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Fig. 1 Sensor mounting position diagram
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Table I Number of samples in the training set

Number
Label
Window of 10 s Window of 30 s Window of 50 s
0 6308 4626 3179
1 896 880 982

2 MEUERARE

Table 2 Number of samples in the testing set

Number
Label
Window of 10 s Window of 30 s Window of 50 s
0 1578 1157 795
1 224 220 246

AT 0 & A BT R R B K P(Synthetic Minority Over-
sampling Technique, SMOTE) &b B D - i ¥ 7% 25 51 5
Pl 1 eSS, Dhdsh H s L Bl o A1 i, 1
5 Prag WEIE T 3 AR ALY F- Y P RETE A

Shy Ui 1 B AR AR R, A 538 3 Friedman 5 56 73
#r 10, 30, 50 s 3 Ffi & 1 T ) KNN, SVM, RF 3 Fjifs
ARSI 2 Pk 25 5, FE Al B iF— 20 R
Nemenyi #7475 22k 5, 2 A0 R[] 1 7 8 25 57, LA
I 32 1 A AR
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Pr). A M3 (Recall, R) . Fl-score L &2 ROC(Receiver
Operating Characteristic) i £k #1 PR(Precision-Recall)
Mo PEAL IR PERE . Hirh Ace. Pr. R. Fl-score &
XA
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Acc =
T TP+TN+FP+FN ©)
TP
_ 1
T TP+FP (10)
TP
L (11)
TP+FN
2xTP
Fl-score= — -~ (12)
2xTP+FP+FN

A o, TP(True Positives) & 7 A (1Y 1 5045 25 & &
15, BB R & 1% ; TN(True Negatives) 78 FEAS (1)
B AR A R IR R, R T R R & I 5 FP(False
Positives) 7% 7 A 7 4 J1 S A5 4 2 AR A A, #5578 Tt i
1 %% 1% ; FN(False Negatives) 3¢ 7 FE 48 1) B 5L AR 25 2
RAF, AV R AR A1
2.4 E-T SHAP WY 7] iR R M A B 4
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FETJ7 1%, B RE WS 5 Ak R A R AE X T80 45 SR 1 TR
SHAP {H & X 4an=k (13) FirR .o
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SCF\{i}
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K 3485 SHAP {EAT i i R4 42 Jm B 22
PERIRZ DR RS, IT DA TRAE R, I ) ansk (14)
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1 &
I = N ; |¢1(x_,)| (14)

Krp, N KRR BEG [ FoRFHE i fTETA A
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4 %F SHAP {H i Ak T BN FRRIE 7R 2 4l
B2 T X A5 AU ey L 5 e T B R B T RO
FIT A BRAE 0 -2 46 %5 SHAP (B, 7T DL 45 H X4 100 ke
FE TR B K B OBFFAE 4 . BFSE il o iy 1 6
B, #7s TR SRR BTER Z (8] 1 OC &R, [A]IHE
BT B A R AR SR A5 AT AR, 3X R T SRR AR S A T
WAKHE

A XTI 4R K4 1 80% Il 45 4 E 47 SMOTE
Ak 3 S I S 3k B 00 B AR B, I 1 51 1 4 Xt
SHAP {H, 13 2R EHER o 12050 rh AR P8 R J 2P HE
FF AT I a6, B A0 S INRRAE . 7 R — T 1Y R
TR A, XFix 80% Y Zh e th kAT 5 4728 LEIEIf
PEAR R ARLE RE, S e BRI AR5 . RIS, Oy
Bi7 Lk A AN S 7 1 52 e, X B — e B YI ZR A E AT
SMOTE 4b 3,

3 GR5HH
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VSNERYN: NSV -2 ey v | ey 1 L el
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#5 5 H
Label: 3 AR RIMEREXT
; EE Table 3 Performance comparison of different models
| 40 ‘% Time of window/s  Model Acc Pr R Fl-score
‘Jzo g 50 KNN 09456 08534 09297  0.8899
j?zo g SVM 09478 08358 09694  0.8976
11 a0 :g RF 09562 0.8795 0.9440 09105
0 30 KNN 09560 08212 09284 08712
= , 1'1/0606&00 SVM 09596 08099 09784  0.8860
j,(,)», 0 0,00 e 7% Q}@‘& RF 09660 08568 09454 08988
ibal mpOne‘th]mol'é'o‘“ —20‘2@@& 10 KNN 09940 09621 09910 09763
(a) Clustering result with 10 s window SVM 09931 009492 09988  0.9733
Label: RF 09954 09685 09955 0.9818
f40 o 70
S itk — 2 B AR 2 (8 B P A 22 57, BFSCR A
10 _§ Friedman & 4 X7 Acc. Pr. R 1 Fl-score DU 45 # 3
| 1% 5 TFGEH T . G551 4 R, 4 TS BRX LK R 7
: % Geil 41 36.6308, 37.3333, 35.2972 Fil 36.0533,
L EO- H PAEBEI/NT 0.001, K BIA [RIBEAY 22 8] (414 BE 2% 5+
[ & FEde b BLAT B35 . 7 Friedman K 0 4% 5 2 il
e o Sy - R Nemenyi T S AHBURIE (7 1A%, JF 47
[ Pé:nent ?0 e - llfi L 2% 5 (Critical Difference, CD) &, W&l 3 fr 7R .
(b) Clustering result with 30 s window # CD il i 7K1 H2ofs 2 BB e e — i,
s % Labe FORIXBERAL 2 B PERE 22 AN 3 h B rhoKoF
. FE e CHLBEZR) WA 44, S48 10 s 1 1 F 19 RF 0805
i %, 2 BB 43R 2 ) TG B 4k 2% 5, (B HE Ace. Pr % Fl-
Q 17102 score 48 b T BT 0 P10k , e 0 1245570 15 4
’ 2 PERE RIBRSE P L JE 0. % R RIIHT 67 &3, 10's
pz 5 T TR 2% AR b5 g P RE SEAL, 1T 30 s 1 50 s 482
g I IR P PERE AR B85 . X RUIHAEN 10 s BT 117
I - 7(780._-73205_5 ﬂzﬁfﬁiﬁﬁﬁﬁi&ﬁi&ﬂ@%\ F‘H”%%%éﬂﬂ‘lﬂ%ﬁlﬁf@%
Principal component 1 & S EE T G 55 MR 10 i T 287 11 00 25 5 s e O
(¢) Clustering result with 50 s window BRI AR, ETTI S5 1 BB B A0 R g o R, 25
2 3 FEIPRIACR AU S50 RIS I, IR TERE 10 BT1THY RE
Fig. 2 Clustering performance of three different windows *ﬁﬁ! ’f/lfjﬂ E‘iﬁl}*ﬁﬁg , IR T HEAT }Eg&;q’%‘?ﬁﬁ%zﬁﬁﬁ?o

means 5 2 77 15 BB A7 850 X 43 AN [ 5 B A4 B i .
3.2 HEERIMREXTEE

XJ H RF, KNN & SVM 3 Fl B 5 7510, 30 s Fll
50 s 3 FPEFIEI AT LR APERE, 455004 3 Fin. M3
FT LA Y, 3 RS RIEAE 10 s 7 1R PERE R, o
RF #AIAY Ace., Pr. R Fl Fl-score 433355 T 0.9954,
0.9685. 0.9955 F1 0.9818; {H 24 i 134 %] 30 s i,
BERU R PERE S B B T i, b KNN AT SVM 11
Pr 3% T 4 2 0.8212 1 0.8099, A fEJ& K M 7E 8 K
FRY B T) 8 1 P, 4 2 TG B 46 T 2 B 9 1F R Y 3 2
JF-Y, S EUR RS 1, MRS T ALY (R
TR

3.3 BHEEEMESH
Ry SR RR AR R A LA REAR T BT AR, AR SCR
SHAP 3%} 10 s % 1T A9 RF BRI AT T 0] i Bk

4 AFAY) Friedman #6536 45

Table 4 Friedman test results of models

Metric x*_statistic P-value Significance
Acc 36.6308 HoAk S
Pr 37.3333 ok s
R 35.2972 ook s
Fl-score 36.0533 HoHE s

**k—p<0.001; s—Significant difference
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0T, BERNE 4 o, DAIEL 4(a) FT UL, SMA_energy .
SMV _energy 42446 %t SHAP {8 H H A HRRAE &, %

BI04 D5 1 I SR 1% B0 e 2 X R T IR A A S
W o 1] A(b) B SRR PRI U Bk — 20 f 7 1 AR AE(E 0 5

CD=5.373 CD=5.373
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Table 5 Performance comparison of ablation testing model based
on SHAP ranking

Feature dimension Acc Pr R Fl-score
1 0.9944 0.9673 0.9889 0.9721
3 0.9957 0.9676 0.9989 0.9830
5 0.9956 0.9665 0.9989 0.9824
10 0.9957 0.9686 0.9978 0.9830
25 0.9956 0.9696 0.9955 0.9824
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Table 6 Performance comparison before and after reduction
based on the independent test set

Feature dimension Acc Pr R Fl-score
25 0.9922 0.9449 0.9955 0.9696
3 0.9911 0.9370 0.9955 0.9654
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Fig. 5 Comparison of confusion matrix before and after reduction based on the independent test set
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Table 7 Performance of RF models before and after feature reduction over five random splits
Feature dimension Acc R F1-score
25 0.994 1£0.0010 0.962 7+ 0.005 7 0.991 1 £0.004 0 0.976 7+ 0.003 8
5 0.994 2 +£0.001 2 0.958 8 £ 0.008 4 0.996 4 +0.005 2 0.9772+0.004 9

%8 Wilcoxon £ 5 R K 45 R

Table 8 Results of Wilcoxon signed-rank test

Metric P-value Result
Acc 1.0000 ns
Pr 0.2500 ns
R 0.1250 ns
F1-score 0.6250 ns

ns—Non-significant (p>0.05)
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Fig. 7 Model prediction results for cow estrus before and after reduction
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Machine Learning-Based for Detecting Estrus in Dairy Cows

LUO Xiaojuan, WANG Daolong, HU Penghao, LIN Jiaxu, GUAN Lei
(School of Information Science and Engineering, East China University of Science and Technology,
Shanghai 200237, China)

Abstract: To address the issues of high cost and strong subjectivity associated with manual observation in dairy
cow estrus detection, as well as the high computational power consumption caused by high-dimensional model features,
this study proposes a dairy cow estrus detection method based on unsupervised clustering and interpretable feature
selection. The method utilizes the K-means algorithm to cluster raw activity time series data collected by neck-mounted
accelerometers on dairy cows to automatically generate estrus behavior labels. Three models are compared: K-Nearest
Neighbors (KNN), Support Vector Machine (SVM), and Random Forest (RF). These models are evaluated under time
windows of 10, 30 s, and 50 s. Finally, the optimal model is determined by the Friedman test and the Nemenyi post-hoc
test. The Shapley Additive Explanations (SHAP) method is introduced to quantify feature contributions and screen for
the key features. The results indicate that the RF model based on a 10 s time window achieves the best performance.
Through SHAP selection, the features are reduced from 25 to 3. The performance of the dimension-reduced model
shows no significant deviation, with accuracy, precision, recall, and F1 score reaching 0.991 1, 0.9370, 0.9955, and
0.9654, respectively. In independent trials based on three-axis acceleration data from dairy cows, the RF model
achieves an estrus detection accuracy of 0.909 0 using a 10 s window following dimensionality reduction. The proposed
method enables both estrus label generation and feature dimensionality reduction, while maintaining model
interpretability. This provides technical support for developing low-power, long-endurance estrus monitoring devices
for dairy cows.

Key words: machine learning; cow estrus detection; accelerometer; K-means clustering; SHAP
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