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Classification Method of Heartbeat Confusion Signals of Hatching Eggs
Based on TCN and Transformer

GENG Lei'? WU Hanbing'? ZHANG Fang'’> XIAO Zhitao'> LI Xiaojie’
(1. School of Life Sciences, Tiangong University, Tianjin 300387, China
2. Key Laboratory of Optoelectronic Detection Technology and Systems, Tiangong University, Tianjin 300387, China)

Abstract: The egg embryo culture method is commonly used for the preparation of avian influenza
vaccines. The rapid and accurate classification of hatching eggs into active and early removal of dead
embryos from live embryos can effectively avoid bacterial or mycobacterial contamination due to embryo
death and it is of great importance for the improvement of hatching efficiency. Currently, the heartbeat
signal of chicken embryos is mainly used as the basis for distinguishing dead embryos from live embryos.
However, after 96 h of avian influenza virus injection, the heartbeat signal of live egg embryos is between
that of ordinary live embryos and dead embryos, which is easily confused with dead embryos. This type of
data is called chicken embryo heartbeat confusion signal, and is added to the data set as a separate
category. The original dual classification of dead embryos and live embryos was changed to a triple
classification of dead embryos, ordinary live embryos and 96-hour live embryos. An absolute average
value normalization preprocessing method was proposed based on confusing heartbeat signals of hatching
eggs, to enhance the original data features and improve the classifiability of the data. A shallow dual
branch network structure residual fully temporal convolutional with transformer network ( RETNet) with
residual structure was proposed based on temporal convolutional network ( TCN) and transformer for
global features and detail features. The experimental results showed that the three-classification absolute

average value normalization preprocessing method and RFTNet two-branch network proposed demonstrated
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good performance in the classification task of hatching eggs confusion dataset with a detection accuracy of

99.75% . In addition, the three evaluation indexes of detection accuracy, recall rate and F1 score
reached 99.75% , 99.74% and 99. 7% , respectively, further verifying the effectiveness of the method.
Key words: hatching eggs activity classification; heartbeat confusion signals of hatching eggs; absolute

average value normalization; TCN; Transformer
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Fig.2 Visualization of dead embryo heartbeat signal

waveform after filtering
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Fig.3  Visualization of waveform of common

live embryo heartbeat signal after filtering
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Fig.6 Comparison of heartbeat signal waveforms of hatching egg confusion dataset before and after filtering
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Fig.7 Comparison of heartbeat signal waveforms of hatching egg confusion dataset before and after denoising
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Fig. 10 Structure of RTNet network for extracting details

of confusion signal of hatching egg heartbeat
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Fig. 11 Structure of global feature extraction TRNet

for confusion signal of hatching egg heartbeat
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Tab.2 RFTNet network structural parameters

o9 £6% T B 2 i th R
Attention Res — TCN(8) 1 x350 x32
RTNet Attention Res — TCN(5) 1 x350 x 64
Attention Res — TCN(3) 1 x350 x 128
Convolution (1) 1 x350 x 128
TRNet
Transformer — Encoder 1 x350 x 128
Concatenate 1 x750 x 128
Concat Global average pooling 1 x128
Fully Connection 1x3
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Fig. 12 RFTNet overall network structure diagram
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Tab.3 Performance comparison of different

enhancement modules %
SR IR S 87/ S S YT F1 fE
CNN 99. 03 99. 02 99. 03 99. 02
TCN 99. 12 99. 10 99. 12 99. 11
SE — TCN 99. 25 99. 24 99.25 99.25
RES - TCN 99. 32 99. 30 99. 32 99.31
SE — RES - TCN 99. 57 99. 55 99.57 99.57

800

Rt

800
e 600 g "I 600 . LIk 600 g EHE 600 o " 600
= i h 400 = I h 400 = R m 400 = i m 400 = iR ﬂ 400
= = = = =S

MK 3 AT LLE i, 5 CNN AL, £ A 3 2 A B
PEO 6 bR AR AT 2 52 T, 0 i e AN [A) B B b G ol
Ty MR R AR PR RE o AR SO TR VA JE R X A
[ AR TR 1) 3 SO R 3 AT T A AR, AT Ak TR VB P
mE 13 iR,

APLAUEL B, 28 AAVN FrifEfb i 4b 3 5,96 h
TR (X R0 BRIR VA 5 5 ) 76 5L fill 19 CNN ¥ 2% th
A W IE A4 25, 2 0 96 h T IR B 4 AE ) R
Hbmeh e aaG rRE 2R, ARG WA
GrPE i — 0 IR T AR SO X XS IR TR VE AR T
WETT AL B A A . a2 3 FE 13 ) B8 AH
GEaATHE D, 48 b A% 4 TR BT P Y B S Y 40 0 RRAE
$& HU RTNet 73 3¢ W 2% H. £ B 5 1) 47 1iE $2 HCRE 1

800 800

= o6k 200 ™ 96 h 2000 ™ g6y 200 ™ 96 200 g6 200
IR TR 0 TEIR 0 TEIE 0 TR
B e 0 T e oen 5 oo S oo e oo
HE HE JERE R R R R e e IR e e TEIE
HIAME HIYAE HIYAE HIYAH HIYAE
(a) CNN (b) TCN () SE-TCN (d) RES=TCN () SE-RES—TCN
P13 A [ g ik A5 e VR VR R o W A AL 25
Fig. 13 Confusion matrix visualization results for different enhancement modules
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Fig. 14  Impact of input space dimension N on model

accuracy and number of parameters
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Fig. 17  Visualizing classification power of RFTNet and its branching networks
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Tab.4 Experimental results of comparing traditional

classification methods

BN IES 5307k W%/ %
SCik[22] RBF SVM 82.98
SCHik[ 23] Decision Tree 81.73
ik [24] QDA 91.76
ATk REFTNet 99.75

e GE AL A HEAT 73 JE I BLHEN B a7 Ak
BT SRR RS R AT AE T 20 S T, 96 h i
JURAE S 205 R 3 Bl , AR B A R A I )30 AN 1 A
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Tab.5 Experimental results of comparing deep

learning classification methods %

IrRIT I MERIR KB HER FL{E
LSTM 87.56 67.50 52.74  57.52
GRU 87.97 64.98 47.95 57.96
Transformer — Encoder 99.14  97.94 98.14  98.03
E - CNN 97.38 96.53 94.36  93.37
FCNs — GRU 99.27 97.78 98. 85 98. 36
MifaNet 99. 47 99.23 99. 38 99.29
RFTNet 99.75 99.75 99.74  99.75
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