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Abstract–Milk is a livestock product consumed by individuals of all ages. Therefore, it is essential to increase milk production in 
Indonesia to meet domestic demand. The growth of dairy cattle populations and milk production has not been able to keep up with 

rising consumption, resulting in a reliance on imports for most dairy products and their derivatives, with imports steadily increasing 

over the years. Therefore, alternative solutions are needed to enhance the milk production. One approach is to develop a milk 

production estimation model to determine the optimal number of dairy cattle to be cultivated by farmers and livestock companies 
to meet domestic demand. The objective of this study was to create a dairy milk production estimation model through image 

analysis using the Random Forest, XGBoost, and LightGBM algorithms. The milk production estimation model used in this study 

used CLAHE for contrast enhancement and VGG-16 for feature extraction. The results showed that XGBoost provided the best 

performance, explaining 74% of the data variation in the Y variable with a relatively small estimation error of 0.92. After parameter 
tuning using Grid Search, an improvement was observed, where XGBoost explained 86% of the data variation in the Y variable, 

and the estimation error decreased to 0.72. Image processing and machine learning technologies are part of precision agriculture 

that aims to improve the efficiency, productivity, and sustainability of livestock operations. 
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1. INTRODUCTION 

Dairy cow milk production is a key indicator of productivity in dairy farming [1]. Each farm strives to improve both 

the quality and quantity of milk produced while minimizing the factors that hinder the optimization of milk production 

[2]. Among the many factors influencing dairy cow maintenance, genetics is highly important. The genetics of cows 

are closely related to their morphology and physiology [3], [4]. The udder is the structure most associated with a cow’s 

ability to produce milk. Therefore, accurate measurement and assessment of udder morphology and structure can serve 

as a method to enhance the potential of dairy cows [5]. 

Manual measurements, often conducted by farmers or technical personnel, frequently rely on their experience 

[1]. Experience-based measurements can lead to subjective assessments and varied results, which are particularly 

problematic at a larger scale. With advancements in computer technology and image processing, udder morphology 

measurements can now be performed automatically, accurately, and efficiently. Digital image acquisition and visual 

information can be obtained directly from cows using cameras [6]. 

Milk production estimation is crucial for helping farmers design livestock husbandry and nutrition strategies. 

Machine learning and image-based morphometric analysis can make milk yield estimation more objective and 

adaptive. Several estimation methods have been developed, such as EMA-ARIMA with 94.3% accuracy [7], CNN-

SAE (84%) and CNN-MLP (77%) by [8] [9], and a deep learning approach with 85.2% accuracy [10]. Meanwhile,  

demonstrated that algorithms such as Random Forest (91.72%), K-Nearest Neighbors (91.65%), and Support Vector 

Regression (78.42%) demonstrated high performance in estimating milk production in Ireland [11]. 

In digital image processing techniques, all udder measurements, including area, length, width, and shape ratio, 

can be calculated quantitatively. The numerous images generated can be used to correlate visual information with the 

target variable, that is, milk production per cow. For more accurate estimations, Machine Learning algorithms are 

based on decision trees, such as Random Forest, Extreme Gradient Boosting (XGBoost), and Light Gradient Boosting 

Machine (LightGBM) [12], [13]. 

Previous research used a single machine learning algorithm, such as Linear Regression, Support Vector 

Regression (SVR), or Random Forest, without conducting ensemble learning that combines the advantages of several 

algorithms at once such as Random Forest, XGBoost and LightGBM. Random Forest is an ensemble algorithm that 

involves two stages: building multiple decision trees and combining their results [14]. Random Forest is robust to 

overfitting and can handle data with numerous features. XGBoost and LightGBM are advancements in boosting 

techniques that can learn complex relationships in data with high efficiency [15], [16]. 
This study also promotes the application of artificial intelligence (AI) in livestock farming using digital image 

processing. The automated system analyzes photographs of cows and estimates milk yield to enhance livestock 

management efficiency and precision in decision-making regarding feed selection. Beyond its technical aspects, the 

use of this technology aligns with growing trends in smart farming and precision agriculture. The implementation of 

digital imaging systems and Machine Learning allows both small- and large-scale farmers to maximize output without 

relying on expensive manual observations and laboratory tests. 
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The goal of this study was to develop a model for estimating dairy cow milk production based on udder size 

image analysis and to evaluate the performance of the Random Forest, XGBoost, and LightGBM algorithms. This 

study can contribute to the practical and scientific development of smart farming technologies in the future. 

2. RESEARCH METHODOLOGY 

This study aimed to develop a model for estimating dairy cow milk production based on udder size features using 

random forest (RF), XGBoost, and LightGBM.  

2.1. Data 

Data were collected at the Cibugary Livestock Farm and Mandiri Sejahtera Livestock Group. The research data 

consisted of 202 images of cows taken from the sides and backs. The label for the data was the milk production per 

cow after the images were captured. Additional information included the age and lactation phase of cows. Two types 

of data were used in this study. 

a. Digital cow images from the side and rear: Photographs were captured using a digital camera with consistent 

positioning and lighting conditions. Each cow was photographed before milking. 

b. Milk production data: Daily milk production per cow was measured as a target variable. 

The research data used were side and rear images of dairy cows. The research data are presented in Figure 1. 

  

Figure 1. Research Data 

2.2. Research Stages 

The stages carried out in this study are shown in Figure 2, which consists of data preprocessing and machine learning 

model construction. 

 

Figure 2. Research Stages 

Preprocessing, including noise reduction, size normalization, and contrast enhancement, was performed to 

enhance the image quality and prepare it for further processing. Enhancement is used to improve the visual aspects of 

the image so that important information is more visible using the contrast-limited adaptive histogram equalization 

(CLAHE) technique [17]. CLAHE is effective for images with low contrast (such as nighttime or medical images). 

From the processed images, the features were then extracted by determining 
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a. Udder surface area 

b. Udder length and width 

c. Length-to-width ratio = 3:2 

Feature extraction was performed using VGG16, which automatically learns feature representations from 

images. VGG16 was chosen for feature extraction because it is a powerful feature extractor that generates high-

dimensional features. The advantages of VGG16 are as follows: 

a. Its architecture is very consistent, using only 3 × 3 kernels with stride 1 and 2 × 2 max pooling. 

b. It is easy to understand and implement in practice. 

c. It can generalize visual features, such as contours, textures, and object shape patterns. 

d. It is suitable for feature extraction in new domains, such as cow udder images with limited data [18]. 

e. It is effective for image classification and basic object detection tasks [14]. 

f. Transfer learning with VGG16 was highly effective for small datasets. 

Feature Extraction Steps Using VGG16: 

a. Pre-trained Model: VGG16, which was trained on the ImageNet dataset, was used as the backbone. This indicates 

that the network weights were well-tuned for general pattern recognition in images. 

b. Removal of fully connected layers: In feature extraction, only the convolutional layers are retained, as these layers 

are responsible for extracting features. 

c. Image Input: Images with a resolution that matches the VGG16 specifications (typically 224 × 224 pixels) are 

provided as input to the network. 

d. Extraction from the Last Convolutional Layer: Features are extracted from the output of the last convolutional 

layer, usually from the layer just before the fully connected layers. These features are tensors that represent various 

aspects of an image. 

e. Flattening or Pooling (optional): After the features are extracted, these tensors can be flattened or subjected to 

pooling (average or max-pooling) to reduce dimensions and facilitate the use of features in other machine learning 

models. 

f. Use of Features: The extracted features can be used as inputs for simpler machine learning models, such as Random 

Forests, or even in more complex deep learning models. 

Because there is no need to train the model from scratch, feature extraction with VGG16 is very efficient 

[20]. The VGG16 feature extraction architecture is presented in figure 3. 

 

Figure 3. VGG16 Architecture 

2.3. Algoritma Machine Learning 

Random Forest (RF) is a machine learning algorithm that combines the outputs of multiple decision trees to achieve 

a single result. A 'forest' is formed from many trees, which are obtained through the process of bagging or bootstrap 

aggregating. 

Each tree in the RF outputs a class prediction. The class prediction with the most votes was the candidate 

prediction in the model. The more trees there are, the higher the accuracy, which helps prevent overfitting. 

The random Forest operates in two phases. The first phase involves combining several N decision trees to 

create a Random Forest. The second phase involves making predictions for each tree created in the first phase. 

The RF model can be used for classification and regression applications. When RF is used for regression, the 

individual decision tree predictions are averaged to obtain the final estimate. Individual decision trees tend to overfit 

the training data, but the Random Forest model works by combining the predictions of multiple individual decision 

trees, which helps reduce the overfitting problem [21]. 

The Random Forest Regressor is an ensemble algorithm that uses multiple decision trees to improve the 

accuracy of regression predictions, as shown in Figure 4. 
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Figure 4. Random Forest Regressor  

Random Forest is a bagging-based ensemble learning algorithm that combines multiple decision trees to improve 

accuracy and reduce overfitting. 

How it works: 

a. Randomly sample the training data (bootstrap sampling). 

b. For each tree, a random subset of features is selected at each split. 

c. Each tree is trained independently. 

d. The predictions of all trees are combined: the average predicted value. 

The Random Forest Regressor predicts the target value (dependent variable) y based on the features X in a 

dataset with N samples and M features. Random Forest computes the average prediction from each decision tree using 

the equation (1)  

𝑦̂  =  
1

𝑁
 ∑ 𝑓𝑖(𝑋)𝑁

𝑖=1   (1) 

Extreme Gradient Boosting (XGBoost) is a highly efficient and powerful boosting algorithm with many 

features for handling missing data, parallelization and pruning. It is suitable for complex datasets and generates 

accurate prediction models. 

Gradient boosting is an ensemble technique that builds models sequentially, with each new model correcting 

the errors of the previous model using the gradient of the loss function [14]. 

XGBoost is a boosting algorithm that builds a model incrementally, with each new tree attempting to improve 

on the previous tree's error by minimizing a loss function using gradient descent. 

How it works: 

a. Initialize the initial model (e.g., the average value for regression). 

b. Calculate the residual (error) between the prediction and the target. 

c. Train the decision tree to predict the residual. 

d. Add new trees to the model with specified weights. 

e. Repeat until the number of iterations or stopping criterion is met. 

XGBoost also uses regularization techniques to prevent overfitting, a condition in which the model focuses 

excessively on the training data, leading to poor performance on the test data. The regularization techniques used by 

XGBoost are L1 and L2 regularization, where each feature is assigned a different weight depending on its significance 

to the target variable using the equation (2)  

𝑦𝑖̂
(𝑡) =  𝑦𝑖̂

(𝑡−1) +  𝜂𝑓𝑡(𝑥𝑖)                                                                        (2) 

With 𝑦𝑖̂
(𝑡)

 the prediction at iteration t, 𝑓𝑡 the new tree built at iteration t and 𝜂 the learning rate 

The Light Gradient Boosting Machine (LightGBM) uses a histogram-based decision tree learning technique 

that reduces memory usage and improves training speed. LightGBM can effectively capture interactions between 

udder size features, resulting in accurate models with high generalization [22]. 

LightGBM can handle large datasets with shorter computation times than other gradient boosting algorithms. 

It uses histogram compression techniques, allowing for more efficient memory usage and natively supports categorical 

features without requiring preprocessing or encoding. This algorithm works well on datasets with many features and 

can handle issues related to high-dimensional data [23], [24]. LightGBM is an extension of gradient boosting that 

prioritizes speed and memory efficiency. 

How it works: 

a. Initialize the initial model by predicting the mean value (regression). 

b. Calculate the gradient of the loss function against the previous model's prediction (retaining data with large 

gradients for information gain calculations and combining mutually exclusive features to reduce dimensionality). 

c. Train the decision tree to predict with the greatest loss reduction. 

d. New trees are added to the model with learning rate weights to control the contribution of improvement. 

e. The process continues until the maximum number of iterations is reached. 
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Evaluation was used to determine the error rate in milk production estimation. The predicted results were then 

compared with the actual data to obtain accuracy parameters such as the Coefficient of Determination (R² score) and 

Mean Absolute Error (MAE). R² represents the proportion of variance in the dependent variable explained by the 

independent variables and indicates the goodness-of-fit of the model. MAE is a measure used to evaluate regression 

models [8]. 

3. RESULT AND DISCUSSION 

Dairy cow milk production is a key indicator of success in dairy farming and is influenced by physiological conditions 

such as udder size and health [25]. Various studies have shown a significant relationship between udder size and milk 

production. Udder dimensions, such as length, width, and height, are often used as potential indicators to estimate a 

cow’s milk capacity [26]. 

Digital image processing can extract visual features from udder images, allowing udder dimensions to be 

measured with higher precision than manual methods [2]. These features were then used as inputs to build a machine 

learning-based model for estimating milk production. 

Table 1 shows the evaluation results of the milk production estimation model using digital images and machine 

learning. The Coefficient of Determination (R² score) and Mean Absolute Error (MAE) were used to measure the 

accuracy of the estimation model. 

The results of model evaluation using the Random Forest, XGBoost, and LightGBM algorithms are presented 

in Table 1. The scenarios used were: evaluating the machine learning model with the original parameters to produce 

a base model, and evaluating the machine learning model with Grid Search parameter tuning to produce a tuned model. 

Random Forest is stable and robust to noise, relatively easy to tune, and less sensitive to learning rate. It has a 

higher bias than boosting and is less efficient when the dataset is very large. XGBoost, an optimized implementation 

of GDBT, often provides high accuracy but requires tuning. It controls overfitting better and handles sparse/missing 

values integrally. XGBoost with parameter tuning produces the highest R2 value and the lowest MAE value. 

LightGBM is very fast and memory-efficient without significant loss of accuracy. Leaf-wise growth risks overfitting 

on small/large-depth datasets if left unchecked. 

Table 1. Evaluation Model MAE and R2 on Algorithm 

 Base Model Tuning Model 

 MAE R2 MAE R2 

Random Forest Regressor 0.96 0.75 0.98 0.74 

XGBoost Regressor 0.92 0.74 0.72 0.86 

LightGBM Regressor 1.03 0.71 1.02 0.71 

In the base model, XGBoost explained 74% of the variation in the data for Y, and the model's estimation error 

was relatively small at 0.92. After tuning with Grid Search, an improvement was observed, where XGBoost explained 

86% of the variation in the data for Y, and the model's estimation error decreased to 0.72. Random Forest and 

LightGBM did not show significant changes after model tuning. 

XGBoost is a highly efficient and powerful boosting algorithm that focuses on correcting previous estimation 

errors. It can handle missing values and prevent overfitting, thereby improving the model performance. 

XGBoost has been validated in many fields and has been shown to perform better than RF [27], [28],  [29]. 

XGBoost is currently the first-choice algorithm for many practitioners and data science competitions [21]. 

Random Forest is very effective in handling data with complex, nonlinear features and does not require many 

tuning parameters to achieve good performance. LightGBM is a variation of boosting that is extremely fast and 

memory-efficient. It is highly efficient for large datasets with diverse features. The model was sufficient to explain 

most of the variation in milk production from udder images alone (R2 = 0.86). Scater plot of Model Comparison – R2  

is presented in Figure 5. 

 

Figure 5. Scater plot of Model Comparison – R2 
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In this study, observations were also made on the image data used as features influencing the estimation. This 

image data plays a crucial role in determining the results obtained by the developed estimation model. This process 

involves analyzing various elements contained in the image to evaluate their impact on estimation accuracy. An 

illustration of this is presented in Figure 6. 

 

Figure 6. Scatter plot of udder size vs. milk volume 

The scatterplot shows that udder width from the rear is the strongest indicator for estimating milk production, 

followed by udder height from the rear and udder length from the side. However, there is a distribution in the data 

indicating that other factors influence milk production. However, data dispersion suggests that other factors, including 

genetics, feed, and age, affect milk production. Image processing technology and machine learning are part of 

precision agriculture, which aims to improve the efficiency, productivity, and sustainability of livestock farming  [13]. 

Although the current study demonstrates promising results, it has several limitations that need to be addressed 

in future research. One of the primary limitations of this study is the size and diversity of the dataset used. A broader 

and more varied dataset would allow for a more generalizable model, as the current dataset may not fully capture the 

full range of variables that could affect the milk production. Expanding the dataset to include data from different 

regions, climates, and cow management practices would help to mitigate this limitation. In addition, the current study 

focused on a specific set of parameters and techniques. Future studies could benefit from exploring additional machine 

learning algorithms or incorporating ensemble methods to further enhance the model performance. By addressing 

these limitations and incorporating these suggestions, future studies can significantly improve the robustness, 

accuracy, and applicability of the model, providing valuable insights for the livestock farming industry. 

4. CONCLUSION 

Based on the R² Score and Mean Absolute Error (MAE) values, XGBoost gets the best results, explaining 74% of the 

data variation in variable Y, with a relatively small estimation error of 0.92. After performing parameter tuning using 

Grid Search, an improvement was observed, where XGBoost was able to explain 86% of the data variation in variable 

Y, and the model's estimation error decreased to 0.72. Image processing technology and machine learning are integral 

to precision agriculture, aimed at improving the efficiency, productivity, and sustainability of livestock farming. 

Future research should focus on exploring more complex combinations of parameter tuning and automated 

optimization techniques, such as Grid Search or Bayesian Optimization. These advanced methods can help refine the 

model's performance by adjusting the hyperparameters more effectively, leading to better predictions and reduced 

errors. Additionally, to improve the generalization capability of the model, it is recommended to use larger and more 

diverse datasets. The inclusion of data from different lactation seasons, cow breeds, and geographical variations would 

provide a more comprehensive understanding of the factors influencing milk production. Such diversity in the dataset 

would allow the model to learn more robust patterns and improve its ability to make accurate predictions in different 

environments.  
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