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Fig. 1 Framework of Pig behavior recognition
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Table 1 Results of head-neck model and whole-body model
i Y mAP/ % recall/ %
K FE R 87.47 80. 19
Eegi 84.23 76.75
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Fig. 2 Contrast diagram of head-neck model and body model
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Table 2 Results of clustering frames with

different Numbers and sizes

W) Hf i 9 71 HE mAP/ % recall/ %
L YOLOv2 85. 62 78. 04
2 A BB AL 86.12 80. 32
3 TR A 86. 74 80. 75
4 A TR S A 89.56 83. 34
5 AN IREM AL 89. 72 83.56

M 2 frow . BEAE RIAEA B s, BRL P RE 5
T B L (ELIE i 2 HE 23 38 hn A Y B I g e L T AR
SRR BT IR, D O AN 25 e A T AE 1 D B0k 35 B 8
PERAT I RO o U A L A SR EHE A P RE A R KR Iy A4
o TR BRI DY A SR 2R M e T HE . 0 1 Y 2R 2R HE 7E I 3L 4R o
V14 T e 2 LU K I B R AR SR B Y AR SR R ke, WA 3
B
2.2.2 YOLOv2 MW % A 4540

YOLOVZ [ 4 2 ffi i — A Bl 1) 45 RO Y 52 B iy 39 s 119
BRI . 7R AR B AR A A B I 5 00 1 AR S AL ZE X
A BENAE 89 RS A7 B R AT 2 o) 3 7 X AR 1R R AR R AT
o), Hep il b AR L, B R R g Pk

B 3 VT R RONT A B 8 0O 2% 1) 2 ) RO B

I 28 I 45 e A P 2 2 10 0TS PRV B ReL U (rectified

linear unit)™®, HA L2 L an=t(2)
y= [0 =S )
x, x>0

HIXEF sigmod B AN tanh B KL, H AR ACE Sent . R
FETERR AR 8, HAt s R TR Z . (A2 M5 AR fi
B, oI E T T S AL

Leaky RelLU(leaky rectified linear unit) J& %} RelLU 1) —
BN, F1 ReLU AH L. 7E SR IXIA . PReLU A — 4R
AN RN, W DL S g T R A T e Y o LA R =
3

0.0lx, <O
y= . =0 (3)

Leaky ReLU /2 H il YOLO Bt % A1 89 3005 ok £, B4R
PRER T o UG IR0 1) i o (LS AR i R S HL A — R L
THeRET) .

XL BT, RS- EPURE MM ELU
G R HoE A ()



%53

A 5 4 BT 1591

B3 ERAMERXREENERRUER

Fig. 3 The pig detection results of optimized clustering candidate box
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Table 3 Performance comparison of different

activation functions

PTG PR AL mAP/ % recall/ %
Relu 87. 47 80. 19
Leaky-RelLU 89. 56 83. 34
ELU 90. 24 84.56
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Table 4 Performance comparison of different models

FELAY mAP/ % recall/ %
Faster R-CNN 82.21 83.19
SSD 83. 87 81. 25
YOLOv2 85.62 78. 04
AT 90. 24 84. 56
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Fig. 5 The flow chart of eating and drinking

behavior recognition
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Fig. 6 Segmentation results

RS RKTAXEER
Table 5 Results of drinking behavior
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Table 6 Results of eating behavior
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Table 7 Comparison of behavior recognition results

HEE A oK i ok 4 fal
R/ % /% R/ % R/ %
ARSI 96. 49 86. 61 94. 59 87.50
(VRS 87.29 81.1 87.18 385
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Recognition of Pig Eating and Drinking Behavior Based on Visible
Spectrum and YOLOv2

JI Yang-pei' s YANG Ying'* , LIU Gang"**
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Abstract The eating and drinking behavior of pigs is the most direct evidence to evaluate the health degree of pigs. Therefore,
it is of great significance to use real-time monitoring of the eating and drinking status of pigs by computer vision technology for
improving the welfare of pig breeding. This paper proposes a recognition method of pig eating and drinking behavior based on
visible spectrum and improved YOLOv2 neural network. The method builds head-neck model on the pig visible spectrum image
sequence, making use of improved YOLOv2 neural network to realize target detection in the scene of the real pigsty, then utili-
zing the output of the position information for preliminary judgment of eating and drinking behavior. Then using traditional im-
age processing methods to make an accurate judgment of pig eating and drinking behavior. First, the head-neck model is con-
structed in the sequence of pig images, and the unblocked head and neck were used as the detection target. This model can effec-
tively solve the occlusion problem in the pig target detection processing, and can also accurately locate the head of the pig, provi-
ding assistance for the subsequent identification of eating and drinking behaviors. Then this paper adopted the international main-
stream neural network YOLOvV2 as the basic network model for target detection, and improve the activation function to achieve
fast and accurate target detection of live pigs. Before network training, the K-means algorithm is used to cluster the target frame
of the homemade pig data set. Compared with the initial performance of YOLOv2, the mAP value and the Recall value was im-
proved by 3.94% and 5.3%. In order to increase the robustness of the network-facing input changes or noise, this paper com-
pared the performance of the three activation functions of ReLU, Leaky-RelLU and ELU, and found that the performance of the
ELU was significantly different from the former two. Compared with the original YOLOv2 and Faster R-CNN, the target detec-
tion model in this paper has a mAP value of 90. 24 % and a recall value of 84.56% , both of which are better than the latter two.
Finally, the pig head-neck position information gets from target detection was used to make the preliminary judgment of eating
and drinking behavior. When pigs appeared in the eating and drinking area of the picture, background difference method, mor-
phological calculation and other image processing methods are performed on the picture, and the pig eating and drinking behavior
is judged more accurately by combining with the residence time of the drinking area. The experiment shows that: the method
used in this paper can be used to judge the eating and drinking behavior with an accuracy of 94. 59 % and 96. 49 % , which are bet-
ter than the results judged by the traditional method directly, and can be applied to assist the management of breeding personnel

in the actual breeding process.
Keywords Visible spectrum; Pigs; Target detection; Deep learning; Behavior recognition
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