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Fine-grained cows’ behavior classification method based on IMU
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Abstract In order to realize the automatic recognition of dairy cows’ behaviors, an fine-grained cow behavior
classification method based on inertial measurement unit (IMU) and convolutional neural network (CNN) was proposed.
The results showed that: 1) Among the five classification models of KNN, SVM, BPNN, CNN and LSTM, the CNN model
has the highest accuracy on the cow behavior classification test set. 2) The IMU with triaxial accelerometer, gyroscope
and magnetometer is more suitable for cow behavior classification, and its classification effect of cow behavior is better
than IMU with a single type of sensor. 3) Sampling frequency was related to the performance of classification models.
The higher the frequency, the higher the accuracy. When the sampling frequency was set to 25 Hz, the performance of
classification model was the best. 4) Among the three time windows of 1, 2 and 4 s, the performance of behavior
classification model of cows with the time window of 4 s is the best. 5) When the optimal configuration was adopted,
the CNN model can effectively distinguish the standing and lying states of dairy cows with a correct rate of 99.08% ;
The six behaviors of cows’ feeding, chewing. standing ruminating. lying ruminating. lying resting. standing resting can
be identified, and the accuracy is 85. 19% . In conclusion, the proposed method can be used to distinguish the fine-
grained behaviors of dairy cows effectively and support the automatic and intelligent management of dairy farming.

Keywords cow; behavior identification; convolutional neural networks; IMU

http: // zgnydxxb. ijournals. cn
DOI:10. 11841/j. issn. 1007-4333. 2022. 04. 15

Wk H 3 2021-08-05

EETH . ERARFSFESTUE (32102600) ; B R T S L TR 50 H (2017YFD0502006) 5 [ 4l B 2 B Bl 2 618 1.2
(CAAS-ASTIP-2016-AID ; o e G 45 15 PRI Bt T B A Bl 55 2% & 30 (JBY W-ATI-2020-42,, JBY W-AII-2021-33)

1R . FEEMR, B BEIT G, 328 S E & AT R U F O B B R A 5T . E-mail : chengguodong @ caas. cn

WIRMEE . HABR, BIPFFR 5L, FZNFF AT R U5 BO 1 2 AR B 5, E-mail : hanshuqing@ caas. cn



180 SIS | A N S 1

2022 4F 55 27 %

WhAEAT Ry o 5 A X8 SR Rl o i Rl B Ak S
W HIEEAT N EERE. R4, 18 30, K
S, WESE R AR AT ORI LA RN 5 A Y fk
AR AN A= 09 B 7 5 AR B i AR G AT
R AT IR E RS, B, T
RV A= S50 3 B A R N WS 5 2 A7 S 0 5 1%
PR 5T — il E 3l Ak B RE Ak 4 5 28 47 S 400 7 1
HAEEZE X,

T Ak, Bl A8 B AR TEAT S PR U T 2
RIS o 0 kR A5 A AR ML X 2R 3 AT L A
A4 B 2 B 4% (Convolutional neural network,
CNIN)AG I 475 4 NC 5 K 64T A HER 3 9806, Ji
K S O S 1 MG s AN A2 Bl 4 D R G T 5 2
(14 T 25 47 g LB 0 B R R o 8026, Heo 452 A
PR ep 3l IRAT S R A L R P S 4 ) R AL RS I 473 A4 1Y
RABAT o TR IENG AR YOLOV 4687 52 3R
ZRAAAREEAT IR, M EME Y ESY
BCHEE A WiFi 354, Al A B I 50 12 ph 28 I 2%
(Long short-term memory, LSTM) %5 7% , 1 51| 475 4
JCBEAT R . b3 AT Sy iR 5 ¥ AR A B R o AT
CRAE VB FEAT PN ek Rl 3100 2 2647 . 7R
SR L T, 56 BRAE B0 L A B ER B A A= R E SR R
W2 52 R AT O O 2 W HERR R, AR T £ 3k
A= (AT A BARG E

15 P4 M & B4 5T (Inertial measurement unit,
IMUD 7E B 3 AN 32 B4 855 52 i) A [ 16 0 6 oK & 4
H WA A7 R FUNAT IF TR0 B . AR A
FH = lofin 8 A% 85 AR 2 M B ASORY) 2R 2 T vk X 5 44
AR PRE 8 E RS AR SR L B
WSTENVEBEAT TR, o 2 7 AU R e
R R SRR 1] R AL 5 A4 i Lk (ot ST i Bh D A E PR
A CE M M PR AT AT T ). Busch 40
F A B 56 W A1 BP #4245 (Back propagation
neural network , BPNN) 8 ¥k X 4% 4= 3 57 A0 i Fib 79
FOR S HEAT T 2028, SHEN 255 F H K3 4B (K-
nearest neighbor, KNN) & yE X U5 4= A9 = & Lt &
Fofl 3 A AT S BEAT TR AT IR B AR A
Ho SO B 0 SR 1 R LS W A S HE R ROK
175035, Peng 857 HE = il ol JE 4% IS 25 1 3L Atk
e [ R B R AR R 3 A LSTM 55125 %)
WA= ToigE | B 2 o R R AR LR AR TR ERAT O
FET 502, Reza Sl ] IMU Wi 4 05 4 2 5 44
P M T 2 2 R g L & WA SCHE ) A RL

(Support vector machine, SVM) £k 14 1] 51 4 55 15,
XA BEE A RE A 4 BAT R IEAT T

BAEYSAAT g 43 %8 FAT Ry 19 K] 43 b 8 AR
R T 2R R A AT S RO O HE A 1 A B
XA L B2 FAR B AT O AT Al 43, R
IMU FI CNN X 4 6752 0% 24847 S 2E 47 #0530 Jf: X %
S SR AR I ) R AT I, LU O 0 AR R
A 5 B 4 BT 100 JEL B AR R S

1 NSHE MBEFE

1.1 iRIE S8 R A

R A IMU #4508 LPMS-B2, 1 H A& 1
LP-RESEARCH 728 7] 5 )7 JH Bl i be g, 5 B0 R
oy r) e EAE & . IMU 8580 1 =Bl i B2 31 | B R 4X
FHE T 1H 55 Z2 P A T 2% o nT () B 32 A7 B8040 SR 2 AL
A% i o EC ol B T DK I Az st 2R R = i i e
FEECHE , B B2 AT DA T 5 1A AH X T 5 0 A AR &R Y
£ RE R L 06 00 AT DU I AR AE 3 A O ) Y
JRR VL 5 B

BRI TE RO DL AL B 2 BF 5T B W5 2R 3R 58
AT RIS XS G 3 S g R A far 0 3H AR W 4
1.2 RIEEIEIREN

WK A DU IMU [ 2 8 95 4 2 500E T Oy, i
IMU 7P Pl 22 (18— T 3 ) b T, 31 502 39044 A R 3
L BEOREE IMU 57 8 AR, SO 23 {475 28 77 A N 38
R, IMU R 852 R 25 Haz, 3 s G &4 AT
[ B FF 4 b 3 05 24 36 £ CELORR: L3 7 R 4 B RN R 4
i MR S, L3 ST AR B (I A= 7R 3 S AR TR L TR AN
o H AR M2 AL AT ) 6 AT R, B SR AL B [E]
2019 4£ 12 A 25 H 9:00—12:00,13:00—16:00,

FEN AR DA 47 R B 75 Bl Sk A 17 A 1
Ty Bof 1] 0 285 SRR ], A J% R O SR Y BT ) A B 3
o BRI N T 3 s ] A A B RS S O fiE
I BRI WA AT R, AT S & T — ki B ik 5
ST A AT N AR TR T . R S Y
H R AT O R A R AT LA BhE SR AT N AT
FEURIS ] AT Ry 45 A ] DL K AT o R A e R
J
1.3 XIS E IR T AL 18

IMU %cdi >k | T Ik B2 3t B 384 #% 07 11
(E D, Bk B E S F WY S IMU 048 D e
N T AR W4T R, VEBC 5 4 6 2R 5 4= 47 Sk 4 L
FAPHAE T



5 43

FEMS . 5T IMU 8940602 U5 2547 9 #1031 181

F1 BEEEGHFEITMN IMU & H # 7
Table 1 Data from IMU fixed to the cow’s neck

J# E /(m/s*) Acceleration

I/ (rad/s) Angular velocity

W R R 58 B /' T Magnetic flux density

X i Y il Al X i Al X Y il Al

X-axis Y-axis Z-axis X-axis Y-axis Z-axis X-axis Y-axis Z-axis
5.62 —6. 20 —5.80 —0.19 .17 0.13 —61.19 19. 64 —65.63
6.08 —5.92 —5.52 —0.12 0.28 0.17 —61.60 18. 64 —65.40
5.57 —5.72 —5.60 —0.20 0. 34 0.22 —61.66 18.47 —64.29
5.62 —6. 20 —5.80 —0.19 .17 0.13 —61.19 19. 64 —65.63

I IMU JCR (O E N 25 Hz, Fn IMU
B1os P 25 AT . £ E N 5.10 Hz By IMU
B =25 Hz () IMU 88 il e, H 4 3l B
WK - AE f=25 Hz 1y IMU s b, 8 45 25 178K
PR 1A B VRS R B il GRS 43 B8 JE B
B K FE . f=5 Hz B9 IMU S48 i BUES 1.6.
11.16.21 17448, f=10 Hz i IMU 884l 1.3,
6.8,.11,13,16.18.21.23 1754k .

HR4E Peng & 05T, 38 24 1Y B 8] 25 0T LA 42
EAT RIS B . MR AR I 5O SR W5 A B
NEL NG 18] — B R AR AL 5 s AR08 3 i A 2P
AR R B (ORI E A 1.2 F 4,08 B 8] 2 4 3k
WER A N —d . A s E T=2 s Ml
T=4 s KE , BATEIEN 2 kUL T=2 s il
Bl mm L5 1 s B S 2 s B A — 4R
B 2 s Bl 545 3 s Bl A b — 4k B K
P LA, BAMBZ G, S THE N 1.2.45
iR E Il 22 461,22 461 A1 11 229 H., AT
75 (8 I S AT i o3 2 A L B0 i Fe AR 7 ¢ 3 L
15 53 S I 2 A A it 4

5] IMU ¥4 3 [ 22 5 80K AR T 80 1t
BB LA, EUIGARIET, 8 — (A L2 s
TE AR B e AT AL 3, L2 SR E WAL R B . 1 A
I gt R A 4 B o0 2 R LA ) B 1Y 29 8K, 45 B
LT
1.4 HEHEE

KNN B39 02 — i fa] 508 20 o0 888 8, Bl
Ry — A FEAR B 2 ) F B R IR AR A T Y LA BE AR
2Bl ge et . SVM #E AR R 5 | SCAR 43 25 45 )
I DRV S R B N5 o o = o Nl 1 S O 1

Foe K R]  J68 SF- THT B AR 43 250 BPNN J& —Fl £
RIS M, Tz N T AR RS, MW
2670 % e SE AR 25 4 G i B2 Al 2 T R R 2%
45Ky, LSTM & — Ff i [B] 16 34 #f 22 X 4%, & BE 2
YSCE (] 7 %) v ) B 458 4 1 R AE S 32 48 T 81 1 IR 2
5B,

CNIN 2 — Rl B il 22 I 2%, JHL B 2 1 B30T Bt
1T B0 K T A A 2 4 L R IR 2F ) BE i, AT
AR IBCER B b B S YRR AE G R, CNN 5 1
2 Ak 2 . A E )2  Dropout EE K. B2
J& CNN Hfy 8 28 1Y 25 48, H 32 22 D) R J2 i i 45 FR
AR T A B R AIE . 45 R S — i ASUAA 6 B
KN H R (3,308 (5,5) & 5 5 AR s L 15
4 R L b2 R R E B BUZ 2 5
i RAIE SE AT R SR I, iF — 25 4R CNIN B A
Mzt s, 2E%E - REMKZEZ G, 8
Heh 1 2 E Z)EA M, A5 5 BPNN Hf ) 3
3. B BRZE G i)E 2 ER)E  CNN B
ATE R ZBOHEA ARG/ NEAR BB, 5yt B
PERSE ., PG, —RESEEZEmA
Dropout J2 . 3 3l 35t 52 38 43 Be sl 75 a5, 3 e i A i) T
A 8 43 R AE 5 DA T 2 o A TR 1 5 M

ABIESEAE Y CNIN AR X 26 254 WL IR 1, #¢
YRR R I, S [ 43 3% s i) 7 1) 5080 EL A AN ) B9 4
JE o RO X B 7 e AR AR AR R B A )2 LAt 25 A
g, W T=2 s, f=25 Hz BBIE 4k F J& (22 461,
50,9), T B LA By Inputlayer E WS EIKE N
(50,981 T=4 s, f=25 Hz 18R 4 5 &
(11 229,100,9) , T H B ) Inputlayer JZ /S
BEE K (100,9)



182 RIS | N S S

2022 4F 55 27 %

inpul: (None, 100, 9)
InputLasyer
oulput: (None, 100, 9)
input: (None, 100, 9)
ConvlD
oulpul: (None, 98, 250)
inpul: (None, 98, 250)
GlobalMaxPoolinglD
output: (None, 250)
input: (None, 250)
Dense
output: (None, 150)
inpul: (None, 150)
Dropout
output: (None, 150)
A4
input: (None, 150)
Activation
output: (None, 150)
input: (None, 150)
Dense
output: (None, 6)

1 CNN BRI 28 54
Fig. 1 Network structure of CNN model
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Fig. 5 Evaluating indicators of models of IMU with different frequency (f) on test data set
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Fig. 7 Confusion matrix of model of behavior classification
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