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Abstract; In the cage mode, the elimination and death of laying hens will lead to changes in the number
of hens and eggs production in the cage, so it is necessary to update the number of laying hens in the
cage in a timely manner. Traditional machine vision methods recognized poultry by morphology or color,
but their detection accuracy was low for complex scenarios such as uneven lighting in the cages, hens
obscured by cages and the eggs adhesion. Therefore, based on deep learning and image processing, a
lightweight network YOLO v7 —tiny — DO was proposed for hens and eggs detection based on YOLO v7 —
tiny, and an automated counting method was designed. Firstly, the JRWT1412 distortion-free camera and

the inspection equipment were used to build an automated data acquisition platform, and a total of 2 146
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images of caged hens and eggs were acquired as data sources. Then the exponential linear unit ( ELU)
was applied to the YOLO v7 — tiny network to reduce the training time of the model; the regular
convolution was replaced in efficient layer aggregation network ( ELAN) with depthwise convolution to
reduce the number of model parameters, and on this basis, a depthwise over-parameterized depthwise
convolutional layer (DO — DConv) was constructed by adding a depthwise over-parametric component
(depthwise convolution) to extract the deep features of hens and eggs. At the same time, coordinate
attention mechanism ( CoordAtt) was embedded into the feature fusion module to improve the model’s
perception of the spatial location information of hens and eggs. The results showed that the average
precision (AP) of YOLO v7 — tiny — DO was 96.9% and 99.3% for hens and eggs respectively, and
compared with that of YOLO v7 — tiny, the AP of hens and eggs was increased by 3. 2 percentage points
and 1. 4 percentage points, respectively. The model size of YOLO v7 —tiny — DO was 5. 6 MB, which was
6.1 MB less than the original model, and it was suitable to be deployed in the inspection robot which
lacked computing power. YOLO v7 — tiny — DO could achieve high-precision detection and localization
under partial occlusion, motion blur and eggs adhesion, and outperformed other models in dim
environment, with strong robustness. YOLO v7 —tiny — DO recognized that the F1 score of hens and eggs
were 97.0% and 98. 4% respectively. Compared with the mainstream object detection networks such as
Faster R — CNN, SSD, YOLO v4 — tiny and YOLO v5n, the F1 score of hens were increased by 21.0
percentage points, 4.0 percentage points, 8.0 percentage points and 1.5 percentage points,
respectively, and the F1 scores of eggs were increased by 31.4 percentage points, 25.4 percentage
points, 6.4 percentage points and 4. 4 percentage points, respectively. And frame rates were increased
by 95.2 {/s, 34.8 {/s, 18.4 {/s and 8.4 {/s, respectively. Finally, the algorithm was deployed to the
NVIDIA Jetson AGX Xavier edge computing device and 30 cages were selected for counting tests in a
real-world scenario for 3 d. The results showed that the average precision of counting hens and eggs for
the three test batches were 96. 7% and 96.3% , respectively, and the mean absolute error were 0. 13
hens and 0. 09 eggs per cage, respectively, which can provide a reference for digital management of

large-scale farms.

Key words: caged hens and eggs; YOLO v7 — tiny; depthwise over-parameterized depthwise
convolutional layer; counting; edge computing
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1.5 #El &%
1.5.1 IlZFrss

BRI G5 B 1 2R B8 32 % 40 45 Tntel (R) Core
(TM) 19 —10900X 4 FEES , F=4ii 3. 70 GHz, i 17 N AF
24 GB,GPU #1524 Titan RTX, #:/F & 4 & Ubantu
18. 04, ¥} ¥F 5% & Python 3.7 i & M 4 . PyTorch
1.7 #E 2% . OpenCV 4.3.5 E 1% 4b ¥ % 5 pyzbar
0. 1.8 A5 1%
1.5.2 ZHukE

W28 Y R SR AR i ARy 640 13
R x 480 R R B K/N Dy 32, Wi iR o ) R E N
0.001, % J Bt ML #6 B F B% ( Stochastic gradient
descent,SGD ) J5 i L AL HY , B 5 72 0. 937, 4L
H I A T 0.000 5, BRI 25 300 i, 240 1
AFEURARAF— WA BRI T, fie ¢ 8 36 RS 2 o e
FRATEL
1.5.3 PR R

K A 5 28 ( Precision, P) {4 [A]1 # ( Recall ,R) |
S Y485 16 2R ( Average precision, AP) (F1 {H 4 %I Py
17 i & (Model size) A1l % ( Frames per seconds,

FPS) 5 P74y A5 24 11 RE , SR JH 7 24 48 XF 1% 2% ( Mean
absolute error, MAE ) F13F 35 ¥ #f ¢ ( Mean accuracy
rate, MAR) P4 73 FE TH BT 125

2 H#REHWH

2.1 A[E) 442 BY 14 e X b

S EE YOLO v7 — tiny — DO 5780 % 4 1 5 39 &
PR BE J7, AS WF 5% 326 B 32 0 H A A I W 2% Faster
R — CNN,SSD,YOLO v4 — tiny, YOLO v5n, YOLO
v7 —tiny 5 YOLO v7 — tiny — DO #47%f ik 36, 3l
Gyt FEep e W 28 Al HTAR [N 48 , 5T 0 1 215 18
DR RO BE R PR RE 147 255 PPA o 28 58 3%
Joi AR RIAG I 25 5 an 2 1 fr R, b AP, FRoR
ZEIFH R 0.5 B AP EIRE A 3 IR 1 AT LLE
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EE 2 08 ) F1AE N 97.0% , 53l & T
PhEAERY 21.0.4.0.8.0.1.5 1.7 N H 43 8 XY
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R 1 TR &L

Tab.1 Comparison of different detection networks

B P R/% APy 5/ % FI {t/% BOBRIfE G WO/

%4 1 W 7 5 X %4 1 % Iy WE  HE/MB (fes!)
Faster R — CNN 63.2 50.9 95.7 96.3 93.7 90.9 76.0 67.0 108. 0 11.2
SSD 96. 7 91.0 88.9 61.4 92.7 67.6 93.0 73.0 91.6 71.6
YOLO v4 — tiny 89.8 92.5 87.6 91.0 93.5 95.8 89.0 92.0 22.4 88.0
YOLO v5n 96.5 94.6 94.5 93.4 97.0 96. 1 95.5 94.0 3.7 98.0
YOLO v7 — tiny 97.4 97.9 93.2 97.5 93.7 97.9 95.3 97.7 11.7 109.9
YOLO v7 — tiny — DO 97.4 98.0 96.5 98.8 96.9 99.3 97.0 98.4 5.6 106. 4
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Fig. 10 Comparison of images detection results under partial occlusion
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Tab.2 Comparison of detection results under

partial occlusion

Sebro EBBI WA ik
i Hir#  HiEsg%  Hisfe  HEK
XA X G W H Y B I

Faster R — CNN 16 4 16 4 0 0 3 2
SSD 16 4 14 3 2 3 0 0
YOLO v4 — tiny 16 4 15 4 1 0 0 0
YOLO v5n 16 4 16 4 0 0 0 0
YOLO v7 — tiny 16 4 16 4 0 0 0 0
YOLO v7 —tiny —DO 16 4 16 4 0 0 0 0

(a) Faster R-CNN

(b) SSD (¢) YOLO vd-tiny

2.2.2 BRI LT PR 45 R AT

S PR aAG a FE rp XS HAR RS B b 5 BUE R
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U R vh BT BRI G 3k, Faster R — CNN Jigfi 1 H
X5 (& 11a) ,SSD 4y 2 2% (& 11b), YOLO v4 —
tiny Jk: 2 B (& 1lc), YOLO v5n ke 1 H A8
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EIG X 3k & A 32 SR B, B FRFRRAE S & B, AN
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Fig. 11
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Tab.3 Comparison of detection results under

motion blur

SR IF B Foum) T Ko R
F A SRT H A5 % SR7R 4 ER 73
XM HOE W OME SR YE YH YE

Faster R — CNN 14 13 13 13 1 0 0 2
SSD 14 13 12 3 2 10 0 0
YOLO v4 — tiny 14 13 12 9 2 3 1 0
YOLO v5n 14 13 13 12 1 1 0 0
YOLO v7 — tiny 14 13 12 13 2 0 0 0
YOLO v7 — tiny — DO 14 13 14 13 0 0 0 0

) YOLO v7 — tiny — DO 6 I ¥4 RE A T A A5 7Y
2.2.3 YHERGEE LT BES R X
PR S W O SR TR o i N - M % ¢ 11

Comparison of images detection results under motion blur
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(a) Faster R-CNN (b) SSD (¢) YOLO v4-tiny

(f) YOLO v7—tiny-DO

(d) YOLO v5n (e) YOLO v7—tiny
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Fig. 12 Comparison of images detection results under eggs adhesion
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Tab.4 Comparison of detection results under

eggs adhesion

S EWEN WK R
B HiRg HEEM HES HAEH
WA A G G &
Faster R — CNN 12 16 12 15 0 1 2 0
SSD 12 16 12 4 0 12 0 0
YOLO v4 — tiny 12 16 10 12 2 4 0 0
YOLO v5n 12 16 11 12 1 4 0 0
YOLO v7 — tiny 12 16 11 11 1 5 0 1
YOLO v7 —tiny — DO 12 16 12 16 0 0 0 0

X8 (& 13a); SSD ¥k 2 HOXSF 12 XS &
(K 13b) ;YOLO v4 — tiny J ke 2 HXGF 2 g,
B 2 HXG (& 13¢) 5 YOLO vSn Jks 2 HAGFI 2 AL
X4 (& 13d) ; YOLO v7 — tiny Ji k6 2 H X1 2 Mg
(K 13e) , 25 1, g H 508 5E 08 SRR
SRR, AR Y 34 A A e A SR A 0 {ELAH H
fbAE AL, YOLO v7 — tiny — DO Ji £ 5 55 4 % H £ b,
Ut A 50 4t A A PR B B A
2.3 HHKRERESH

#+ YOLO v7 — tiny — DO # 3 5| NVIDIA Jetson
AGX Xavier W i B F &, KR E 2% > 5| %

(a) Faster R-CNN (b) SSD (e) YOLO v4-tiny

(f) YOLO v7-tiny-DO

(d) YOLO v5n (&) YOLO v7—tiny
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Fig. 13 Comparison of images detection results in dim environment
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Tab.5 Comparison of detection results in dim

environment
SR TE B T oL i g
fia H AR %L (ER 73 (ER 7% H A%
MH OGE WH YK GH ME BH WE
Faster R — CNN 12 13 12 13 0 0 3 3
SSD 12 13 10 1 2 12 0 0
YOLO v4 — tiny 12 13 10 8 2 3 2 0
YOLO v5n 12 13 10 11 2 2 0 0
YOLO v7 — tiny 12 13 10 9 2 4 0 0
YOLO v7 — tiny — DO 12 13 11 13 1 0 0 0

( DL accelerator 55 Vision accelerator) Jill 33 Ji5 , ‘R 33 £
DU At H bR, 52 008 FR LR XS R 5 X85 A 3
oy TR . IR R A RE AR AE AL T

AR B A PR A A 3 1 8 A e 30 A9
TFRIT RO AL a8 Nz g B b, B T 4 B I
WA K SR 15 min 00 BHE FH T 00 0, R4k
3d, M 21 S8 1 HAES Bk, & 14
MK I3 it H 2

6 AN TEII A U K5 X8 8 A ik
TR . dr 3R 6 ml M HE VR 1 b ORI
AR MAR 4351k 96. 7% F1 97. 2% ,MAE 43 3
0. 13 HURT0. 07 #g; bk 2 i/ 8 43 FE 1T 5k
MAR 43514 97. 5% 1 94. 5% ,MAE 433 0. 10 1
0. 13 Mo MR 4 vk 3 Fhow 2 & 2 7 AL
MAR 43418 96% #1 97. 2% ,MAE 4355 0. 17 H A0
0.07 ¥z, Zid 4y al s, 3 vy 2508 & 7 8
THEOT Y HE 1 R E 7 51k 96. 7% T 96. 3% , B 58
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Tab.6 Results of automatic counting hens and eggs in

(b) g R

different cages
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Fig. 15 Visualization of results of automatic counting hens and eggs in different cages
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