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Figure 6 Diagram of SE attention mechanism module structure
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Table 1 Comparison of the performance of mainstream models

on dataset |

. mAP P R FPS
LAY
/% /% /% J(i-s 1)
SSD 83.75 83.71 83.59 29
Faster R-CNN 91.67 89.07 88.02 16
YOLO1In 91.22 84.33 85.49 37
GMA-YOLOlln  93.87 88.12 89.73 36

®2 EREBEREEL LR
Table 2 Comparison of the performance of mainstream models

on dataset

o mAP P R FPS
i )
/% /% /% /(s Y
SSD 79.4 78.6 79.1 19
Faster R-CNN 86.7 82.1 81.7 9
YOLO1ln 85.2 81.8 81.2 21
GMA-YOLOlln  90.45  83.97 83.3 22
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Table 3 Ablation study results of different model components

on dataset |

mAP P R FPS
b /% /% % /s
A 91.22 84.33 85.49 37
B 91.05 83.60 86.72 41
C 93.10 86.90 86.11 36
D(Ours) 93.87 88.12 89.73 36

AR A YOLO11n(Baseline) ; B! B: YOLO11n+ GSConv ; £ !
C:YOLOIIn+GSConv+P2;# 8 D: GMA-YOLO11n, F i,
R4 TREEBLHFAGNHEMIEER (BEEL)
Table 4 Ablation study results of different model components
on dataset Il

o mAP r R EFPS
/% /% /% /(s
A 85.20 81.80 81.2 21
B 86.39 81.76 82.8 28
C 88.80 83.10 82.2 23
D(Ours) 90.45 83.97 83.3 22
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AR AR R BR[| MENG &2 TIRIBERL
SRR, MR Al A Y s PG X6 I 4 B[] 3 s T AR B
Y I (temperature) , A1 B (humidity ) 508 , I 4R $ig
3 (8) THAAL H A ot 5 A sf [] 1 AH X6 Rz (%) 38 188 48 4
(THDAE , & 45 500] LI 8 8 & 76 = il = 1 B 5L T 1Y
AR AR s (8) frn . WEUEAE T 1Y
I3 4 v Bl AL 328 B 150 5K S, AR 45 19 5K 15 A 1 i)
X P B R A s RGO B THIE

THI=(0.8 X T )+[(H/100)X(T — 14.4) ]+

46.4 (8)

A T—HE;

H—— X8 & .
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HR A R IR 38 FH G 2 BEAT AH JC R 4 B, 25 SR 3R 5
Fim . B5REH POK BTN S THIZ R HHH
KRPERES , T RE Ny 2 BN K& A 3558 7 5 2 R0 A
R, ST NS T, H, THI 3345 45 2 8] #)
A BEMACE, Hh 5 THIME 2 B8 EAHX M ER
R 0. 424, U B 528 7 R R e W PR B T Y A s T
PIRETE H 8 A7 R I, 3% B 38 b 00 5 4 AR X 39 474
HEAT RE S WM, 78 $AR A 1 T LA R O Bl B R
T - B 11 v A o A1

%£5 ABHEETHSRESHLEXEST

Table 5 Correlation analysis between broilers’ daily behavior

and environmental parameters

Bok/ R HE/ R S /A
THI 0.050 —0.131 0.424%x
T/C 0.201% —0.081 0.362%x
H/% —0.349%* 0.014 —0.193*

1 #5278 P<<0. 05, *x3 /8 P<<0.01.

4 #ig

ARG T — A2 B GMA-YOLO11n H #3
oA AR R T AL A B AR A R RS 1 PR RS 5 R
Yy v 58 WA AR L e 85 ) ARG AT 55

TEYOLO1In ZE kA A [ ) 58 AL AE 42 L S
22 N R i A ABE 9 A 5 T X I 4% 45 kg kAT T A —
J7 1, 51 A GSConv 45 B 0 3 43 br 6 BLUZ | 72 R
12 B AT 3 TF 8 7Y TR IR R R AE A B8 T 5 55—
J5 T L 38 3 SR RE S Concat 3 75 S 46 I Sk 57 4 — 12
160X 160 [ 15 43 HF AR AE )2 (P2) | 38 5 A AU /N R
H b5 %% 4 H bR 09 AN RE 7, I 45 A R ARk
SE i — 5 b e M5 B3k .

R 45 B2, GMA-YOLO11n 7E Wi 4> 5] 5% 58
UL B8 48 B UG TR I P BE . 7 BUHE
I A4 % 0 F, H omAP 4 91 ik 3] 93.87% Fi
90. 45 %0 , 75 L 45 55 o 6 WA B2 14 ) ), 34 30 47
JE SR AR W R o T B 5 5 90 e o 4 SR 1 —
HBE T GSConv P2 kg I 2 DA S SE #5287 £ T 15 7Y
PR 7 TH A RCHE U0 B T B T T 2% 25 4 T AR A
FE SRR Z M AT T R A0, U R 2 ROE B bR
ME R T RIUE NRE.

TE N2, AR FSE 3 T GMA-YOLO11n (474
PURN S5 X XS H W47 o 5 R 5 R B 2 Bk AT 1
AR S3AT . S5 R R, R A7 5 W & THI
TR AP AE B E M OCC R, B THI R B3 IE A ¢
(P<<0.01), Uk BA7E = iR M R A BT T, RS 1 AN 38

RERE 16 S W AT MR AE TP AS BB o 45 R ST AH G
E B 11 5 S T A AL SE BRI A XSG AT D BEAT Fp 22 1
I, A DAy AT IR 285 T At e DXLz R 38 T 1Y il 1 T B
HA —2 ATk

e S A B IS AT O 52 bl R LG R S R R ER BT
5522 H N FR P, BT A9 AT O RO 32 2 T R
U i LA P AR S T A A A 10 A B2 W T
Aok AR AT 7R AT AL SRRl 5] A H AR ER B2 -5 I
BTk BN B A X S AT O i S8 B S AT
e aELHE SERER, LRI R R
TR 5 7 5 T 19 52 O (R BE AR KT
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Multi—objective monitoring method of yellow—feathered

broiler behavior based on GMA-YOLO11n model

CHEN Hongfei', WANG Sunyuan’, YU Jiaqi', LIU Junling®, XIAO Maohua®,
QIAN Yan', ZOU Xiuguo™

(1. College of Smart Agriculture (College of Artificial Intelligence) , Nanjing Agricultural University, Nanjing
211800, China; 2. Jiangsu Shennong Intelligent Technology Co. , Ltd. , Nanjing 211800, China;
3. College of Engineering, Nanjing Agricultural University, Nanjing 211800, China)

Abstract: Timely identification of abnormal conditions in broiler chickens through routine inspections is a crucial means to
improve the efficiency of intensive poultry farming management. In intensive poultry farming, computer vision-based
inspection technologies outperform traditional manual methods in both accuracy and efficiency, showing significant potential
for development. However, in large-scale farms, challenges such as multi-scale targets and occlusion pose considerable
difficulties for models. To address these issues, this study proposes an improved object detection method, termed GMA -
YOLO11In (GSConv and multi-scale attention YOLO11In) , based on the YOLO11n (you only look once) framework.
Specifically, a GSConv lightweight convolution module is introduced into the Backbone to reduce computational complexity,
and a high-resolution feature layer of 160X 160 is added through multi-scale feature fusion to enhance the detection of small-
scale and densely distributed targets. In addition, a squeeze-and-excitation (SE) channel attention module is incorporated
before multi-scale feature inputs to strengthen the representation of key features. Experimental results demonstrate that the
proposed model can effectively perform multi-class detection of daily behaviors, including drinking, feeding, and walking, as
well as abnormal states of broiler chickens. The model achieves mean average precision values of 93.87% and 90.45% on
Dataset I and Dataset I , respectively, both outperforming the baseline model, while maintaining an inference speed that
satisfies practical video inspection requirements.

Keywords: yellow-feathered broilers; behavior detection; YOLO11n; attention mechanism ; multi-scale features
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