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Abstract— Multimodal image pairs can make object detection
more reliable in challenging environments, so RGB-T object
detection has gained extensive attention over the past decade.
To alleviate the complementarity of the visible and thermal
modality, we propose a novel lightweight Feature Enhancement-
fusion Module (FEM), which is composed of the Channel
Enhancement-fusion Unit (CEU) and Spatial Enhancement-
fusion Unit (SEU) by extending the attention mechanism to
operate on two modalities. CEU is used to exploit the com-
plementarity and alleviate the data imbalance by combining
internal and global channel attention. Additionally, SEU is
utilized to guide the model to pay more attention to the
regions of interest. By incorporating FEM, enhanced and fused
features are obtained, leading to improved performance. The
effectiveness and generalizability of FEM are validated by two
public datasets and our proposed DCSANet achieves compet-
itive performance while maintaining high speed (+%7.0 on
LLVIP and +1.2% on FLIR in mAP). Moreover, we conducted
ablation experiments to verify the effectiveness of the proposed
operators.

I. INTRODUCTION

Object detection is one of the three basic tasks in
computer vision [1], which has important applications in
autonomous driving [2], robot vision [3], video surveillance
[4], and so forth. However, existing methods are highly
dependent on the quality of visible (RGB) images. Due to
the complexity of the real world, there are adverse factors
such as illumination and weather, which make it difficult to
design a high-performance detector. The traditional object
detection algorithms rely on manually designed feature
extraction methods, which are subjective and yield limited
features. Consequently, they are inadequate for handling
object detection tasks in various complex scenarios. Deep
neural networks (DNN) can extract more effective features
by automatically learning on large-scale data and have
achieved some success. However, it is vulnerable to
illumination or adverse weather if it only rely on the
visible modality. To solve this problem, some researchers
study multimodal object detection by combining the visible
images and thermal images. Because the visible images
and thermal images have a wide range of applications due
to their inherent complementarity (Fig. 1). By introducing
thermal modal as a supplement, more information can
be obtained. As a result, RGB-T (RGB-Thermal) object
detection in complex environments has gained extensive
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attention over the past decade.

(a) Daytime sample. (b) Daytime sample.

(c) Nighttime sample. (d) Nighttime sample.

Fig. 1. The visible image (left column) and thermal image (right column).
During the day, visible images provide more information; During the
night, thermal images provide more information. The two modalities are
complementary, which can provide effective information for robust object
detection from day to night.

For RGB-T object detection, how to fully explore the
complementarity of the two modalities (RGB-Thermal image
pairs) is a key problem. To solve it, a lot of work has been
put forward. Hwang et al. [5] presented the multi-spectral
aggregated channel features (ACF) for pedestrian detection
to simultaneously handle RGB-Thermal image pairs and it
is proved that visible-thermal image pairs fusion object de-
tection can obtain better performance than a single modality
of visible-only. Liu et al. [34] conducted an in-depth study
on the structure of the fusion network and divided the fusion
methods into four categories (early, middle, late, and result
fusion). By conducting experiments on the paired visible-
thermal pedestrian detection dataset after alignment, it was
proved that the feature-level fusion in the middle stage of
the network is the best. Zheng et al. [6] effectively fused the
features of visible and thermal modality by a gated fusion
unit and then the SSD [7] algorithm is used to detect the tar-
get, which achieves high detection speed while maintaining
good accuracy. However, the above methods don’t consider
the differences and importance between the two modalities,
which is simply done by concatenating/adding the feature
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maps of the two modalities. To generate more representative
features, Zhang et al. [8] presented a feature re-weighting
scheme to select more reliable features and suppress the
useless ones. This method has high detection accuracy and
good robustness. In work [9], Zhou et al. proposed the
concept of modality differentiation to address the issue of
data unbalance between two modalities through the idea of
differential circuits, which can realize information exchange
of two modalities and obtain the weight of the two modalities
through illumination perception.

However, there is still a modal imbalance problem due to
the image-forming principle of visible and thermal images,
resulting in the important cues of object characteristics being
different in the two modalities. For example, pedestrian
features like clothing are key in the visible modality, yet
absent in thermal image [9]. Meanwhile, previous studies
ignored the differences within a single modality. And the
detection speed can not meet the requirements of real-time.

In this paper, we propose a feature enhancement-fusion
module using dual cross-channel and spatial attention
(DCSA) to solve the problem. Our contributions are sum-
marized as follows:

• We design a dual cross-channel attention unit named
CEU by combining intra-modality and inter-modality
channel attention, which can guide the network to
alleviate the channel difference within a single modality
and the overall difference between the two modalities.

• We design FEM by combining CEU and SEU, a
lightweight plug-and-play module that can be used for
adaptive fusion and enhancement of the features from
the two modalities.

• We conduct extensive experiments and achieved good
results on two datasets, verifying that FEM can effec-
tively alleviate the problem of data imbalance. And our
model achieves the speed of real-time.

The structure of remainder of the paper is as follows: In
section II, we introduce the related work of single-modal
and multi-modal object detection. In section III, the overall
architecture of the network proposed in this paper is first
introduced, and then the details of the FEM are explained. In
section IV, we present the experimental results and analyze
them. In section V, we make a summary of this paper.

II. RELATED WORK

We present a review of recent works related to our work.

A. Object Detetion

Object detection is an important computer vision task
used to detect specific objects in images, which has made
long-term progress in the past few decades [1]. According
to the methods adopted, object detection algorithms can be
divided into traditional object detection algorithms and deep
learning-based object detection algorithms.

Traditional algorithms rely on manually designed feature
extraction methods, which include V-J detector [11], [12],
HOG detector [13], DPM detector [14], and so on. Although
researchers have done much optimization, they are limited

and cumbersome because of hand-crafted features and de-
tection accuracy is not high enough. Meanwhile, they are
difficult to optimize and accelerate, which makes it difficult
to achieve real-time detection.

Recently, with the rise of deep learning, object detection
algorithms based on deep learning have become mainstream.
It includes the one-stage method and the two-stage method.
The two-stage detector is represented by the R-CNN series,
which includes R-CNN [15], Fast R-CNN [16], and Faster R-
CNN [17]. Because of the intermediate region proposal net-
work (RPN) in the two-stage detector, it is difficult to meet
the real-time application requirements. Therefore, some one-
stage detectors were proposed to obtain prediction results
directly from images, represented by OverFeat [18], SSD
[7], RetinaNet [19], YOLO [10], etc, which have achieved
good performance. However, there are certain limitations of
object detection algorithms that only rely on visible images.
For example, in the case of low light, strong light, and
illumination change, the quality of the RGB image will de-
teriorate sharply, which will seriously affect the performance
of detectors, and even lead to a crash.

B. RGB-T Object Detetion

To address the problem, researchers have attempted to
incorporate thermal modality as supplementary, leading to
the emergence of RGB-T object detection. Considering the
challenge of effectively using the complementarity of two
modalities, many approaches have been proposed, which can
be categorized into early fusion, middle fusion, and late
fusion. Late fusion (decision level) is infrequently utilized.
Therefore, it will not be discussed.

1) Early fusion: Early fusion includes simple concatena-
tion and fusion network integration. . In the first category,
Zhang et al. [20] concatenated the 3-channel visible image
with the 1-channel thermal image by channel dimension into
a 4-channel image and directly used it for object detection.
In the second category, Liu et al. [21] employed a GAN [22]
network to fuse pairs of visible and thermal images into a
new 3-channel RGB image for object detection.

This approach allows for separate execution of image
fusion and object detection, providing flexibility to employ
different methods for each part. Traditional methods as
well as deep learning methods can be used for two parts
directly. However, compared to middle fusion, it lacks cor-
rection between two parts. Consequently, fused images may
exhibit good visual performance but suffer from potential
information loss during the fusion, which will degrade the
performance of object detection. The optimization of this
approach becomes challenging due to the separate training
requirements for two parts.

2) Middle fusion: With the advent of deep learning, this
paradigm has become prevailing, owing to its efficiency
in extracting latent features. This approach integrates the
extracted features during the detection process, ultimately
enabling enhanced performance in the object detection task.
It is comprehensive end-to-end, so feature extraction and
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Fig. 2. Framework overview of the proposed DCSANet model. The images of the two modalities are automatically extracted by the Encoder, and then the
extracted features are fused and enhanced by FEM module composed of CEU unit and SEU unit. High-level semantic features are further extracted by the
CrossEncoder, and then sent it to the detector to obtain the final detection results.

object detection mutually reinforce each other, leading to
better object detection performance.

Geng et al. [23] proposed a dual-branch object detection
network based on Faster R-CNN [17], where paired visible-
thermal images were fed into the VGG-16 backbone network
for individual feature extraction, followed by fusion of the
output features. However, since the used detector is a two-
stage network, the speed is not fast. Based on the one-stage
object detector SSD [7], Zheng et al. fuse the feature maps
by using a mixture of stacked fusion and gated fusion [6].
Although the speed is fast, the detection accuracy is not
high enough. Fang et al. extracted the common and unique
features of multi-modal images and enhanced the unique
features to improve the efficiency of feature fusion [24]. To
better fuse the features from two modalities, Zhang et al.
proposed a guided attention feature fusion method, which
learns adaptive weight and fuses the multi-modal features by
combining two attention modules [35]. Song et al. combined
multi-scale feature extraction into a multi-modal feature
fusion network for multi-scale pedestrian detection [25]. To
solve the problem that different modal features are generated
independently from each other, Hua et al. [26] proposed
a multi-modal feature cross-guided learning mechanism for
modeling long-term modal dependencies of two modalities,
enhancing interactions between multi-modal feature genera-
tion modules and reducing inter-modal differences.

In summation, only simple concatenation or combination
of the features [5], [34], [27], [28] can not fully exploit the
complementarity between two modalities. It is necessary to
guide the model to focus on effective features through the
attention mechanism to solve the problem of data imbalance.
At the same time, we need to design lightweight fusion
methods to maintain high detection speed.

III. METHODOLOGY

The framework of our proposed method is shown in Fig.2.

A. Framework overview
The DCSANet inputs paired visible-thermal images si-

multaneously to get detection results. We use YOLOv5 as

the baseline. As shown in Fig.2, the first three layers of
the network are employed as an Encoder to extract the
features of the visible-thermal image pair as a two-stream
backbone, and FEM is used to fuse and enhance the feature
from two modalities. Finally, the fused features are fed into
the CrossEncoder constituted by the subsequent part of the
network to refine features. The refined features are utilized
by the detection head to generate final results.

We construct a siamese network as an Encoder to extract
intra-modal deep semantic features and the CrossEncoder
module is used to further refine the fused and enhanced
features. The RGB and Thermal backbone are shown in
Fig.2, and their weights are not shared. The Encoder and
CrossEncoder are stacked with CBS (Conv, BN, SiLU) and
CSP block(Fig.4), with short-cut only in Encoder.

Denote the input of encoder as xi, we get output as x̂i.

x̂i = Φi(xi) (1)

Φi(x) represents the computation performed by Encoder
or CrossEncoder. When subscript i = 0 is the RGB branch
(xrgb), i = 1 is the Thermal branch (xt), and i = 2 is the
concatenated feature maps (x2 = Ffused).

The key problem is how to effectively fuse and enhance
information from visible-thermal image pairs. The problem
can be defined as follows:

Ffused = F (x̂rgb, x̂t) = F (Φrgb (Irgb) ,Φt (It)) (2)

The extracted features from the RGB (Irgb) and thermal
image (It) are feeded into the fusion-enhancement module
F to obtain fused feature Ffused. How to design the fusion
and enhancement function F is the problem we focus on.

B. Feature Enhancement-fusion Module

Inspired by methods [29], [30], we focus on enhancing the
effectiveness features by incorporating both channel attention
and spatial attention mechanisms. The channel attention can
obtain the importance of each channel so that the model can
focus on some more effective channels. Meanwhile, since
the contribution of regions in the image to the task is not
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Fig. 3. The w/o ResBlock means whether the input feature map and the output feature map are added. (a) CEU is used to effectively address differences
within and between the two modalities. (b) SEU is used to make the model pay more attention to regions where objects may exist
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Fig. 4. CSP1 x and CSP2 x have the same structure except for short-cut
(The subscript x represents the number of uses.).

equal, and some regions even have interference. The spatial
attention can pay more attention to the important regions.
Based on the above points, we propose FEM, which is
composed of CEU and SEU (Fig.3).

Different from previous approaches, our combined atten-
tion is extended to operate on feature maps of two modalities.
Since directly using the channel attention on the concate-
nated feature maps doesn’t consider the channel imbalance
problem inside each modality. Therefore, we use an internal
channel attention on each modality, which is used to adjust
the global attention weights, so that the data imbalance can
be alleviated. Additionally, spatial attention is utilized to
further guide the model to pay more attention to regions of
interest. By incorporating the FEM, the fused and enhanced
features are obtained.

Reference [29] proposed Channel Attention (CA), which
uses two fully connected layers for encoding and decoding.
Inspired by this idea, we design the CEU to enhance the

feature representation by utilizing interdependencies within
cross-modality and intra-modality. The parameters of the
three branches are trained independently. The Inter-modal
Channel Attention (Inter-CA) is used to alleviate the data
imbalance of two modalities, while the Intra-modal Channel
Attention (Intra-CA) is employed to determine the channel
importance within a single modality and suppress noise.

We denote the input feature map as xcrgb, x
c
t ∈ RC×H×W .

After the attention module, we can get the output as
x̂crgb, x̂

c
t ∈ RC×H×W . We concatenate xcrgb and xct to form

joint feature map U2c ∈ R2C×H×W .
In CEU (Fig.3(a)), CA scores are divided into three

branches for calculation, which can be described as:

x̂crgb, x̂
c
t = CEU(U2c) = Split[U2c ⊗Wc + U2c] (3)

where
CA(x) = ε(ω(δ(xc))) (4)

Wc = ε(CA(U2c) ∗ Concat(CA(xcrgb),CA(xct))) (5)

where ⊗ denotes Channel-wise Product, δ denotes global
pooling, ω denotes 2-layer 1× 1 2-D convolution, ε denotes
Sigmoid function, Catcat denotes concatenating features
along channel. After adjusting by three CA modules, we add
it with the original feature map. The Split splits the feature
maps equally along the channel dimension.

In SEU (Fig.3(b)), we suppress background noises by
utilizing the inter-spatial relationship to generate a spatial
attention map. We utilize two parameter-free operations,
namely Channel-wise Average Pooling (CAP) and Channel-
wise Max Pooling (CMP), which can be mathematically
represented as follows:

x̂crgb, x̂
c
t = SEU(U2c) = Split[U2c ?©Ws] (6)
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where

Ws = ε(ϕ(Concat(CAP(U2c),CMP(U2c)),W )) (7)

CAP(U2c) =
1

2c

2c−1∑
c=0

ucij (8)

CMP(U2c) = max
(
u0ij , . . . , u

2c−1
ij

)
(9)

where ?© denotes Broadcasting Product, ϕ denotes a 2-D
convolution operation (W is the parameter.).

Here, the input and output tensors of CEU and SEU have
the same size. We add the residual structure to increase
the flow of information, which is referred to as Pre-Res
in CEU and Post-Res in SEU. Through the two units, the
complementarity between the two modalities can be fully
used to get more efficient feature representation.

IV. EXPERIMENTS AND RESULTS

We conduct experiments on two datasets, which are com-
monly used in RGB-T object detection.

A. Experimental Setting

The LLVIP [31] is a visible-thermal paired dataset for low-
light vision. This dataset contains 15,488 image pairs taken
in very dark scenes, which are strictly aligned in time and
space. The same image pairs share the same annotation. The
dataset contains 41,579 labels of “person”, 33,648 labels in
the training set, and 7,931 labels in the test set.

The FLIR dataset [32] is collected for autonomous driving.
However, the original dataset is unaligned. We utilize the
aligned-FLIR [38] (It is simply denoted as FLIR.), which
contains 5,142 well-aligned visiblethermal image pairs and
involves four types of objects, including 8,987 people, 20,608
cars, 2,566 bicycles, and 95 dogs. We removed all dog labels
as they are not adequate for training.

We use YOLOv5 [33] as the baseline. The performance
comparison between baseline and DCSANet is under the
premise of similar parameters and computation. The code
is implemented in Pytorch and we trained the model on
a NVIDIA 3090 GPU. Various data augmentation methods
such as Mosaic are used. We choose SGD as the optimizer,
and the model is trained for 300 epochs, with a batch-size
of 32, image-size of 604 × 512, and initial learning-rate of
0.01. To speed up the training process, warm-up and cosine
annealing algorithms are used to adjust the learning rate.

We use AP50, mAP, and inference time as evaluation
metrics. RGB+Thermal in baseline (TABLE I) refers to
fusion by adding the two modalities with equal weight.
We contrast with several state-of-the-art models, including
Halfway fusion [34], GAFF [35], ProbEn [36], and CASS
[37].

B. Experimental Results

1) Quantitative Results: We compare DCSANet with
several SOTA models.The results are shown in TABLE I.

TABLE I shows that the AP50 and mAP achieved by
our model on the LLVIP surpass other models. Since the
collection time of the dataset is at night with low-light

[31], the visible modal provides little complementary infor-
mation. As a result, our algorithm does not achieve much
performance improvement compared to thermal modality,
+0.4% for AP and +0.5% in mAP. However, the performance
of other models is even reduced compared with thermal
modal baseline, because they can not make full use of
the data complementarity. However, DCSANet considers
the differences within and between the two modalities and
mitigates this problem through the CEU. Meanwhile, we
use the SEU to make the model pay more attention to
the regions where the object exists. As a result, our model
outperformers Halfway Fusion [34], GAFF [35], ProbEn
[36], CSSA [37], by 5.2%, 2.6%, 3.2%, 2.3% on AP50 and
by 11.1%, 10.4%, 14.7%, 7.0% on mAP, respectively. Our
model achieves significant performance improvement over
unimodal on the FLIR [38], which outperformers Halfway
Fusion [34], GAFF [35], ProbEn [36], CSSA [37], by 8.3%,
5.2%, 4.3%, 0.6% on AP50 and by 6.7%, 5.1%, 4.6%, 1.2%
on mAP, respectively. Compared to the baseline by simple
addition, it achieves +%8.2 in AP50 and +%5.6 in mAP.

TABLE I shows that our model only takes 29.8ms to
complete the inference of a single visible-thermal image pair,
which meets the real-time requirement. Compared with other
models, our model is faster than Halfway Fusion [34] and
GAFF [35], and achieves comparable speed with ProbEn
[36], CSSA [37]. That’s because our feature fusion method
is a super lightweight operation.

The results show that FEM can be used to alleviate the
problem of data imbalance, provide more useful features, and
allow the model to focus on the region where objects may be
present. When compared with the single-modal and multi-
modal object detection models, our proposed DCSANet
achieves competitive performance.

2) Qualitative Results: We also perform a qualitative
analysis based on the FLIR [38]. The results are shown in
Fig.5, which show that in the dark environment, the quality of
visible images decreases sharply, and it is difficult to obtain
satisfactory detection results. However, the combination of
the visible and thermal modalities can overcome the influ-
ence of adverse environments such as low-light and strong-
light, and achieve better results than the CSSA [37].

Compared to CSSA [37], our regression box is more accu-
rate on the same object. However, our algorithm successfully
detects the objects that are not in the label but actually exist
in the scene, which indicates that our algorithm actually
learns the general feature representation and has better gen-
eralization performance. In addition, the false detection rate
of our model is lower.

C. Ablation Study

The ablation study is implemented to evaluate the influ-
ence of different operations on the FLIR [38]. Five operators
are considered. The checkmark indicates using the operator.

In TABLE II, we can see that both CEU and SEU
can enhance the ability to fuse dual-modal features, and
the combination of the CEU and SEU with Pre-Res can
achieve better performance. We see that adding Intra-CA and
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TABLE I: The evaluation results on LLVIP and FLIR measured by AP in percentage, Inference time, and FPS

Method Modality
LLVIP FLIR

Inference time(ms)↓ FPS ↑
AP50(%) ↑ mAP(%) ↑ AP50(%) ↑ mAP(%) ↑

baseline[G. Jocher et al., 2020 [33]] RGB 92.2 53.0 65.6 31.2 18.6 53.76

baseline[G. Jocher et al., 2020 [33]] Thermal 96.2 65.7 77.3 38.2 18.6 53.76

baseline[G. Jocher et al., 2020 [33]] RGB + Thermal 95.3 63.7 71.6 36.9 18.6 53.76

Halfway fusion[Liu et al., 2016 [34]] RGB + Thermal 91.4 55.1 71.5 35.8 42.0 23.81

GAFF[Zhang et al., 2021 [35]] RGB + Thermal 94.0 55.8 74.6 37.4 61.0 16.39

ProbEn[Chen et al., 2022 [36]] RGB + Thermal 93.4 51.5 75.5 37.9 25.0 40.00
CSSA[Cao et al., 2023 [37]] RGB + Thermal 94.3 59.2 79.2 41.3 31.0 32.26

DCSANet (ours) RGB + Thermal 96.6 66.2 79.8 42.5 29.8 33.56

(a)

(b)

(c)

Fig. 5. Visualization of results with the optimal contrast model CSSA [37]. Each row is a sample. The person, car, and bicycle are marked with bounding
boxes in blue, yellow, and green. The red box is used to mark detection errors (false alarms/missed detections), and orange box is used to mark objects
that are not in labels but are actually present and successfully detected in the image.

Pre-Res operations to CEU is able to improve the overall
performance. However, adding Post-Res to the SEU will
reduce the performance. We believe that this is because the
channel attention in CEU is used to adjust the difference
between the feature maps of the two modalities. The spatial
attention in SEU is directly used to derive the weight of the
region where the target may be, so Post-Res will interfere
with the focus.

V. CONCLUSION

In this paper, we propose a lightweight module named
FEM for RGB-T object detection to fuse and enhance feature
maps from visible and thermal modalities. The detector
using FEM achieves good performance on both dataset,
which verifies the effectiveness of our proposed module.
Furthermore, the effectiveness and necessity of the CEU and
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TABLE II: The results of ablation study on FLIR dataset.

Operation Result

CEU SEU Intra-CA Pre-Res Post-Res AP50 mAP

75.5 39.9

X 77.6 40.8

X X 78.8 42.1

X X X X X 78.5 42.2

X X X 78.0 42.2

X X X X 79.8 42.5

SEU for fusion and enhancement of features are explored
through ablation experiments. In addition, FEM module can
also be extended to the fusion of other modality data (such
as depth images and radar images).
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