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Object detection algorithm based on attention mask fusion
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Abstract: In computer vision tasks, balancing the accuracy and speed of object detection plays a signif-
icant role in subsequent practical applications such as object tracking and recognition. An object detec-
tion algorithm based on attention mask fusion is proposed. Firstly, the VGG network is used to ex-
tract features, and a series of preselected boxes are obtained after preliminary regression and binary
classification. Then, the preselected boxes are input into the feature pyramid structure, learning effec-
tive features adaptively by constructing the attention mask module, and more representational
features are gotten by integrating the feature pyramid structure and the attention mask module. Final-
ly, the multiscale detection results are obtained by multiple classification and regression. Experiments
are conducted on the data sets of PASCAL VOC 2007 and PASCAL VOC 2012. Test set results show
that under the condition that Intersection over Union(IOU) is 0.5, the mean average precision(mAP)
for the image input of 320320 is 81.0% and 79.0% respectively, and the detection speed is 60.9 fps,

realizing the balance between precision and speed. In this paper, the attention information is integrated
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into object detection to achieve the balance of accuracy and speed of generic object detection.

Key words: computer vision; object detection; attention mask; feature pyramid; multiscale detection
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Tab.1 Test results of different algorithms on VOC2007 and VOC2012 datasets

Method Backbone Input Size

mAP@IOU=0.5 (%)
FPS GPU

VOC2007 VOC2012

Faster RCNN VGG-16 ~1 000X 600

7 Titan X 73.2 70.4
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mAP@IOU=0.5 (%)
Method Backbone Input Size FPS GPU
VOC2007 VOC2012
Faster RCNN# ResNet-101 ~1 000X 600 2.4 K40 76.4 73.8
HyperNet?! VGG-16 ~1 000X 600 5 Titan X 76.3 71.4
R-FCN[! ResNet-101 ~1 000X 600 5.9 K40 80.5 77.6
CoupleNet!? ResNet-101 ~1 000X 600 8.2 Titan X 82.7 80.4
YOLO™ GooleNet 448X 448 45 Titan X 63.4 57.9
YOLOv2[ DarkNet-19 544 X 544 40 Titan X 78.6 73.4
SSD300" VGG-16 300X 300 46 Titan X 74.3 72.4
SSD512:% VGG-16 512X 512 19 Titan X 76.8 74.9
RefineDet320* VGG-16 320320 40.3 Titan X 80.0 78.1
RefineDet512M VGG-16 512X512 24.1 Titan X 81.8 80.1
RefineDet320M VGG-16 320320 74.6 1080Ti 80.0 78.1
Proposed320 VGG-16 320X 320 60.9 1080Ti 81.0 79.0
Proposed512 VGG-16 512X 512 35.0 1080Ti 82.2 80.8
F2 AEEXTE VOC2007 HiEE £ 20 I AP L&
Tab.2 AP comparison of 20 categoriesfor different algorithms on VOC2007 dataset
method mAP aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train  tv
Faster RONNP 76,4 79.8 80.7 76.2 68.3 55.9 85.1 85.3 89.8 56.7 87.8 69.4 88.3 88.9 80.9 78.4 41.7 78.6 79.8 85.3 72.0
HyperNet™? 76,3 77.4 83.3 75.0 69.1 62.4 83.1 87.4 87.4 57.1 79.8 71.4 85.1 85.1 80.0 79.1 51.2 79.1 757 80.9 76.5
R-FCNE 80,5 79.9 87.2 815 72.0 69.8 86.8 88.5 89.8 67.0 88.1 745 89.8 90.6 79.9 81.2 53.7 8.8 8L5 859 79.9
SSD300MY 743 755 80.2 72.3 66.3 47.6 83.0 84.2 86.1 547 78.3 73.9 845 85.3 82.6 762 48.6 739 76.0 83.4 740
SSD512M1) 76,8 82.4 84.7 784 73.8 53.2 86.2 87.5 86.0 57.8 831 70.2 84.9 852 83.9 79.7 50.3 77.9 73.9 825 753
RelineDet3205" 80.0 83.9 85.4 81.4 75.5 60.2 86.4 88.1 89.1 62.7 839 77.0 85.4 87.1 86.7 82.6 55.3 82.7 78.5 88.1 79.4
RefineDet5125") 81,8 88.7 87.0 83.2 76.5 68.0 88.5 88.7 89.2 66.5 87.9 75.0 86.8 89.2 87.8 847 56.2 832 78.7 88.1 82.3
Proposed320  81.0 84.8 85.8 81.4 76.0 60.6 88.0 88.3 88.9 63.8 85.5 78.7 86.3 87.5 87.3 82.8 58.4 83.6 82.3 88.7 80.6
Proposed512 82,2 89.4 86.5 819 77.2 70.0 89.1 89.1 89.5 67.6 88.0 75.5 87.3 88.4 88.0 849 59.0 835 786 87.7 827
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R 2yl A KA LD 20 R HARK AP
(Average precision) , A] D& 3| J &R 4 28 51 1) -
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Ok A A 22 ) L BV FERT 160k R IEAR H 22 ) R i%
BN 107 BEJE 40k FIl 80k YK 3E AL A 2] R4y
WEA 10 PH10 ', XFT 320320 Fl 512X 512
BIET A, 2R B0 batch size 88 R 16, 3F B A5 W
P GPU #E A7 %% . ARSI E il 4.1 AR

Mz 1 7~ , Proposed320 mAP 2l 79.0%,
45 RefineDet 320 MILLHE R T 0.9%6. 5 SSD A Lt
PR T 6.620 . [A By A AR L A SO LUK
EiH 5 M CoupleNet {8 T 1.4% ., Proposed512
mAP N 80.8% .5 RefineDet 320 #HIL I & T
0.7%, HAEE# L T CoupleNet, by i $2 5 1k
B
43 TEUER

K5 25 T A SCHR B fE VOC2007 Al
VOC2012 $d & b i B 45

Bl 5 VOC2007 Fl VOC2012 %k #E £ (9 I iz 25

o () VOC2007 312k &5 5, 5 8 A 0 09 2 RO AR5 (b)

VOC2007 k45 5, T AR /N B A% (o) VOC2012 T3k 25 5, 55 I8 46 0 i 22 R BE3k 5R 5 () VOC2012

XS5 R T RN B AR

Fig.5 Test result on VOC2007 and VOC2012 dataset. (a) Test result on VOC2007, emphasizing the multi-

scale effect of detection; (b) Test result on VOC2007, focusing on small targets; (c¢) Test result on

VOC2012. emphasizing the multiscale effect of detection; (d) Test result on VOC2012, focusing on

small targets.
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