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Research on head algorithm of network based on one-stage object detection
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[ Abstract] The network framework of object detection has a great influence on the object detection results, and the research of the
network head is one of the focuses of the improvement of the network framework. This paper improves the network header of one—
stage object detection. By analyzing the current two—stage network head research and the output of the one—stage network framework
RetinaNet head heatmap, the paper innovatively introduces the pooling layer module in the first—stage network head, proposes a
dual-classification head module, and uses two networks. After that, a combined method is used for adaptive allocation of head
weights. This paper uses RetinaNet as the baseline, VOC0712 and MS COCO2017 datasets as experimental datasets, thereafter mAP
achieves 80.8% on VOC0712, which is 3.5% higher than baseline. Meanwhile mAP reaches 40.2% on MS COCO2017 test set, and
compared with RetinaNet, it is improved by 1.1%. Furtherly after using multi—scale, mAP reaches 41.7%, which is an increase of 2.4%.
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Fig. 1 Two—stage object detection head change figure
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Fig. 2 Network head heat map
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Fig. 3 Network head heat map
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Fig. 4 Network head heat map
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Fig. 5 Network structure
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Fig. 6 Channel attention module figure
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Fig. 7 Circulation channel attention module figure
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Fig. 8 Multi-head attention mechanism
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Fig. 9 Multi—head attention mechanism module
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®1 VOCO712 HIEELWER
Tab. 1 VOC0712 dataset experimental results
Method Backbone mAP  aero  bike bird boat bottle bus car  cat chair cow table dog horse mbike person plant sheep sofa train  tv
SSD300 VGGl16 0.743 0.755 0.802 0.723 0.663 0.476 0.830 0.842 0.861 0.547 0.783 0.739 0.845 0.853 0.826 0.762 0.486 0.739 0.760 0.834 0.740
ION300 VGGl16 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 0800 - - - - = - = - - - oo oo o o
R-SSD VGG16 0785 - - = === — oo oo
R-SSD(4) VGG16 0.762 - - - - - - - - - - - - - - - - - - - -
R-SSD(6) VGG16 0770 - - = = = - = - - - - - oo o
YOLO V2 DarkNet-19  0.737 - - - - - - - - - - - - - - - - - - - -
DSOD DS/64-192-48-1 0.777 - - - = = = — = = - - oo
FSSD VGG16 0788 - - - - = == - - - - - o ..
RefineDet320 VGG16 0800 - - - = = = == - - - - - oo oo
PELEE VGG16 0709 - - - - - - - - - - - - - .- . e -
RetinaNet Residual-50 0.773 0.828 0.843 0.819 0.692 0.676 0.846 0.877 0.882 0.642 0.780 0.642 0.860 0.834 0.812 0.835 0.526 0.758 0.712 0.833 0.779
RetinaNet—-DCH Residual-50 0.808 0.881 0.863 0.839 0.715 0.706 0.853 0.882 0.888 0.670 0.874 0.737 0.863 0.863 0.841 0.849 0.568 0.831 0.791 0.845 0.808
F2 VOCOT12 BiEEMELSBELWLER
Tab. 2 VOCO0712 dataset weight distribution experimental results
AESEL mAP  aero  bike  bird  boat bottle  bus car cat  chair cow table dog horse mbike person plant sheep sofa train tv
0.5:0.5 0.793 0.857 0.851 0.815 0.693 0.686 0.845 0.878 0.878 0.648 0.849 0.725 0.842 0.849 0.819 0.843 0.570 0.805 0.774 0.839 0.802
0.4:06 0.764 0.817 0.839 0.778 0.649 0.674 0.811 0.875 0.862 0.618 0.817 0.673 0.821 0.832 0.800 0.832 0.487 0.778 0.756 0.795 0.762
0.6:04 0.795 0.867 0.851 0.799 0.696 0.701 0.846 0.882 0.878 0.638 0.852 0.732 0.843 0.858 0.826 0.840 0.557 0.806 0.768 0.857 0.799
0.7:03 0.792 0.861 0.851 0.807 0.690 0.673 0.832 0.882 0.879 0.667 0.854 0.700 0.847 0.868 0.811 0.844 0.552 0.825 0.768 0.833 0.797
0.3:0.7 0.793 0.857 0.851 0.806 0.704 0.703 0.836 0.877 0.873 0.858 0.849 0.728 0.823 0.860 0.819 0.842 0.538 0.814 0.769 0.847 0.799
H 38 i 0.808 0.881 0.863 0.839 0.715 0.706 0.853 0.882 0.888 0.670 0.874 0.737 0.863 0.863 0.841 0.849 0.568 0.831 0.791 0.845 0.808
ER3 VOCO712 BiRERIFRBKILER
Tab. 3 The experimental results of the number of cycles of the VOC0712 dataset
TEARREL  mAP  aero bike bird boat bottle bus car cat  chair cow table dog horse mbike person plant sheep sofa train tv
1 0.794 0.867 0.856 0.807 0.705 0.698 0.845 0.879 0.869 0.651 0.850 0.722 0.839 0.859 0.826 0.845 0.557 0.817 0.787 0.817 0.793
2 0.808 0.881 0.863 0.839 0.715 0.706 0.853 0.882 0.888 0.670 0.874 0.737 0.863 0.863 0.841 0.849 0.568 0.831 0.791 0.845 0.808
3 0.793 0.842 0.837 0.799 0.712 0.706 0.857 0.874 0.879 0.654 0.849 0.738 0.847 0.865 0.825 0.841 0.535 0.822 0.776 0.832 0.778
R4 VOCOT12 HiEE S LLWHER
Tab. 4 VOC0712 dataset multi—head experimental results
23 mAP  aero  bike bird  boat bottle bus  car  cat chair cow table dog horse mbike person plant sheep sofa train  tv
1 0.808 0.881 0.863 0.839 0.715 0.706 0.853 0.882 0.888 0.670 0.874 0.737 0.863 0.863 0.841 0.849 0.568 0.831 0.791 0.845 0.808
2 0.796 0.844 0.844 0.816 0.698 0.684 0.841 0.878 0.875 0.660 0.864 0.728 0.823 0.852 0.848 0.849 0.557 0.837 0.792 0.835 0.804
4 0.808 0.855 0.865 0.840 0.740 0.707 0.848 0.882 0.885 0.669 0.877 0.740 0.866 0.867 0.839 0.849 0.566 0.833 0.785 0.843 0.811
£S5 VOCO7T12 HHEEF U LEER
Tab. 5 Average pooling experimental results of VOC0712 dataset
Wit K/N  mAP  aero  bike bird boat bottle bus car  cat chair cow table dog horse mbike person plant sheep sofa train  tv
8#8 0.807 0.870 0.861 0.831 0.723 0.708 0.857 0.883 0.892 0.665 0.876 0.741 0.860 0.861 0.840 0.846 0.566 0.824 0.776 0.846 0.811
16 = 16 0.808 0.860 0.866 0.839 0.724 0.708 0.859 0.883 0.890 0.668 0.861 0.751 0.862 0.871 0.829 0.847 0.565 0.825 0.790 0.840 0.817
32 %32 0.808 0.881 0.863 0.839 0.715 0.706 0.853 0.882 0.888 0.670 0.874 0.737 0.863 0.863 0.841 0.849 0.568 0.831 0.791 0.845 0.808
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R6 VOCOT12 HiREAIMIBER
Tab. 6 Experimental results of the head of the VOC0712 dataset

P253kER  mAP  aero  bike  bird  boat bottle  bus car cat  chair

cow table dog horse mbike person plant sheep sofa train  tv

DCH 0.808 0.881 0.863 0.839 0.715 0.706 0.853 0.882 0.888 0.670 0.874 0.737 0.863 0.863 0.841 0.849 0.568 0.831 0.791 0.845 0.808

CCAM 0.793 0.846 0.838 0.820 0.693 0.695 0.856 0.878 0.889 0.649 0.849 0.686 0.863 0.859 0.831 0.848 0.541 0.809 0.759 0.848 0.804

MHA 0.798 0.843 0.860 0.819 0.722 0.678 0.855 0.882 0.878 0.654 0.855 0.741 0.863 0.857 0.832 0.844 0.561 0.797 0.783 0.826 0.808

R7T MSCOCO2017 HIBERWER
Tab. 7 Experimental results on MSCOCO2017 dataset

Method Backbone AP APy, AP;s APg APy, AP,

Faster R—~CNN VGG16 21.9 42.7 - - - -
SSD VGG16 28.8 48.5 30.3 10.9 31.8 43.5
RefineNet VGG16 33.0 54.5 35.5 16.3 36.3 44.3
Faster R—CNN ResNet-50-C4 34.8 55.8 37.0 19.1 38.8 48.2
FPN ResNet—50 36.8 58.7 40.4 21.2 40.1 48.8
RetinaNet ResNet-50 37.4 56.7 39.6 20.0 40.7 49.7
RetinaNet—-DCH ( 4<3() ResNet-50 38.7 58.7 41.0 22.2 41.4 49.0
Double—Head ResNet-50 39.8 59.6 43.6 22.7 42.9 53.1
Double—Head -Ext ResNet-50 40.3 60.3 44.2 22.4 43.3 54.3

£ 8 MSCOCO02017 HIEELKER
Tab. 8 Experimental results on MSCOCO02017 dataset

Method Backbone AP APy, AP, APy AP, AP,
YOLOv2 DarkNet—19 21.6 44.0 19.2 5.0 22.4 35.5

SSD ResNet—101 31.2 50.4 33.3 10.2 34.5 49.8

YOLOv3 DarkNet—53 33.0 57.9 34.4 18.3 35.4 41.9
RefineNet 2! ResNet—-101 36.4 57.5 39.5 16.6 39.9 51.4
Mask RCNN ResNet—101 38.2 60.3 41.7 20.1 41.1 50.2
RetinaNet ResNet—101 39.1 59.1 4.3 21.8 2.7 50.2

Deep Regionlets 2’ ResNet—101 39.3 59.8 - 21.7 43.7 50.9
ExtremeNet Hourglass—104 40.1 55.3 43.2 20.3 43.2 53.1
RetinaNet—DCH ( A 30) ResNet—101 40.2 60.3 43.0 23.1 43.1 51.3
CornerNet Hourglass—104 40.5 56.5 43.1 19.4 4.7 53.9

FCOS ResNet—101 41.5 60.7 45.0 24.4 44.8 51.6
Double—Head ResNet—101 41.5 61.7 45.6 23.8 45.2 54.9
RetinaNet—DCH-MS ( 7 30) ResNet—101 41.7 61.6 45.4 25.2 447 52.0
Double—Head-Ext ResNet—101 41.9 62.4 45.9 23.9 45.2 55.8
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