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Abstract: The small size of the chickens and the shading of the chickens from each other are factors that
make it difficult to identify the daily behaviour of laying hens. To address this problem a method of daily
behavior identification of laying hens based on SEEC — YOLO v5s was proposed. By adding a SEAM
attention module ( separated and enhancement attention module) to the output part of the YOLO v5s
model and introducing an EVCBlock module ( explicit visual center) to the feature fusion part the
perceptual field of the model was expanded the recognition ability of the model for occluded targets was
improved and the recognition accuracy of the model for the six behaviors of standing feeding drinking

exploring feather pecking and grooming of laying hens was improved. A statistical method was proposed
to calculate the duration of daily behavior of laying hens based on the ratio of video frames to video frame
rate and various behavioral changes of laying hens at different times of the day and throughout the day
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were analyzed. The improved model was encapsulated and packaged to develop an intelligent
identification and automatic statistics system for the daily behavior of laying hens. The test results showed
that the mAP of SEEC - YOLO v5s model for six behaviors recognition was 84.65% which was 2. 34
percentage points higher than that of YOLO v5s model and compared with that of Faster R — CNN

YOLO X -s YOLO v4 —tiny and YOLO v7 — tiny models
7. 11 percentage points and 2. 99 percentage points

the mAP was improved by 4. 30 percentage
points 3. 06 percentage points respectively. The
method can provide effective support for daily behavior monitoring and health condition analysis of laying

hens and provide a reference for smart farming.

Key words: laying hens; daily behavior recognition; SEAM module; EVCBlock module; YOLO v5s
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YOLO v5 2 0 81.55% 76.52% F1
2 YOLO v5 78.95% 82.31%
Tab.2 Comparison of detection accuracy of different 7.03 x10° YOLO v5n N
versions of YOLO v5 models WK1 10.73.6. 50
M/ 8.53.10.25 5.26 x 10°
% % % 1% YOLO v5m. YOLO v51 YOLO v5x
YOLO v5n 70.82  70.02 70.42 72.06 1.770 x10° 0.58.1.26.1.83
YOLO v5s 81.55 76.52 78.95 82.31 7.030x10° 1. 384 x 107\
T R e s s
YOLO v5x  80.64 80.74 80.69 84.14 8.621 x 10 YOLO v5s
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6 SEEC - YOLO v5s
Fig.6 SEEC - YOLO v5s model structure diagram
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workers) 8 ( Initial learning rate)

0.01 ( Momentum) 0.937
( SGD) .
3
Tab.3 Hardware configuration and experimental
environment
Windows 10 Python 3. 8
CPU Intel Core i7 —9700 PyTorch 1.9
GPU Nvidia GeForce RTX3060 CUDA 11.1.74
RAM 16 GB CUDNN 8.0.5

2.4
( Precision P) |

( Recall R) . ( Average precision AP) .F1

N ( Mean average precision mAP)

F1

2.5

28
SEEC - YOLO
v5s
T( min) o

3

3.1

Faster R — CNN ~YOLO X - ~YOLO v4 -
tiny ~YOLO v7 — tiny ~YOLO v5s
( SEEC = YOLO v5s)
N N O BN
4 o
4 SEEC - YOLO v5s
N N0 N

82.34% 81.30% 81. 82% -

4
Tab.4 Comparison of recognition results of different
models
F1 /
1% 1% % 1%
Faster R - CNN 64.80 82.72 72.33 80.35 1.3679 x10%
YOLO X -5 75.74 82.54 78.99 81.59  8.04 x10°
YOLO v4 — tiny 73.22 73.65 73.43 77.54 3.07 x10°
YOLO v7 — tiny 76.73 79.09 77.89 81.66 6.02 x10°
YOLO v5s 81.55 76.52 78.95 82.31 7.03 x 10°
SEEC - YOLO v5s 82.34 81.30 81.82 84.65 1.279 x10’
84.65% 1.279 x 107, N
F1 Faster R — CNN
17.54.9.49.4.30 YOLO X -5
6.60.2.83.3.06 YOLO v4 -
tiny 5.61.8.39.7.11
YOLO v7 —tiny 5.61.3.93.2.99
YOLO v5s 0.79.2.87.2.34
o SEEC - YOLO v5s
Faster R — CNN YOLO X - s
YOLO v4 — tiny ~YOLO v7 — tiny YOLO
vSs 7.65.2.21.4.78 o
SEEC — YOLO v5s
Faster R — CNN
10. 70% -
SEEC - YOLO v5s
SEEC - YOLO
v5s Faster R = CNN.YOLO X -s.YOLO v4 -
tinys YOLO v7 —tiny  YOLO v5s
5

5
Tab.5 Comparison of average precision of different

behavioural recognition %

Faster  YOLO YOLO YOLO YOLO SEEC-
R-CNN X-s YOLO v5s
83.88 87.03 85.57 86.74 87.77 86. 56
92.29 1 96.68 96.02 97.23  96.37 98. 46
98.32 95.31 89.73 92.81 92.04 94.52
70.30 71.13  63.96 68.58 73.82 77.33
60.52 57.17 58.64 64.48  66.09 67.52
76.79 82.20 71.29 80.12 77.75 83.50

v4 —tiny v7 —tiny  vS5s

5 SEEC - YOLO v5s
98. 46%
67.52%
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Fig.9  Different model recognition effect diagrams
Tab.6 Comparison of ablation experiment results %
YOLO v5s 82.31 87.77 96. 37 92.04 73.82 66. 09 77.75
YOLO v5s + SEAM 83. 06 87. 84 96. 48 94.73 73.90 62.00 73.90
YOLO v5s + EVCBlock 84.22 89. 44 97.34 96. 56 73.62 67.38 81.35
SEEC - YOLO v5s 84. 65 86. 56 98. 46 94.52 77.33 67.52 83.50
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Tab.7 Statistics on duration of each behavior of laying hens min
1 09:00—09: 30 234.01 107. 06 6. 65 133.21 5.51 88. 60
2 09:30—10: 00 222.11 114. 64 8. 60 137.45 6.15 85.72
3 10: 00—10: 30 224.93 103. 13 9.63 146. 95 5.77 85.28
4 10:30—11: 00 242.99 100. 92 7.39 142.76 5.61 74.25
5 11:00—11:30 260. 04 92.72 8.37 130. 72 4.70 74. 84
6 11:30—12: 00 275. 80 92.50 8.29 127.30 5.23 65.09
7 12:00—12:30 270. 51 92.50 7.95 128. 13 4.73 61.55
8 12:30—13:00 284. 04 80. 85 5.97 139. 85 6.07 50.51
9 13:00—13:30 261. 87 64.78 7.62 149. 46 7.63 53.97
10 13:30—14:00 273.76 53.99 4.87 138.97 6.23 56. 86
11 14:00—14:30 278. 84 69. 19 5.95 142. 96 6.16 55.05
12 14:30—15:00 251.47 95.17 4.88 145. 86 5.71 63.79
13 15:00—15:30 295. 37 101. 48 3.53 114.20 8.08 45.35
14 15:30—16: 00 233.69 138.33 7.22 123.31 5.44 68.53
15 16:00—16: 30 218.28 123. 66 8.29 148. 90 4.58 73.40
16 16:30—17:00 240. 12 97. 62 6.77 153.31 5.92 74.53
17 17:00—17:30 224. 61 97.13 5.73 154. 50 5.07 88. 64
18 17:30—18:00 229.97 94. 81 8.47 167. 26 6.23 75.30
11:00—15: 00 16:30—18: 00
0 11:30—16: 00
3.5
09: 00—18: 00 6
13
Fig. 13 Duration of each behavior of laying hens | 2.5
at different time periods 6
7 13 N 8
o 14 o

11: 00—15:30 14 4d
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Tab.8 Occurrence time of daily behaviors of laying hens throughout day
1 /min 4 455. 95 2 022. 64 178.71 2 537.83 112.38 1112.33
2 /min 4750. 49 1874.32 111.33 2285.12 110. 62 1138.56
3 /min 4260.77 1 876. 31 126. 91 2619.49 101. 37 1178.05
4 /min 4670.97 1121.78 89. 62 2677.09 95. 63 1544.18
/min 4534.55 1723.76 126. 64 2529. 88 105. 00 1243.28
1% 44.18 16. 80 1.23 24. 65 1.02 12. 11
14
15
Fig. 14  Comparis { behaviors throughout d . . .
‘8 ormpatison of benaviors tirolighott cay Fig. 15 General framework of daily behavior
. . identification and display system of laying hens
N N 6
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