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Multi-scale giant panda face detection based on the improved
VGGNet architecture
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Abstract: Individual identification of giant pandas is very important for studying their population of them. .
Giant panda face detection is the first key step of giant panda individual identification method based on facial
images. To solve the problem that the precision of the existing giant panda face detection methods are low,
a multi-scale giant panda face detection method based on improved VGGNet-16 architecture was proposed
in this paper. Firstly, based on the VGGNet-16 network architecture, a new feature extraction backbone
network was constructed through certain improvements such as adding the residual block and BN (Batch
Normalization) layer, reducing the channel dimensionality of convolution layer and adopting LeakyRelu
active function as well. Secondly, a 3-scale feature pyramid network structure was combined with SPP
(Spatial Pyramid Pooling) structure for object detection. Finally, the conventional convolution architecture

was replaced with the depwise separation convolution architecture. Experimental results show that the
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proposed method can achieve 99.48% mAP (mean average recision) in the test dataset, and the detection
performance is better than YOLOv4(You Only Look Once Version 4).

Keywords: VGGNet network structure; giant panda; face detection; object detection
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Fig. 1 Facial marker images of some giant pandas
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Fig. 3 3-scale detection network structure
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Table 2 Four object detection models

VGG16 VGG16_Res VGG16_Res_Depwise YOLOv4
VR HE 4 B4 B
J& 4 VGGNet-16 B 25 + |8 2 o VGGNet-16 # ik fg;iﬁj i;ﬁ jﬁifﬁ " CSPDarknet53 [/ £ + & 3
es W 2% &5 15
B3 3 RUBE A ) 2% 241 3 R 3 R R ) 4% N " 3 R R I R 2%

ST A LA AR

3.1 BBk

IR Bk I 5 4 38 CIRIE Y 7 2. 5 47 38 SCH IR B N EUR A2 1 40 5 A7 80l 5 7E DI 2Rl # b oRs
B B R T HUR R IR B 4 DT EAREE N INGE ., BIIGLBREE 5 K REH S
U 25 SR SR AR R IR B 85258 . OTERIE T B REARHR 2 5 U1 2k HAA ik, AT RE AR 1z A 22 .

PIZimt R Adam ik gs , 58 B #HE IR K/ batch_size=8, Y| 45 %0 epoch =30, #] #f %% ] & learning
rate=0.001, YIZRidFE bR FH 40 P #8284 B4 L % $13h LUK mosaic B8 1Y 5 45 BRAE 3 I I 250 A L
PRI Z AL PERE . U2t B S ISR AR DR 25 7E 2 AR I R rp BB A TR R L 0D 27 5 SR AT — Ul , o ek
W decay=0.5, METELRZEAE 5 5l 2 b8 BCH T R R s /e Horh SO TR AR 19 951 2K pR 5L
AAE DL 6 TR .

25
®eoens VGG16
; ® — -~ VGG16_Res
20 F ¢ VGG16_Res_Depwise
\4
t —— YOLOv4
15 ¢
©
=
<
>
10
5 -

0 5 10 15 20 25 30
epoch
B 6 IRIEEH5 K R &

Fig. 6 Loss function curves for validation dataset
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Fig. 7 P-R curves of giant panda face detection
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Table 3 Performance comparison of four models

R Lamr/ % mAP/ % B T A 0 I T /s BV AF S 8K /N /MB
VGG16 3.32 96.39 0.071 289
VGG16_Res 0.91 98.72 0.075 265
VGG16_Res_Depwise 0.42 99.48 0.065 51

YOLOv4 0.46 99.31 0.082 249
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Fig. 8 Face detection results of giant pandas

4 4 iF

B 21 AN AL AR AR B A= O AR a5 I A v B9 )22 B W 5 2 1 PR A KRR A TR 3 SR A A1 1
B4 R AR K ARRE 23 A1 2 TS G DR AP O BB B BT AR R . WFSUH VGGNet-16 9Bk 19 2% 45 K4 15
AR AR IR T 0 265, 5 92 3 4 2 TR ARG I IR 295 [+ IR T R 28 A RS i ML A6 R 30 i 26 A9 K AR Tk
PRGN ASE TR oA i ) DA SR T S A 0 R TR 3 oA e S I 1 R AR A T TS DX R Sy B K AR A T S PR B A
S A AU 5 OG- . [l I 31 H Y BB A T P A I A A of FLAR B A S A I S S T S

S %30k :

[1]JLiB YV, Pimm S L. China’ s endemic vertebrates sheltering under the protective umbrella of the giant panda[]].
Conservation Biology, 2016, 30(2): 329-339.

[ 2] LiBYV, Alibhai S, Jewell Z, et al. Using footprints to identify and sex giant pandas[ ]J]. Biological Conservation, 2018,
218: 83-90.

[ 3] Zhang J D, Hull V, Huang J Y, et al. Activity patterns of the giant panda (Ailuropoda melanoleuca)[J]. Journal of
Mammalogy, 2015, 96(6). 1116-1127.

[ 4] Zheng X, Owen M A, Nie Y, et al. Individual identification of wild giant pandas from camera trap photos-a systematic and
hierarchical approach[J]. Journal of Zoology. 2016, 300(4): 247-256.

(6] BER, KER, BRIAKBZ. B R A SR W AT kP R (T, A%, 2016, 36(23): 7528-7537.

SHI Xuewei, ZHANG Jindong, OUYANG Zhiyun. Research progress on population investigation methods for wild giant
panda[ J]. Acta Ecologica Sinica, 2016, 36(23): 7528-7537. (in Chinese)

[ 61 /NP, Badtd, ik, 45, 4[5 UK S8 I8 & BT B EBAR LT ], Aok B B, 2015(1) < 11-16.
TANG Xiaoping, JIA Jiansheng, WANG Zhichen, et al. Scheme design and main result analysis of the fouth national
survey on giant pandas[]]. Forest Resources Management, 2015(1): 11-16. (in Chinese)

[ 7] HouJ, He Y X, Yang H B, et al. Identification of animal individuals using deep learning: a case study of giant pandal]].
Biological Conservation, 2020, 242 108414,

[ 8] Chen], Wen Q, Qu W M, et al. Panda facial region detection based on topology modelling[ C]// 2012 5th International



% 114 TH K. F . T VGGNet B 3t M & 25 #y04 $ RE K AL 4% @ 3R 4 ) 71

Congress on Image and Signal Processing. Piscataway. NJ: IEEE, 2012. 911-915.

[ 9] Chen J, Wen Q, Zhuo C L, et al. A novel approach towards head detection of giant pandas in the free-range environment
[C]//2012 5th International Congress on Image and Signal Processing. Piscataway, NJ: IEEE, 2012 814-818.

[10] Zhang W W, Sun J, Tang X O. From tiger to panda: animal head detection[ J]. IEEE Transactions on Image Processing,
2011, 20(6): 1696-1708.

[11] Krizhevsky A, Sutskever I, Hinton G E. Imagenet classification with deep convolutional neural networks[ C] // Proceedings
of the International Conference on Neural Information Processing Systems. New York, USA: ACM, 2012. 1097-1105.

[12] Simonyan K, Zisserman A. Very deep convolutional networks for large-scale image recognition[ J/OL]. Computer ence,
2014[2020-09-29]. https: // arxiv.org/abs/1409.1556

[13] He K M, Zhang X Y, Ren S Q, et al. Deep residual learning for image recognition[ C] // 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Piscataway, NJ: IEEE, 2016. 770-778.

[147 Szegedy C, Liu W, Jia Y, et al. Going deeper with convolutions[ C] // Proceedings of the IEEE conference on computer
vision and pattern recognition. Los Alamitos: IEEE Computer Society Press, 2015: 1-9.

[15] Ren S, He K, Girshick R, et al. Faster R-CNN: Towards real-time object detection with region proposal networks[]J].
IEEE Transactions on Pattern Analysis & Machine Intelligence, 2017, 39(6):1137-1149.

[16] Redmon J, Farhadi A. Yolov3: An incremental improvement[J/OL]. Computer Vision and Pattern Recognition, 2018
[2020-09-297. https: // arxiv.org/abs/1804.02767

[17] Bochkovskiy A, Wang C Y, Liao H Y M. YOLOv4: Optimal speed and accuracy of object detection[ J/OL]. Computer
Vision and Pattern Recognition, 2020[2020-09-29]. https: // arxiv.org/abs/2004.10934

[18] Liu W, Anguelov D, Erhan D, et al. SSD: single shot MultiBox detector[ M]. Cham: Springer International Publishing.,
2016 21-37.

[19] Lin T Y, Dollar P, Girshick R, et al. Feature pyramid networks for object detection[ C]// 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Piscataway, NJ: IEEE, 2017 2117-2125.

[20] Lin T Y, Maire M, Belongie S, et al. Microsoft COCO: common objects in context[ M]. Cham: Springer International
Publishing, 2014, 740-755.

[21] Russakovsky O, Deng J, Su H, et al. ImageNet large scale visual recognition challenge[]]. International Journal of
Computer Vision, 2015, 115(3): 211-252.

[22] Everingham M, van Gool L, Williams C K I, et al. The pascal visual object classes (VOC) challenge[ J]. International
Journal of Computer Vision, 2010, 88(2): 303-338.

[23] Ioffe S, Szegedy C. Batch normalization: accelerating deep network training by reducing internal covariate shift[ J/OL].
Machine Learning, 2015[2020-09-29]. https: // arxiv.org/abs/1502.03167

[24] He K M, Zhang X Y, Ren S Q. et al. Spatial pyramid pooling in deep convolutional networks for visual recognition[ ] ].
IEEE Transactions on Pattern Analysis and Machine Intelligence, 2015, 37(9): 1904-1916.

[257] Chollet F. Xception: deep learning with depthwise separable convolutions[ C]// 2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). Piscataway, NJ: IEEE, 2017 1251-1258.

[26] Gencay R, Qi M. Pricing and hedging derivative securities with neural networks: Bayesian regularization, early stopping.,
and bagging[ J]. IEEE Transactions on Neural Networks, 2001, 12(4): 726-734.

[27] Dollar P, Wojek C, Schiele B, et al. Pedestrian detection: an evaluation of the state of the art[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2012, 34(4): 743-761.

(%3 BB



