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Target Detection Model Based on Once Bidirectional Feature Pyramid Network

Zhang Yunchuan, Jiang Lin’, Lin Li

Faculty of Science, Kunming University of Science and Technology, Kunming 650500, Yunnan, China
Abstract Target detection is an important research direction in the field of computer vision. Although the single-shot
detector (SSD) model achieves good results in terms of detection accuracy and speed, its use of shallow features with low
semantic information for training small targets is prone to target misses and false detections. In this paper, an improved
SSD target detection model based on a once bidirectional feature pyramid network (OBSSD) is proposed. First, a
bidirectional feature fusion module is constructed based on the principle of hierarchical fusion to solve the problem of under-
utilization of shallow features. Second, fusion weights are introduced to fuse features at different levels more effectively
and mitigate the problem of low semantic information of shallow features. Finally, a detection unit based on the residual
module is added before classification and regression prediction to address the problem of inaccurate target localization
caused by the biased translational invariance of the classification network. The experimental results on the PASCAL

VOC2007 test set show that the mean average precision (mAP) of the proposed model is 80. 8% , which is 6. 5 percentage

points higher than that of the SSD model, and the detection speed meets the demand for real-time detection.
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Table 1 SSD backbone network structure

Block Layer Operation Specific operational detail Output feature size
Convl_1 Conv,Act k=3,p=1;RelLU 300 X 300 X 64
Block 1
Convl 2 Conv, Act k=3,p=1;RelLU 300 X 300 X 64
Poolingl MaxPooling k=2,5=2 150 X 150 X 64
Block 2 Conv2_1 Conv, Act k=3,p=1;RelLU 150 X 150 X 128
Conv2 2 Conv, Act k=3,p=1;RelLU 150 X 150 X 128
Pooling2 MaxPooling k=2,5=2 75X 75X 128
Conv3 1 Conv,Act k=3,p=1;RelLU 75 X 75 X 256
Block 3
Conv3 2 Conv, Act k=3,p=1;RelLU 75 X 75 X 256
Conv3_3 Conv, Act k=3,p=1;RelLU 75 X 75 X 256
Pooling3 MaxPooling k=2,5=2 38 X 38 X 256
Conv4_1 Conv,Act k=3,p=1;RelLU 38 X 38 X 512
Block 4
Conv4d 2 Conv, Act k=3,p=1;RelLU 38 X 38 X 512
Conv4_3 Conv,Act k=3,p=1;RelLU 38 X 38 X 512
Pooling4 MaxPooling k=2,5=2 19 X 19 X 512
Convb 1 Conv, Act k=3,p=1;RelLU 19 X 19 X 512
Block 5
Convb 2 Conv, Act k=3,p=1;RelLU 19 X 19 X 512
Conv5_3 Conv, Act k=3,p=1;RelLU 19 X 19 X 512
Pooling5 MaxPooling k=2,5=1,p=1 19 X 19 X 512
Block 6 Convé Conv, Act k=3,p=06,d=6;RelLU 19 X 19 X 1024
Conv7 Conv, Act k= 1;RelLU 19 X 19 X 1024
Conv8_1 Conv,Act k= 1;RelLU 19 X 19 X 256
Block 7
Conv8 2 Conv, Act k=3,s=2,p=1;RelLU 10 X 10 X 512
Conv9 1 Conv,Act k= 1;RelLU 10 X 10 X 128
Block 8
Conv9 _2 Conv,Act k=3,s=2,p=1;RelLU 5 X 5X 256
Convl10_1 Conv,Act k= 1;RelLU 5 X 5X 128
Block 9
Conv10_2 Conv, Act k=3,p=1;RelLU 3 X 3 X 256
Convll 1 Conv,Act k= 1;RelLU 3 X 3X 128
Block 10
Convll 2 Conv,Act k=3,p=1;RelLU 1 X1 X 256
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Table 2 Number of prior frames of a single grid on effective

feature layer

Number of prior

Efficient feature layer Size frames per grid
Conv4 _3 38 X 38 4
Conv7 19 X'19 6
Conv8_2 10 X 10 6
Conv9 2 5X5 6
Conv10_2 3 X3 4
Convll 2 1 X1 4
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Table 3 Training strategies
Stage Optimizer Batch _size Freeze train Initial Lr Lr_scheduler Epoch
| Adam 32 True 0. 0005 ReduceLROnPlateau 50
Adam 16 False 0.0001 ReduceLROnPlateau 150
2 SGD-M 32 True 0.001 MultiStepLR 50
SGD-M 16 False 0.001 MultiStepLR 50
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Table 4 Comparison results of detection accuracy and detection speed on PASCAL VOC2007 test set

Method Dataset Backbone Input size FPS mAP /%
Faster"” VOC07+12 VGG16 600 X 1000 7 73.2
SSD(Baseline) " VOCO07+12 VGG16 300 X 300 59 74.3
SsSp* VOCO7+12 VGG16 300 X 300 52.6 76.9
DSSD! VOCO7+12 ResNet-101 321 % 321 13.6 78.6
DSOD™! VOC07+12 DS/64-192-48-1 300 X 300 17.4 77.7
RSSD™M! VOC07+12 VGG16 300 X 300 35 78.5
FSSD™ VOCO7+12 VGG16 300 X 300 65.8 78.8
ESSD™Y VOCO7+12 VGG16 300 X 300 25 79. 4
FASSD!™! VOC07+12 ResNet-50 300 X 300 30 78.1
DESSD™! VOC07+12 DenseNet-S-32-1 300 X 300 11.6 78.9
FDSSD'" VOC07+12 VGG16 300 X 300 12.6 79.1
OBSSD VOC07+12 VGG16 300 X 300 41.7 80. 8
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Table 5 Comparison of average precision results of 20 categories in PASCAL VOC2007 test set

Method mAP /% areo bicycle bird boat bottle bus car cat chair cow
Faster 73.2 76.5 79.0 70.9 65.5 52.1 83.1 84.7 86.4 52.0 81.9
SSD""(baseline) 74.3 75.5 80.2 72.3 66. 3 47.6 83.0 84.2 86.1 54.7 78.3
Ssp 76.9 76.9 86. 6 74.5 66. 4 50. 4 85.0 84.7 87.3 61.0 78.7
DSSD™ 78.6 81.9 84.9 80. 5 68. 4 53.9 85.6 86.2 88.9 61.1 83.5
ESSD™ 79.4 82.6 86. 1 79.8 72.2 54.7 86.8 86.9 88.2 62.8 85.2
OBSSD 80.8 82.7 89.7 81.5 71.8 53.7 90.7 90.0 90.6 64.8 86.2
Model mAP /% table dog horse mbike person plant  sheep sofa train tv
Faster 73.2 65.7 84.8 84.6 77.5 76.7 38.8 73.6 73.9 83.0 72.6
SSD!"(baseline) 74.3 73.9 84.5 85.3 82.6 76.2 48. 6 73.9 76.0 83.4 74.0
SSD" M 76.9 78.2 86.1 89.4 86.0 79.8 48.5 76.1 80.3 86.9 76.1
DSSD! 78.6 78.7 86.7 88.7 86.7 79.7 51.7 78.0 80.9 87.2 79.4
ESSD! 79.4 78.2 87.5 88.0 87.0 80.0 56.1 80.2 80.4 88.7 78.1
OBSSD 80.8 77.3 87.9 90.0 88.1 82.0 54.2 80.5 83.1 90. 2 80.0

JIr $ A TR A R 22 B0 ) b 1 7 5 0 A %R s B
1R R M, E S S B B TR B DA chair b
] ,OBSSD Ft SSD 5 10. 14~ 43 44, 8 SSD#E 71 3. 8
ASE 3 55 A bird S, OBSSD A% SSD 271 9. 24
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bus.car.cat.horse £l train 3X 5> 2 5| 19 5F 14 UE B >R 1A
90% M UL b R EAERA A E AR, AT

BB M UL 5 &R T 7E PASCAL VOC2007 Mt 4E |
20 > 25 1) S 1 v it R 00 B B0 L BB % 5 R B dE AT
AL, 85 SR & 8 s o

FH [ 8 AT %1, OBSSD #5887 K 22 B2 1 i1
VAR R A L A AT 5 . R, OBSSD B 7 45 28
)b S 2 v T R A SSD AR R SSD R R B A A
[vi) A B A 2 T, 3t 3iE B T T 4R At Ok AT R
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Fig. 9 Comparison of detection results between OBSSD model
and SSD" model. (a) cow; (b) car, boat; (c) bird, potted

plants
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Table 6 Results of ablation experiment

Model ~ mAP@0.3 /% mAP@0.5/% Size /MB FPS
SSpH 74.3 25.1 59
SSp* 80. 8 76.9 25.1  52.6
PMSSD" 82.9 78. 2 25.6  48.2
OBMSSD’ 84.2 80. 1 25.8  44.3
OBSSD’ 85.2 80.8 27.4  41.7

B H FPS #RAE 40 LA L, BB 3 A2 S I A I Y B 52

%?;ko
4 4

i®

SSD A5 1Y 1% 5 Bk BRI/ F A 4G I 18 BE ARG, 1A
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