with the state-of-the-art Dual-YOLO and PearlGAN. The results are shown
in the last three rows of Table 6, which demonstrate that our method achieved the best performance in
terms of Precision, Recall, and mean Average Precision (mAP).

Figure 7 presents the visualization of our test results along with some data from the KAIST dataset.
The figure includes 6 sets, with a total of 12 images. From the scenes in the first row, it is evident that
our network demonstrates strong robustness to scale variations and changes in image brightness. In
the second row, our IV-YOLO is able to accurately detect pedestrians on the street despite overlapping
and occlusions. The scenes in the third row indicate that through feature fusion, our network can
accurately identify targets even in complex backgrounds.
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Figure 7. Visualization of IV-YOLO Detection Results on the KAIST Pedestrian Dataset.
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4.5. Parameter Analysis

In this study, we evaluated the parameter efficiency and inference speed of the proposed model
on the Drone Vehicle and FLIR datasets. To ensure the accuracy of the experimental results, all tests for
parameter efficiency and inference speed were conducted on an NVIDIA GeForce RTX 3090 GPU, with
the parameter size represented in MB using 16-bit precision.

As shown in Table 7, our IV-YOLO network maintains high detection accuracy while keeping
the parameter size low. This model can be flexibly deployed on devices with limited resources while
still delivering exceptional performance. When running on the NVIDIA GeForce RTX 3090 GPU,
IV-YOLO achieves a real-time processing capability of up to 198 frames per second (FPS). This high
FPS demonstrates the model’s ability to perform fast and accurate object detection with high-resolution
input, making it particularly suitable for applications where speed and quality are critical.

Table 7. Model complexity and runtime comparison of IV-YOLO and the plain counterparts.

Method Dataset Params Runtime(fps)
Faster R-CNN(OBB)[17] Drone Vehicle 58.3M 53
Faster R-CNN(Dpool)[44] Drone Vehicle 59.9M 43
Mask R-CNN[45] Drone Vehicle 242.0M 13.5
RetinaNet[44] Drone Vehicle 145.0M 15.0
Cascade Mask R-CNNJ[46] Drone Vehicle 368.0M 9.8
RolTransformer|[2] Drone Vehicle 273.0M 7.1
YOLOv7[24] Drone Vehicle 72.1M 161.0
YOLOvS8n[12] Drone Vehicle 5.92M 188.6
SSDJ16] FLIR 131.0M 43.7
FCOS[47] FLIR 123.0M 229
RefineDet[48] FLIR 128.0M 24.1
YOLO-FIR[49] FLIR 7.1M 83.3
YOLOV3-tiny[20] FLIR 17.0M 66.2
Cascade R-CNNJ[46] FLIR 165.0M 16.1
YOLOv5s[22] FLIR 14.0M 41.0
YOLOF[52] FLIR 44.0M 32.0
Dual-YOLO[7] FLIR 175.1M 62.0
IV-YOLO(Ours) Drone Vehicle/FLIR  4.31M 208.2

4.6. Ablation Study

To gain a deeper understanding of the practical roles of various modules and components in the
proposed model, we designed and conducted a series of ablation experiments. These experiments aim
to remove key components of the network and observe their impact on overall performance to clarify
the contribution of each module to the model. To eliminate the impact of different IoU settings on the
experiment, we used both mAP@0.5 and mAP@0.5:0.95 as evaluation metrics to assess accuracy in this
experiment.

First, we performed an ablation experiment on the feature fusion module by removing the Shuffle-
SPP from the overall model. The Shuffle-SPP was initially designed to enhance the internal correlation
between deep features, improving the deep network’s ability to recognize and locate targets. After
removing this component and re-running the experiments on the standard dataset, we found that
the model’s mAP dropped by 1.5%. This decline clearly indicates that incorporating the Shuffle-SPP
structure improves the model’s performance in deep feature extraction.

Next, we conducted a similar ablation experiment on the Bi-Fusion module. Compared to
the removal of Shuffle-SPP, removing Bi-Fusion had a relatively larger impact on overall model
performance, resulting in the mAP dropping to 82.9%. This decrease demonstrates that the Bi-Fusion
structure effectively merges the features of visible light images and infrared images. Given its broader
range of influence, its impact on the results is also relatively significant. Proper use of this structure
can effectively enhance the model’s performance.
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Table 8. Ablation experiments of the feature fusion structure, all values are expressed as a percentage.

Shuffle-SPP  Bi-concat  Person Bicycle Car mAP@0.5 mAP@0.5:0.95
X v 83.7 76.4 92.1 84.1 50.1
v X 83.2 73.8 91.6 829 49.1
v v 86.6 77.8 92.4 85.6 51.2

We also removed an upsampling layer and a concatenation structure from the overall network,
which were specifically optimized for small object detection. The small object detection network was
designed to enhance the model’s ability to detect small objects. After removing this component, the
model’s performance in small object detection exhibited significant fluctuations, and it also showed
noticeable degradation when detecting objects with high similarity.

To more comprehensively assess the contribution of the additional structures, we removed the
three components simultaneously and analyzed their combined impact on the model. The final
ablation experiment results are shown in Figures 8 and 9. In these figures, A’ represents our IV-YOLO
network, ‘N’ denotes the Shuffle-SPP structure, ‘'F’ stands for the Bi-Fusion structure, and ‘E’ indicates
the modified network designed to enhance small object detection capabilities.

0.900 4

= mAP@0.5
0.875 4
0.856
0.850 4
0.841
0.835
0.829
0.825 4
0.811
@
S 0.800
3
0.775
0.750
0.725
0.700 -
A A-N A-F A-E A-N-F-E

Model Configuration
Figure 8. Bar chart of mAP@0.5 in the ablation experiments.

In conclusion, the ablation experiments clearly demonstrate the critical roles of the various
modules and components in our proposed model. By analyzing these components individually, we
validated the significant contributions of each module to specific tasks, thereby proving the rationality
and effectiveness of the model’s structural design. The experimental results indicate that these modules
exhibit significant complementarity across different tasks and scenarios. Integrating these modules
maximizes the model’s performance, while the absence of any one module would significantly diminish
the overall effectiveness of the model.
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Figure 9. Bar chart of mAP@0.5:0.95 in the ablation experiments.

5. Conclusions

This paper presents a dual-branch target detection network based on YOLOVS that fuses infrared
and visible light images, named IV-YOLO. The network is designed to fully extract features from both
modalities during the dual-branch feature extraction process while enabling target detection at multiple
scales. Additionally, we have developed a bidirectional pyramid feature fusion structure (Bi-Fusion),
which fuses features from different modalities across multiple scales using weighted parameters.
This approach effectively reduces the number of parameters and avoids feature redundancy, thereby
enhancing the network’s fusion performance. To further improve the network’s expressive power, we
introduce the Shuffle-SPP module, which incorporates shuffling attention and spatial pyramid pooling
to capture global context information across channels and spatial dimensions. This allows the network
to focus more on the semantic and positional information of the target in deep features, significantly
enhancing the model’s expressiveness. Finally, by integrating the PloU v2 loss function, we accelerate
the convergence of the detection box for targets of different sizes, improving the fitting accuracy for
small targets and speeding up the overall network convergence.

Experimental results show that our IV-YOLO network achieves a mAP of 74.6% on the Drone
Vehicle dataset, 75.4% on the KAIST dataset, and 85.6% on the FLIR dataset, demonstrating excellent
performance in feature extraction, fusion, and target detection for both infrared and visible light
images. More importantly, the network has a parameter size of only 4.31M, significantly lower than
other networks, showcasing its potential for deployment on mobile devices. However, despite the
good performance of IV-YOLO in dual-modal target detection tasks, there are still some limitations:

(1)Further optimization of speed and memory utilization is required before hardware deployment.

(2)The availability of dual-modal datasets is currently limited, and there is a lack of diverse
scenarios and diverse targets. Therefore, the effectiveness of our method requires further research and
validation.

Although single-modal detection performs well in specific tasks, its limitations become apparent
when dealing with complex and variable real-world scenarios. In contrast, dual-modal detection,
by leveraging the advantages of multiple data sources, provides richer feature information and
significantly improves the accuracy and robustness of target detection. Therefore, dual-modal detection
technology is undoubtedly the main direction for future advancements in target detection, offering
strong support for addressing more complex detection tasks.
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