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A lightweight one-stage network based on shared multi-head modules
XIAO Guiming, DING Derui, LIANG Wei, WEI Guoliang
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Shanghai 200093, China)

[ Abstract] The one-stage object detection network SSD is very popular. Based on the standard SSD network, this paper proposes a
novel LSSD (Lightweight SSD) network architecture. In addition, the SMHM ( Shared Multi—Head Module) is proposed, which
enables all output levels to share the network head. Compared with the standard SSD, the improved one-stage network architecture
(denoted as SMHM -LSSD) proposed in this paper has fewer network parameters, faster speed, and higher detection accuracy.
Experiments are conducted on the VOC0712 dataset on the platform mmdetection launched by the Chinese University of Hong Kong
and SenseTime. The VOCO0712 training set is used for training and the VOCO7 test set is used for testing. The experimental results show
that the LSSD proposed in this paper improves the detection accuracy by 0.2% compared with the SSD, reduces the parameter amount
of 23.1 M, and improves the speed of 5 fps/s. After adding the SMHM module, the detection performance is improved by up to 0.6%.
By reducing the parameter amount of 28.7 M and increasing the speed of 8 fps/s, SMHM-LSSD reached 78.9% of mAP.
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Tab. 1 Pascal VOC2007 test results

Method Backhone mAP  aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train v
SSD300 VGG16 0.783 0.832 0.843 0.757 0.724 0.531 0.870 0.870 0.865 0.639 0.822 0.770 0.843 0.875 0.844 0.807 0.539 0.789 0.805 0.875 0.766
15SD300 VGG16 0.785 0.818 0.853 0.754 0.714 0.533 0.879 0.867 0.875 0.637 0.835 0.787 0.849 0.869 0.851 0.807 0.520 0.795 0.813 0.863 0.778

SLSSD300(4) VGG16 0.784 0.813 0.858 0.752 0.719 0.529 0.878 0.866 0.879 0.635 0.835 0.778 0.847 0.872 0.852 0.809 0.510 0.797 0.810 0.866 0.778

SLSSD300( 6) VGG16 0.789 0.826 0.861 0.765 0.728 0.567 0.858 0.871 0.881 0.627 0.842 0.796 0.844 0.878 0.863 0.807 0.540 0.770 0.814 0.881 0.765
T10N300 VGG16 0.756 0.792 0.831 0.776 0.656 0.549 0.854 0.851 0.870 0.544 0.806 0.738 0.853 0.822 0.822 0.744 0.471 0.758 0.727 0.842 0.804
Faster VGG16 0.732 0.765 0.790 0.709 0.655 0.521 0.831 0.847 0.864 0.520 0.819 0.657 0.848 0.846 0.775 0.767 0.388 0.736 0.739 0.830 0.726
Faster Residual-101  0.764 0.798 0.807 0.762 0.683 0.559 0.851 0.853 0.898 0.567 0.878 0.694 0.883 0.889 0.809 0.784 0.417 0.786 0.798 0.853 0.720
MR-CNN VGG16 0.782 0.803 0.841 0.785 0.708 0.685 0.880 0.859 0.878 0.603 0.852 0.737 0.872 0.865 0.850 0.764 0.485 0.763 0.755 0.850 0.810
R-FCN Residual-101  0.805 0.799 0.872 0.815 0.720 0.698 0.868 0.885 0.898 0.670 0.881 0.745 0.898 0.906 0.799 0.812 0.537 0.818 0.815 0.859 0.799
DSSD321 Residual-101  0.786 0.819 0.849 0.805 0.684 0.539 0.856 0.862 0.889 0.611 0.835 0.787 0.867 0.887 0.867 0.797 0.517 0.780 0.809 0.872 0.794
ASSD VGG16 080 - - - T
R-SSD(4) VGG16 0762 - - - T T
R-SSD(6) VGG16 0770 - - = = = - = oo
YOLOV2 DarkNet-19 0737 - - - - - = - = oo
DSOD DS/64-192-48-1 0.777 - - - - - = - = - oo
FSSD VGG16 I I e

RefineDet320 VGG16 080 - - - T
PELEE VGG16 0700 - - - - - - - - - - - - - - e e e
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Tab. 2 The number of frames and the total number of frames of each classifier network, as well as the parameters and test speed

Network 38%38 19%19 10%10 5=%5 3%3 11 total bbox Speed Params
SSD300 4 6 6 6 4 4 8732 33 210.3 M
LSSD300 4 6 6 6 4 4 8 732 38 187.2 M
SLSSD300(4) 4 4 4 4 4 4 7 760 41 181.6 M
SLSSD300(6) 6 6 6 6 6 6 11 640 31 182.0 M
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