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Multi-target Pigs Detection Algorithm Based on Improved CNN

LIU Yan SUN Longqing LUO Bing CHEN Shuaihua LI Yue
(College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China)

Abstract; In order to detect pigs accurately and quickly in complex environments, a multi-target pigs
detection algorithm based on improved convolutional neural network ( CNN) was proposed. Two-level
linear SVM was trained to generate high-quality candidate regions by using binarized normed gradients
(BING) of pig images. The improved CNN model was used to classify and identify candidate regions.
Finally, the non-maximum suppression (NMS) algorithm was used to eliminate redundant windows. The
proposed algorithm reduced the number of training samples and parameters. Through the experiment of
CNN network structure and parameter optimization, the efficiency of network training and the effect of
target detection were analyzed. Experiments showed that compared with the traditional CNN model, the
improved CNN model had shorter training time, faster convergence speed and stronger robustness. The
classification accuracy of foreground and background of pig images was 96% , which was higher than
72.29% of the traditional CNN model. Through the analysis of false detection rate, missed detection rate
and average detection time, the detection performance of this algorithm was slightly better than Faster
RCNN and Yolo algorithm. The average success rate of pig tracking based on this detection algorithm was
89.17% , and the average error of center point was 6. 94 pixels, which showed the effectiveness and
stability of the detection algorithm in pig tracking. Using this detection algorithm, it can lay a foundation
for the future research on extracting the motion parameters of pigs to judge the health status of pigs.

Key words: pig; objection detection; convolution neural network
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Fig. 10  Detection-based tracking analysis comparison results

HRAE ] 10 T 260, AR SR I 3430k 7 A B A T 1)
3 B R R T 43 i & 90.07% | 88.98% I
88.46% ¥/ TAL Gk N 5375 1 78.30% . 79. 17%
M T77% . 3 Bt 040 S A BR ER K ) %7 4 {E 2
89. 17% , = TAEG A ) 78. 16% 38 3 %F BR ¢ AL
DIZMGert , UL A SCRL BRI SOR AL ek A
T o ARSCE R BT T (14 oot s F R 2245 5]
$6.20.7.30.7. 31 8 F R TG E LM 7.71
8.67.8.65 183, 3 BIA A AR BRI rhry 57 215
220 6.94 BFR AR TR AL 8.34 R FR, Eit
X BR R B AR O S R 22 W DA AR SC R A AR

W EARERER LB ARG 1 S R i
X R I AR B v R 22 B9 3BT, AR S
VR AR ER AR EARE .

3 g

(1) T BING 5 B8 G A X3k, 38 43 14

PE CNN RN BEAE 432, B I R AR AR R AE 1 1
SR IR A R AE | S B A S R B A DU

(2) U &8 JE W | A SO A A RS o

MR 2K IEHHRN 96% , 5 T15 48 CNN A7

() 72.29% A SCH L TR R 338 | 1R A S5 R ST 2474



HaH X A FET R CNN B2 HARAE SSRGS 75 289

B 1R] 43 50 2 10.5% .19.3% F1 0.71 s, 38 3 %) [ BRI B R 89.17% , Hhbs f iR 2k
Faster RCNN F1 Yolo 3%, A SCEIETE AR 6. 94 1R, U6 B A SO vE 0 A2 5% IR Bp A B 4 1 %%
W BA RGRYERE . IR SCE AR R

5 % x W
(1] BeERE, S, XIH. F TR A S s T8 S B B s R0 [ )], Al TREA4: ,2015,31 (34T 2) ;216 - 221.

DUAN Yuyao, MA Li, LIU Gang. Remote monitoring system of pig motion behavior and piggery environment based on Internet
of Things[ J]. Transactions of the CSAE, 2015,31(Supp.2) :216 —221. (in Chinese)

(2] 2ty PN  IhEEds. B TR G AR IR AE AR A TR [ 1], Al TR 2017 33 (15 1) 1) :246 - 252.

LI Yiyang, SUN Longqing, SUN Xinxin. Automatic tracking of pig feeding behavior based on particle filter with multi-feature
fusion[ J]. Transactions of the CSAE, 2017, 33 (Supp. 1) :246 —252. (in Chinese)

[3] ZEsh&g, A0, THEmE. —FhE 2205 5T 28 ARkl -5 BREF iR [ 1] A ER2441,2010,31 (10) :2242 - 2247.

LI Jinju, ZHU Qing, WANG Yaonan. Detecting and tracking method of moving target in complex environment[ J]. Chinese
Journal of Scientific Instrument, 2010, 31(10) ;2242 —2247. (iin Chinese)
(4] PMJEds, 220, 400N , 4. BT R0 Graph Cut SRR AR BUR S H1 T3 [T ] A T A4, 2017,33(16) : 196 —202.
SUN Longqging, LI Yue, ZOU Yuanbing, et al. Pig image segmentation method based on improved Graph Cut algorithm[ J].
Transactions of the CSAE, 2017,33(16) :196 —202. (in Chinese)
(51 AR, Ve, 23], 55 T R i A TR A I AT R GE [T ] AU, 2017 48 (15 T)) <365 - 373.
70U Yuanbing, SUN Longqing, LI Yue, et al. Video monitoring and analysis system for pig breeding based on distributed flow
computing[ J ]. Transactions of the Chinese Society for Agricultural Machinery, 2017, 48 ( Supp. ) :365 —373. (in Chinese)
[6] LI Yiyang, SUN Longqing, ZOU Yuanbing, et al. Individual pig object detection algorithm based on Gaussian mixture model
[J]. International Journal of Agricultural & Biological Engineering, 2017,10(5) ;186 —193.
[7] ZHU Qiang, AVIDAN S, YEH M C, et al. Fast human detection using a cascade of histograms of oriented gradients[ C] //
Computer Vision and Pattern Recognition. IEEE, 20061491 - 1498.
[8] XU Fen, XU Feng. Pedestrian detection based on motion compensation and HOG/SVM classifier[ C] // International Conference
on Intelligent Human-Machine Systems and Cybernetics. IEEE, 2013 .334 -337.
[9] FELZENSZWALB P F, GIRSHICK R B, MCALLESTER D, et al. Object detection with discriminatively trained part-based
models[ J]. TEEE Transactions on Pattern Analysis and Machine Intelligence, 2010, 32(9) :1627 - 1645.
[10] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. ImageNet classification with deep convolutional neural networks|[J].
Communications of the ACM, 2017, 60(6) :84 —90.

[11] HE Kaiming, ZHANG Xiangyu, REN Shaoqing, et al. Deep residual learning for image recognition| C ] // Computer Vision and
Pattern Recognition. IEEE, 2016.770 - 778.

[12] REDMON J, DIVVALA S, GIRSHICK R, et al. You only look once; unified, real-time object detection[ C] // Computer
Vision and Pattern Recognition. IEEE, 2016.779 - 788.

[13] REDMON J, FARHADI A. YOLO9000: better, faster, stronger[ C] // Computer Vision and Pattern Recognition. IEEE, 2017 ;
6517 —6525.

[14] REDMON J, FARHADI A. YOLOv3: an incremental improvement|[ EB/OLTJ. [2018 — 04 — 08 ]. hitps: // arxiv. org/pdf/
1804.02767. pdf.

[15] LIU Wei, ANGUELOV D, ERHAN D, et al. SSD: single shot multiboxdetector [ C] // European Conference on Computer
Vision. Springer International Publishing, 201621 -37.

[16] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich feature hierarchies for accurate object detection and semantic
segmentation[ C ] Vi Computer Vision and Pattern Recognition. IEEE, 2014 .580 —587.

[17] GIRSHICK R. Fast R—CNN[ C] //Conference on Computer Vision. IEEE, 2015 ;1440 — 1448,

[18] REN Shaoqging, HE Kaiming, GIRSHICK R, et al. Faster R — CNN; towards real-time object detection with region proposal
networks[ J |. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017, 39(6) ;1137 - 1149.

[19] NEUBECK A, VAN GOOL L. Efficient non-maximum suppression[ C] // International Conference on Pattern Recognition.
IEEE Computer Society, 2006 :850 —855.

[20] CHENG Mingming, ZHANG Ziming, LIN Wenyan, et al. BING; binarizednormed gradients for objectness estimation at 300fps
[C] //Compuler Vision and Pattern Recognition. IEEE, 2014 .3286 —3293.

[21] ZHANG Caiyou, DAI Bo, JIANG Hongcheng, et al. A moving target detection algorithm based on BING objectness and
background estimation[ C] // Chinese Control Conference. IEEE, 2017 ;10795 — 10800.

[22] LI Lexing, SHI Zelin, LIU Yunpeng. Fast infrared sea ship target detection based on improved BING algorithm[ C] // Chinese
Society for Optical Engineering (CSOE). Bellingham, USA.SPIE, 20171 -6.

[23] LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-based learning applied to document recognition[ J]. Proceedings of the
IEEE, 1998, 86(11) :2278 —2324.

[24]  BOU, FIRIFD, Brfd, 4. JE T BING Hl GS B 5 H AR A e it P o B e A s [ 1] 5 B TR K% 4, 2017,
18(3) :294 —298.
JIA Tao, ZHOU Lili, CHEN Jian, et al. BING and GS-based fast proposal generation algorithm[ J]. Journal of Information
Engineering University, 2017,18(3) :294 —298. (in Chinese)



