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Abstract: To address the current problem of low accuracy in the recognition of feather pecking anomalies
(including pecking and pecked) in laying hens, a method for feather pecking anomaly recognition was
proposed based on an improved YOLO v6 — tiny model. By introducing the DenseBlock structure into the
YOLO v6 — tiny model and incorporating the SPP module SPPCSPC into the CSP structure, the feature
extraction capability of the YOLO v6 — tiny model was enhanced, the sensory field of the model was
expanded, and the detection accuracy of the model was improved. Based on the identification of feather
pecking anomalies, how to classify individual laying hens was investigated based on the number of
anomalies. The method to identify individual laying hens based on the YOLO v6 — tiny model was
proposed and identification results of feather pecking anomalies were input into the individual
identification network to classify individual laying hens. At the same time, the change pattern of the

number of anomalies at two different breeding densities and three different times of the day was also
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analyzed. The experimental results showed that the average precision (AP) of the optimized model were

92.86% and 92.93% for pecking and pecked anomalies, respectively, which were 1.61 percentage

points and 1. 08 percentage points higher than that of the YOLO v6 — tiny model, 3. 28 percentage points

and 4. 00 percentage points higher than that of the Faster R — CNN model, 6. 15 percentage points and

6. 63 percentage points higher than that of the YOLO v4 — tiny model, 2. 04 percentage points and 4. 27

percentage points higher than that of the YOLO v5s model, and 5.39 percentage points and 3.92
percentage points higher than that of the YOLO v7 — tiny model. The method can identify the

abnormalities of pecking and pecked feathers, which provided technical support for the intelligent

detection of abnormal behavior of laying hens. The results of classifying individual laying hens based on

pecking abnormalities provided a basis for preferential breeding of individual laying hens.
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Fig.1 Schematics of experimental collection
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Tab.4 Results of identifying abnormalities of pecking and being pecked for each individual laying hen )
AT 1 AT 2 AT 3 AT 4 A 5 FHE
K K /3 [ 3 K 3 K K 5 K 3 1 K SR E
1 6904 1088 849 1145 424 809 1306 2303 273 703 709.2  1209.6  1918.8
2 78 86 100 39 38 17 155 64 21 10 78.4 43.2 121.6
3 305 219 145 133 51 59 1410 866 267 192 435.6 293. 8 729.4
4 350 230 410 256 106 78 523 249 151 315 308.0  225.6 533.6
5 82 51 43 38 103 24 185 59 85 15 99. 6 37.4 137.0
6 34 15 2 30 35 26 46 68 80 2 43.4 28.2 71.6
7 57 66 25 32 11 11 95 175 11 43 59.8 65.4 125.2
8 168 218 117 192 166 126 367 190 156 101 194. 8 165. 4 360. 2
9 67 69 17 19 68 14 183 111 17 7 70.4 44.0 114.4
10 49 29 2 29 26 16 126 116 104 46 65.4 47.2 112.6
1 158 68 72 39 76 50 161 144 167 71 126.8 74.4 201.2
12 471 484 318 487 619 682 787 774 384 277 515.8 540.8  1056.6
13 214 137 71 65 40 72 268 175 93 58 137.2 101.4  238.6
14 550 455 479 450 409 311 1602 1239 325 325 674. 8 556.0  1230.8
15 324 334 351 208 64 155 462 538 131 145 266. 4 276.0  542.4
16 447 223 281 146 104 132 892 953 275 203 399. 8 349.4  749.2
17 56 79 44 50 32 44 110 117 35 63 55.4 70.6 126.0
18 178 202 83 152 77 87 309 296 57 83 140. 8 164.0 304. 8
19 311 436 234 285 80 163 285 577 32 101 188. 4 31,4 500.8
20 82 82 103 79 84 27 197 181 151 40 123.4 81.8 205.2
Al e EAE R AR, 6 S XS IH R D 2 (LX) /YAl EE £S5 EBEBIMERETEEINNHR
PRI & . A AE S, T A R A X Tab.5 Likelihood of individual laying hens
T 1S EMIME BT B.C.D AT A, 35 belonging to each category "
BT 3T 2 ~20 SEW, g HE R ENK ¥ EWNEE K B AX  BX  CR DX
I 57 5 7 0 - 9 O 5 0 5 T 7 4 R Lo o IR e §
e RS I
TR SR AT R T S He . AR S SR K 4 5772 4298 100 16.05 1L76 7219
B S AT O HL B B SR DA, AR BT 1 S 5 72,70 27.30 100 5.19  1.95  92.86
BT S  EMET BEM CRPYTREE ., &5 6 60.61 39.39 100  2.26  1.47  96.27
1ﬁiﬁ;f:]g;%*nc%égﬂﬁ%@j%iuﬁ?DZ;SE/\J 7 47.76 52.24 100 3.12 3.40 93.48
. . 8  54.08 4592 100  10.15 8.62  81.23
jf%ﬁjnjﬂqj?% Sfim; Ly e e o 9 61.54 38.46 100  3.67  2.29  94.04
FERAT R Z M 1S XSS AT K 10 58.08 41.92 100  3.41  2.46  94.13
Bawe 1y 6 5 BB, N3R5 AT LUA 2,15 158 11 63.02 36.98 100  6.61 3.8  89.5I
B RN 36.96% ,C AR IHEF N 63.04% K It 1 12 48.82 51.18 100  26.88 28.18 44.94
SEXENIZGIH N CE ITEEREER4L P15 13 57.50 42.50 100  7.15  5.28  87.57
76 X0 8 W vk KT S T Uk B, B N % 0 S B 14 54.83 4517 100  35.17 28.98  35.85
(RFC ) MR —2. 6 SEGIAN B RKME N 15 4911 50.89 100  13.88 14.39  71.73
2.26% . C KM R N 1.47% . D X 1 45 %K K 16 53.36 46.64 100  20.84 18.21  60.95
06.27% LTI 6 2 5 T I 0 D 2 1 4 17 43.97  56.03 100  2.89  3.68  93.43
B4 o6 B4 T1. 6 Y S ok 18 46.19 53.81 100  7.34  8.55 84.11
7 - ~ 19 37.62 6238 100  9.82  16.28 73.90
U2 AL X (B D 38) A4 R — 20, AR 5 T LR 20 60.14 39.86 100  6.43  4.26  89.31
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Tab.6 Statistics of number of abnormal feather

pecking of hens in each time period w
09 :00— 12:00— 15:00—
Fif (8] St
12:00 1500 18:00
1R 14 161 19 633 9431 43 225
B2 R 13187 15768 10 449 39 404
ERISS 15025 17 123 11138 43286
%4 K 13 479 16 581 7 664 37 724
H5 K 10 834 11 895 10 356 33085
T E 13337.2 16 200. 0 9807.6 39344. 8

M X e A B, B R 12:00—15:00 WK 5 17
A B e T LA T A B ] B, 15:00—18:00 B
] BEWK S A7 R AR OB b o 12:00—15:00
PR S w AT O K AR WBCE T 09: 00—12: 00,
15:00—18:00 I ] B, 70 7 0, 2 22 il T
12:00—15:00 3 JB 5 5, O MRS, X #0877 B T
— 5 R, S BOBOP S AT O e A A P A
B % ik 6 KB,k 5 d09:00—12:00,
12:00—15:00 I 15:00—18 ;00 K 5 % 17 H V-2 %&
A= Y8 13 337,216 200. 0,9 807. 6 ¥, Hif 4 d HYIK
S W AT O B UKAE - 2 K 40 909. 7 BRI B¢ 8, (HE
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Tab.7 Statistics of number of abnormal feather

pecking of hens per day at different breeding

densities of laying hens /e

8] iR [ S
1R 43225 44938
EHVIPS 39 404 55375
3K 43 286 49 358
4K 37724 43 986
#5 K 33085 44 264
S 39 344. 8 47 584.2

i 1 Xk AT A B AR R A R T R P R
YGAR T e SR B W ORE R R K KB OB, F 2 AR 22
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SO, PR A X A 3R G R PRI B A A SR
JE .

4 ZEFRiIFE

ASCHE T —FP TG YOLO v6 — tiny A7)
Xof 2 X6 WK SR S5 AT A R AT R ) B A e P S R AT R
Xof SRS AR GEAT AR K ik . WA T M g
A DenseBlock %% 14 Fl filt A CSP %5 4 1y SPP %
(SPPCSPC) ) )5 ¥, 32 F+ T YOLO v6 — tiny 45 78 [
FEAESRICAE Ty, 97 K T SR ) JRAZ Y 3R T T AR 11y
R AS B o ik YOLO v6 — tiny A5 X6f 6K 1 B I 5
FAT RN T YK B 35 %) 92.86% 1 92.93% . #&
TR ET RE M s A X 4 2 1 B R AR 4 2K
B, NI P AT AR E B A B R P A A
FEMERE VIR L T — IO M S H 48 bR . FIE AT T
A [i) Fsf (] B AN [i) S 5 %8 3 T 1) 2 X 3P S W AT R
AR, IR P AL S SR A BRI T 255

2 £ x #

(1] SA/NSR, REREMS. NG 35 0l R J AR B B % 65 i [ 7] . v B 3l 1 4k, 2021,23(9) :91 - 92.
[2] HAO H, FANG P, DUAN E, et al. A dead broiler inspection system for large-scale breeding farms based on deep learning[ J].

Agriculture, 2022, 12(8) :1176.



553 B Wi A 2. TR YOLO v6 — tiny (9 8 X8 BRI 47 2 IR 510 5 4> k0 26 277

[3]
[4]
(5]

(6]

[7]

[8]

[19]

[20]

XA AR A KRR BT ] 7 s BE R (E B ,2021(10) 1173,
K AW R AF SR B ARG BT VAN FR AR SRR OC A [ T ] SR 5 I EL,2021,20(9) 164 - 65.
BAO J, XIE Q. Artificial intelligence in animal farming: a systematic literature review [ J]. Journal of Cleaner Production,
2022, 331 129956.
CRONIN G M, GLATZ P C. Causes of feather pecking and subsequent welfare issues for the laying hen: a review[ J]. Animal
Production Science, 2020, 61(10) :990 - 1005.
WHIEE, Xk, E, 5. BE M MEE S M AR LT]. R4z, 2014,45(10) ;245 - 251.
SHEN Mingxia, LIU Longshen, YAN Li, et al. Review of monitoring technology for animal individual in animal husbandry[ J].
Transactions of the Chinese Society for Agricultural Machinery, 2014, 45(10) :245 —251. (in Chinese)
DAIGLE C L, RODENBURG T B, BOLHUIS J E, et al. Individual consistency of feather pecking behavior in laying hens: once
a feather pecker always a feather pecker[ J]. Frontiers in Veterinary Science, 2015, 2(10) ; 3386.
5 RFL, MO, 2%, S LA R B B REXS T 9 M 07 ik (1] 4ol TR 24t ,2012,28(24) 157 - 163.
LAO Fengdan, TENG Guanghui, LI Jun, et al. Behavior recognition method for individual laying hen based on computer vision
[J]. Transactions of the CSAE, 2012,28(24) :157 = 163. (in Chinese)
ZHUANG X, ZHANG T. Detection of sick broilers by digital image processing and deep learning[ J |. Biosystems Engineering,
2019, 179:106 - 116.
LI G, ZHAO Y, PURSWELL J L, et al. Analysis of feeding and drinking behaviors of group-reared broilers via image
processing[ J]. Computers and Electronics in Agriculture, 2020, 175 105596.
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 and Machine Intelligence, 2016,39(6) . 1137 —1149.
XU, sKALIb, PRBR, 4. TR SSD YR Bl AT A SE RN Uy i (0], AR ALB A= 4k ,2019,50(4) :29 -35,101.
LIU Hui, ZHANG Lishuai, SHEN Yue, et al. Real-time pedestrian detection in orchard based on improved SSD [ J].
Transactions of the Chinese Society for Agricultural Machinery,2019,50(4) :29 —35,101. (in Chinese)
REDMON J, DIVVALA S, GIRSHICK R, et al. You only look once: unified, real-time object detection[ C] // Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, 2016 779 - 788.
REDMON J, FARHADI A. YOLO9000: better, faster, stronger[ C] // IEEE Conference on Computer Vision and Pattern
Recognition, 2017 6517 - 6525.
REDMON J, FARHADI A. YOLO v3: an incremental improvement[ J]. arXiv preprint, arXiv: 1804.02767,2018.
BOCHKOVSKIY A, WANG C Y, LIAO H. YOLO v4: optimal speed and accuracy of object detection[ J]. arXiv preprint,
arXiv; 2004.10934,2020.
R A XN A BT MSRCP 52k it YOLO v4 () i b 03 2 AR 7 3 [ ] AR LB 412, 2023 ,54 (1) 243 -
250, 262.
SI Yongsheng, XIAO Jianxing, LIU Gang, et al. Individual identification method of lying cows based on MSRCP and improved
YOLO v4 model[ J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54(1) :243 —250, 262. (in Chinese)
BRI, X e LA JE TG YOLO v5s (2™ B A I Al I e e [T ] Rl WUA A% 1% ,2023,54 (1) :263 - 270.
XUE Hongxiang, SHEN Mingxia, LIU Longshen, et al. Estrus detection method of parturient sows based on improved YOLO
v5s[ J]. Transactions of the Chinese Society for Agricultural Machinery,2023,54(1) ;263 —270. (in Chinese)
FH BT W AT K DT EEF S RGO R LD U IR AR ,2019.
WANG Kai. Detection method research and system development of laying hen behavior based on deep learning [ D ].
Hangzhou: Zhejiang A&F University,2019. (in Chinese)
WANG J, WANG N, LI L, et al. Real-time behavior detection and judgment of egg breeders based on YOLO v3[J]. Neural
Computing and Applications, 2020, 32(10) ; 5471 - 5481.
. R T AT A ST S OGRS D] AR L ARk K %2021
LI Na. Key technology research of behavior analysis and monitoring of chickens in free-range feeding mode[ D]. Baoding:
Hebei Agricultural University,2021. (in Chinese)
JIANG M, RAO Y, ZHANG J, et al. Automatic behavior recognition of group-housed goats using deep learning [ J].
Computers and Electronics in Agriculture, 2020, 177 105706.
GU Y, WANG S, YAN Y, et al. Identification and analysis of emergency behavior of cage-reared laying ducks based on YOLO
v5[J]. Agriculture, 2022, 12(4) . 485.
WANG C Y, LIAO HY M, WU Y H, et al. CSPNet; a new backbone that can enhance learning capability of CNN[ C] //
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops,2020. 390 - 391.
WANG C Y, BOCHKOVSKIY A, LIAO H Y M. YOLO v7: trainable bag-of-freebies sets new state-of-the-art for real-time
object detectors[ J]. arXiv preprint, arXiv:2207.02696, 2022.
LIS, LI K, QIAO Y, et al. A multi-scale cucumber disease detection method in natural scenes based on YOLO v5[]J].
Computers and Electronics in Agriculture, 2022, 202, 107363.
EVERYINGHAM M, GOOL L V, CHRISTOPHE K L, et al. The pascal visual object classes ( VOC) challenge [ J].
International Journal of Computer Vision, 2010,88 . 303 - 308.
LI C, LI L, JIANG H, et al. YOLO v6: a single-stage object detection framework for industrial applications [ J]. arXiv
preprint, arXiv;2209.02976, 2022.
GEVORGYAN Z. SIoU loss: more powerful learning for bounding box regression[ J]. arXiv preprint, arXiv:2205.12740, 2022.
HUANG G, LIU Z, VAN DER M L, et al. Densely connected convolutional networks [ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, 2017 4700 —4708.



