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Abstract 

Aiming at the problem of poor effect of object detection with visible images under 
low light conditions, the decision-level fusion detection method of visible and infrared 
images is studied. Taking YOLOX as the object detection network based on deep learn-
ing, a decision-level fusion detection algorithm of visible and infrared images based 
on light sensing is proposed. Experiments are carried out on LLVIP dataset, which is 
a visible-infrared paired dataset for low light vision. Through comparative analysis, it 
is found that the decision-level fusion algorithm based on Soft-NMS and light sens-
ing obtained the optimal AP value of 69.0%, which is 11.4% higher than the object 
detection with visible images and 1.1% higher than the object detection with infrared 
images. The experimental results show that the decision-level fusion algorithm based 
on Soft-NMS and light sensing can effectively fuse the complementary information of 
visible and infrared images, and improve the object detection effect under low light 
conditions.

Keywords: Visible and infrared images, Decision-level fusion, Object detection, Deep 
learning, YOLOX

1 Introduction
With the development of internet information technology, especially deep learning 
technology, artificial intelligence has entered a new stage of development. Object detec-
tion is one of research hotspots in the field of artificial intelligence and deep learning 
currently. Object detection is a computer vision technology, which can recognize and 
locate objects in images or videos. Compared with image classification, object detection 
can accurately detect the category and position of each object contained in each image, 
which is a further image understanding [1]. Object detection supports many vision tasks, 
such as instance segmentation, pose estimation, object tracking and action recognition. 
These computer vision tasks can meet the application requirements in many real scenes. 
Therefore, object detection has gradually become a research hotspot in the field of com-
puter vision in recent years. The traditional object detection used to utilize manual fea-
tures and shallow network architecture, with poor performance and slow development. 
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After deep learning methods were applied to the field of object detection, object detec-
tion has achieved a breakthrough in rapid development, and the detection speed and 
detection accuracy have been greatly improved, even surpassing human vision in some 
specific scenes. Deep learning allows computing models composed of multiple process-
ing layers to learn data representation with multiple abstract levels, and can discover 
complex structures from dataset by using back propagation algorithm, greatly improving 
the technical level of visual object detection and recognition [2].

The object detection algorithm based on deep learning can be divided into two-
stage object detection algorithm and one-stage object detection algorithm according 
to whether to generate a region proposal in advance. The two-stage object detection 
algorithm generates a region proposal in the first stage, and then performs classifica-
tion and regression in the second stage. The representative algorithms are R-CNN series 
algorithms [3–6]. The one-stage object detection algorithm regards the object detec-
tion task as a regression task for the whole image, and the representative algorithms 
are YOLO series algorithms [7–11] and SSD series algorithms [12–14]. According to 
whether anchors are defined, object detection algorithms based on deep learning can 
be divided into anchor-based object detection algorithms and anchor-free object detec-
tion algorithms. An anchor box is a predefined detection box with different sizes. The 
anchor-based object detection algorithms define the anchors by the scene and data 
firstly, and then classify and regress the contents in the anchors. The anchor-free object 
detection algorithm can directly predict the boundary box of the object without defin-
ing the anchors in advance. Compared with anchor-based object detection algorithm, 
anchor-free object detection algorithm has obvious advantages in reducing network 
parameters, improving model generalization ability and detection speed. Considering 
the requirements for detection accuracy and detection speed in practical applications, 
one-stage anchor-free object detection algorithm is the main development direction of 
current object detection algorithms, such as CenterNet [15], CornerNet [16], FCOS [17], 
YOLOX [11].

The above object detection algorithms are all based on visible images. In some special 
scenes, such as low light conditions, the detection effect of visible images is poor, and the 
detection effect of infrared images is better due to the small influence of light conditions. 
Visible and infrared images are collected by image sensors with different wavelengths 
and have their own advantages. The visible images obtain the reflection characteristics 
of the objects, and have significant advantages in the performance of detail informa-
tion such as color and texture, but they are easily affected by low light, uneven light, 
shadow and occlusion. The infrared images obtain the thermal radiation characteristics 
of the objects, mainly presenting the temperature information of the objects, which can 
avoid the influence of light and occlusion, but have the disadvantages of unclear detailed 
information, low contrast and poor imaging effect [18]. The fusion of visible images and 
infrared images can obtain dual-band complementation information and improve object 
detection performance. The fusion of visible and infrared images is called multi-spec-
tral fusion or multi-modal fusion, and object detection based on the fusion of visible 
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and infrared images is also called multi-spectral object detection or multi-modal object 
detection.

There are three ways to fuse visible and infrared images, which are pixel-level 
fusion, feature-level fusion and decision-level fusion, as shown in Fig.  1. Pixel-level 
fusion is to perform feature extraction and object detection after registration and 
pixel fusion of the source image at the front end of the object detection network. 
Pixel-level fusion is usually computationally intensive, prone to noise interference and 
redundant information, which is not suitable for real-time application requirements. 
Feature-level fusion is to perform feature extraction and feature fusion through dif-
ferent source images, and then perform object detection based on the fused features. 
Feature-level fusion reduces the amount of calculation, and retains most of the infor-
mation, but still loses some details. Decision-level fusion is to fuse the object detec-
tion results of different source images at the back end of the object detection network 
to make a global optimal decision. Decision-level fusion algorithm can be efficiently 
compatible with the feature information of different source images, which has low 
complexity, strong fault tolerance, and good real-time and adaptability [19].

According to different fusion stages, visible and infrared images fusion can also be 
divided into four forms: early fusion, middle fusion, late fusion and score fusion. The 
early fusion is pixel-level fusion, the middle fusion and late fusion are feature-level 
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Fig. 1 Three ways to fuse visible and infrared images
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fusion, and the score fusion is decision-level fusion. The four forms of visible and 
infrared images fusion can be shown in Fig. 2 [20].

Aiming at the low detection performance of visible object under low light condi-
tions, we use decision-level fusion method to perform dual-band fusion detection on 
visible and infrared images, and use light sensing strategy to optimize decision-level 
fusion detection effect and improve object detection performance.

Some scholars have carried out relevant research. Tang et al. [21] proposed a decision-
level fusion detection method of infrared and visible light based on depth learning, and 
the experimental results showed that the dual-band fusion detection method based on 
depth learning had better detection performance and stronger robustness than the sin-
gle-band detection method. They further applied it to object tracking, established a deci-
sion-level fusion tracking model of infrared and visible light based on deep learning, and 
conducted comparative experiments of single-band tracking and dual-band fusion track-
ing, achieving higher precision and robustness [22]. Bai et al. [23] used YOLOv3 as the 
object detection network to propose a visible and infrared image fusion object detection 
algorithm based on decision-level fusion. The detection results of visible and infrared 
images were weighted and fused to achieve fast object detection based on decision-level 
fusion. Zhang et al. [24] proposed a complementary and precise vehicle fusion detection 
approach in RGB-T images, which combined the detection results of both visible and 
infrared images based on a decision-level fusion strategy, and applied it to vehicle detec-
tion in traffic monitoring. In general, for the dual-band fusion detection of visible and 
infrared images using decision-level fusion methods, although the object detection net-
works and datasets used in different literatures are different, they all improve the object 
detection effect to a certain extent. In this study, YOLOX is taken as the object detection 
network, and the decision-level fusion detection of visible and infrared images is studied 
on the basis of existing research.

2  YOLOX object detection network
In the YOLO series of algorithms, the original YOLO algorithm is anchor-free, but its 
precision is lower than that of anchor-based one-stage object detection algorithm in 
the same period, so the later YOLOv2, YOLOv3, YOLOv4, and YOLOv5 are all anchor-
based. With the development of anchor-free object detection technology, YOLOX 
algorithm is changed to anchor-free again, and the performance is improved a lot, sur-
passing other YOLO algorithms. YOLOX performs well in both detection performance 
and detection speed, so we use YOLOX as the object detection network.

YOLOX not only changed the detector to an anchor-free mode, but also integrated 
some of the latest advanced detection technologies, including Mosaic and MixUp data 
enhancement strategies, decoupled head, multi-positives, SimOTA label allocation 
strategies, etc. YOLOX divides the network model into YOLOX-Nano, YOLOX-Tiny, 
YOLOX-S, YOLOX-M, YOLOX-L, and YOLOX-X according to the model size. YOLOX 
network models of all sizes have achieved a good balance between detection precision 
and detection speed, and the overall performance is excellent. YOLO-Nano only uses 
0.91 M parameters and 1.08GFLOPs to obtain 25.3% AP on COCO, which is higher than 
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1.8% AP of NanoDet. The YOLOX-S realized 39.6% AP on COCO, with 9.0 MB param-
eters and 26.8GFLOPs. Compared with the most representative YOLOv3 in the YOLO 
series, the parameters amount of YOLOX-S is reduced by 85.71%, and the calculation 
amount is reduced by 82.96%, but its AP exceeds YOLOv3 by 1.1%. The parameters 
amount of YOLOX-L is roughly the same with YOLOv5-L. YOLOX-L achieved 50.0% 
AP On COCO, which is more than 1.8% of the AP of YOLOv5-L. YOLOX-L also won 
the first place in the 2021 CVPR Streaming Perception Challenge [11]. We use YOLOX-S 
as the baseline model. The YOLOX-S network structure is shown in Fig. 3.

The YOLOX network structure is divided into four parts: Input, Backbone, Neck, and 
Head. On the input side, YOLOX uses Mosaic and MixUp data enhancement strategies 
to preprocess the input image. The main network part uses the CSPDarknet network 
structure composed of CBS convolution module and CSP residual module to enhance 
the feature extraction ability of the network. CBS convolution module consists of nor-
mal convolution layer, batch normalization layer and SiLU activation function. The CSP 
residual module consists of three CBS modules and several Bottleneck residual modules, 
which are connected by residuals, and features are extracted by stacking residual struc-
tures. The Bottleneck residual module uses the residual structure in the ResNet network 
to build the network deeper, so that the network can extract deeper features while avoid-
ing gradient disappearance or explosion. Neck uses PAFPN structure for multi-scale 
feature fusion. The PAFPN structure is an improvement of the FPN feature pyramid 
structure. Compared with the normal FPN, PAFPN adds a bottom-up down-sampling 
path to further fuse the features of different scales and improve the semantic recognition 
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ability of the network. Head uses three decoupling heads to calculate and split the out-
put of three different scale sizes after feature fusion into category probability, position 
and confidence, and finally merges and outputs the final prediction results.

3  Decision‑level fusion of visible and infrared images
3.1  Decision‑level fusion model

The decision-level fusion detection of visible and infrared images uses visible and 
infrared images as inputs, and uses YOLOX network to detect objects, respectively. 
At the back end of the network, the decision-level fusion of visible image detection 
results and infrared image detection results is performed to output fusion detec-
tion results. In order to improve the decision-level fusion effect, the input visible and 
infrared images should be collected from the same natural scene and registered. The 
decision-level fusion network model can be shown in Fig. 4.

3.2  Decision‑level fusion algorithm

Visible and infrared images have different imaging effects on the same natural scene 
and object due to different imaging principles and bands. Especially under low light 
conditions, they can complement each other. The basic idea of the visible and infrared 
images decision-level fusion algorithm is to combine the candidate boxes detected by 
the visible image and the candidate boxes detected by the infrared image for each pair 
of visible and infrared images to perform IOU non-maximum suppression operation. 
Each object retains a candidate box with the highest confidence as the final object 
detection box [21]. The non-maximum suppression operation can use the normal 
NMS algorithm or the Soft-NMS algorithm [25]. The steps of visible and infrared 
images decision-level fusion algorithm are as follows:

(1) A pair of visible images and infrared images from the same natural scene after reg-
istration are detected by single-band image object detection through YOLOX net-
work. For each object, m visible image candidate boxes (Bvisible
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maximum suppression operation, and each object retains a candidate box with the 
highest confidence as the final object detection box.

(3) Repeat operations (1) and (2) for each pair of visible and infrared images to obtain 
the final fusion object detection result.

The decision-level fusion algorithm of visible and infrared images is described in 
detail as Algorithm 1.

3.3  Decision‑level fusion algorithm based on light sensing

There is a defect in the above algorithm. Under low light conditions, the visible image 
is easily affected by light intensity, and the generated candidate boxes have serious 
missed detection and false detection. When merging non-maximum suppression 
operations with the candidate boxes generated by infrared images, it is easy to sup-
press the correct candidate boxes. To address this problem, an improved decision-
level fusion algorithm based on light sensing is proposed. The basic idea of the 
algorithm is to adaptively suppress some visible light candidate boxes by calculating 
the light intensity of candidate box area, thereby improving the decision-level fusion 
effect of visible light and infrared images. Using the idea of Soft-NMS algorithm for 
reference, reduce the confidence of visible light candidate box flexibly through Gauss-
ian function operation. The lower the light intensity, the lower the confidence of the 
visible light candidate box. Assuming that the light intensity is roi_light, the light 
sensing adaptive suppression method is defined as follows:

The corresponding function curve is shown in Fig. 5.
The steps of decision-level fusion algorithm based on light sensing are as follows:

(1)F(roi_light) = e−
(1−roi_light/255)2

σ
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(1) A pair of visible images and infrared images from the same natural scene after reg-
istration are detected by single-band image object detection through YOLOX net-
work. For each object, m visible image candidate boxes (Bvisible

i ,Cvisible
i )i=1,2,··· ,m 

and n infrared image candidate boxes (Binfrared
j ,C

infrared
j )j=1,2,··· ,n can be obtained. 

Bvisible
i  and Binfrared

j  are composed of four values of the candidate box, which are 
the top left corner coordinate and the bottom right corner coordinate. Cvisible

i  and 
C
infrared
j  are confidence values for the candidate box;

(2) Carry out light sensing adaptive suppression operation with formula (1) for m vis-
ible light image candidate boxes (Bvisible

i ,Cvisible
i )i=1,2,··· ,m obtained in step (1);

(3) Combine the visible image candidate boxes (Bvisible
i ,Cvisible

i )i=1,2,··· ,m and infrared 

image candidate boxes (Binfrared
j ,C

infrared
j )j=1,2,··· ,n obtained in step (1) for non-

maximum suppression operation, and each object retains a candidate box with the 
highest confidence as the final object detection box.

(4) Repeat operations (1), (2) and (3) for each pair of visible and infrared images to 
obtain the final fusion object detection result.

The decision-level fusion algorithm of visible and infrared images based on light sens-
ing is described in detail as Algorithm 2.

Fig. 5 The light sensing adaptive suppression function curve
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4  Results and discussion
4.1  LLVIP dataset

The experimental dataset is the LLVIP dataset from Beijing University of Posts and Tel-
ecommunications [26]. LLVIP dataset is a visible and infrared images pedestrian detec-
tion dataset collected under low light conditions. The dataset contains 15,488 pairs of 
pictures, a total of 30,976 pictures. The dataset is a high quality visible-infrared paired 
dataset. The resolution of images is 1280 × 1024. All images in the dataset are collected 
in dark scenes at night, and each pair of visible and infrared images are strictly aligned in 
time and space. The dataset labels pedestrians in both visible light images and infrared 
images, and innovatively uses the reverse mapping method to label pedestrian objects 
that are difficult for human eyes to recognize in visible images under low light condi-
tions. The experiment sets the training set and test set at a ratio of 4: 1, and the propor-
tion of the training set used for verification is 20%. Since the visible images and infrared 
images are used as the input images, respectively, the number of images in the training 
set is 12391, and the number of images in the test set is 3097.

4.2  Experimental environment

The experiment is trained and tested on the Ubuntu 18.04 operating system. Intel 
Xeon CPU E5-2600 V4 is used as CPU, and NVIDIA TITAN Xp 12 GB × 2 is used as 
GPU. PyTorch is used as the deep learning framework, and GPU is used for comput-
ing. YOLOX-S object detection network is adopted. The input image size is 640 × 640. 
In the training process, the training batch size is set to 16, and the SGD optimizer 
is selected. The initial learning rate is set to 0.01, and it is trained 300 epochs. The σ 
value of light sensing adaptive suppression method is 0.5.

4.3  Qualitative analysis of experimental results

In order to verify the effectiveness of decision-level fusion object detection method, 
experiments are carried out on LLVIP dataset. The detection results of decision-level 
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fusion are compared with the results of using YOLOX-S network to detect visible and 
infrared images, respectively, as shown in Fig. 6.

It can be observed in Fig.  6 that the overall effect of YOLOX object detection is 
good, and most objects can be correctly detected. However, under different light 
conditions, both visible object detection and infrared object detection have missed 
detection more or less. In the low light scene, such as (a) and (b) in Fig. 6, there is a 
more serious phenomenon of missed detection in the visible object detection, and 
the infrared object detection effect is better. In the scene with good light conditions, 
as shown in (c) and (d) in Fig. 6, some infrared objects are undetected, and the vis-
ible detection effect is better. Therefore, decision-level fusion can integrate the effects 
of visible object detection and infrared object detection, reduce the rate of missed 
detection, and improve the overall performance of object detection.

4.4  Quantitative analysis of experimental results

Average Precision (AP) is used as the evaluation index to quantitatively evaluate the 
performance of object detection. The AP is calculated on the test set, and various 

Visible

Infrared

Fusion

(a) (b) (c) (d)

Fig. 6 Comparison of detection results. a, b, c and d are four scenarios under low light confitions respectively

Table 1 Comparison of experimental results

Method AP AP50 AP75 APS APM APL

Visible image + YOLOv3 [26] 46.6 87.1 45.5 – – –

Infrared image + YOLOv3 [26] 58.2 94.0 66.1 – – –

Visible image + YOLOv5 [26] 52.7 90.8 56.4 – – –

Infrared image + YOLOv5 [26] 67.0 96.5 76.4 – – –

Visible image + YOLOX 57.6 94.8 62.5 1.6 35.0 58.7

Infrared image + YOLOX 67.9 97.1 77.8 54.9 46.3 69.0

Decision fusion + NMS 67.3 97.0 77.4 54.9 45.0 68.4

Decision fusion + NMS + roi_light 68.0 97.2 78.4 54.9 46.3 69.2

Decision fusion + Soft-NMS 52.7 71.7 61.5 54.9 37.5 53.8

Decision fusion + Soft-NMS + roi_light 69.0 97.3 80.0 54.9 46.7 70.1
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algorithms are compared and analyzed to further verify the detection performance. 
The comparison of experimental results is shown in Table  1. The optimal detection 
results are set in bold font in the table.

It can be observed in Table 1 that under low light conditions, no matter what object 
detection network model is used, the detection effect of infrared image is better than 
that of visible image. Especially for small object detection, the small object detection AP 
of visible images based on YOLOX is only 1.6%, and that of infrared images is 54.9%. 
YOLOX is superior to YOLOv5 and YOLOv3 in both visible and infrared image object 
detection. The visible image object detection based on YOLOX is 4.9% higher than 
YOLOv5 and 11% higher than YOLOv3. The infrared image object detection based on 
YOLOX is 0.9% higher than YOLOv5 and 9.7% higher than YOLOv3. It indicates the 
significant performance of YOLOX network model. The decision-level fusion algorithm 
adopts two non-maximum suppression algorithms, which are normal NMS and Soft-
NMS, and adds the light sensing method to the ablation experiment. The experimental 
results show that only using normal NMS or Soft-NMS for decision-level fusion of dual 
band images, the AP is not improved, but inferior to the object detection effect of infra-
red images. Especially for decision-level fusion based on Soft-NMS algorithm, the final 
detection performance is seriously degraded. It indicates that the complementary infor-
mation of visible and infrared images is not only not effectively utilized, but also pro-
duces adverse interference. With the addition of the light sensing algorithm (roi_light), 
the performance of normal NMS and Soft-NMS has been improved more or less, sur-
passing the visible image object detection and infrared image object detection. The deci-
sion-level fusion algorithm based on Soft-NMS and light sensing obtains the optimal AP 
value. It shows that the light sensing algorithm can effectively improve the decision-level 
fusion effect of visible and infrared images.

4.5  Computational complexity

By introducing the infrared images into object detection, the computational complexity 
is increased. According to the decision level fusion network model in Fig. 4, decision-
level fusion detection of visible and infrared images uses visible and infrared images as 
inputs, and uses YOLOX network to detect objects, respectively. Therefore, the com-
putational complexity of the decision-level fusion detection is doubled. In addition, the 
non-maximum suppression and light intensity calculation of candidate boxes in the 
fusion algorithm may also increase a certain amount of computational cost. The com-
putational complexity affects the running speed and the running time of detectors. 
However, the influence of computational complexity on detection speed is controlla-
ble. Because we can increase the performance of computing hardware such as GPU to 
address this problem. In some application scenarios such as intelligent transportation, 
detection performance is crucial for driving safety. Therefore, although the introduction 
of infrared images increases the computational complexity, it is still worth exploring to 
obtain higher detection performance. Object detection performance and computational 
complexity need to be balanced according to the application requirements.
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5  Conclusion
This paper presents an experimental study on the decision-level fusion detection 
method of visible and infrared images under low light conditions. Taking YOLOX as 
the object detection network, experiments are carried out on the LLVIP dataset for the 
object detection of visible and infrared images under low light conditions. The experi-
mental results show that the performance of YOLOX object detection network is better 
than YOLOv3 and YOLOv5. Based on the decision-level fusion idea of visible and infra-
red images in Reference [21], YOLOX is used as the object detection network to repro-
duce the decision-level fusion algorithm of visible and infrared images based on normal 
NMS, and Soft-NMS is used to improve the algorithm. However, the performance of the 
decision-level fusion algorithm based on Soft-NMS is lower than that of normal NMS. 
An improved decision-level fusion algorithm based on light sensing is proposed. By cal-
culating the light intensity of candidate box area, some visible light candidate boxes with 
low light intensity are adaptively suppressed, so as to improve the decision-level fusion 
effect of visible light and infrared images. The experimental results demonstrate that 
the decision-level fusion algorithm based on Soft-NMS and light sensing can obtain the 
optimal AP value. The decision-level fusion detection algorithm based on light sensing 
can effectively utilize the complementary information of visible and infrared images to 
improve the final detection results. The experimental results also show that the detec-
tion effect of various decision-level fusion detection algorithms on small objects had not 
been improved, and the algorithm needs to be improved in the future research to further 
improve the fusion detection performance of small targets.
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AP  Average precision
SGD  Stochastic gradient descent
FPN  Feature pyramid networks
PAFPN  Path augmentation feature pyramid networks
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