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Algorithm and Sensor Data
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Abstract This study was conducted to develop a model for predicting the partial mixed ration (PMR)
intake of lactating dairy cows using support vector regression (SVR) algorithms and sensor data. For this
study, a total of 2,231 daily data points from 37 lactation periods (February 2020 to March 2021) of 33
cows were collected, which includes days in milk (DIM), parity, body weight (BW), metabolic BW (MBW),
milk yield (MY), milk fat content, concentrate intake, activity, rumination time, etc. The model
development utilized SVR and was compared with multiple linear regression (MLR) algorithms for
evaluation. The results showed that MY, concentrate intake, MBW, rumination time, and DIM were
identified as the optimal combination of predictors. The SVR model demonstrated higher predictive
power compared to the MLR model (R% 0.22 vs. 0.30, prediction error: 8.1 vs. 7.7 kg/day). Furthermore,
the application of a 3 to 7-day moving average to the dataset resulted in an increase in predictive
performance of SVR model (R*: 0.71-0.92, prediction error: 4.0-1.9 kg/day). In conclusion, the developed
SVR model successfully predicted the PMR intake of lactating cows and showed better performance
compared to regression-based algorithms, indicating its potential for future application in predicting
feed intake of lactating cows.

Keywords : Partial Mixed Ration Intake, Lactating Cow, Support Vector Regression, Sensor Data,
Prediction Model
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Table 1. Animal information of in vivo feeding trials

Experiment Animal information

Period Day Parity Days( di;ly)mﬂk Body;k\;f)e ight
1 24 2.1£0.96 | 205.2+153.74 | 734.7+62.61
2 34 2.7£1.23 | 196.2+84.06 | 739.4+54.04
3 38 2.9+1.23 | 207.6£115.32 | 715.2+65.73
4 27 2.9+1.16 | 199.4+105.23 | 789.5+56.96

Table 2. Chemical and nutrient composition (g/kg
dry matter or as stated) of partial mixed
ration and concentrate mix used in the
feeding trial with lactating Holstein cows

Nutrients Partial mixed ration | Concentrate mix

DM, g/kg as fed 620 895
CP 167 215
EE 42 56
CF 266 75
Ash 132 101
aNDF 504 264
ADF 312 116
ADL 53 29
Ca 12 13
P 3 6

TDN 579 739
NEI (MJ/kg DM) 5.4 7.1

*DM, dry matter; CP, crude protein; EE, ether extract; CF,
crude fiber; aNDF, neutral detergent fiber analyzed using a heat
stable amylase and expressed inclusive of residual ash: ADF,
acid detergent fiber; ADL, acid detergent lignin; Ca, calcium; P,
phosphorus: TDN, total digestible nutrients: NEIl, net energy for
lactation
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(4% fat-corrected milk, kg/¥), =FAE AHF
(concentrate intake, kg/¥)°] EFE o, Foix
E AA Hloleel &5 activity level, &Y 9S/Y)
4 Wk AJZHrumination time, &/¥)0] =}t
4] 5 HalE 2R Q18 39, 59, 799 3t
9] o]F Hit(moving average)°] Z-8H HoE AE

£ 1= SHIskth =" AA dolgof gt 71
BSA+= Table 33 Zth

Table 3. Descriptive statistics of the entire dataset
(daily observations) used to develop and
evaluate the prediction model of the
partial mixed ration intake (2,231 daily
data from 37 lactations of 33 cows)

Variables Mean S.D
Days in milk (days) 214.82 113.43
Parity 2.62 1.21
Body weight (kg) 748.66 61.99
Daily feed intake (kg as fed)
Partial mixed ration 33.78 8.97
Concentrate 7.08 2.03
Total 40.86 9.31
Milk yield (kg) 35.21 7.86
4% fat-corrected milk (kg) 34.17 6.96
Milk fat (%) 3.87 0.71
Activity level (unitless/day) 47.42 10.49
Rumination time (min/day) 424.46 68.00

*S.D, standard deviation

2d g Aals IA A gAR ol =9I
A A gAE 388 Haesol gt 27] A32d 9
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Table 4. Variable combinations of candidate models
used for prediction of partial mixed ration
(PMR) intake

Z
o

Q0 [\ |\ [ | W[ [ —

Candidate variable combination
AMY, CONC, MBW, RUM, DIM]
AMY, CONC, BW, RUM, DIMI]
AFCM, CONC, MBW, RUM, DIM]
AFCM, CONC, BW, RUM, DIM]
AMY, CONC, RUM, DIM]
AMY, CONC, MBW, RUM]
AFCM, CONC, RUM, DIM]
ACONC, MBW, RUM, DIM]
*MY, milk yield (kg/d); CONC, concentrate intake (kg/d): MBW,
metabolic body weight (kg); RUM, daily rumination time
(minute/d); DIM, days in milk (d); BW, body weight (kg): FCM,
4% fat-corrected milk yield (kg/d)

HAE NES 285 W7l F 87F1]9] W
B, 5T AT A AT, B AT
ol

e 2g mERo s 7 et g Bt
(Table 5). o] A¥}o] w}, 3 ¥WEo] PMR AHF
et 2F pdo] W 2oz AAYE
o E|AE 3|4 SVRE ARESte] 7EE
MLRE AREsto] 7ire ElEo] g Mk
E2 d& 52 AT R 0.22 vs. 0.30,

RMSEP : 8.09 vs. 7.67 kg/d, CCC: 0.34 vs. 0.45; Table 5).

Table 5. The prediction precision and accuracy of
partial mixed ration intake using multiple
linear regression (MLR) models and support
vector regression (SVR) models according to
variable combination

No MLR” SVR”

) R RMSEP | CCC R RMSEP [ CCC
1 0.270 | 7.820 | 0.404 | 0.350 | 7.372 | 0.505
2 0.270 | 7.820 | 0.404 | 0350 | 7.373 | 0.505
3 0.212 8.113 0.338 0.300 7.654 0.444
4 0.212 | 8113 | 0338 | 0.287 | 7.715 | 0.456
5 0.240 | 7.982 | 0361 | 0295 | 7.673 | 0.459
6 0.218 | 8.087 | 0351 | 0.326 | 7.501 | 0.486
7 0.181 | 8271 | 0.293 | 0.209 | 8.136 | 0.357
8 0.128 | 8533 | 0.231 | 0.252 | 7.914 | 0.418

*RMSEP, root mean square error of prediction; CCC, concordance
correlation coefficient

YVariance inflation factors (VIFs) of all variables in all models
were less than 2.

DParameters for support vector machine: Model 1, 2, and 3:
gamma = 0.1 and cost = 5; Model 4 and 5: gamma = 0.1 and cost
20; Model 6: gamma = 1 and cost = 1; Model 7: gamma = 0.1

and cost = 15; Model 8: gamma = 1 and cost = 1
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& rdo] 52 31| Ha thekst glojg Al MLR REEtE SVR REoA ¢ F=8FtHTable 6).
E(QE Hlojg, 3Y o]F B, 5¥ °olF B, 72 ol FAIFCE 3Y olF B HolE AE tis] MLR &
BHE o]8sle 104 1A} AZS 43t 21}, SVR @9 R*E= 0.27914 0.372 <k 42% Z7F9AS, SVR
ndo] MLR RUET § 2o AUdr(RH A3 g2 036904 0.71& 9F 100% =75t Aoz et

(RMSEP)E EItHTable 6,7).

Table 6. Cross-validation results (prediction precision
and accuracy) of multiple linear regression
model (MLR) and support vector regression
(SVR) model according to datasets”

Data MLR SVR?

set” R RMSEP | CCC R RMSEP | C€CC

Daily 0.26 7.72 0.41 0.36 7.17 0.55
(0.047) | (0.675) | (0.038) | (0.048) | (0.763) | (0.049)

3va | 037 5.87 0.54 0.71 4.00 0.83
(0.073) | (0.382) | (0.053) | (0.043) | (0.256) | (0.026)

SMA 0.41 5.39 0.58 0.86 2.65 0.92
(0.095) | (0.370) | (0.061) | (0.032) | (0.304) | (0.019)

Tva | 043 5.12 0.59 0.92 1.91 0.96
(0.730) | (0.352) | (0.057) | (0.016) | (0.190) | (0.009)

*RMSEP, root mean square error of prediction; CCC,
concordance correlation coefficient

UThe number in parentheses represents a standard error

2)Daily observations (n = 2,231); 3MA: 3-day moving average (n =
2,092), 5MA: 5-day moving average (n = 1,947), 7MA: 7-day
moving average (n = 1,811)

JParameters for support vector machine: gamma = 1 and cost =
1 (Daily observations); gamma = 1 and cost = 5 (3MA); gamma
=1 and cost = 15 (5MA and 7MA)

Table 7. Cross-validation results (prediction bias, %
RMSEP) of multiple linear regression model
and support vector regression model
according to the datasets”

Data MLR SVR?

set” Mean | Slope |Random| Mean | Slope [Random

Daily 0.45 0.63 | 98.92 | 0.64 0.88 | 98.48
(0.385) | (0.807) | (0.927) | (0.771) | (1.034) | (1.643)

3MA 0.49 0.70 | 98.80 | 0.45 0.56 | 98.99
0.557) | (0.705) | (0.822) | (0.769) | (0.532) | (0.894)

SMA 0.74 1.80 | 97.47 | 1.06 0.75 | 98.19
0.989) | (1.570) | (2.052) | (1.723) | (0.823) | (1.660)

v | 068 0.80 | 98.52 | 0.40 043 | 99.17
(0.924) | (1.064) | (1.267) | (0.362) | (0.648) | (0.580)

PThe number in parentheses represents a standard error

?Daily observations (n = 2,231); 3MA: 3-day moving average (n =
2,092), 5MA: 5-day moving average (n = 1,947), 7MA: 7-day
moving average (n = 1,811)

YParameters for support vector machine: gamma = 1 and cost =
1 (Daily observations); gamma = 1 and cost = 5 (3MA); gamma
=1 and cost = 15 (5MA and 7MA)

SVR3} MLR B&ojA BEF o]F 2] 7HZo] Yo
ALE d& A5o] FAESoH, o|fdt g9 22
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gt 79 ol ¥ HlolE AEo|A SVR Zde R*7}
0.92, RMSEP7} 1.91 kg/d, CCC7} 0.960.& uj$- =
o AUrel SE2 Lepich MIRTF SVR 2E 2%
1038 22k 4% I F IF foldolA BAZLE 59
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& 2 HE(BRERT 7% Aoz EMEQict
(Table 7).

AP E= MLR E9o] 50kg/Y o14<] PMR AF%
Ad&st=tl AT WS BFAUHFig. 1). ol
olE HaZ FE3t g AEo] HoiAx FYsH
T AckFig. 2). ¥hd SVR 2HL 50kg/Y ol4ke]
AHZFES A5 4 Ath= HollA MLR 223} 2jolg
HhFig. 1,2).
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Fig. 1. Plots of the observed partial mixed ration
(PMR) intake versus model-predicted PMR
intake of the multiple linear regression
model (filled circle; @) and the support
vector regression model (empty circle; O)
according to the raw dataset (n = 2,231).
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Fig. 2. Plots of the observed partial mixed ration
(PMR) intake versus model-predicted PMR
intake of the multiple linear regression
model (filled circle; @) and the support
vector regression model (empty circle; O)
according to the different moving average
datasets (A and B: 3-day moving average, C
and D: 5-day moving average, E and F: 7-day
moving average).
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oA AT AYE uigroz JhrH48]. U] Qe
A a7 A @FFo R UE 4 9o, /4
7S &4 2F(active tissue)?] oLt thAr HF
(metabolic mass)y& UEH= thAr Aol v gictar
LA JH49]. o5 B3| Al AFo] AFHE} Al
A Qe HEE ZET 71540 32 ¢ 5t 3
f+ 9= ES oA AFoA HHF & mdo] Hez
ARSEITHS,10,44]. o= 25 47t 53, dA Al
I v 2 AbR A D3t ddo] ] i
o|tH50-54]. ATt 2Hf o= FFolut tiAL Al
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H|3 27]ole A5k ojFole Frleke AEE Hel
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ZF Wsts 45| Yo Exe] BgAS A
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=20 = T
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of 25 EFEACHG6,8,9.11,44,46]. Lt £ Aol
A A BA o] Bdo] ZetEle tEY 7%
o] ZHde W o L= UERHQIE. i A
M= A B {7 A FFS AT AS5 2
ol-&3t vt AtH56-58].
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F 949 ¥z i Aol ZFE . W AR 3
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ol AlA)elA AdE Elolgelth35]. At 404
dAAA R dad 4 T HAE 8 HolzE
AA7E e mAEEA JEE A7 HolHE Hlwd 4
A DS 5 UA HAUHS9L. ol whet theddt mEy
AFolA BEE AZE Y Wz HESP] AR
u, ol AFtolA Atm AHEY] W2 AT B
IHAIN60-62], A= AFHF dIE 2o ZIEUNZ
o o5 sl 7lofsHA g= Ae® Hard Hf gt
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