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Synchronous object detection and matching network based on
infrared binocular vision
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Abstract: The three-dimensional perception of road objects in challenging environments is crucial for the development
of autonomous vehicles that operating in all conditions, at all hours. Infrared binocular vision mimics the human binocu-
lar system, facilitating stereoscopic perception of objects in challenging conditions such as dim or zero-light environ-
ments. The core technology for stereoscopic perception in binocular vision systems is accurate object detection and
matching. To streamline the complex sequence of object detection and matching procedures, a synchronous object detec-
tion and matching network (SODMNet) is proposed, which can perform synchronous detection and matching of infra-
red objects. SODMNet innovatively combines an object detection network with an object matching module, leveraging
the deep features from the classification and regression branches as inputs for the object matching module. By concate-
nating these features with relative position encoding from the feature maps and processing the concatenated features
through a convolutional network, the network generates feature descriptors for the left and right images. Object match-
ing is then achieved by calculating the Euclidean distances between these descriptors, thus facilitating synchronous ob-
ject detection and matching in binocular vision. In addition, a novel nighttime infrared binocular dataset, annotated
with targets such as pedestrians and vehicles, is created to support the development and evaluation of the proposed net-
work. Experimental results indicate that SODMNet achieves a significant improvement of more than 84. 9% in object
detection mean average precision (mAP) on this dataset, with an object matching average precision (AP) of 0. 5777.
These results demonstrate that SODMNet is capable of high-precision, synchronized object detection and matching in in-
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frared binocular vision, marking a significant advancement in the field.
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Table 1 The prediction results of SODMNet under different backbone networks
Backbone class recall precision F1 score AP mAP
person 0.77217 0.034 1 0.0653 0.349 2
FCOS 0.3630
car 0.688 7 0.047 8 0.089 4 0.376 7
ResNet
person 0.668 3 0.916 4 0.7729 0.6563
SODMNet 0.748 9
car 0.849 5 0.9340 0. 889 8 0.8415
person 0.8182 0.0309 0.059 5 0.3716
FCOS 0.3890
car 0.7226 0.0513 0. 095 8 0. 406 4
MobileNet
person 0.6321 0.914 4 0.7475 0.6213
SODMNet 0.7194
car 0.826 1 0.9322 0.8759 0.8175
person 0.8128 0.0412 0.078 5 0.3203
FCOS 0.3583
car 0.704 0 0.0552 0.1023 0.3963
ShuffleNet
person 0.5932 0.909 3 0.7180 0.577 1
SODMNet 0.6773
car 0.787 8 0.9235 0.8503 0.777 6
person 0.778 1 0.0532 0.099 5 0.3833
FCOS 0.404 0
car 0.708 2 0.038 3 0.0727 0.4247
EfficientNet
person 0.6718 0.909 7 0.7729 0. 660 7
SODMNet 0.756 8
car 0.8596 0.9394 0.8977 0.8529
ﬁ 2 SODMNet E ﬁ(@ﬁagﬁ% Left |mag Right image
Table 2 The object matching results of SODMNet
Backbone M_recall ~ M_precision M_F1 score M_AP
ResNet 0.6660  0.8606 0.7509  0.5777 o
MobileNet 0.6262 0.8751 0.7300 0.5538
ShuffleNet 0.5827 0.846 0 0.696 0 0.5063
EfficientNet 0.6455 0.863 8 0.738 8 0.5616
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Fig. 16 The prediction results of SODMNet in different sce-

narios
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Table 3 Performance comparison of object detection
between SODMNet and other methods

Network class AP mAP
person 0.6239
YOLOv5 0.7102
car 0.796 5
person 0.6334
Swin transformer 0.7211
car 0. 808 7
person 0.6563
SODMNet 0.7489
car 0.8415
* 4 HEIKER
Table 4 Results of ablation experiment
Input Layers
person_
cls& 1 2 4 car_ AP M_AP
location feats AP
reg conv conv conv
1 1 0.6517 0.8341 0.5695
1 1 1 0.6563 0.8415 0.5777
1 1 1 0.6446 0.8370 0.5395
1 1 1 1 0.6383 0.8284 0.5355
1 1 1 0.6439 0.8366 0.5616
1 1 I 0.6362 0.8318 0.5697
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[ 45 Do 2 X6F HE S 36 245 S {2 7R, SODM Net 75 S5 2R 1
i ARV (AP i3] 0. 5777) (9 [Rl A4 2542 71 7 H
B AG 0 4G B (mAP $2 71 84. 9% LA | ) . 45 KW
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