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Behavior Detection Algorithm for Caged White-feather Broilers
Based on Improved YOLO Detection Framework

XIA Yuantian KOU Xupeng XUE Hongcheng LI Lin
(College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China)

Abstract.: In large-scale broiler farms, the behavior of broilers is usually observed and analyzed by
feeders or professional veterinarians to determine their health status and breeding environment status.
However, this method is time-consuming and subjective. In addition, in caged environments, due to the
high density of chickens and serious mutual occlusion, the visual features of behavior are not obvious,
and traditional detection algorithms cannot accurately identify the behavior characteristics of chickens.
Therefore, an improved object detection algorithm for behavior detection of caged white-feather broilers
was proposed. The proposed algorithm consisted of two modules: multi-scale detail feature fusion module
(MDF) and object relation inference module (ORI). The multi-scale detail feature module fully utilized
and extracted the multi-scale detail features contained in the shallow feature maps of the feature extraction
network, and integrated them into the corresponding feature maps responsible for detection at the
corresponding scale, achieving effective transmission and supplementation of detail features. The
relational reasoning module fully utilized the positional relationships between objects for inference and
judgment, enabling the model to more fully utilize the potential relationships between objects to assist in
detection. To verify the effectiveness of the proposed algorithm, a large number of comparative
experiments on both authoritative public datasets in the field of object detection and self-built behavior

detection datasets in real large-scale caged white-feather broiler breeding environments was conducted.
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The experimental results showed that the proposed improved algorithm achieved the best detection
accuracy compared with other state-of-the-art models, both in the COCO dataset and the self-built

dataset. For the detection of behaviors such as feeding, drinking, moving, and opening the mouth, which

were crucial for the health status of broiler chickens, the algorithm achieved accuracy rates of 99. 6% ,

98.7% , 99.2% , and 98.3% respectively.

Key words: white-feather broilers; behavior recognition; object detection; multi-scale detail feature

fusion module; relation inference module
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Tab.4 Comparative experimental results at different ages

. H s/ AP/ % mAP/
VRS - — "
d W ok Bdh o sk %
1~15 92.8 91.7 93.1 92.2 92.4
YOLO v7!2! 16 ~30 98.3 97.0 98.7 97.2 97.8

31 ~45 97.4 96.1 97.3 96.8 96.9
1~15 98.5 97.6 98.4 97.8 98.4
16 ~30 99.8 99.1 99.3 98.4 99.6

YOLO v7 + MAO
31 ~45 98.9 98.2 98.7 97.7 98.8

5 NI — H A [R] A B 3 28 A5 70 b5 g
RZ AT, gk 5 FioR, 4 T & & R
5 22 H I R XG HEFT 5050, IR H it LA 6 h
—ANE RS R 4 A RBE . B AR TR H g S
ARG JLF 7] DL Z g AT R F 6 — H i~
3G AT S R LT B A R e . JF AR S
AT LLE W R A () mAP DL R A IRk R B
ik S 35 K5 0 ) b R ZR R YOLO v7 & 1.2,
1.6.2.2.0.9 1.4 ~E 4,

x5 F—HRARHREIZBERL

Tab.5 Comparative experimental results at different time within the same age

AP/ %

J5 % H % /d i 1] Be

<

mAP/ %
ok # 3l (i

00:00—06 :00
06:00—12:00
12:00—18:00

YOLO v72" 22 97.9 +0.4

18:00—24 .00

97.1+0.2 98.5 +0.2 97.0+0.3 98.3+0.3

00:00—06 :00

06:00—12:00
YOLO v7 + MAO 22 99.5+0.3

12:00—18:00
18:00—24 .00

99.3 +0.2 99.4 £0.3 98.4 0.1 99.5+0.4

6 A G e AR IR BT o O I R 2R Y 5
PERERL Z [ XS o 3R 6 Frm , 25 A7 B A I 4
W, SRR mAP DL R R PROK (RS Tk P 2
R B 70 0l L R Ze ) YOLO v7 5 9.9.7.1.9. 1,
9.2 113 A~/ 3 s, Ko MRS B A B8R $ETF, 5800 1t
AP A SCA A0 Bt B30 02 B A0 DR MR i I A e 24155

T ARG 0 v A R
3.5 HpLscIe

R E AR AR SCHRE S A A T] 2 A ol A 000 o 4
(5%, /) 22 T YOLO v7 + MDF ,YOLO v7 + ORI #
YOLO v7 + MDF + ORI #%Y , 7558 5% H P A XS 47 AR
BRI, 45 A N2 7 R
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Tab.6 Experimental comparison results with and

without thermal insulation film coverage %

i i P A i A - mAP
e gok BI kM

91.6 89.3 88.6 85.3 838.7
95.9 95.7 96.3 94.5 95.6
98.7 98.4 97.8 96.6 98.6

99.8 99.5 99.3 99.1 99.5

YOLO v7!2"

| 2

YOLO v7 + MAO

FTAE R REER X A T A AR B R
Tab.7 Effect of different improved modules

on detection accuracy

LRI YA mAP/ it ./

ik (B F <18 %) % (fs™)
YOLO v7!2! 512 x512 95.7 152
YOLO v7 + MDF 512 x512 97.9 132
YOLO v7 + ORI 512 x512 97.3 146
YOLO v7 + MAO 512 x512 99.4 124

3 7 Frn, YOLO v7 + MDF (1) mAP ik F|
97.9% ¥ 5 2.2 AN H 4 A, YOLO v7 + ORI (1
mAP JK#) 97.3% i im 1.6 DA 53 . [ H]
MDF F1 ORI # i}, mAP iK 5] 99. 4% 55 3.7 4
[ERi =

FH T MDF #2338 i 1 %50 S 1 48 755 e i £ H o3
S, N ] 3k G R TS BRI B e A N S R A
— R, MR T Pros, AL MDF B, 72 B I
20 f/s. Lffi F§ ORI B, Wi FREAR 6 /s, 4 [R] B
JH MDF 1 ORI B}, it SRR AIG 28 £/s, A8 Bt A A4l
o 0 S A i ARG, AELATS 8 % T ST B A6 0 3ok B, 4
AL T T G D o R
3.6 HANERATRMREE ST

VEPE IR 3 i AT A5 AR A 0 M i 1) SR g A R
YOLO v7 1Ey He 2 570 55 e B B 7 56 57 11 P A A
B AR E AT RS R e . T AR LS
WG A 2 RGO, W Ot R
I AR 4 10 A I SRR B PR RE AR M T i Pk AR
WK 8 Fros , YA TE 8 BE P % 42 3% 02 55 538 1 57
B G e BB AL TN 2] K4 YOLO v7 Joik £
I Bl {7 BN XS RAT R, K9 iR, A 7E
T PN AR B DA SO ORI T O i R ) B
RUFEG s ey, RO S AR AT 9K B 08 L) A8 e G B 8 I
X R R A, AEE 8 FNE 9, H AR E S R
T 0.5 ByXG HAT N8 s Ok .

A N9t mT LLE Y, A ase £ % 4R 0 B2
R R 3 500l W ON R — AR, TR 2 R
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Comparison of prediction results

Fig. 8
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Fig.9 Comparison of detection results under

typical scenarios
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