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SUMMARY 

 
This paper presents a deep neural network (DNN) approach designed to estimate the milk 

yield of Holstein-Friesian cattle. The DNN comprised stacked dense (fully connected) 

layers, each hidden layer followed by a dropout layer. Various configurations of the DNN 

were tested, incorporating 2 and 3 hidden layers containing 8 to 54 neurons. The 

experiment involved testing the DNN with different activation functions such as the 

sigmoid, tanh, and rectified linear unit (ReLU). The dropout rates ranging from 0 to 0.3 

were employed, with the output layer using a linear activation function. The DNN models 

were trained using the Adam, SGD, and RMSprop optimizers, with the root mean square 

error serving as the loss metric. The training dataset comprised information from a 

unique database containing records of dairy cows in the Republic of Serbia, totaling 

3,406 cows. The input parameters (a total of 27) for the DNN included breeding and milk 

yield data from the cow's mother, as well as the father's ID, whereas the output 

parameters (a total of 8) consisted of milk yield parameters (a total of 3) and breeding 

parameters of the cow (a total of 5). Training iterations were conducted using a batch 

size of 8 over 500, 1000, and 5000 epochs. 
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INTRODUCTION 

 

Modern agriculture is currently undergoing substantial transformations to address the challenges posed by global 

nutrition demands and changing climate conditions. As the world population continues to grow and is expected to 

exceed 9 billion by 2050 (UN, 2019), agricultural sectors are under pressure to enhance food production while 

minimizing resource usage (Foley et al., 2011). In light of these challenges, animal husbandry, as an integral 

component of the agricultural system, must evolve towards adopting more efficient and sustainable production 

methods. The introduction of machine learning into agricultural practices marks a significant leap towards 

modernization and the enhancement of efficiency in this sector (Chafai et al., 2023; Nayeri et al., 2019). 

Milk has evolved into a fundamental source of protein, vitamins, and minerals for people worldwide (Walstra et al., 

2005). Consequently, the efficiency of milk production and the quality of dairy products have a direct impact on 

global nutrition (FAO, 2018). Enhancing the genetic basis of dairy cows can result in higher milk yields, improved 

milk composition, and increased animal resistance to diseases (Dekkers, 2004). In Serbia, as in numerous other 

countries, the ongoing initiatives persist to enhance the genetic potential of dairy cows through selective breeding 

and genetic evaluations (Stanojević et al., 2015). The adoption of modern technologies, such as genomic selection, 

facilitates accelerated progress and more precise predictions of the future performance of animals (Hayes et al., 

2009). 

Selection programs establish criteria for parental selection based on statistical analysis of extensive databases, 

utilizing compiled data on ancestry and phenotypic measurements to assess the breeding values of potential 

candidates (Štrbac et al., 2023). In recent years, traditional selection methods, grounded in quantitative genetics, have 

increasingly incorporated molecular genetics analyses (Štrbac et al., 2023). In addition to conventional statistical 

evaluation methods, the adoption of machine learning (ML) techniques has gained prominence, facilitating the 

development of rapid programs and unveiling previously undiscovered relationships (Shahinfar et al., 2012; Tarjan et 

al., 2021). 

The Holstein-Friesian breed is the predominant dairy breed within the registered cattle population in Serbia, with the 

majority located in the AP Vojvodina. According to data from the Central Breeding Organization, a total of 67,671 

head of the Holstein-Friesian cattle were registered in this area in 2021 (Štrbac et al., 2023). The average milk 

production during a 305-day lactation period in the same year amounted to 7,405 kg per cow (Štrbac et al., 2023). A 

comparison of this figure with the milk yield of cows documented in other ICAR member countries (ICAR, 2023) 

reveals potential opportunities for enhancing the traits of dairy population in Serbia. Improving cow selection 

methods has been recognized as one of the viable pathways toward achieving this objective (Štrbac et al., 2023). 

The primary objective of this research is to demonstrate the potential application of machine learning (ML) in 

estimating the milk yield of Holstein-Friesian cows in Serbia according to the phenotype and pedigree of their 

parents. Notably, this breed represents a population with a relatively small number of individuals, which can be a 

limiting factor when training neural networks (NN). To address this challenge, a Deep Neural Network (DNN) was 

employed, comprising dense layers with various configurations and activation functions. The DNN was trained using 

the Adam, SGD, and RMSprop optimizers, employing the root mean square error as the loss metric. The training 

dataset consisted of information obtained from a unique database containing records of a total of 3,406 dairy cows in 

the Republic of Serbia. 

 

MATERIAL AND METHODS 
 

To explore the viability of utilizing machine learning (ML) in estimating the milk yield of future cow generations 

based on the parental phenotype and pedigree data, the initial step involved selecting a dataset (DS) containing all 

relevant information (including parental phenotypic and milk yield data). Subsequently, the dataset was divided, 

designating a portion for training the Deep Neural Network (DNN) and another for testing purposes. Following this, 

configurations for the DNN were established, and the training process was executed. Finally, the trained DNN 

underwent testing using a section of the DS exclusively reserved for testing, ensuring it had not been utilized in the 

training phase of the DNN. 

 

Data Sets and Quality Control 

The dataset employed for training and testing the DNN was generated using the web application BioITGenoSelect 

(https://bioitgenoselect.polj.uns.ac.rs/genoselect, accessed on February 10, 2022) for the specified animals. This 

dataset was created based on imported information sourced from databases managed by the Faculty of Agriculture 

within the Central Breeding Organization in the livestock sector of the Vojvodina Province, Serbia. Data were 

specifically selected for animals with fully available pertaining information on their parents and the phenotype and 

https://bioitgenoselect.polj.uns.ac.rs/genoselect
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first lactation milk yield data for both the individual animal and its parents. Following these selection criteria, a 

dataset (DS) was formulated, comprising information from 3,406 animals, which was subsequently utilized for the 

training and testing procedures of the DNN (the dataset is accessible at: 

https://oblak.uns.ac.rs/index.php/s/R46gQFj8Dt6A4aa). Alongside the phenotypic and milk yield data, relative 

reproductive parameters derived from processing phenotypic information via the WOMBAT software (Meyer, 2007) 

were also integrated. These parameters served as an evaluation metric for the trained DNN. Prior to deployment into 

the Neural Network, all the data within the DS were normalized within the range of 0 to 1. The DS was partitioned 

into two segments: 80% allocated for training purposes and the remaining 20% reserved for testing. 

 

Deep Neural Network 

The DNN was utilized for milk yield prediction, employing dense (fully connected) layers arranged sequentially with 

dropout layers incorporated after each hidden layer. Configurations involving 2 and 3 hidden layers of 8 to 54 

neurons were selected. The DNN utilized a total of 27 input parameters, consisting of reproductive parameters 

obtained from WOMBAT, the mother's milk yield parameters, and the identification number (ID) of the father (refer 

to Fig. 1 for the input file layout). Additionally, there were 8 output parameters, including milk yield parameters (3 in 

total: MLkg, MMpr, PRpr) and the breeding parameters of the head of cattle obtained from WOMBAT (refer to Fig. 

2 for the output file layout). Various activation functions such as the sigmoid, tanh, and Rectified Linear Unit 

(ReLU) were employed. Dropout rates were set within the range of 0 to 0.3, and a linear activation function was used 

for the output layer. 

 

Training and testing 

The Adam, SGD, and RMSprop optimizers were employed, and the root mean square error served as the loss metric 

during DNN training. The model underwent training with a batch size of 8 across 500, 1000, and 5000 epochs. The 

training and testing procedures were conducted using Python, utilizing the Keras open library for the DNN, in 

conjunction with the TensorFlow open library for machine learning (Chollet, 2017). After each DNN training cycle, 

testing was conducted. The ensuing results are detailed and analyzed in the subsequent chapter. The output DNN 

models were stored for potential reuse or future integration. 

 

 
Figure 1. An example of input data for the DNN provided in the form of a *.xlsx file 

 

 
Figure 2. An example of the output provided in the form of a csv file 

https://oblak.uns.ac.rs/index.php/s/R46gQFj8Dt6A4aa
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RESULTS AND DISCUSSION 

 

After completing the DNN training phase, the model was saved to a *.keras file for future use. The trained model 

was then assessed using a portion of the dataset that had been set aside for testing purposes. Various optimizers such 

as the Adam, SGD, and RMSprop, accompanied by activation functions like the sigmoid, tanh, and ReLU, were 

employed during the DNN training across 500, 1000, and 5000 epochs. The DNN training encompassed 

configurations with 2 and 3 hidden layers, and the resulting predictions were organized into a table. Through a 

comprehensive search, the most optimal hyperparameters were identified for the model utilizing 2 hidden layers with 

a neuron configuration of - 54 - 8 - and implementing a dropout rate of 0.1. 

Table 1 presents the maximum absolute prediction error, displayed as a percentage, for each DNN. Additional results 

can be accessed in the table via the following link: https://oblak.uns.ac.rs/index.php/s/R46gQFj8Dt6A4aa. In 

scenarios where a single model is utilized for all three observed parameters (MLkg, MMpr, PRpr) as depicted in 

Table 1, the best outcomes from both variants of the DNN (with 2 or 3 layers) are highlighted in bold font. 

Conversely, if distinct models were employed for each observed parameter, the superior results achieved would be 

indicated using blue, yellow, and green colors. Using the results obtained, the two most promising variants of the 

DNN model were chosen. Subsequently, predictions for the milk yield parameters of the offspring were made for 

100 randomly selected pairs of parents from the test subset of the dataset. The outcomes of these predictions are 

presented in Figures 3 and 4. 

When considering the scenario where all parameters are determined using a single DNN model, it is evident from 

Table 1 that the most optimal results are achieved by the DNN featuring 2 hidden layers. This model utilizes a 

combination of the RMSprop optimizer with a sigmoid activation function, trained over 500 epochs. The identified 

model yields a prediction accuracy of 76.1% for milk yield (as depicted in Fig. 3). This accuracy aligns with the 

findings in Table 1, highlighting the largest error of 23.9% for the MLkg parameter in the aforementioned model. 

 
Table 1. Maximum absolute prediction error for the DNN 

   3 hidden layers 2 hidden layers 

  

epochs 
500 1k 5k 500 1k 5k 

Opt Act output 

A
d

am
 

si
g

m
o

id
 

MLkg 35.33% 25.17% 35.25% 23.78% 30.02% 38.72% 

MMpr 17.36% 17.88% 28.86% 17.57% 16.78% 19.66% 

PRpr 10.83% 10.60% 8.42% 6.22% 25.94% 10.98% 

ta
n

h
 MLkg 41.75% 29.97% 32.91% 25.37% 31.75% 31.62% 

MMpr 27.75% 15.05% 17.72% 18.48% 17.84% 17.81% 

PRpr 31.28% 6.58% 26.25% 6.33% 25.64% 10.40% 

re
lu

 MLkg 33.28% 35.07% 41.54% 27.46% 29.43% 31.44% 

MMpr 28.75% 18.80% 17.98% 16.38% 16.04% 18.14% 

PRpr 7.27% 6.70% 31.71% 6.50% 25.49% 11.18% 

S
G

D
 

si
g

m
o

id
 

MLkg 42.25% 30.70% 30.38% 28.85% 30.37% 30.57% 

MMpr 17.85% 19.74% 17.64% 18.75% 22.29% 19.47% 

PRpr 32.26% 7.34% 7.72% 6.35% 24.98% 10.88% 

ta
n

h
 MLkg 28.04% 35.92% 27.99% 25.24% 30.70% 30.03% 

MMpr 18.36% 19.02% 17.84% 17.05% 18.50% 18.03% 

PRpr 7.88% 7.18% 25.47% 6.83% 25.58% 10.67% 

re
lu

 MLkg 36.93% 31.97% 31.40% 70.74% 70.74% 31.10% 

MMpr 21.10% 19.91% 18.15% 17.29% 19.15% 17.94% 

PRpr 25.27% 8.01% 6.88% 7.04% 26.00% 11.06% 

R
M

S
p

ro
p
 si

g
m

o
id

 

MLkg 33.68% 34.39% 39.25% 23.93% 29.83% 33.23% 

MMpr 15.43% 16.83% 15.91% 17.01% 16.14% 17.93% 

PRpr 7.50% 25.01% 10.88% 6.32% 24.91% 10.76% 

ta
n

h
 MLkg 31.95% 39.39% 35.33% 26.29% 29.72% 30.00% 

MMpr 26.51% 17.84% 17.53% 18.15% 19.12% 17.24% 

PRpr 25.34% 32.71% 24.78% 6.30% 26.08% 9.66% 

re
lu

 MLkg 26.83% 34.93% 26.16% 27.04% 31.98% 30.73% 

MMpr 18.34% 15.96% 19.12% 16.11% 18.70% 16.90% 

PRpr 24.94% 25.35% 7.94% 6.15% 25.48% 10.75% 

 

 

 

https://oblak.uns.ac.rs/index.php/s/R46gQFj8Dt6A4aa
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When employing multiple models for each specific output parameter, the following optimal configurations should be 

considered: 

 For the parameter MLkg, the recommended combination involves using the Adam's optimizer with a 

sigmoid activation function trained over 500 epochs. 

 When predicting MMpr, the preferable model configuration comprises the utilization of RMSprop optimizer 

with a ReLU activation function across 500 epochs. 

 Regarding the PRpr parameter, the most suitable model setup involves employing the RMSprop optimizer 

alongside a sigmoid activation function, trained over 500 epochs. 

 

When employing a combination of several models, an accuracy of 76.2% (Fig. 4) is achieved, representing only a 

marginal 0.1% improvement compared to the previous case. Despite this slight enhancement, it is advisable to opt 

for utilizing separate models for each parameter. This approach is recommended to attain more precise predictions, 

crucial for making the best selection of parent pairs based on accurate predictions. 

Using the best DNN models, user applications can be developed to forecast the milk and breeding parameters of 

future calves based on parental input data. Notably, the output files should present absolute values of the parameters 

instead of normalized ones. This adjustment enables easy comparison with the input data. Similar treatment of output 

data was applied in the example of the *.csv file (Fig. 2). 

 

The previous analysis focused on the results derived from the maximum absolute error. However, if we consider the 

maximum mean absolute error, the findings are as follows: 

 For the 2-layer DNN trained with the SGD optimizer, activated with the ReLU function, and trained over 

5000 epochs, the maximum mean absolute error is 6.09%. 

 In the case of the 3-layer DNN trained with the RMSprop optimizer, activated with the sigmoid function, 

and trained over 500 epochs, the maximum mean absolute error is 5.83%. 

These error percentages, while relatively high, are acceptable considering the size of the dataset used. However, it is 

important to note that these values exceed the desired thresholds for model performance. Ideally, for a well-

performing neural network, we would anticipate an absolute maximum error of less than 5% and a mean absolute 

error below 1%. Evaluating the prediction errors made across the training dataset reveals slightly better results, but 

they also fall short of the expected ranges. This suggests the necessity for a larger training dataset to enhance the 

performance of the DNN. 

 

 
Figure 3. Plot of the milk yield parameters and associated errors for 100 randomly selected pairs of parents predicted using the 

RMSprop sigmoid 500 2-layer model. 
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Figure 4. Plot of the milk yield parameters and associated errors for 100 randomly selected pairs of parents predicted using the 

combined 2-layer model. 

 

CONCLUSION 

 

This paper showcases the application of artificial intelligence in estimating the milk yield of future cow generations 

through machine learning techniques. The study utilized the data from a unique database encompassing dairy cows in 

the Republic of Serbia for training the Deep Neural Network (DNN) (a dataset comprising 3,406 cows at the current 

juncture). Considering the theoretical framework advocating that deep learning necessitates a dataset size at least 10 

times larger than the number of variables (González-Recio et al., 2014; Morota et al., 2018), the observed limitations 

in the testing results of the trained DNN suggest that this number of cows might be insufficient. 

Among the analyzed configurations of the DNN, the highest achieved accuracy in predicting the milk yield of the 

offspring was 76.2%, which falls approximately twenty percent below the anticipated level. Nevertheless, this level 

of accuracy remains acceptable, especially considering the context of being in a small country with a limited 

population. These neural networks can indeed serve in future endeavors, aiding in data generation that benefits 

farmers. Additionally, they can assist in verifying the accuracy of data input for future livestock. 

To enhance the performance of the model, it is essential to incorporate data from a larger pool of individuals. This 

expansion can be achieved by broadening the dataset to encompass information on livestock from the geographic 

region to which Serbia belongs. By including the data from this larger population, a more substantial number of 

individuals can be integrated into the training phase of the DNN. 
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