202044 H Z?ﬂkm}fﬂ'—??ﬁ FS51 & HAW

doi;10.6041/j. issn. 1000-1298. 2020. 04. 029

HEF i YOLO v3 =BV B FF a4~ KR 5l 7%

R X' i’ EFaa'?
(1. PHALARARBE KA e TR B, BV Ee 7121005
2. BRI R H A S IR, BV 712100
3. BEPE A L A5 B S BE MR 45 FH S L E0 =, BRI 712100)

TEE . Jseal ol | = B R AT T 4 MR R FOR B, 2 B T EEF ot YOLO v3 TR 6 BRI 28 W 2% 1)
B A A AN i . B0 R WAt BRI (38 TE O AR AIL, RE I | Sh IR B AR AR, AR
AT 53 i AR AR B A R G s TS B I 1 S BR EMRER P | I AR 28 Gtk A0 400 v 48 5 [T A5 58 BE FRE LU RE @ 2k A
THREFCTI A ARG 5 il B2 Z4 A5 T 3 2R IR 5, % Gaussian YOLO v3 BvA 4 8 T 08 A Al 50HE Fn g ik
W24 ZEAE ) YOLO v3 PRI DA 89 Sk @h4F 1) 36 790 5 #R G i , BEMLIEER 22 074 & I ZRAE , A EUG N 16
UEAEFMERAE . RBIEE R, Bt YOLO v3 B B U HERR 2K A 95. 91% , 3 [F12R K 95.32% ,mAP 4 95.16% ,
ToU Jy 85.28% , -3 K 32 /s, R AIAERAIZR . YOLO v3 55 0. 94 N 43 &, [t Faster R — CNN 5 1. 90 N 43 A,
R B & Faster R — CNN (1 8 £%, FH M 4R 9419 F1 L YOLO v3 485 T 2.75 M H M, AN HEEE
AR PERESE B AR, BT 3043 B 223058 T 850 05 2R A 0 SRR
KR Fryia; AR AT ILESPLGE; B YOLO v3

FESHES ., TP391. 4 XERFRIREG . A XEHES . 1000-1298 (2020)04-0250-11

Individual Identification of Dairy Cows Based on Improved YOLO v3

HE Dongjian'>  LIU Jianmin'>  XIONG Hongting'”® LU Zhongzhong'*
(1. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China
2. Key Laboratory of Agricultural Internet of Things, Ministry of Agriculture and Rural Affairs, Yangling, Shaanxi 712100, China
3. Shaanxi Key Laboratory of Agricultural Information Perception and Intelligent Service, Yangling, Shaanxi 712100, China)

Abstract: Aiming to achieve an effective identification of dairy cows in a non-contact and high-precision
environment of farming, a method to identify dairy cows based on the improved YOLO v3 deep
convolutional neural network was proposed. According to this method, multiple cameras were installed
above the passageway between the doors of the milking room. The back of cows was videotaped
automatically and regularly, after which the image of the cow’s back was captured by applying video frame
decomposition technology. Upon the removal of images noise with bilateral filters and the enhancement of
brightness and contrast with the pixel linear transformation method, the individual dairy cows were serial
numbered manually. For the cows to be better identified in complex environments, the YOLO v3
recognition model that features optimized anchor boxes and improved network structure was constructed by
making reference to the Gaussian YOLO v3 algorithm. From totally 36 790 images showing the back of 89
cows, 22 074 were randomly selected as the training set, while the remaining ones were classified into
either the validation set or the test set. The results showed that the accuracy of the improved YOLO v3
was 95.91% , the recall rate was 95.32% , the mAP was 95. 16% , the IoU was 85.28% , the actual
frame rate of detection was 32 £/s, and the accuracy rate of identification was 0. 94 percentage points
higher compared with that of the YOLO v3 and 1.90 percentage points higher than that of Faster R —
CNN. Moreover, the detection speed was eight times faster than that of Faster R — CNN, while the F1
value of dairy cows with pure black back was 2. 75 percentage points higher compared with that of the
original algorithm. The method showed such advantages as low cost and excellent performance, which
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were not only conducive to the real-time identification of dairy cows in complex farm environments, but

also to the extended application of this method to the identification of other large-sized animals.

Key words: dairy cow; individual identification; video analysis; machine vision; improved YOLO v3
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Fig. 1 Installation location of video camera
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Fig.2  Video acquisition system
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Fig.3  Result of distortion correction
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Tab.2 Examples of identification results for dairy cows
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Tab.3 Recognition results of three models for dairy cows
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Tab.4 Recognition results of three models under

different body spot characteristics of dairy cows
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Tab.5 Recognition results of different models
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ARSCAGE Y 89 95.91 0.031
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Fig. 10 Example of wrong identification of dairy

cows with similar color
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Fig. 11  Identification results of cow 13223 and cow 16099

with two models
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