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Abstract

Increasing efficiency and productivity in the cattle farming industry can have a significant economic impact. Cow
health and productivity problems directly impact the quality of the meat and milk produced. In the cattle farming
industry, it can help predict cow weight oriented to beef and milk quality. The importance of predicting cow weight
for farmers is to monitor animal development. Meanwhile, for traders, knowing the animal's weight makes it easier
to calculate the price of the animal meat they buy. This research aims to predict cow weight by increasing the
results of smaller MAE values. The methods used are linear Regressor (LR), Random Forest Regressor (RFR),
Support Vector Regressor (SVR), K-Neighbors Regressor (KNR), Multi-layer Perceptron Regressor (MLPR),
Gradient Boosting Regressor (GBR), Light Gradient boosting (LGB), and extreme gradient boosting regressor
(XGBR). Producing cattle weight predictions using the SVR method produces the best values, namely mean
absolute error (MAE) of 0.09 kg, mean absolute perception error (MAPE) of 0.02%, root mean square error
(RMSE) of 0.08 kg, and R-square of 0.97 compared to with other algorithm methods and the results of statistical
correlation analysis showed several significant relationships between morphometric variables and live weight.

Keywords: Cow Weight, Prediction, SVR.

1. INTRODUCTION It can affect the economic value of cows because
the meat and milk cows produce are based on weight.
Used to plan marketing and sales strategies, farmers
can predict cow weight. This can help develop more
effective sales strategies and management. The goal
of cattle weight prediction is to provide farmers and
the livestock industry with an accurate and efficient
tool for monitoring cattle health and productivity. By
understanding cow body weight, farmers can make
better decisions about feeding, health management,
sales, and breeding [7]. Predicting animal weight is
very important for breeders to monitor animal
development. Meanwhile, for traders, knowing the
animal's weight makes it easier to calculate the price
of the animal meat they buy. Several studies have
applied machine learning (ML) and deep learning
(DL) to predict animal weights as a way of
technological innovation.

Predicting the weight of cattle based on the use
of 3D scanning technology and machine learning
analytics can be used to predict live weight (LW).
From the experimental results, it was found that the
artificial neural networks (ANN) method produced a
prediction model value with an R2 accuracy of 0.7
and an RMSE of 42. However, the results of the R2
and RMSE values by applying 3D images of live
animals and the ANN algorithm can still be improved

[8].

Other research on cow predictions in
determining the economic index (EI) and calving
interval (CI) approach [9]. The results showed that the
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Cattle are the primary source of meat and milk
production in many regions worldwide. Increasing
efficiency and productivity in the cattle farming
industry can have a significant economic impact [1].
The health and productivity of cows have a direct
impact on the quality of the meat and milk produced
[2]. The importance of the cattle farming industry is
because it can help predict the weight of cows, which
is oriented to the quality of beef and milk [3].
Weighing cows is very important for producers [4].
Activities such as nutrition, management, genetics,
health, and the environment can benefit from cow
weight control. Cows have high economic value.
Therefore, increasing accuracy and efficiency in
weighing cattle can have a significant impact on
productivity and animal welfare.

Cow body weight is an important indicator that
has an accurate and efficient method for estimating
cattle weight [5]. Increased cattle weights can help
identify the best time to market animals, as animals
that have reached slaughter point can represent a
burden for feedlots. Predicting cow weight based on
deep learning measurements using a convolutional
neural network (CNN) algorithm provides the best
performance with a Mean Absolute Error (MAE) of
23.19 kg. However, the MAE value results with the
application of the CNN algorithm and the data used
can still be improved for training segmentation
models [6].
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best El prediction was obtained with a model built
using NN MLA (MAE: 20.72; RMSE: 29.35). The
best CI prediction was obtained with a model built
using GB MLA (MAE: 0.79; RMSE: 1.27). However,
the data set used does not reflect the number of cows.
By adding a more extensive and more diverse training
data set, accuracy can be improved.

Research conducted [10] aims to predict the
weight of sheep using images, a non-invasive method
that can potentially increase the efficiency of weight
management on farms. Images are processed and
analyzed using various techniques, including
Analysis of Variance (ANOVA) and Tukey's Test.
The results show a Mean Absolute Error (MAE) of
3.099 kg, indicating promising potential for the
random forest regressor (RFR) method. However, the
set of images for training can still be added to improve
the accuracy of other models with neural networks.

A machine learning algorithm for predicting the
body weight of Balochi sheep. This research found
that the random forests method gave the best results
in predicting the body weight of Balochi sheep, with
a coefficient of determination (R?) of 0.988 for the
training dataset and 0.916 for the testing dataset. The
accuracy results from this research show that the
random forests method has the lowest Mean Absolute
Error (MAE) value, namely 3,275 for the test dataset.
However, to test the reliability of the random forests
method in predicting the body weight of livestock at
various stages of growth, it can still be improved [11].

In this research, the StackingRegressor
algorithm gave the best results with a Mean Absolute
Error (MAE) of 4,331 and a Mean Absolute
Percentage Error (MAPE) of 4,296 on the test dataset.
Shows that machine learning methods can provide
better results than traditional linear regression
algorithms for predicting the live weight of pigs.
However, further research can be done to improve
prediction accuracy by applying more data
preprocessing techniques, such as outlier detection
and normalization, which can help improve
prediction quality [12].

This study used a deep learning algorithm to
estimate pig weight using images of the pig's back
from above. The algorithm is based on the faster R-
CNN object detection algorithm, improved by
introducing a regression neural network. The MAE
estimate for pig weight is 0.644 kg, and the relative
error is 0.374%. This algorithm can recognize and
locate the pig, as well as accurately predict the weight
of the pig when the overlap area in the image is less
than 30%. However, different pig postures will affect
the accuracy value of the pig's weight. By adding
training data, it is hoped that accuracy can be
increased, and we can focus on implementing a non-
contact pig weighing system [13].

This research aims to analyze correlation and
regression models and determine the best and most
accurate regression model to predict the body weight
of Sakub ewes using body size. The best BW

prediction using two predictors (BL and GC) is BW
=-56.522 + 0.509BL + 0.843CG, followed by using
three predictors (BL et al.) is BW = - 57.897 +
0.505BL + 0.839CG + 0.034 WH, and using the only
predictor (CG) is BW = - 28.443 + 0.905CG.
However, the value of other combinations can still be
improved [14].

Based on the background and previous research,
this research will be carried out to predict cow weight
by increasing the results of smaller MAE values. It
can contribute to research in Computer Vision and
Machine Learning.

2. RESEARCH METHODS

Con ion
<)

© Figure 1. Research Flow Diagram

Figure 1 shows the research flow diagram in the
process stages, namely data collection, augmentation,
algorithm model scenarios, and results evaluation. In
the first stage, the data used is the full-cow-promer
dataset obtained from GitHub. The second stage is
pre-processing, where the processes carried out are
data reduction, data cleaning, data labeling, data
normalization, feature selection, and k-fold cross-
validation. The third stage is a machine learning
scenario, where a design is created to determine the
best accuracy using data balancing with linear
regression (LR), random forest regressor (RFR),
support vector regression (SVR), k-neighbors
regressor (KNR), multi-layer perceptron regressor
(MLPR), gradient boosting regression (GBR ), light
gradient boosting (LGB), and extreme gradient boost
regressor (XGBR). Finally, the fourth stage is
evaluation and analysis, which includes carrying out
research, assessing results, and drawing conclusions
based on the experiments carried out.

2.1. Dataset Collection

The used dataset comprises measurements of
saplings taken manually with measuring sticks and
recorded in a single centimeter [22]. The dataset has
150 data points, each corresponding to ten variables:
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live weight, withers height, sacrum height, chest
depth, chest width, maclock width, hip joint width,
oblique body length, oblique rear length, and chest
girth. This study will use the Full Cow Promer (FCP)
dataset, which was obtained from GitHub and is a
sample of commercial dairy farming in the Nizhny
Novgorod region of Russia [23].

2.2. Data Preprocessing

Data reduction is a process that aims to decrease
the complexity and amount of the obtained data. The
objective of the reduction is to eliminate extraneous
data about cows. Researchers might enhance their
attention on the most significant and pertinent data by
reducing the quantity of livestock data sent for
analysis [10].

The process of data cleaning is conducted in
order to ensure the quality of the data. The objective
is to eliminate data that is invalid, incomplete, or
irrelevant. Additionally, it offers precise and
dependable findings in research [24].

The process of data labeling is conducted in
order to assign categorizations to the data about each
cow. The objective is to ascertain and distinguish data
by specific qualities. The significance of data labeling
in this study lies in its ability to provide more targeted
and pertinent categorization, modeling, and statistical
examination [25].

Data normalization is implemented to transform
data into a standardized format, facilitating the
processing and analysis of cattle data. The primary
objective of data normalization is to mitigate scale
disparities, ensuring that each attribute makes a
proportionate contribution towards getting more
precise research findings [12].

The objective of feature selection is to ascertain
the subset of attributes in the cattle dataset that is most
pertinent and meaningful. The objective of feature
selection is to decrease the dimensionality of data,
enhance computing efficiency, eliminate redundant
features, and enhance the performance of prediction
models [24].

K-fold cross-validation is conducted to enhance
the accuracy and reliability of model performance
evaluation. This is achieved by partitioning the data
into k subsets of equal size. The primary objective of
k-fold cross-validation is to assess the robustness and
generalizability of the model when applied to
previously unseen cow data [10].

2.3. Machine Learning Scenario

This research predicts cow weight using eight
machine-learning models. The eight models
examined in this research are linear regression (LR),
random forest regressor (RFR), support vector
regression (SVR), k-neighbors regressor (KNR),
multi-layer perceptron regressor (MLPR), gradient
boosting regression (GBR ), light gradient boosting

(LGB), and extreme gradient boost regressor
(XGBR).

LR can work well on datasets with a linear
relationship between independent and dependent
variables [10]. The multiple linear regression
approach has the capability to vyield optimal
performance in determining the most accurate
prediction line [27]. There are several components,
including B, which is the dependent variable or
predicted value; b, which is a constant; K, which is
the independent variable; and c¢, which is the
regression coefficient.From this equation, a line can
be drawn that is able to predict the dependent variable
based on the independent variable, which is defined
as equation (1).

B=5» + b1K1 + 62K2+. . +C‘H.K17. (1)

RFR can handle large datasets with high
dimensions and unrelated features [15]. The Random
Forest algorithm is derived by aggregating the
outcomes of multiple separate decision trees [26]. For
an RF consisting of J trees, where X is the indicator
function and an is the jth tree of the RF defined as
equation (2).

l()’) = ar gmax. (Z§=1 Xan(y)=c) (2)

SVR also has flexibility in selecting kernel
functions, which can adapt to various data types and
relationships [16]. In the context of regression,
Support Vector Machines (SVM) endeavor to
construct a hyperplane that exhibits the least possible
distance to the given data points. K (x,, x;) is the dot-
product  kernel  defined as  K(x,x;) =
¢ (x,)¢" (x;). Equation (3) provides an explicit
definition of the regression function using Lagrange
multipliers and optimality requirements.

fG) = Eiai(a, — a))K(x,x,) +b (3)

There are 2 SVR kernel functions; the first is the
linear kernel function equation (4), and the second is
the polynomial kernel function equation (5).

k(,y)=xTy+C 4)

k(x,y) = (ax"y + 0)° )

KNR can adapt to changes in input data [17].
Predicting output results from a set of independent
factors using provided variables is the primary goal
of regression issues. Based on the outcomes of the k
neighbors closest to the location, KNR generates
forecasts. Equation (6) is the equation of Euclidean
distance. Z (j, k) = distance between points j and k, n
= number of data, and i = i — th data index

Z(j, k) = X1 Ui — ki)? (6)
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MLP is an artificial neural network that can
learn from data and make accurate predictions [18].
MLP uses a backpropagation algorithm to optimize
weights to produce output that matches the desired
target. The function equation is as follows (7).

Largey = f(sum,w;x; + b) (7

The equation in the formula is x: input from the
MLP, w: weight that connects each neuron, b: bias
added to each neuron, f: activation function used on
each neuron, y: output from MLP.

GBR has the advantage of optimizing complex
loss functions and handling high-dimensional data
[19]. Carry out a residual calculation, which is the
value of the prediction, using equation (8).
ime P =m0 ©

LGBM is designed to be faster and more
efficient in memory usage [20]. The generalization of
the algorithm equation for enhancing regression trees
is denoted by equation (9).

fG) =Z5=1 fP () )

XGBR benefits from its efficiency and ability to
handle sparse data [21]. The essential components of
the objective function comprise two distinct elements,
specifically the training loss and the regularization
term, as depicted in equation (10).

obj(8) = L(6) + 2(6) (10)

The formulation of the training loss function is
often represented by equation (11).

L(®) =3, (v 3:) (1)

As represented by equation (12), the cross-
entropy loss is commonly employed as a general
formula for quantifying training loss.

L(®) = —lyilog@) + (1 —y) log(1 — $)] (12)

2.4. Model Evaluation

The present study involved evaluating model
performance to ascertain the optimal model among
the eight models that had been constructed. The
evaluation of model performance encompasses
several metrics, including mean absolute error
(MAE), root mean square error (RMSE), mean
fundamental percentage error (MAPE), and the R2
value. The R2 value is employed to assess the
accuracy of predictions generated by the two models.
The modeling that has been previously developed will
subsequently undergo evaluation, as denoted by
equations (13), (14), (15), and (16).

o
MAE = 2=l (13)

—
RMSE = /—Zm(’: ) (14)

_ 100% < |y=§
MAPE = 1225 | - | (15)
Ti—9)?
R? = 1 — 2id)- 1
Ti-¥)? (16)

3. RESULTS AND DISCUSSIONS

The data about all the chosen cows was gathered
within the enclosure to conduct manual body
measurements  [22]. This dataset comprises
information about cattle owned by private farms in
Russia's Nizhny Novgorod area.

As depicted in Figure 2, The nine
anthropometric measurements were manually
obtained by a skilled practitioner with a measuring
tape and then documented in cm.

White paint was applied to the cow's body to
create hand measurement markers. Furthermore, the
automatic method uses anatomical markers based on
the cow's body parameters. Anatomical markers in
the form of bony protrusions and depressions on the
surface of the cow's body can be measured [28].
Figure 2 displays the dimensions of each cow,
including: (1) live weight, (2) withers height, (3)
sacrum height, (4) chest depth, (5) chest width, (6)
maclock width, (7) hip joint width, (8) oblique body
length, (9) oblique rear length, and (10) chest girth.

Figure 2. Dimensions of the cow's body

The primary aim of the researcher is to
determine the optimal model for predicting cow
weight and identify the model that yields the lowest
mean absolute error (MAE) value. The application of
regression machine learning techniques.

The cow dataset has benefits in every dimension
of cow body measurements, providing helpful
information in evaluating cows' body condition and
health, which can be seen as a whole in Table 1.

Table 1. Cow Dataset
bH @ B @ 6 6 O 6 © 19
415 117 122 62 40 43 42 145 43 172
407 116 121 60 39 42 44 127 37 171
448 114 121 60 43 41 40 128 41 176
443 118 123 63 46 44 44 150 46 176
410 124 127 66 41 42 44 140 45 178
441 120 124 60 43 43 44 138 45 178
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427 117 121 62 41 43 45 149 45 172 453 118 121 64 47 47 49 152 48 187
380 115 117 60 48 41 41 137 43 172 445 120 124 66 44 44 45 154 42 183
416 118 120 62 44 42 40 140 44 175 401 117 120 60 40 41 41 150 43 174
424 119 122 65 46 44 40 151 46 182 486 120 124 65 47 45 49 152 45 190
450 120 124 64 43 43 45 138 42 180 451 123 125 67 45 44 50 162 49 190
429 118 120 60 46 40 41 140 41 178 466 120 120 65 44 45 50 147 43 190
410 117 119 61 41 41 40 143 44 179 440 119 120 66 40 46 48 153 47 181
464 119 122 62 45 44 41 133 39 186 417 118 120 60 42 42 46 149 43 183
407 116 129 64 40 39 40 139 41 175 471 118 120 65 44 43 44 161 43 186
312 105 110 55 31 38 37 137 40 153 506 122 127 64 43 47 53 155 45 189
412 118 120 61 43 43 45 143 45 183 450 120 120 59 44 44 51 157 46 180
414 120 124 63 41 42 44 144 45 181 451 120 120 63 46 44 50 149 45 183
378 118 120 60 35 43 42 143 43 170 462 120 121 63 43 44 53 147 44 185
441 121 124 64 40 43 49 152 46 181 487 121 122 64 47 47 52 159 45 182
373 117 120 58 38 36 43 138 41 168 462 122 124 63 44 45 53 158 46 188
394 122 125 63 44 41 49 148 45 177 346 100 100 60 41 41 46 146 41 167
439 122 125 63 44 41 49 148 45 177 407 118 119 62 39 43 46 150 42 175
441 119 123 61 43 41 49 148 45 177 366 118 121 60 42 40 44 141 46 170
434 119 121 58 42 44 43 154 46 174 312 116 119 62 44 45 48 148 44 176
414 118 121 65 46 41 44 142 45 174 378 119 125 62 36 40 44 149 43 171
400 118 118 62 42 42 42 142 43 174 382 115 122 59 38 42 43 148 42 172
464 125 128 65 45 42 45 159 48 183 408 120 126 63 38 40 48 151 42 175
442 120 124 61 44 44 48 144 4T 174 323 100 100 56 40 36 40 135 37 164
416 121 124 62 45 44 43 149 46 180 275 100 100 57 40 35 40 124 40 165
444 122 126 66 43 44 46 452 47 184 409 122 125 63 39 43 49 151 45 177
395 119 122 60 40 42 43 148 45 166 331 110 117 55 32 40 43 138 40 157
293 115 118 55 37 37 40 133 42 157 416 118 121 60 40 44 47 141 40 177
444 120 123 61 47 44 48 145 47 181 417 122 127 60 43 44 47 149 44 176
440 120 122 64 42 43 41 142 45 175 243 100 107 50 29 35 35 141 35 145
313 113 116 56 36 36 46 143 38 160 399 121 127 61 39 41 46 149 40 176
445 122 127 62 45 46 48 144 44 186 492 121 125 68 44 44 50 158 46 194
444 122 124 67 44 44 47 151 46 189 605 127 132 70 50 51 55 172 49 202
437 120 125 62 43 42 48 153 44 179 495 122 128 65 46 47 52 155 48 190
375 117 119 62 42 43 43 150 45 180 565 125 137 68 47 49 52 161 49 193
436 120 122 61 43 43 45 152 44 183 399 115 122 61 40 43 46 142 42 175
428 121 125 61 42 44 45 151 45 175 486 120 127 62 42 44 50 155 44 186
362 112 115 61 42 40 43 138 44 173 495 121 130 67 50 45 52 157 50 193
470 118 125 62 43 45 52 156 44 180 493 123 132 65 46 43 48 159 47 188
381 110 116 62 43 42 44 142 44 176 540 122 127 69 50 47 56 153 46 203
428 115 119 61 42 43 42 148 43 182 486 126 133 66 45 46 47 158 46 189
382 114 117 62 38 40 40 149 42 172 545 120 131 65 45 47 55 158 48 192
538 123 129 67 43 47 46 170 48 188 484 124 130 65 44 46 48 161 45 184
462 117 120 64 42 45 51 151 46 183 411 120 129 65 46 46 51 145 47 194
410 116 120 62 45 47 47 144 43 184 512 122 130 66 42 44 52 155 49 190
431 120 125 65 43 43 43 147 45 176 551 125 130 66 47 48 44 156 49 197
467 121 128 63 45 45 47 151 44 185 479 121 126 62 50 44 52 145 44 190
468 116 122 62 46 44 43 161 45 181 514 126 132 62 46 45 51 153 50 191
469 117 123 65 44 44 53 155 42 185 548 122 129 65 50 45 56 143 50 202
454 118 121 63 43 43 44 148 43 182 548 126 128 65 47 44 52 147 58 196
474 125 131 62 45 45 45 160 46 179 418 125 130 61 40 41 45 154 45 179
485 120 122 66 45 46 46 164 47 184 531 130 135 67 45 45 50 162 45 198
489 120 126 61 43 46 46 459 45 186 512 118 123 65 46 47 54 155 44 188
513 121 124 63 49 48 48 162 45 188 413 124 127 61 41 44 50 155 43 177
458 118 120 63 45 44 44 150 45 183 563 122 130 64 43 47 53 152 47 207
452 117 123 59 42 42 48 152 44 175 511 123 126 64 48 42 44 156 45 197
462 117 122 65 46 44 50 148 45 184 495 124 128 66 43 45 42 162 45 182
454 125 130 64 41 43 48 161 42 179 519 121 130 62 50 46 53 165 48 199
468 118 120 63 47 46 52 155 43 185 549 127 130 70 44 45 52 170 46 196
482 120 121 60 53 50 53 157 46 190 488 122 127 64 43 45 48 155 44 187
459 119 121 64 44 43 49 156 44 188 526 115 125 65 46 45 52 147 46 195
560 123 129 64 47 48 53 163 49 182 573 130 136 68 48 48 54 156 50 197
477 122 126 65 45 46 49 152 42 185 543 123 128 66 48 49 55 152 48 195
432 121 127 60 40 45 43 158 44 180 547 125 135 68 48 48 53 148 48 202
455 121 123 61 43 42 49 149 43 182 466 118 122 65 46 45 49 145 44 190
480 120 125 61 47 47 50 157 44 188 530 127 121 62 50 48 55 161 45 193
456 118 120 62 46 43 45 154 41 184 550 118 125 65 48 49 53 154 45 194
428 121 123 64 42 43 48 152 42 182 520 122 127 65 51 45 54 152 46 195
478 121 127 64 43 46 48 162 45 185 511 125 128 67 48 46 51 157 51 192

480 123 125 65 46 45 49 154 45 186

463 118 119 62 43 46 47 152 45 185 .
495 120 124 65 47 48 50 162 45 184 3.1. Algorithm Graph Results

489 129 124 67 40 45 48 152 47 161 : : :
486 120 195 62 50 45 48 195 41 191 Figure 3 shows performance metrics results with

497 120 125 65 50 43 4. 157 45 196 nine variables and 100-fold cross-validation. The

440 120 121 62 46 45 47 154 45 182 support vector regression algorithm produces the best
445 121 122 62 45 44 48 456 46 189
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accuracy values, namely MAE of 0.09 kg, MAPE of
0.02%, RMSE of 0.88 kg, and R-square of 0.97,
different from research [8], which used the artificial
neural network (ANN) method to produce a
prediction model value with an R2 accuracy of 0.7
and an RMSE of 42. However, the results of the R2
and RMSE values by applying live 3D animal images
and the ANN algorithm could still be improved.

The research conducted in [12] using the
StackingRegressor algorithm gave the best results
with a Mean Absolute Error (MAE) of 4.331 and a
Mean Absolute Percentage Error (MAPE) of 4.296 on
the test dataset. Demonstrates that machine learning
methods can provide better results than traditional
linear regression algorithms in predicting the live
weight of pigs.

027
= .
|

e ASE i)
Metrics

Figure 3. Algorithm model accuracy results

3.2. Relationship Features and Live Weithg

The pattern of positive relationship between the
features variable and the overall live weight variable
is in Figure 4. Live body weight was used as the
primary target variable for analysis as an essential
parameter in evaluating cattle's physical condition
and welfare.

Data collected included a wide range of body
sizes and dimensions carefully measured to
understand morphological characteristics and
potential correlations with live body weight. The

variables measured include withers height, height in
the sacrum, chest depth, chest width, width in
maclocks, hip joint width, oblique length of the body,
oblique rear length, and chest girth in Figure 4.

The statistical analysis results showed several
significant relationships between morphometric
variables and live body weight. In particular, several
body dimensions such as withers height, chest depth,
and hip joint width had a relatively strong positive
correlation with live body weight. These results
provide further insight into how specific
morphological characteristics may contribute to live
weight variability in cattle livestock. In contrast to
research [14], it aims to analyze correlation and
regression models and determine the best and most
accurate regression model to predict the body weight
of Sakub sheep using body size. The best BW
prediction using two predictors (BL and GC) is BW
=-56.522 + 0.509BL + 0.843CG.

Relationship withers height and live weithg Relationship height I the sacrum and live weithg ~Relationship chest depth and live weithg
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Figure 4. Relationship Features and Live Weithg

3.3. Algorithm model accuracy results

Table 2. Algorithm model accuracy results

No. Algorithm MAE MAPE RMSE R?

1 linear regression 2.03kg 043% 2.03kg 0.98
random forest

2 03kg 08% 03kg 0.99
regressor

3 SUPPOIt VeClor g n9yq  002% 088kg 097
regression

4 Keneighbors 022kg 0.04% 022kg 0.9
regressor
multi-layer

5 perceptron 1.9kg 0.39% 1.95kg 0.99
regressor

6 gradlen_t boosting 18kg 045% 18kg 0.9
regression

7 L‘ght. gradient ) >71g  0.07% 027kg  0.99
oosting

g~ otreme gradient 5oy go5g,  108kg 099

boost regressor

The research results in Table 2 show that the
SVR model succeeded in providing very accurate
predictions of body weight, with an MAE value of
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0.09 kg, indicating a low level of prediction error. A
MAPE of 0.02% confirms that this model has a high
level of accuracy in predicting body weight,
providing information that all predictions are very
close to the actual values. In addition, the RMSE of
0.88 kg indicates a low degree of deviation between
predicted and actual values, confirming the model's
overall accuracy. Further analysis using R-Square
indicates that the SVR model can explain 97% of the
variation, providing strong evidence that this
algorithm can accurately describe the pattern of
relationships between input and output variables.

This is in contrast to cow weight prediction
based on deep learning measurements using a
convolutional neural network (CNN) algorithm,
which provides the best performance with a Mean
Absolute Error (MAE) of 23.19 kg [6]. The positive
results of this research indicate that using the Support
Vector Regression algorithm can be an effective and
accurate choice in predicting individual body weight.
The practical implications of these findings can be
applied in various contexts, including weight
management,  health  monitoring, and the
development of more effective intervention
programs. This research significantly contributes to
developing cattle weight prediction techniques that
can be used in the livestock industry.

4. CONCLUSION

The results of the cattle weight prediction
experiment using the SVR method produced the best
values, namely mean absolute error (MAE) of 0.09
kg, mean absolute perception error (MAPE) of
0.02%, root mean square error (RMSE) of 0.08 kg,
and R-square of 0.97 compared with other algorithm
methods and the results of statistical correlation
analysis show several significant relationships
between morphometric variables and live body
weight. This research focuses on producing a minor
mean absolute error (MAE) error value so that the
optimization of the model and training data can still
be improved, thus opening up opportunities for future
researchers.
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