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Posture Key Frame Recognition and Analysis for Weight Estimation
of Yellow-feathered Chickens
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(1. College of Biosystems Engineering and Food Science, Zhejiang University, Hangzhou 310058 , China
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Abstract. Body weight is a key indicator to evaluate the growth condition of poultry. However, the
variation of pouliry posture will affect the accuracy of weight estimation. SE — ResNetl8 + fLoss network
was proposed to detect the posture key frames of floor-reared yellow-feathered chickens. The attention
mechanism SE module and residual structure were integrated. And the Focal Loss was added to solve the
problem of sample imbalance. In addition, the Gradient-weighted Class Activation Mapping was
introduced to explain the rationality of the end classification rule. The dataset was constructed by 4 295
images of yellow-feathered chickens. The F1-score of the SE — ResNetl8 + fLoss model on the test set for
the chicken situations recognition of six classes: standing, bowing head, spreading wing, grooming
feather, sitting and occlusion were 94.34% , 91.98% , 76.92% , 93.75% , 100% and 93.68% ,
respectively. Towards the detection of key posture frames on chickens, the accuracy, recall, Fl-score
and detection speed were 97.38% , 97.22% 97.26% and 19. 84 {/s, respectively. And the detection
accuracy, recall and F1-score were better than those of ResNetl8, MobileNet V2 and SE — ResNetl8
networks. The study ensured real-time performance while improving the accuracy of key posture frame
recognition, which provided technical support for accurate estimation of poultry weight.

Key words:; yellow-feathered chickens; posture recognition; weight estimation; SE —ResNet; Focal Loss
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Tab.1 Datasets of experiment

P Sk R AR, W R
wH/H M kg JE/C

2019 412 A5—6 H DI 1 16 1.10 3~12
2020 4£8 H 22—24 H D2 20 18 ~421.20 ~2.30 24 ~33
202246 H4 H D3 20 16 0.90 ~1.55 23 ~31
202246 A 11 H D4 20 17 0.95~1.55 18 ~21
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Fig. 1  Sketch of video acquisition
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Tab.2 Definition of yellow-feathered chicken
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Tab.3 Number of different postures in dataset i
BAmgE wi ARk R ORMEPE AR EPEL SOt
gk 711 677 51 561 354 648 3002
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mEkgE 102 97 8 81 51 93 432
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Fig.2  Network architecture of SE — ResNet18 + fLoss

WK 2 7~ , SE — ResNet18 + fLoss f2& % SENet —
block i AF 18 2 1) 5k 22 W 25 5 4 v, — A S8 B 1
SENet — block J& i# i JE 45 ( Squeeze ) . ¥ Jih
( Excitation ) FI 55 45 i€ ( Reweight ) 3 PN #AESE . *F
T SE — ResNetl8 Hr iy 5% 22 88 B i A 1 KR A
H x W x C {#i 4 Js i fk ( Global average pooling) {E
7 Squeeze BEAE , R4 FC 244 Fr AR 2 BE W i

ABY 1/ LR A BORFIER SR 1 x 1 xS s
i ReLU W05 56 504 B B A S5 2 4 FC R %

FEAE 2 B T 0] 50k 1) 2 5, 5 35 ff A Sigmoid bR %K
PEACE H— 1k A I 2, 58 1 Excitation #: 4,
e e MR 1 38 G R AE 1) TR B R A Scale #4F
PR AL 2 B A 38 18 1) FRAE L, 58 B Reweight
1, BPSE3 = AL

T % 22 1 X HORE AR A L 6 288 23S Y Bl it 4y
M2 RN, U BB B b, fEATEEA
2 BN - 4[] L, A SCal 3f Focal Loss 5125 R £ U
D5y Gy HREAR R, 753 B B AE I 2R I 3 3 T
MESPHIIREAS . Focal Loss 41 2K J2& 5& T 1 28 SR
£ NE B S W e TG Rt = 3 1 P T &
1 2% R ERT LU FROR

CE(p,) = - 1Inp, (1)
p (y=1)
- 2
o " {1-p (y#1) (2)
K p,—— BN I AR
CE——3¢ MU 151 % pRi 4K

p—BERIXS T2 50 y =1 Jir 45 3] (1% 5 0 A8

KT DAY ) 8, Focal Loss B Y6 US JITAL

NS o, HOWR, E 2 SR ET A E W

(1 =p,)7, LAUsiZ 88 A5 FE AR i B A AS 43 2% 78 S 4 2%
FR L E, 245 3] Focal Loss

L,(p,) =-a, (1 -p,)"Inp, (3)

K o, —AEH -, T30 1 7R A 0 8=

B, 0, [0,1]

L, Focal Loss $14k pREL
Y PR PR, T 38 e oy B AR R

e,y =0
2.2 HEERIVEREM
H T A SO R AL Oy IR 43 2 W 4%, TE ik AR B B
o P 28 IR AE 45 3 B AR i1 A, Ry Tk 22 AR TR 4
SEHETT A AL A% RS, SR ] Grad — CAM Sk fift B¢ 1) 4% 1
Py 25t i 5 W X B, Grad — CAM M 1L F
CAM 5 H— e | H A FH 9 4% 12 1) 14 3% 9 B 153
HH R AIE 1] e — 38 3 A AR DA T A5 B B g B B
Grad — CAM "] L HEH T & G B ph &2 M &4, T
FHTIZR 2%
BT i JE — 2 FRE LR 3 0 4R 15 UE R
s [ 8, 6 4 B 22 I 4% B Ji — )2 10 BT A R AIE
BRI 5, A5 B RFAE )2 A HPAE — 38 k ALE o,
Hatsm A=y
«“-7(T3 ar
K Z—FR IR B AR E AL
¥y P28 X 25 1) ¢ TR A AR 4y, X B
A 43t softmax JYI

| (4)




258 £~k

IR

2022 4

AL A B kSR i, ) BT

BB AT o XEEHAEZ A 753 8 AT b
R ARSI S 505 38 3 ReLU 3800 66 4 Ak 70
B BT IS B L0 AR BT T3 ¢ B
K I8 L o B 58

Liyua-can = ReLU ( z 01.2,/1}r ) (5)

Arh A HHEZ A 15 kS 3E
2.3 REVILKIFER

FERLYN 25 5 9 88 BUIR 55 4 , CPU 2 Intel (R)
Xeon (R) Gold 6147M 2.50 GHz, GPU 3% NVIDIA
TITAN RTX, 4 7 256 GB, ¥ f£ % % % Ubuntu
18.04. 1, ¥ B %= > #E 42 34 Pytorch, CUDA R A& h
10.0,
2.4 REEM ISR

K G 1 28 ( Precision, P) 3 [0] 2 ( Recall ,R)
FLABE AU BE 4 A48 4R ok PFAN B 284 i) LU M e
R0 238 3R 7% TE A 0000 kg TE AR A A A SR O AR AR AR
(R LA, 3 81248 3R 7R TE B 000 A TE R AR 4 S bR
DHEREA Y Fo 9, F1AF R A 4 58 F0 [l 5 0% 3 -
Y AH, RO B B Sy B A P A Y AR i g, 5 B H]
BRI REAS B AN B A e B 1 SR AN A

3.2 AREHNEREST

A% 5 S Ak 00455 78 R P i L 4% AR ( Random forest,
RF) Rk E AT # S , RF 2 — R4 2 ) 7 i L 76
DLPR SRS g B2 ) 25 40 Bagging £ B JE A I,
HE—25 5] AT BEALE PR, Sk A a H T
JERS/I o RE [l ) 553 0 LA 5 B8 Ry - (O M5 06 B8
B LA R s Hh R 0 DUNGREA, 5 T IR,
QX T TAFHHE 5, 2 I 25— A4 CART [u] I3 %
B, e Zrad B b, A 45 A R 43 B0 0 2 A B
BLA I A R AE e B B ASRRAE, RN & S HRAE ik
Sy R o e R I YR L o S I 37
G BEAIL AR A , BE AL AR AR fe 2 1 T 45 1 B TR
CART [a] =A% $51 00 45 S () 148

3.1 R BIRRE S B (A 0 45 1
AJEHK P SERE D K L B RNYIEEE R AR
IR DR (SSE DN SN NS R (Sl oM T e A

(b) S EIGHEHE
3 PGS R R SR BUR 25

Fig.3 Schematics of image segmentation and two-dimensional feature extraction
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Tab.4 Learning rate adjustment strategy
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Fig.4 Model training loss function curve and

accuracy curve
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Fig. 6  Confusion matrix of chicken classification based on

SE — ResNetl8 + fLoss model
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for different postures of chickens %
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Tab.6 Detection results of SE — ResNet + fLoss model for

the posture key frame of chicken %
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Tab.7 Comparison of results using different methods
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Fig. 9  Visualization of some test results of different methods
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Tab.8 Comparison of yellow-feathered chicken

weight estimation results in different postures
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