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Abstract Considering the high computational complexity and low detection speed of the common object detection
algorithms on an embedded platform, this study proposes a lightweight object detection network (BENet) suitable
for embedded platforms. First, the proposed network added a channel feature interweaving module to the
MobileNetv2 lightweight network to design the backbone network, which effectively enhanced the feature expression
of the lightweight backbone network. Second, an adaptive multiscale weighted feature fusion module was proposed
to learn the correlation between the features with various scales by assigning weights to the features with different
scales. Finally, we attempted to introduce a spatial pyramid pooling structure to obtain the context information of
different receptive fields. The experimental results on the VOC dataset show that the proposed BENet maintains
high object detection accuracy and speed while has lower computational complexity and smaller parameters.
Additionally, it is more suitable for embedded platforms.
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Table 1 Related parameters of I-MobileNetv2
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416X 416X 3 Conv2d 2 1 208X208X 32
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52X52X32 Bottleneck 2 4 26X 26X 64
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26 X26X96 Feature interweaving 1 2 26 X26 X96
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13X13X 320 Conv2d 1 1 13X13X1280
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Fig. 3 Adaptive multi-scale weighted feature fusion module
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Table 2 Comparison of the results of different object detection algorithms on PASCAL VOC dataset

Algorithm Input size Backbone mAP/ % FPS Params/10°
Faster-RCNN 6001000 VGG 73.2 7 138.5
SSD 512X512 VGG 76.8 22 33.1
DSSD 513X 513 ResNet-101 81.5 5.5
SSDLite 300X 300 MobileNet 72.7 56 6.8
R-FCN 600X1000 ResNet-101 80.5 9
RFBNet 512X512 VGG 82.2 38 34.5
YOLO 448X 448 66. 4 20 86.7
YOLOv3 tiny 544 X544 61.1 116 8.5
YOLOv3 544 X544 Darknet 53 80. 4 26.5 62.3
BENet 544X 544 I-MobileNetv2 78. 4 49 7.9

MR 2 2 ] DL B A A6 IOKS B O T, P 4R

BENet A% 78. 4%, b 3 T X 38 /9 B A5 & 90 & 1k
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Table 3 Comparison of model size and number of

calculations between BENet and YOLOv3

Algorithm Model size /MB BFLOPs
YOLOv3 tiny (416) 34 5.56
YOLOv3(416) 236 65. 86
BENet(416) 32 6.31
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Table 4 Ablation experiment on PASCAL VOC dataset
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Fig. 7 Comparison of the detection results of different
algorithms on the VOC dataset. (a) YOLOvVS3;
(b) BENet; (¢) YOLOvV3 tiny
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