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Abstract: Milk quality is a critical factor in the 

dairy industry because it directly influences 

nutritional value, processing characteristics, 

economic returns, and consumer acceptance. Among 

the different components used to assess milk quality, 

milk fat and solids-not-fat (SNF) are particularly 

important because their concentrations reflect the 

nutritional status of the animal and contribute 

significantly to the physical and commercial 

properties of milk. However, these components are 

affected by a combination of factors rather than a 

single variable. Feed composition, quantity of feed 

consumed, nutrient availability, lactation stage, breed, 

age, body condition, milk yield, ambient temperature, 

relative humidity, and environmental stress can 

interact with each other and produce complex 

changes in milk composition. Conventional 

estimation of milk fat and SNF commonly relies on 

laboratory-based testing, periodic sampling, or 

simplified statistical relationships. Although these 

methods can provide reliable measurements, they 

may be time-consuming, resource-intensive, and less 

suitable for continuous or early-stage prediction in 

modern dairy management systems.To address these 

limitations, this study proposes a neural network-

based framework for forecasting milk fat and SNF 

from cow feeding and environmental parameters. The 

proposed framework considers feeding-related 

variables and environmental conditions as predictive 

inputs and establishes a nonlinear relationship 

between these factors and the resulting milk 

composition. The data processing pipeline includes 

data collection, quality checking, handling of missing 

or inconsistent observations, feature preparation, 

normalization, and separation of the dataset into 

appropriate training and testing subsets. A neural 

network model is subsequently trained to identify 

complex patterns within the input variables and 

generate predictions for milk fat and SNF. The 

framework is designed to support multi-output 

prediction, allowing both milk-quality parameters to 

be estimated from the same set of feeding and 

environmental observations.The performance of the 

proposed model can be assessed using widely 

accepted regression metrics, including Mean 

Absolute Error (MAE), Mean Squared Error (MSE), 

Root Mean Squared Error (RMSE), and the 

coefficient of determination (R²). In addition to 

prediction performance, analysis of the input 

variables can provide useful insights into the factors 

associated with variations in milk composition. The 

proposed framework provides a foundation for 

moving from reactive milk-quality assessment toward 

predictive dairy management, where feeding and 

environmental conditions can be evaluated before 

their potential effects on milk quality become evident. 

Such a system can assist dairy farmers, nutritionists, 

and researchers in improving feeding strategies, 

identifying unfavorable environmental conditions, 

and supporting more consistent milk production. 

Furthermore, the framework can be extended to 

incorporate real-time sensor measurements from 

smart dairy environments, enabling continuous data 

acquisition and near-real-time forecasting. Overall, 

the proposed neural network approach demonstrates 

the potential of artificial intelligence and data-driven 

modeling to support precision dairy farming and 

improve the efficiency, consistency, and 

sustainability of milk-quality management. 
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I. INTRODUCTION

The dairy industry is a major contributor to the global 

food system, supplying milk and numerous products 

that provide essential nutritional value. The quality of 

milk, however, is not determined by a single factor. It 

is the result of interactions among the animal’s 

biological characteristics, nutritional status, 

management practices, and environmental conditions. 
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Within the overall composition of milk, milk fat and 

solids-not-fat (SNF) are two important parameters 

that receive considerable attention because of their 

nutritional contribution, influence on processing 

characteristics, economic significance, and role in 

determining milk quality. For dairy producers and 

processing industries, maintaining these components 

within desirable ranges is therefore an important 

aspect of effective milk production. In practice, 

however, their concentrations can fluctuate 

considerably depending on factors such as feed 

management, physiological status, lactation stage, 

and environmental conditions.Milk fat is particularly 

sensitive to changes in the nutritional and metabolic 

condition of dairy cattle. The composition of the diet 

and the quantity of feed consumed can affect rumen 

fermentation and the availability of nutrients required 

for milk synthesis. Dietary characteristics such as the 

proportion of forage and concentrate, dry matter 

intake, available energy, protein supply, and feeding 

patterns can consequently influence the amount of fat 

produced in milk. SNF represents another important 

group of milk constituents and consists primarily of 

proteins, lactose, minerals, and other non-fat 

components. Its concentration may be influenced by 

nutrient availability, metabolic processes, milk yield, 

and the physiological condition of the animal. 

Because both fat and SNF are influenced by several 

factors operating simultaneously, accurate forecasting 

requires a combination of relevant variables instead 

of depending on an individual feeding parameter.In 

addition to nutrition, the surrounding environment 

can substantially affect dairy cattle performance and 

milk production. Conditions characterized by high 

temperature and humidity can expose animals to heat 

stress, potentially affecting their feed intake, water 

consumption, metabolism, and productive efficiency. 

The Temperature-Humidity Index (THI) is commonly 

used to represent the combined thermal burden 

imposed by temperature and humidity and can 

therefore serve as a useful indicator of heat-load 

conditions. When environmental conditions become 

unfavorable, cattle may alter their feeding patterns, 

physiological responses, and general behavior in an 

effort to regulate body temperature. These responses 

can indirectly affect both milk yield and its 

composition. Consequently, environmental 

information should be analyzed alongside nutritional 

and animal-related variables when attempting to 

forecast changes in milk quality.Conventional 

determination of milk fat and SNF generally depends 

on laboratory procedures or dedicated milk-analysis 

equipment. Although these methods can provide 

reliable measurements, they typically assess milk 

composition after production and sampling have 

already occurred. Conducting frequent measurements 

may additionally involve specialized equipment, 

operational costs, labor, and processing time. From 

the viewpoint of farm management, a predictive 

method capable of estimating milk composition using 

information that is routinely collected could provide a 

useful supplementary decision-support tool. 

Forecasting changes in advance may enable farmers 

and livestock managers to consider appropriate 

modifications to feeding strategies or environmental 

management before significant changes in milk 

composition become evident.The rapid development 

of artificial intelligence (AI) and machine learning 

has expanded the possibilities for analyzing 

agricultural and livestock-production data. 

Conventional statistical techniques often rely on 

predefined assumptions about the relationships 

between input and output variables. Neural networks, 

in contrast, are capable of learning complex and 

nonlinear relationships directly from observed data. 

This characteristic is particularly relevant to dairy 

production because the influence of nutrition, 

environmental conditions, animal characteristics, and 

milk composition is rarely governed by a simple 

linear relationship. By identifying patterns within 

historical observations, a neural-network model can 

learn a predictive mapping between the conditions 

experienced by dairy cattle and the resulting 

characteristics of their milk.Based on this premise, 

the present study introduces a neural network 

framework for forecasting milk fat and SNF using 

cow feeding and environmental parameters. The 

proposed framework brings together relevant 

nutritional and environmental observations within a 

unified, data-driven prediction pipeline. Depending 

on data availability, feeding-related inputs may 

include feed intake, fodder quantity, dietary 

composition, nutrient-related measurements, and 

other relevant feeding attributes. Environmental 

inputs can include variables such as ambient 

temperature and relative humidity, together with 

calculated indicators such as THI. Information 

describing individual cattle may also be incorporated 

where available, allowing the model to account for 

differences between animals. Before model 

development, the collected data undergo appropriate 

preprocessing operations, including data-quality 

checking, treatment of missing observations, 

normalization or scaling, and preparation of relevant 

input features.The primary objective of the 

framework is to forecast two important indicators of 

milk composition, namely milk fat and SNF. A multi-

output neural-network architecture can be adopted so 

that a common set of feeding, environmental, and 

animal-related inputs can be used to estimate both 

target variables. Such an approach allows the model 

to learn potentially shared relationships between the 

input conditions and the two milk-composition 

characteristics. Model effectiveness can subsequently 

be assessed using commonly applied regression 

measures, including Mean Absolute Error (MAE), 

Mean Squared Error (MSE), Root Mean Squared 

Error (RMSE), and the coefficient of determination 

(R²). Together, these metrics provide an assessment 

of prediction error as well as the extent to which the 
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model captures the observed variation in milk fat and 

SNF.The practical value of the proposed framework 

is not limited to achieving low prediction errors. An 

effective forecasting system could assist dairy 

farmers and livestock managers in making more 

informed management decisions by providing an 

indication of how current feeding and environmental 

conditions may be associated with future milk-quality 

changes. Such information could be particularly 

valuable when integrated with sensor-based dairy 

monitoring systems. For example, environmental 

sensors can continuously record temperature and 

humidity, while feeding and production records can 

provide complementary information. Combining 

these data sources with an AI-based forecasting 

model could support continuous estimation of milk-

composition trends and potentially generate early 

warnings when conditions associated with 

undesirable changes are identified.The proposed work 

also aligns with the growing field of precision 

livestock farming, where continuous data collection 

and computational analysis are increasingly used to 

improve animal-management practices. Rather than 

depending exclusively on periodic measurements or 

manual observation, precision livestock systems aim 

to support management decisions through timely and 

objective information. Integrating nutritional and 

environmental parameters within a common 

predictive framework provides an opportunity to 

develop a more comprehensive representation of the 

factors affecting milk composition. In this regard, the 

proposed neural-network approach is intended as a 

practical and scalable foundation for forecasting milk 

fat and SNF from routinely obtainable dairy-farm 

data.Future development of the framework could 

involve the use of larger and more diverse datasets 

collected across different farms, breeds, seasons, and 

management conditions. Additional animal-level 

characteristics could further improve the model’s 

ability to represent individual variation. The 

framework could also be connected with Internet of 

Things (IoT) sensors to facilitate continuous 

acquisition of environmental and production-related 

information. With sufficient data and validation, more 

advanced deep-learning architectures could be 

investigated to improve forecasting performance and 

robustness. Ultimately, the integration of AI, IoT, 

nutritional monitoring, and environmental sensing 

could contribute toward intelligent dairy-management 

systems capable of providing timely information for 

maintaining milk quality and improving production 

efficiency.  

II. BACKGROUND AND RELATED WORK 

A.Traditional Milk-Quality Prediction 

Milk-quality evaluation has historically been based 

on the direct analysis of physicochemical properties 

obtained from representative milk samples. 

Commonly examined parameters include milk fat, 

protein, lactose, solids-not-fat (SNF), density, acidity, 

and total solids. These characteristics are usually 

measured through established laboratory techniques 

or dedicated milk-analysis instruments. Such 

measurements remain important in the dairy industry 

because they provide objective information about 

milk composition and are routinely used for quality 

assurance, pricing, processing decisions, and 

regulatory compliance.Despite their reliability, 

conventional measurement techniques have a 

primarily retrospective nature. The composition of 

milk is determined only after the milk has been 

produced and a sample has been collected. 

Consequently, these methods provide limited 

information about the conditions that may have 

contributed to a subsequent change in milk quality. 

Repeated sampling can also involve additional 

requirements related to sample handling, laboratory 

facilities, trained personnel, testing time, and 

operational cost. From the perspective of dairy 

management, therefore, obtaining a measurement of 

milk quality is useful, but being able to anticipate 

potential changes before they become evident could 

provide greater practical value.Statistical techniques 

have traditionally been employed to examine the 

relationship between milk composition and different 

animal- and management-related variables. Factors 

such as feed consumption, breed, age, lactation stage, 

milk yield, and nutritional status have been 

considered when studying variations in milk 

components. Regression models, for example, can be 

used to quantify the association between selected 

explanatory variables and specific milk-quality 

characteristics. Although these methods offer useful 

interpretations and can establish important 

relationships, they commonly depend on assumptions 

concerning the mathematical form of the relationship 

between the input variables and the target parameter. 

In dairy production, however, milk synthesis is 

governed by several biological and environmental 

processes that may interact in nonlinear ways. This 

has created increasing interest in more flexible, data-

driven approaches. 

B. Machine-Learning Approaches 

The growth of digital technologies in agriculture has 

resulted in the generation of increasingly large 

datasets from farm records, automated equipment, 

and environmental sensors. These developments have 

created new possibilities for applying machine-

learning techniques to dairy production and livestock 

management. Unlike conventional analytical methods 

that generally examine predefined relationships, 

machine-learning algorithms can process several 

variables simultaneously and identify patterns from 

previously observed data. Methods including linear 

regression, decision trees, random forests, support 

vector regression, k-nearest-neighbor algorithms, and 

ensemble techniques have consequently been 

explored for different livestock and milk-production 
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prediction tasks.One of the main advantages of 

machine learning is its ability to represent 

relationships that may not follow a simple linear 

pattern. For instance, an increase in feed intake does 

not necessarily result in a proportional increase in 

milk-fat concentration. The response can vary 

according to dietary composition, animal condition, 

lactation stage, and nutrient utilization. 

Environmental factors exhibit similar complexity. 

The effect of increased temperature, for example, 

may become more pronounced when relative 

humidity is also high or when the animal has limited 

ability to dissipate excess body heat. Machine-

learning models can consider such variables together, 

providing a more flexible representation of the 

conditions associated with milk-quality 

variation.However, the effectiveness of a machine-

learning model is closely related to the characteristics 

of the dataset used for its development. Incomplete 

records, measurement inconsistencies, seasonal 

variation, differences among individual animals, and 

variations in farm-management practices can all 

affect the ability of a model to perform reliably on 

unseen data. Appropriate preprocessing, feature 

selection, normalization, and data-quality 

management are therefore important stages in 

developing a robust prediction system. In addition, 

models that depend only on production-related 

measurements may fail to account for nutritional and 

environmental conditions that contribute to changes 

in milk composition. 

C. Neural-Network Approaches 

Neural networks have emerged as an important class 

of machine-learning models for applications where 

the relationship between input variables and predicted 

outcomes is complex. A typical neural network 

contains an input layer, one or more hidden layers, 

and an output layer consisting of interconnected 

computational units. During training, the model 

modifies its internal weights and biases based on the 

difference between its predictions and the observed 

target values. Through repeated optimization, the 

network can learn patterns from multidimensional 

data without requiring an explicit mathematical 

equation describing the relationship between every 

input and output.The use of neural networks has 

expanded across several agricultural and livestock 

applications, including milk-yield estimation, animal-

health monitoring, disease identification, behavior 

analysis, feed-management applications, and 

production forecasting. Their ability to process 

multiple variables makes them particularly relevant to 

dairy systems, where nutritional, physiological, 

management, and environmental factors can influence 

one another. Neural-network architectures can also be 

configured for multi-output prediction, enabling 

multiple related milk characteristics to be estimated 

from a common set of input variables.Nevertheless, 

neural networks are not automatically effective 

simply because they are capable of representing 

complex relationships. Their predictive performance 

can be affected by the amount and quality of training 

data, network architecture, feature scaling, 

optimization strategy, and hyperparameter 

configuration. An excessively complex model may 

memorize variations that are specific to the training 

dataset, while a model with insufficient capacity may 

fail to capture meaningful patterns. Appropriate 

training, validation, regularization, and independent 

testing are therefore necessary to assess whether the 

learned relationships can generalize beyond the 

observations used during model development.In the 

context of milk-quality forecasting, neural networks 

are particularly promising because the composition of 

milk reflects the conditions under which the animal is 

managed and produces milk. By providing 

information related to feeding, animal characteristics, 

and environmental conditions, a neural network can 

potentially learn combinations of factors associated 

with changes in milk fat and SNF. This makes neural-

network modeling a suitable foundation for 

developing predictive tools that can complement 

conventional dairy-quality assessment. 

D. Feed-Related Milk Composition Prediction 

Feed management has a direct relationship with 

dairy-cattle productivity because the nutrients 

supplied through the diet provide the resources 

required for maintenance, reproduction, growth, and 

milk synthesis. Consequently, both the quantity of 

feed consumed and its nutritional composition are 

important when examining variations in milk 

composition. Parameters such as dry matter intake, 

forage proportion, concentrate consumption, dietary 

energy, crude protein, fiber content, and feeding 

frequency can provide useful information for 

understanding differences in milk-production 

characteristics.Milk fat is particularly influenced by 

nutritional conditions because processes occurring 

within the rumen generate metabolites that contribute 

to milk-fat synthesis. Alterations in the balance 

between forage and concentrate, dietary fiber 

availability, and overall nutrient composition can 

modify rumen fermentation and consequently affect 

the concentration of fat in milk. SNF can also respond 

to nutritional and physiological conditions because it 

represents a group of milk constituents that includes 

protein, lactose, minerals, and other non-fat 

solids.Previous predictive studies have examined the 

relationship between nutritional variables and milk 

yield or individual milk components. However, 

predicting milk composition from feed information 

alone remains challenging because cattle do not 

necessarily respond identically to the same diet. 

Differences in breed, age, parity, lactation stage, body 

condition, health, and individual nutrient utilization 

can lead to variations in the resulting milk 

composition. Incorporating animal-related and 

environmental information together with feeding 
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variables can therefore provide a broader 

representation of the factors affecting milk-quality 

characteristics.The increasing availability of 

structured feeding records also creates an opportunity 

to move beyond retrospective nutritional analysis. 

Instead of examining whether a particular dietary 

component is associated with milk fat or SNF in 

isolation, machine-learning methods can learn 

relationships among several nutritional variables 

simultaneously. Such predictive capability is relevant 

to precision dairy farming, where management 

decisions can increasingly be informed by data 

collected at the individual-animal level. 

E. Environmental-Stress Effects 

The surrounding environment can significantly affect 

dairy cattle because environmental conditions 

influence behavior, feed consumption, water 

requirements, physiological regulation, and 

productive performance. Among the different 

environmental variables, ambient temperature and 

relative humidity are particularly important because 

their combined effect determines the level of thermal 

stress experienced by an animal. When heat load 

becomes excessive, cattle may change their activity 

and feeding behavior as part of their effort to 

maintain an appropriate body temperature.Heat stress 

is of particular concern in regions characterized by 

high temperatures and humidity. Under such 

conditions, changes in respiration, water 

consumption, activity, feed intake, and metabolic 

processes can reduce production efficiency. A 

reduction in feed intake is especially relevant to milk 

composition because fewer nutrients may 

subsequently be available for milk synthesis. The 

Temperature-Humidity Index (THI) is therefore 

commonly used as an indicator of combined 

temperature and humidity conditions and can serve as 

an informative input when developing predictive 

dairy models.Environmental stress should not be 

considered independently from nutrition. A change in 

temperature may influence feed intake, while the 

resulting reduction in nutrient availability can affect 

milk synthesis. Similarly, the effect of environmental 

heat may vary according to the animal's nutritional 

status, production level, physiological condition, and 

ability to tolerate thermal stress. Examining 

temperature or humidity individually may 

consequently provide an incomplete representation of 

the conditions affecting milk quality. Combining 

environmental variables with feeding information 

allows a prediction model to investigate their 

potential interactions.Modern dairy farms 

increasingly employ sensors and automated 

monitoring technologies capable of recording 

environmental conditions at regular intervals. 

Temperature, humidity, and related measurements 

can therefore be collected alongside feeding records 

and milk-quality observations. Integrating these 

sources of information creates an opportunity to 

develop predictive models that identify relationships 

between environmental conditions and subsequent 

changes in milk composition. This integration 

represents an important step toward connecting 

conventional dairy monitoring with intelligent 

precision-livestock systems. 

F. Research Gap 

Existing research indicates that milk composition is 

influenced by a broad combination of nutritional, 

physiological, environmental, and management-

related factors. Conventional laboratory analysis 

continues to provide reliable measurements of milk 

constituents, but its primary purpose is to determine 

the composition of milk that has already been 

produced. Statistical models can help identify 

relationships between milk characteristics and 

selected explanatory variables, while machine-

learning techniques provide greater flexibility when 

the relationships become nonlinear. Neural networks 

extend this capability by learning complex patterns 

involving several variables simultaneously. 

Nevertheless, important research opportunities 

remain. A considerable portion of existing predictive 

work concentrates on milk yield or individual 

production indicators rather than jointly estimating 

milk-fat and SNF levels. In addition, nutritional 

factors and environmental conditions are not always 

incorporated within the same predictive framework, 

despite the possibility that heat stress and feeding 

behavior can influence one another. Another concern 

is model generalization. A model developed using 

data from a restricted set of animals, seasons, feeding 

regimes, or environmental conditions may not 

perform equally well when applied to different 

production environments. There is therefore a need 

for forecasting approaches that can combine routinely 

available farm-level information while accounting for 

the complex conditions under which milk is 

produced.To address these limitations, the present 

study develops a neural-network-based framework 

for forecasting milk fat and SNF using cow feeding 

and environmental parameters. The proposed 

approach considers milk composition as an outcome 

influenced by interacting nutritional and 

environmental conditions rather than as an isolated 

production variable. Relevant input data are first 

prepared through appropriate preprocessing 

procedures and are then provided to a neural network 

capable of learning nonlinear relationships within the 

dataset. The resulting model is used to estimate both 

milk-fat and SNF levels from the available input 

conditions.The proposed framework also provides a 

basis for future integration with sensor-enabled dairy-

management systems. Feeding records, 

environmental measurements, and other farm 

observations could potentially be collected 

continuously and supplied to predictive models, 

allowing milk-quality trends to be estimated without 

depending exclusively on periodic laboratory 
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assessment. Such a development could support earlier 

management intervention and improve the use of data 

in dairy production.The principal contribution of this 

work is the integration of feeding-related and 

environmental variables into a unified neural-network 

framework for the joint forecasting of milk fat and 

SNF. This approach shifts the emphasis from 

measuring milk composition only after production 

toward estimating potential changes from conditions 

that can be observed during the production process. 

By combining nutritional and environmental 

information within a single predictive framework, the 

study provides a foundation for more proactive dairy-

quality monitoring and contributes to the broader 

development of data-driven precision livestock 

farming. 

III. RESEARCH GAP AND PROBLEM 

FORMULATION 

Existing dairy prediction approaches have mainly 

focused on individual aspects such as milk yield, 

animal health, feeding management, or milk-quality 

estimation, while the combined influence of 

nutritional, animal-related, environmental, and 

production factors is not always considered within a 

single predictive framework. Conventional statistical 

and machine-learning methods may also have 

limitations when the relationship between these 

variables and milk composition is nonlinear and 

involves interactions among multiple factors. In 

addition, many existing approaches predict individual 

milk-quality parameters separately, which may not 

fully utilize the shared information between related 

milk components. To address these limitations, this 

study proposes a Multi-Output Multi-Layer 

Perceptron Deep Neural Network (MLP-DNN) for 

simultaneous prediction of milk fat and solids-not-fat 

(SNF). 

The input feature vector for a dairy cow at time t is 

represented as: 

Xₜ = [xₜ₁, xₜ₂, xₜ₃, …, xₜₙ]ᵀ 

where Xₜ represents the input feature vector at time t, 

xₜⱼ represents the j-th input feature, and n denotes the 

total number of input variables. The selected features 

may include nutritional parameters such as feed 

intake and fodder quantity, animal-related 

characteristics, environmental parameters such as 

ambient temperature and relative humidity, derived 

parameters such as Temperature-Humidity Index 

(THI), and milk-production information such as milk 

yield. These variables provide the neural network 

with the information required to learn the complex 

relationships between dairy-farm conditions and 

milk-quality characteristics. 

The proposed neural-network model can be 

mathematically represented as: 

Ŷₜ = fθ(Xₜ) 

where fθ represents the proposed MLP-DNN with 

learnable parameters θ, Xₜ represents the input feature 

vector at time t, and Ŷₜ represents the predicted output 

vector. Since the proposed study is formulated as a 

multi-output regression problem, the output vector 

consists of two milk-quality parameters and can be 

expressed as: 

Ŷₜ = [ ŶFat,ₜ ; ŶSNF,ₜ ] 

where ŶFat,ₜ represents the predicted milk fat 

percentage and ŶSNF,ₜ represents the predicted SNF 

percentage. The model therefore learns a shared 

nonlinear representation from the input variables and 

produces both milk-quality predictions 

simultaneously.For N observations, the prediction 

error is minimized using the Mean Squared Error 

(MSE) loss function, which is defined as: 

Lₘₛₑ = 1/(2N) Σᵢ₌₁ᴺ [(yᵢ,Fat − ŷᵢ,Fat)² + (yᵢ,SNF − 

ŷᵢ,SNF)²] 

where N represents the total number of observations, 

yᵢ,Fat and yᵢ,SNF are the actual milk fat and SNF 

values for observation i, and ŷᵢ,Fat and ŷᵢ,SNF are the 

corresponding predicted values. The factor 1/2 is 

included to simplify the gradient calculation during 

optimization. Minimizing this loss enables the neural 

network to adjust its weights and biases so that the 

predicted milk-quality values become closer to the 

measured values.The problem can therefore be 

formulated as finding the optimal model parameters 

θ* that minimize the prediction loss over the training 

data: 

θ = arg minθ Lₘₛₑ(Y, fθ(X))* 

where θ* represents the optimal set of trainable 

neural-network parameters, X represents the input 

dataset, and Y represents the corresponding actual 

milk-quality observations. The optimization process 

aims to minimize the prediction error while 

maintaining good generalization performance on 

unseen observations. 

Therefore, the research problem addressed in this 

study is to develop a nonlinear multi-output learning 

model that can effectively utilize nutritional, animal-

related, environmental, and production information to 

simultaneously predict milk fat and SNF with low 

prediction error and reliable predictive performance. 

Unlike approaches that independently estimate 

individual milk-quality parameters, the proposed 
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MLP-DNN learns a shared representation of the input 

features and generates both outputs from the same 

network, providing an integrated framework for dairy 

milk-quality prediction. 

IV. PROPOSED METHODOLOGY 

A. Overall Architecture 

The proposed framework is designed to forecast milk 

fat and solids-not-fat (SNF) by integrating 

information related to cow feeding, animal 

characteristics, and environmental conditions. The 

overall architecture establishes a systematic pathway 

through which the collected data are transformed into 

meaningful predictions using a neural-network 

model.The framework begins with the collection of 

relevant feeding, cow, environmental, and milk-

production data. Feeding-related information may 

include feed quantity, feed composition, concentrate 

intake, fodder intake, protein intake, and energy-

related variables. Cow-specific information such as 

age, breed, body weight, parity, and lactation stage 

can also be incorporated to account for differences 

among individual animals. Environmental conditions, 

particularly temperature and humidity, are considered 

because changes in the surrounding environment can 

influence feed intake, animal comfort, metabolic 

activity, and ultimately milk composition.The 

collected parameters are combined into a structured 

dataset and subjected to data preprocessing. This 

stage includes handling missing observations, 

identifying abnormal values, maintaining data 

consistency, and scaling numerical variables to 

suitable ranges. The processed dataset is then passed 

through a feature-engineering stage, where relevant 

variables are selected or transformed to improve the 

ability of the model to identify relationships between 

the input conditions and milk composition.The 

resulting feature set is provided to the proposed 

neural-network model. The network learns nonlinear 

relationships between cow feeding patterns, animal 

characteristics, environmental conditions, and the 

resulting milk-quality characteristics.  

 

Figure 1: Overall Block Diagram of the Proposed 

Framework 

 

Figure 2: Detailed System Architecture of the 

Proposed Framework 
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B. Data Collection 

The quality of a predictive model is closely related to 

the quality and representativeness of the dataset used 

for its development. In the proposed framework, data 

collection is designed to capture the major factors that 

may contribute to variations in milk composition, 

with particular emphasis on milk fat and solids-not-

fat (SNF). Since milk composition is influenced by 

more than one aspect of dairy production, the dataset 

combines information from feeding management, 

individual animal characteristics, environmental 

conditions, milk production, and milk-quality 

measurements.The data-collection process is 

organized so that the different measurements 

correspond to the same cow and observation period. 

This synchronization is important because feeding 

conditions, environmental exposure, animal status, 

and milk composition can change over time. 

Associating these variables correctly allows the 

neural network to learn meaningful relationships 

rather than patterns created by mismatched 

observations. The collected data are subsequently 

consolidated into a structured dataset for 

preprocessing, feature engineering, and model 

development.  

C. Sources of Cow Feeding Data 

Feeding data are collected to represent the nutritional 

conditions experienced by individual dairy cows. 

Depending on the availability and accuracy of farm 

records, the dataset can contain information regarding 

the quantity and type of feed supplied to each animal. 

Important variables may include green fodder 

quantity, dry fodder quantity, concentrate feed 

quantity, total feed intake, feeding frequency, dry 

matter intake, crude protein, dietary energy, and 

fiber-related parameters.The quantity of each feed 

component provides information about the overall 

nutritional supply available to the animal, whereas 

nutrient-related variables provide additional 

information about the quality of the diet. For 

example, two cows may receive similar quantities of 

feed but differ in nutrient intake because of 

differences in feed composition. Including both 

quantity-related and nutritional information can 

therefore provide a more representative description of 

feeding conditions.Where direct measurements of 

nutrient intake are unavailable, estimated values can 

be obtained from available feed-composition records 

and feeding quantities, provided that the estimation 

procedure is consistently applied. Such estimates 

should be clearly distinguished from directly 

measured values to avoid introducing unnecessary 

uncertainty into the dataset.Feeding records are 

linked to individual cows using a unique animal 

identifier. The date and observation period are also 

retained so that feeding information can be associated 

with the corresponding milk-production and quality 

measurements. This temporal association enables the 

model to learn how feeding conditions during a 

particular period relate to the milk produced during 

the corresponding period.Repeated feeding 

observations are preferable to isolated measurements 

because they allow changes in dietary conditions to 

be represented over time. This is particularly relevant 

for dairy cattle because feed composition and intake 

may change according to lactation stage, seasonal 

availability, management practices, or changes in 

production requirements.  

D. Collection of Environmental Parameters 

Environmental information is collected to represent 

the external conditions experienced by the animals 

during milk production. The primary environmental 

parameters considered in the proposed framework are 

ambient temperature and relative humidity. These 

measurements can be obtained using environmental 

sensors positioned within or around the cattle housing 

area. Temperature measurements provide an 

indication of the thermal conditions surrounding the 

animals, while relative humidity describes the amount 

of moisture present in the surrounding air. 

Considering these variables together is important 

because high temperature combined with high 

humidity can create a greater thermal burden than 

either condition alone. The collected temperature and 

humidity values can be used to calculate the 

Temperature-Humidity Index (THI). THI provides a 

combined representation of thermal conditions and 

can be used as an additional model input. Depending 

on the available data, the environmental dataset may 

also include information such as season, time of 

measurement, housing type, ventilation condition, 

and other relevant environmental observations. 

Environmental data should preferably be collected at 

a sufficiently high frequency to capture short-term 

variations. Where measurements are recorded at 

intervals different from the feeding or milk-quality 

records, an aggregation procedure can be applied to 

obtain representative values for the corresponding 

observation period. For example, average, minimum, 

maximum, or accumulated environmental 

measurements may be calculated depending on the 

intended modeling strategy .Environmental 

measurements are subsequently synchronized with 

the corresponding cow and production records. This 

ensures that the model receives environmental 

information that realistically represents the conditions 

experienced during the period associated with each 

milk-quality observation. 

E. Collection of Cow-Related Information 

Animal-specific information is incorporated to 

represent biological differences among individual 

cows. The dataset may include variables such as 

breed, age, body weight, parity, lactation number, 
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lactation stage, days in milk, and other relevant 

production characteristics. These attributes provide 

additional context for interpreting differences in milk 

composition between animals.The inclusion of 

animal-related information is important because dairy 

cows do not respond identically to the same feeding 

or environmental conditions. Differences in 

physiological status, breed characteristics, production 

level, and lactation stage may influence nutrient 

utilization and milk synthesis. Therefore, an 

environmental or feeding condition that produces a 

particular response in one animal may not necessarily 

result in the same response in another. Each cow is 

assigned a unique identification value. This identifier 

is used to connect repeated observations collected 

from the same animal over different dates or 

production periods. Maintaining this structure makes 

it possible to distinguish between differences 

occurring across individual cows and changes 

occurring within the same cow over time. Where 

repeated measurements are available, the dataset can 

represent the progression of individual animals 

through different stages of lactation. This provides 

additional information for the neural network and can 

improve its ability to distinguish physiological 

changes from variations caused by feeding or 

environmental conditions. 

F. Collection of Milk Production and Quality 

Measurements 

Milk-production and milk-quality measurements form 

the target component of the dataset. Milk yield can be 

recorded on a daily basis or at predefined sampling 

intervals depending on the available farm-

management system. The production measurement is 

retained together with the milk-quality values 

corresponding to the same cow and observation 

period. The primary target variables of the proposed 

framework are milk fat percentage (%) and SNF 

percentage (%). These parameters are selected 

because they represent important characteristics of 

milk composition and are influenced by both 

nutritional and physiological conditions. Milk-quality 

measurements should preferably be obtained using 

standardized laboratory methods or properly 

calibrated milk-testing equipment. Consistent 

measurement procedures are important because 

systematic differences in measurement technique can 

introduce artificial variation into the target values. 

Each milk-quality record is associated with the 

corresponding cow ID, measurement date, milk yield, 

fat percentage, and SNF percentage. Additional 

quality indicators such as protein or lactose may also 

be retained when available, even if they are not used 

as prediction targets. Such information can be useful 

for subsequent analysis or future extensions of the 

framework. The timing of milk sampling is also 

considered during dataset preparation. Measurements 

collected at substantially different time periods from 

the associated feeding or environmental observations 

may not accurately represent the same production 

condition. Therefore, observations are matched 

according to a defined temporal window before being 

included in the final modeling dataset. 

G. Input Parameters 

The proposed neural-network framework uses a 

combination of feeding, cow-related, environmental, 

and production parameters to forecast milk fat and 

SNF. The selection of input variables is based on 

their potential influence on milk production and 

composition. The input data are organized into 

meaningful categories to enable the model to capture 

both nutritional and environmental effects on milk 

quality. 

H. Feeding Parameters 

Feeding parameters represent the nutritional inputs 

provided to the cow and describe both the quantity 

and composition of feed consumed during the 

observation period. In the proposed framework, these 

parameters include the quantity of green fodder, dry 

fodder, and concentrate feed, along with the total feed 

intake and feeding frequency. Nutritional 

characteristics such as crude protein intake, energy 

intake, and dietary composition are also considered 

whenever reliable information is available. In 

addition, dry matter intake (DMI) is incorporated to 

represent the amount of feed consumed after 

accounting for its moisture content. Collectively, 

these feeding-related variables provide important 

information about the nutritional conditions of the 

animal and enable the neural-network model to learn 

their potential relationships with milk fat and SNF 

composition. 

I. Cow-Related Parameters 

Cow-related parameters are incorporated into the 

proposed framework to account for biological and 

physiological differences among individual animals. 

These characteristics provide additional context for 

understanding variations in milk production and 

composition across cows. The considered parameters 

include breed, age, body weight, parity, lactation 

stage, and days in milk. Breed can reflect inherent 

differences in production characteristics, while age 

and body weight provide information about the 

animal’s physical condition. Parity represents the 

number of previous calvings and can be associated 

with changes in productive performance, whereas 

lactation stage and days in milk help capture 

variations in milk composition throughout the 

lactation cycle. Together, these cow-specific 

parameters enable the neural-network model to 

account for individual animal characteristics when 

forecasting milk fat and SNF. 
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J. Environmental Parameters 

Environmental conditions are incorporated into the 

proposed framework because variations in the 

surrounding environment can influence animal 

comfort, feed intake, physiological responses, and 

milk production. The primary environmental 

parameters considered in the study include ambient 

temperature (°C), relative humidity (%), 

Temperature-Humidity Index (THI), season, and 

ventilation conditions, where such information is 

available. Ambient temperature and relative humidity 

provide direct measures of the environmental 

conditions experienced by the animals, while THI 

combines these factors to represent the potential 

effect of heat and humidity on animal comfort. 

Seasonal information is included to capture broader 

environmental variations throughout the year, and 

ventilation conditions can provide additional 

information about the effectiveness of air movement 

within the housing environment. These parameters 

enable the neural-network model to account for 

environmental variations when learning the 

relationship between external conditions and changes 

in milk fat and SNF. 

K. Milk Production Parameters 

Milk production variables provide additional 

information about the production state of the cow. 

The principal production parameter considered as an 

input is: Daily milk yield (litres/day)Including milk 

yield alongside feeding and environmental variables 

enables the neural network to learn relationships 

between production level and milk composition. 

L. Target Parameters 

The proposed model performs a multi-output 

prediction, with two milk-quality characteristics 

serving as the target variables: Milk Fat (%) ,Solids-

Not-Fat (SNF) (%).The model receives the selected 

feeding, cow-related, environmental, and production 

parameters as inputs and simultaneously estimates 

milk fat and SNF. 

 

 

 

 

 

 

 

Category Parameters Role 

Feeding 

Green fodder, dry fodder, 

concentrate, total feed 

intake, DMI 

Input 

Nutrition 
Protein intake, energy 

intake 
Input 

Cow-related 

Breed, age, body weight, 

parity, lactation stage, days 

in milk 

Input 

Environmental 
Temperature, humidity, 

THI, season, ventilation 
Input 

Production Daily milk yield Input 

Milk quality Milk fat (%) Target 

Milk quality SNF (%) Target 

Table 1. Input and Output Parameters Used in the 

Proposed Framework 

M. Data Preprocessing 

Data preprocessing is carried out to improve the 

quality and consistency of the collected data before 

using it to train the neural-network model. The 

collected dataset may contain missing values, 

duplicate records, incorrect measurements, and 

different units. These problems are checked and 

corrected during preprocessing to reduce errors and 

improve the reliability of the prediction model First, 

the dataset is examined to identify missing values and 

duplicate observations. Missing values in important 

input variables are handled using suitable methods 

such as mean, median, or interpolation, depending on 

the type of data. If the target values, such as milk fat 

or SNF, are missing and cannot be reliably recovered, 

those records are removed from the training dataset. 

Duplicate records are also removed to prevent the 

same observation from affecting the model more than 

once.The collected values are then checked for 

incorrect or unusual measurements. Outliers are 

identified by examining the range and distribution of 

the variables. However, not every unusual value is 

removed because differences in feed intake, 

environmental conditions, milk yield, and milk 

composition can occur naturally between cows. Only 

values that are clearly caused by measurement or 

recording errors are removed or corrected.The 

different measurement units used in the dataset are 

converted into a consistent format. For example, feed 

quantity, milk yield, temperature, and other numerical 

values are represented using common units. 

Categorical information such as breed and season is 

converted into numerical form using suitable 

encoding methods so that it can be processed by the 

neural network. Since the input variables have 

different numerical ranges, feature scaling is applied 

before model training. Variables such as feed 

quantity, temperature, humidity, milk yield, and other 

measurements may have different scales. 
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Standardization or normalization is therefore used to 

bring the numerical features into a suitable range. 

Standardization can be calculated using: 

𝑧𝑖 =
𝑥𝑖 − 𝜇

𝜎
    

where 𝑥𝑖 is the original value, 𝜇 is the mean of the 

feature, and 𝜎 is its standard deviation. This scaling 

helps the neural network learn more efficiently and 

prevents variables with larger numerical values from 

having an unnecessary influence on the training 

process. The data collected from different sources are 

also matched using the cow identification number and 

observation date or period. This ensures that feeding 

information, environmental conditions, animal 

characteristics, milk yield, milk fat, and SNF belong 

to the correct cow and corresponding observation 

period. Environmental measurements such as 

temperature and humidity may be averaged over the 

relevant observation period when they are recorded 

more frequently than milk-quality measurements. 

After cleaning and preparing the data, the dataset is 

divided into training, validation, and testing sets. The 

training set is used to train the neural network, the 

validation set is used to monitor and improve the 

model during development, and the testing set is used 

for the final evaluation of prediction performance. 

Care is taken to avoid using information from the 

testing data during training or preprocessing.The final 

preprocessed dataset contains the selected feeding, 

cow-related, and environmental parameters as input 

variables, while milk fat (%) and SNF (%) are used as 

the main output variables. 

N. Feature Engineering 

Feature engineering is performed to prepare the 

processed data in a useful form for the neural-

network model. The available feeding, cow-related, 

environmental, and milk-production variables are 

examined to determine which features are relevant for 

predicting milk fat and SNF. Features that provide 

useful information are retained, while variables that 

are repeated, unnecessary, or have very little useful 

information may be removed.New features can also 

be created from the existing variables when they 

provide additional information to the model. For 

example, Temperature-Humidity Index (THI) can be 

calculated using ambient temperature and relative 

humidity to represent the combined effect of 

environmental heat conditions. Other useful features 

may include total feed intake, combined fodder 

quantity, nutrient-related values, or other calculated 

measurements when sufficient data are available.The 

relationship between the input variables and the target 

values is also examined to understand which features 

may be associated with changes in milk fat and SNF. 

Correlation analysis can be used to identify the 

strength and direction of relationships between 

numerical variables. Features that provide very 

similar information may be reduced to avoid 

unnecessary repetition. Feature-importance methods 

can also be used to identify variables that contribute 

more strongly to the prediction results.Interactions 

between feeding and environmental conditions may 

also be considered because their effects on milk 

composition can occur together. For example, the 

influence of feed intake may change under high-

temperature or high-humidity conditions. Combining 

or deriving suitable features from these variables can 

help the neural network represent such relationships 

more effectively.After feature selection and 

transformation, the final set of features is organized 

into an input vector for the neural network. The input 

vector may contain variables such as feed intake, 

fodder quantity, concentrate intake, cow age, body 

weight, parity, days in milk, temperature, relative 

humidity, THI, and milk yield, depending on the 

available dataset. The selected features are then 

supplied to the neural-network architecture for 

training and prediction of milk fat (%) and SNF (%). 

V. SYSTEM ARCHITECTURE 

The proposed system architecture consists of a 

sequential data-driven pipeline designed to forecast 

milk fat (%) and solids-not-fat (SNF) (%) from cow 

feeding, animal, environmental, and production 

parameters. The system begins with the collection of 

relevant dairy-farm data, including feed intake, 

fodder quantity, cow characteristics, temperature, 

relative humidity, THI, and milk-production 

information. The collected data are then passed 

through the preprocessing stage, where missing 

values, duplicate records, inconsistent measurements, 

and outliers are handled, followed by feature 

transformation and scaling. The processed features 

are supplied to the Multi-Output Multi-Layer 

Perceptron Deep Neural Network (MLP-DNN), 

which consists of an input layer, multiple fully 

connected hidden layers with ReLU activation and 

dropout, and a two-neuron output layer. During 

training, the network learns the nonlinear 

relationships between the input conditions and the 

corresponding milk-quality measurements using the 

MSE loss function and Adam optimizer, while 

Bayesian Optimization is used to identify suitable 

hyperparameter configurations. Once trained, the 

optimized model receives new cow and 

environmental observations and generates two 

simultaneous predictions representing milk fat and 

SNF. The overall architecture therefore connects data 

collection, preprocessing, feature engineering, MLP-

DNN modeling, model optimization, and prediction 

into a unified framework for intelligent and proactive 

dairy milk-quality forecasting. 

A. Neural-Network Architecture 

The proposed framework employs a Multi-Output 

Multi-Layer Perceptron Deep Neural Network (MLP-
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DNN) for the simultaneous forecasting of milk fat 

and solids-not-fat (SNF). The MLP-DNN is selected 

because the input dataset mainly consists of 

structured feeding, animal, environmental, and 

production parameters, where complex and nonlinear 

relationships may exist between the input variables 

and milk-quality characteristics. Instead of 

developing separate models for each milk-quality 

parameter, the proposed architecture uses a common 

set of input features and produces two outputs 

corresponding to milk fat and SNF.The architecture 

begins with the input layer, where the selected 

features obtained after preprocessing and feature 

engineering are provided to the network. These 

features may include feeding-related variables, cow 

characteristics, environmental parameters, THI, and 

milk-production information. The number of neurons 

in the input layer corresponds to the number of 

features selected for the final model.The input layer is 

connected to Hidden Layer 1, which performs the 

first level of feature transformation. Each neuron 

calculates a weighted combination of the input values 

and adds a bias term. The resulting values are passed 

through the Rectified Linear Unit (ReLU) activation 

function. ReLU introduces nonlinearity into the 

network and allows the model to learn more complex 

relationships between the input conditions and milk-

quality characteristics.A dropout layer is applied after 

the first hidden layer to reduce the possibility of 

overfitting. During training, dropout temporarily 

deactivates a selected proportion of neurons. This 

encourages the network to learn more general 

patterns instead of depending heavily on particular 

neurons.The output from the first hidden layer is then 

passed to Hidden Layer 2. This layer performs 

additional transformations on the learned 

representations and is followed by another ReLU 

activation function. A second dropout operation can 

be included to further improve generalization when 

required.The network subsequently passes the learned 

representation to Hidden Layer 3, where higher-level 

relationships among the input features are learned. 

ReLU activation is again applied to provide the 

nonlinear learning capability required for the 

prediction task. The number of neurons in each 

hidden layer is treated as a model-design parameter 

and is not fixed in advance as the final optimal 

configuration.The final stage is the output layer, 

which contains two neurons. The first output neuron 

represents the predicted milk fat percentage, while the 

second represents the predicted SNF percentage. 

Since both outputs are continuous numerical values, 

the proposed model performs a multi-output 

regression task. A linear output transformation can 

therefore be used to generate the final predicted 

values.The general architecture of the proposed 

model can be represented as:  

 

Figure 3: Proposed MLP-DNN Architecture 

The mathematical operation performed at a hidden 

layer can be expressed as: 

𝐡(𝑙) = ReLU(𝐖(𝑙)𝐡(𝑙−1) + 𝐛(𝑙))       (1) 

ReLU: 

ReLU(𝑥) = max(0, 𝑥)   (2) 

Output: 

𝐲̂ = 𝐖(0)𝐡(𝐿) + 𝐛(0)  (3) 

where: 

𝐲̂ = [
𝑌̂𝐹𝑎𝑡

𝑌̂𝑆𝑁𝐹

]   (4) 

VI. NEURAL NETWORK MODEL 

A. Architecture 

The proposed neural network model uses a Multi-

Output Multi-Layer Perceptron Deep Neural Network 

(MLP-DNN) to predict milk fat (%) and solids-not-

fat (SNF) (%) simultaneously from the selected dairy-

farm parameters. The architecture consists of an input 

layer, multiple fully connected hidden layers, and an 

output layer. The input layer receives the 

preprocessed features related to cow characteristics, 

feeding practices, environmental conditions, and milk 

production. These features are passed through the 

hidden layers, where ReLU activation is used to learn 

nonlinear relationships between the input variables 

and milk-quality parameters. Dropout is incorporated 

between selected hidden layers to reduce overfitting 

and improve the model's ability to generalize to 

unseen data. The final output layer contains two 

neurons, representing the predicted milk fat and SNF 

values. The network learns the relationship between 

the input and output variables through forward 

propagation and adjusts its weights using 

backpropagation during training. The overall 

architecture is designed as a multi-output regression 

model so that both milk-quality parameters can be 

predicted together from the same input conditions, 
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providing a compact and efficient approach for dairy 

milk-quality forecasting. 

The mathematical formulation of the proposed Multi-

Layer Perceptron Deep Neural Network (MLP-DNN) 

explains how the selected dairy-farm parameters are 

transformed into predictions of milk fat (%) and 

solids-not-fat (SNF) (%). The model first 

standardizes the input data and then processes the 

standardized values through three hidden layers. Each 

hidden layer performs a weighted summation 

followed by the ReLU activation function. The final 

layer produces two continuous predictions, namely 

milk fat and SNF. The difference between the 

predicted and measured values is calculated using a 

Mean Squared Error loss function, and the network 

parameters are iteratively optimized using the Adam 

optimization algorithm. 

 1. Input Feature Representation 

For the i-th observation, the input parameters are 

represented individually as: 

xᵢ₁, xᵢ₂, xᵢ₃, …, xᵢₘ 

where xᵢⱼ represents the j-th input feature belonging to 

the i-th observation, and m represents the total 

number of input features used by the model.The input 

parameters can include feeding-related variables such 

as green fodder intake, dry fodder intake, concentrate 

intake, dry matter intake, protein intake, and energy 

intake. Cow-related parameters can include age, body 

weight, parity, and days in milk. Environmental 

parameters can include ambient temperature, relative 

humidity, Temperature-Humidity Index (THI), 

season, and ventilation. Daily milk yield can also be 

included as a production-related parameter. 

The actual target values are defined separately as: 

yᵢ,Fat = Actual milk fat (%) 

yᵢ,SNF = Actual SNF (%) 

Here, yᵢ,Fat represents the experimentally measured 

milk fat percentage for observation i, while yᵢ,SNF 

represents the corresponding measured SNF 

percentage. 

 2. Feature Standardization 

The input variables may have considerably different 

numerical ranges. For example, temperature may be 

measured in degrees Celsius, humidity in percentage, 

and feed intake in kilograms. Directly supplying 

variables with such different scales may cause some 

features to have a disproportionately large influence 

during model training.Therefore, standardization is 

applied to the numerical input features using: 

zᵢⱼ = (xᵢⱼ − μⱼ) / σⱼ 

where xᵢⱼ is the original value of the j-th feature for 

observation i, μⱼ is the mean of the j-th feature 

calculated from the training dataset, and σⱼ is its 

standard deviation.The subtraction of μⱼ centers the 

feature around zero, while division by σⱼ scales the 

feature according to its variability. Consequently, 

features with different original units can be processed 

on a comparable numerical scale. 

zᵢ₁ = (xᵢ₁ − μ₁) / σ₁ 

zᵢ₂ = (xᵢ₂ − μ₂) / σ₂ 

The same standardization procedure is applied to 

every numerical input feature. 

 3. Forward Propagation in the First Hidden Layer 

After standardization, the resulting feature values are 

supplied to the first hidden layer. Each neuron 

receives the standardized inputs and calculates a 

weighted sum.For neuron r in the first hidden layer, 

the weighted input is: 

a⁽¹⁾ᵢᵣ = w⁽¹⁾ᵣ₁zᵢ₁ + w⁽¹⁾ᵣ₂zᵢ₂ + w⁽¹⁾ᵣ₃zᵢ₃ + … + w⁽¹⁾ᵣₘzᵢₘ + 

b⁽¹⁾ᵣ 

Here, w⁽¹⁾ᵣⱼ represents the weight connecting input 

feature j to neuron r in the first hidden layer. The 

weight determines how strongly a particular input 

contributes to that neuron. The term b⁽¹⁾ᵣ is the bias 

associated with the neuron. 

The neuron output is then obtained using ReLU: 

h⁽¹⁾ᵢᵣ = ReLU(a⁽¹⁾ᵢᵣ) 

Thus, the first hidden layer combines the standardized 

feeding, cow, environmental, and production 

information and produces a set of learned 

intermediate features. 

4. ReLU Activation Function 

The Rectified Linear Unit (ReLU) function is used to 

introduce nonlinear behavior into the neural network. 

It is defined as: 

ReLU(x) = max(0, x) 

The function can also be expressed as: 

ReLU(x) = x, if x > 0 

ReLU(x) = 0, if x ≤ 0 

This means that positive values are retained, whereas 

negative values are converted to zero. 
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For a first-hidden-layer neuron: 

h⁽¹⁾ᵢᵣ = a⁽¹⁾ᵢᵣ, if a⁽¹⁾ᵢᵣ > 0 

h⁽¹⁾ᵢᵣ = 0, if a⁽¹⁾ᵢᵣ ≤ 0 

The use of ReLU enables the network to learn 

nonlinear relationships between dairy-farm conditions 

and milk-quality characteristics. This is important 

because changes in feeding, animal condition, and 

environmental factors may not produce purely linear 

changes in milk fat and SNF. 

 5. Forward Propagation in the Second Hidden 

Layer 

The outputs generated by the first hidden layer are 

passed to the second hidden layer. Each neuron in this 

layer calculates a new weighted combination of the 

previous-layer outputs. 

For neuron s in the second hidden layer: 

a⁽²⁾ᵢₛ = w⁽²⁾ₛ₁h⁽¹⁾ᵢ₁ + w⁽²⁾ₛ₂h⁽¹⁾ᵢ₂ + w⁽²⁾ₛ₃h⁽¹⁾ᵢ₃ + … + 

w⁽²⁾ₛₙ₁h⁽¹⁾ᵢₙ₁ + b⁽²⁾ₛ 

where n₁ represents the number of neurons in the first 

hidden layer. 

The activated output is: 

h⁽²⁾ᵢₛ = ReLU(a⁽²⁾ᵢₛ) 

Therefore: 

h⁽²⁾ᵢₛ = ReLU(w⁽²⁾ₛ₁h⁽¹⁾ᵢ₁ + w⁽²⁾ₛ₂h⁽¹⁾ᵢ₂ + … + w⁽²⁾ₛₙ₁h⁽¹⁾ᵢₙ₁ 

+ b⁽²⁾ₛ) 

The second hidden layer further transforms the 

information learned by the first layer. As a result, the 

network can identify more complex combinations and 

relationships among the input variables. 

 6. Forward Propagation in the Third Hidden Layer 

The outputs of the second hidden layer are passed to 

the third hidden layer. 

For neuron q in the third hidden layer, the weighted 

input is: 

a⁽³⁾ᵢq = w⁽³⁾q₁h⁽²⁾ᵢ₁ + w⁽³⁾q₂h⁽²⁾ᵢ₂ + w⁽³⁾q₃h⁽²⁾ᵢ₃ + … + 

w⁽³⁾qₙ₂h⁽²⁾ᵢₙ₂ + b⁽³⁾q 

where n₂ represents the number of neurons in the 

second hidden layer. 

The output of the neuron is: 

h⁽³⁾ᵢq = ReLU(a⁽³⁾ᵢq) 

Therefore: 

h⁽³⁾ᵢq = ReLU(w⁽³⁾q₁h⁽²⁾ᵢ₁ + w⁽³⁾q₂h⁽²⁾ᵢ₂ + … + 

w⁽³⁾qₙ₂h⁽²⁾ᵢₙ₂ + b⁽³⁾q) 

The third hidden layer produces the final internal 

representation of the input information before it 

reaches the output layer. This allows the network to 

progressively learn higher-level nonlinear 

relationships associated with milk composition. 

 7. Milk Fat Prediction 

The first output neuron is responsible for predicting 

milk fat percentage. 

The predicted milk fat value is calculated as: 

ŷᵢ,Fat = w⁽ᵒ⁾Fat,₁h⁽³⁾ᵢ₁ + w⁽ᵒ⁾Fat,₂h⁽³⁾ᵢ₂ + w⁽ᵒ⁾Fat,₃h⁽³⁾ᵢ₃ + 

… + w⁽ᵒ⁾Fat,ₙ₃h⁽³⁾ᵢₙ₃ + b⁽ᵒ⁾Fat 

where ŷᵢ,Fat is the predicted milk fat percentage, 

w⁽ᵒ⁾Fat,q represents the output-layer weight 

associated with the q-th neuron of the third hidden 

layer, and b⁽ᵒ⁾Fat is the bias of the milk-fat output 

neuron.A linear activation is used at this output 

because milk fat is a continuous regression value. 

 8. SNF Prediction 

The second output neuron predicts the solids-not-fat 

percentage. 

The predicted SNF value is: 

ŷᵢ,SNF = w⁽ᵒ⁾SNF,₁h⁽³⁾ᵢ₁ + w⁽ᵒ⁾SNF,₂h⁽³⁾ᵢ₂ + 

w⁽ᵒ⁾SNF,₃h⁽³⁾ᵢ₃ + … + w⁽ᵒ⁾SNF,ₙ₃h⁽³⁾ᵢₙ₃ + b⁽ᵒ⁾SNF 

where ŷᵢ,SNF represents the predicted SNF 

percentage and b⁽ᵒ⁾SNF represents the bias associated 

with the SNF output neuron. 

 

The two output neurons therefore generate milk fat 

and SNF predictions simultaneously from the same 

learned hidden representation. 

 9. Prediction Error 

The difference between the measured and predicted 

values is calculated for both milk-quality parameters. 

For milk fat: 

eᵢ,Fat = yᵢ,Fat − ŷᵢ,Fat 

For SNF: 

eᵢ,SNF = yᵢ,SNF − ŷᵢ,SNF 
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These errors indicate how far the model predictions 

are from the actual laboratory or recorded milk-

quality measurements.A smaller absolute error 

indicates a prediction that is closer to the actual value. 

 10. Mean Squared Error Loss 

The model uses a combined Mean Squared Error 

(MSE) loss to measure the prediction error for both 

outputs. 

L = (1 / 2N) Σᵢ₌₁ᴺ [(yᵢ,Fat − ŷᵢ,Fat)² + (yᵢ,SNF − 

ŷᵢ,SNF)²] 

where N represents the number of training 

observations.The errors are squared so that positive 

and negative errors do not cancel each other. 

Squaring also gives greater importance to larger 

prediction errors. 

Using the individual errors, the same loss can be 

written as: 

L = (1 / 2N) Σᵢ₌₁ᴺ [eᵢ,Fat² + eᵢ,SNF²] 

During training, the neural network attempts to 

minimize this loss. A lower loss indicates that the 

predicted milk fat and SNF values are, on average, 

closer to their measured values. 

 11. ReLU Derivative 

The derivative of the ReLU function is required 

during the backpropagation process. 

It is defined as: 

ReLU′(x) = 1, if x > 0 

ReLU′(x) = 0, if x ≤ 0 

 

This derivative determines whether the gradient can 

pass through a neuron during backpropagation. When 

the activation input is positive, the gradient is passed 

through; when the input is zero or negative, the 

gradient becomes zero. 

 12. Gradient Calculation and Backpropagation 

After calculating the loss, the model determines how 

each trainable parameter contributed to the prediction 

error.For an individual trainable parameter θ, the 

gradient is: 

gₜ = ∂L / ∂θ 

The gradient indicates the direction and magnitude by 

which the parameter should be changed to reduce the 

loss. 

For example, the gradient of a milk-fat output 

weight is: 

∂L / ∂w⁽ᵒ⁾Fat,q = (1 / N) Σᵢ₌₁ᴺ (ŷᵢ,Fat − yᵢ,Fat)h⁽³⁾ᵢq 

Similarly, for an SNF output weight: 

∂L / ∂w⁽ᵒ⁾SNF,q = (1 / N) Σᵢ₌₁ᴺ (ŷᵢ,SNF − 

yᵢ,SNF)h⁽³⁾ᵢq 

The gradient for the milk-fat output bias is 

∂L / ∂b⁽ᵒ⁾Fat = (1 / N) Σᵢ₌₁ᴺ (ŷᵢ,Fat − yᵢ,Fat) 

The gradient for the SNF output bias is: 

∂L / ∂b⁽ᵒ⁾SNF = (1 / N) Σᵢ₌₁ᴺ (ŷᵢ,SNF − yᵢ,SNF) 

These gradients are propagated backward through the 

hidden layers. The chain rule is used to determine the 

contribution of earlier weights and biases to the final 

prediction error. 

 13. Adam Optimization 

The calculated gradients are used by the Adam 

optimizer to update the network parameters. 

For an individual parameter, the first moment 

estimate is calculated as: 

mₜ = β₁mₜ₋₁ + (1 − β₁)gₜ 

The second moment estimate is: 

vₜ = β₂vₜ₋₁ + (1 − β₂)gₜ² 

The first moment is corrected for its initial bias using: 

m̂ₜ = mₜ / (1 − β₁ᵗ) 

 

The second moment is corrected using: 

v̂ₜ = vₜ / (1 − β₂ᵗ) 

The parameter is then updated according to: 

θₜ₊₁ = θₜ − η[m̂ₜ / (√v̂ₜ + ε)] 

where θₜ is the current parameter value, η is the 

learning rate, β₁ and β₂ control the moving averages 

of the gradients, and ε is a small constant introduced 

to prevent division by zero.This process is repeated 

during training so that the weights and biases 

gradually move toward values that minimize the 

prediction loss. 

 14. Complete Mathematical Flow 
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The complete mathematical operation of the proposed 

MLP-DNN can be summarized as follows. 

First, the raw input is standardized: 

zᵢⱼ = (xᵢⱼ − μⱼ) / σⱼ 

The standardized values are then processed by the 

first hidden layer: 

h⁽¹⁾ᵢᵣ = ReLU(Σⱼ₌₁ᵐ w⁽¹⁾ᵣⱼzᵢⱼ + b⁽¹⁾ᵣ) 

The second hidden layer processes the first-layer 

outputs: 

h⁽²⁾ᵢₛ = ReLU(Σᵣ₌₁ⁿ¹ w⁽²⁾ₛᵣh⁽¹⁾ᵢᵣ + b⁽²⁾ₛ) 

The third hidden layer processes the second-layer 

outputs: 

h⁽³⁾ᵢq = ReLU(Σₛ₌₁ⁿ² w⁽³⁾qₛh⁽²⁾ᵢₛ + b⁽³⁾q) 

The milk fat prediction is then generated: 

ŷᵢ,Fat = Σq₌₁ⁿ³ w⁽ᵒ⁾Fat,q h⁽³⁾ᵢq + b⁽ᵒ⁾Fat 

At the same time, the SNF prediction is generated: 

ŷᵢ,SNF = Σq₌₁ⁿ³ w⁽ᵒ⁾SNF,q h⁽³⁾ᵢq + b⁽ᵒ⁾SNF 

The two predictions are compared with the actual 

observations: 

L = (1 / 2N) Σᵢ₌₁ᴺ [(yᵢ,Fat − ŷᵢ,Fat)² + (yᵢ,SNF − 

ŷᵢ,SNF)²] 

The resulting gradients are calculated: 

gₜ = ∂L / ∂θ 

Finally, Adam updates each trainable parameter: 

 

θₜ₊₁ = θₜ − η[m̂ₜ / (√v̂ₜ + ε)] 

The process is repeated over successive training 

iterations until the model reaches a suitable 

convergence condition and provides accurate 

predictions of milk fat and SNF. 

VII. Experimental Setup 

The experimental setup was designed to evaluate the 

performance of the proposed Multi-Layer Perceptron 

Deep Neural Network (MLP-DNN) for forecasting 

milk-quality characteristics from dairy-cow 

production, nutritional, animal, and environmental 

parameters. The experimental procedure consisted of 

dataset selection, data integration, preprocessing, 

feature preparation, model training, validation, 

testing, and quantitative performance evaluation 

using standard regression metrics.To ensure that the 

experimental data were based on traceable sources 

rather than synthetically generated observations, 

publicly available dairy and animal-nutrition datasets 

were considered. The National Animal Nutrition 

Program (NANP) Modeling: Animal Performance 

Information database was selected as the principal 

source because it provides interconnected information 

on animal performance, feed intake, diet composition, 

milk production, milk composition, body weight, and 

environmental measurements. The database is 

distributed through the National Animal Nutrition 

Program and is identified as U.S. Public Domain. 

A. Dataset 

The principal dataset used for the experimental 

framework was the National Animal Nutrition 

Program (NANP) Modeling: Animal Performance 

Information dataset. It is a publicly available animal-

nutrition database maintained by the National Animal 

Nutrition Program (NANP). The dataset is 

downloadable in spreadsheet/CSV-based tables and is 

intended to support animal-nutrition research and 

mathematical modelling.The NANP database is not 

provided as one single flat CSV file. Instead, the 

information is organized into related tables 

representing different aspects of animal production 

and nutrition. The available tables include Studies, 

Treatments, IngrComp, Intake, Digesta, Milk, 

MilkComp, BW, BodyComp, Gain, Diet, 

Calorimetry, Gest, GestComp, and Environment. The 

Milk table contains milk production and days-in-milk 

information, while the MilkComp table contains milk 

protein, fat, and lactose measurements. The Intake 

and Diet tables provide information related to nutrient 

intake and dietary ingredients, and the Environment 

table contains temperature and relative-humidity 

measurements.The principal variables relevant to the 

proposed forecasting framework were therefore 

selected from the available database tables rather than 

being assumed to exist in a single source file. 

Category 
Dataset 

Variable 

Unit / 

Representation 
Role 

Animal Body Weight kg Input 

Animal 
Body Condition 

Score 
Dataset-specific Input 

Production 
Milk 

Production 
kg/day Input 

Production Days in Milk days Input 

Feeding 
Dry Matter 

Intake 
kg/day Input 

Feeding Nutrient Intake kg/day or g/day Input 

Diet 
Dietary 

Ingredients 

Ingredient-

specific 
Input 

Diet 
Ingredient 

Inclusion 
Dataset-specific Input 

Milk 

Composition 
Milk Fat % Target 
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Category 
Dataset 

Variable 

Unit / 

Representation 
Role 

Milk 

Composition 
Milk Protein % 

Supporting 

Variable 

Milk 

Composition 
Lactose % 

Supporting 

Variable 

Environment Temperature °C Input 

Environment 
Relative 

Humidity 
% Input 

The NANP database contains multiple component 

datasets. For example, the dairy information derived 

from the NRC dairy database contains 550 

observations for dry-matter intake, with a mean of 

19.7 kg/day and a range of 5.8–30.4 kg/day; 457 

body-weight observations, with a mean of 598 kg and 

a range of 464–788 kg; 401 days-in-milk 

observations, with a mean of 106 days and a range of 

0–323 days; and 456 milk-production observations, 

with a mean of 29.0 kg/day and a range of 0–47.0 

kg/day. The same source reports 408 milk-fat 

observations, with a mean milk-fat value of 3.59%, a 

standard deviation of 0.50%, and a range of 2.11–

4.86%.These values demonstrate that the selected 

public database contains real dairy-cow observations 

covering the major nutritional, animal, production, 

and milk-composition variables required for the 

proposed modelling framework. 

B.SNF Reference Data 

Because the NANP MilkComp table explicitly 

documents milk fat, protein, and lactose rather than a 

dedicated SNF variable, SNF was not treated as an 

available NANP variable without verification. To 

provide an independently documented reference for 

the SNF component of the research problem, the 

study also considered the publicly accessible Indian 

dairy study conducted in Wayanad, Kerala.The 

Wayanad study investigated 268 crossbred cows from 

five centres and analysed 929 milk samples for milk 

fat, SNF, and total solids at different stages of 

lactation. The reported overall least-squares means 

were 3.515% for milk fat and 8.359% for SNF, while 

the mean peak milk yield was 10.627 kg/day and the 

mean lactation milk yield was 2,118.796 kg.The 

Wayanad data are therefore useful as an independent 

reference source for the expected range and 

distribution of milk-fat and SNF measurements, but 

they are not treated as though they contain the 

complete NANP feeding and environmental feature 

set.Accordingly, the experimental design 

distinguishes between: 

1. NANP animal-performance data — primary source 

for feeding, animal, production, environmental, and 

milk-composition variables. 

2. Wayanad milk-quality observations — independent 

Indian reference for measured milk-fat and SNF 

characteristics. 

This separation prevents the creation of artificial 

input-target relationships by combining variables that 

were not actually measured together. 

C.Dataset Organization 

The data were organized according to the common 

observation identifiers available in the source tables. 

Variables belonging to the same animal, experiment, 

treatment, and measurement period were associated 

before model development. Records without the 

required target measurement were excluded from 

supervised-learning samples. 

The resulting modelling table was structured 

conceptually as: 

Animal/Farm Information + Feeding Information + 

Production Information + Environmental Information 

→ Milk-Quality Target The primary milk-quality 

target available directly in the NANP database was 

milk fat (%). SNF was retained as a separate target 

only where an original source explicitly reported 

measured SNF values, such as the Wayanad dataset. 

No SNF values were artificially calculated or inserted 

into records that did not contain an appropriate source 

measurement. 

D. Training and Testing Split 

For the neural-network experiment, the observations 

containing the required input and target variables 

were divided into training, validation, and testing 

subsets. The division was performed before model 

fitting so that information from the final test 

observations did not influence the learned network 

parameters.A 70:15:15 division was used for training, 

validation, and testing, respectively. The training 

subset was used to learn the weights and biases of the 

MLP-DNN, the validation subset was used to monitor 

model performance during model development, and 

the independent test subset was reserved for the final 

performance assessment. 

Feature-standardization parameters were calculated 

only from the training data. For a feature xᵢⱼ, the 

standardized value was calculated as: 

zᵢⱼ = (xᵢⱼ − μⱼ) / σⱼ 

where xᵢⱼ is the original value of feature j for 

observation i, μⱼ is the training-set mean of feature j, 

and σⱼ is the corresponding training-set standard 

deviation.The same training-derived μⱼ and σⱼ values 

were subsequently applied to the validation and test 

observations. This procedure prevents statistical 
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information from the test set from being incorporated 

into the training process.For comparison with 

established dairy-machine-learning research, the 

University of Melbourne robotic-dairy study used a 

70% training and 30% testing division and analysed 

four years of data from 312 Holstein-Friesian cows, 

resulting in 665,836 observations in its general 

model. The reported study predicted milk yield, milk 

fat, milk protein, and concentrate feed intake using 

cow and environmental information. This work 

therefore provides a useful methodological 

benchmark for the present MLP-DNN experiment. 

E. Hardware and Software Environment 

The proposed neural-network framework was 

implemented using a Python-based machine-learning 

environment. The software configuration consisted of 

the following core libraries: 

Component Software 

Programming Language Python 

Numerical Computation NumPy 

Data Processing Pandas 

Machine-Learning Preprocessing 

and Metrics 
Scikit-learn 

Neural-Network Implementation TensorFlow/Keras 

Data Visualization Matplotlib 

The experimental workflow consisted of dataset 

loading, data integration, missing-value handling, 

categorical-data transformation where required, 

feature standardization, neural-network training, 

prediction generation, and regression-metric 

calculation.The model was evaluated using software-

based numerical computation rather than relying on 

specialized dairy-farm hardware. Consequently, the 

results are reproducible on a conventional Python 

machine-learning environment without requiring a 

robotic milking system or dedicated agricultural 

sensing hardware. 

 F. Model Configuration 

The proposed forecasting model was implemented as 

a multi-output Multi-Layer Perceptron Deep Neural 

Network (MLP-DNN). The architecture consisted of 

an input layer, three fully connected hidden layers, 

and a two-neuron output layer. 

The hidden layers used the Rectified Linear Unit 

(ReLU) activation function: 

ReLU(x) = max(0, x) 

The two output neurons represented the two 

continuous milk-quality predictions: 

ŷᵢ,Fat = predicted milk fat (%) 

ŷᵢ,SNF = predicted SNF (%) 

A linear output activation was selected because milk 

fat and SNF are continuous regression quantities. 

The principal model configuration was: 

Parameter Configuration 

Model Multi-output MLP-DNN 

Hidden Layers 3 

Hidden Activation ReLU 

Output Neurons 2 

Output Activation Linear 

Loss Function Mean Squared Error (MSE) 

Optimizer Adam 

Learning-Rate Strategy Adam-based Optimization 

Prediction Type Multi-output Regression 

Target Variables Milk Fat (%) and SNF (%) 

The three-hidden-layer architecture was selected to 

provide sufficient nonlinear modelling capacity for 

the relationships between nutritional, animal, 

environmental, and production variables and milk-

quality outcomes. 

The training objective was to minimize the combined 

squared prediction error of the two outputs: 

 

L = (1 / 2N) Σᵢ₌₁ᴺ [(yᵢ,Fat − ŷᵢ,Fat)² + (yᵢ,SNF − 

ŷᵢ,SNF)²] 

where N represents the number of training 

observations, yᵢ,Fat and yᵢ,SNF represent the 

measured milk-fat and SNF values, and ŷᵢ,Fat and 

ŷᵢ,SNF represent the corresponding network 

predictions.The Adam optimizer was used to update 

the trainable parameters during backpropagation. The 

optimization procedure used the gradient of the loss 

function with respect to each trainable parameter and 

adaptively adjusted the parameter updates during 

training. 

G. Evaluation Metrics 

The predictive performance of the proposed model 

was evaluated using Mean Absolute Error (MAE), 

Mean Squared Error (MSE), Root Mean Squared 

Error (RMSE), and coefficient of determination (R²). 
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The metrics were calculated separately for milk fat 

and SNF. 

Mean Absolute Error 

MAE = (1/N) Σᵢ₌₁ᴺ |yᵢ − ŷᵢ| 

For milk fat: 

MAE₍Fat₎ = (1/N) Σᵢ₌₁ᴺ |yᵢ,Fat − ŷᵢ,Fat| 

For SNF: 

MAE₍SNF₎ = (1/N) Σᵢ₌₁ᴺ |yᵢ,SNF − ŷᵢ,SNF| 

MAE represents the average magnitude of the 

prediction error and is expressed in the same unit as 

the corresponding target. Lower MAE values indicate 

better predictive accuracy. 

 Mean Squared Error 

MSE = (1/N) Σᵢ₌₁ᴺ (yᵢ − ŷᵢ)² 

For milk fat: 

MSE₍Fat₎ = (1/N) Σᵢ₌₁ᴺ (yᵢ,Fat − ŷᵢ,Fat)² 

For SNF: 

MSE₍SNF₎ = (1/N) Σᵢ₌₁ᴺ (yᵢ,SNF − ŷᵢ,SNF)² 

MSE gives greater influence to larger prediction 

errors because the individual errors are squared. 

Lower MSE values therefore indicate better model 

performance. 

Root Mean Squared Error 

RMSE = √[(1/N) Σᵢ₌₁ᴺ (yᵢ − ŷᵢ)²] 

For milk fat: 

RMSE₍Fat₎ = √[(1/N) Σᵢ₌₁ᴺ (yᵢ,Fat − ŷᵢ,Fat)²] 

For SNF: 

RMSE₍SNF₎ = √[(1/N) Σᵢ₌₁ᴺ (yᵢ,SNF − ŷᵢ,SNF)²] 

RMSE is expressed in the original unit of the target 

variable and therefore provides an interpretable 

measure of the typical magnitude of prediction error. 

Coefficient of Determination 

The coefficient of determination was calculated as: 

 

R² = 1 − [Σᵢ₌₁ᴺ (yᵢ − ŷᵢ)² / Σᵢ₌₁ᴺ (yᵢ − ȳ)²] 

where ȳ represents the mean of the measured target 

values. 

For milk fat: 

R²₍Fat₎ = 1 − [Σᵢ₌₁ᴺ (yᵢ,Fat − ŷᵢ,Fat)² / Σᵢ₌₁ᴺ (yᵢ,Fat − 

ȳ₍Fat₎)²] 

For SNF: 

R²₍SNF₎ = 1 − [Σᵢ₌₁ᴺ (yᵢ,SNF − ŷᵢ,SNF)² / Σᵢ₌₁ᴺ 

(yᵢ,SNF − ȳ₍SNF₎)²] 

An R² value closer to 1 indicates that the model 

explains a larger proportion of the variation in the 

observed target values. 

 H. Evaluation Procedure 

After completion of model training, the independent 

test observations were passed through the same 

preprocessing pipeline used for the training data. The 

trained MLP-DNN then generated simultaneous 

predictions for the target milk-quality variables.For 

each test observation, the predicted value was 

compared with the corresponding measured value. 

MAE, MSE, RMSE, and R² were calculated 

separately for milk fat and SNF.Particular attention 

was given to preventing data leakage. Information 

from the independent test observations was not used 

to calculate training-set normalization parameters or 

to update the neural-network weights.The 

experimental results obtained from the independent 

test data are presented in the following section. The 

results are used to determine the predictive capability 

of the proposed MLP-DNN and to examine its 

suitability for forecasting dairy milk-quality 

characteristics. 

VIII. RESULTS AND DISCUSSION 

The proposed Multi-Layer Perceptron Deep Neural 

Network (MLP-DNN) was evaluated for the 

simultaneous prediction of milk fat (%) and solids-

not-fat (SNF) (%) using nutritional, animal-related, 

environmental, and milk-production parameters. To 

assess the effectiveness of the proposed approach, its 

performance was compared with Linear Regression, 

Random Forest Regression, Support Vector 

Regression (SVR), and XGBoost Regression using 

the same test observations. The models were 

evaluated using Mean Absolute Error (MAE), Mean 

Squared Error (MSE), Root Mean Squared Error 

(RMSE), and coefficient of determination (R²). 

Lower MAE, MSE, and RMSE values indicate lower 

prediction errors, whereas a higher R² value indicates 

better agreement between predicted and measured 

values. The numerical values presented in this section 
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are synthetic values intended to demonstrate the 

evaluation framework and should be replaced with 

results obtained from the actual experimental dataset 

before publication. 

A.Milk-Fat Prediction 

The milk-fat prediction performance of the evaluated 

models is presented in Table  

Model 
MAE – 

Fat (%) 

MSE – 

Fat 

(%²) 

RMSE – 

Fat (%) 
R² – 

Fat 

Linear 

Regression 
0.284 0.126 0.355 0.782 

Random Forest 0.192 0.061 0.247 0.894 

Support Vector 

Regression 
0.174 0.048 0.219 0.916 

XGBoost 0.158 0.039 0.198 0.932 

Proposed 

MLP-DNN 
0.121 0.024 0.155 0.958 

The results in Table 5 show that the proposed MLP-

DNN achieved the lowest prediction errors and the 

highest R² value among the evaluated models. The 

model obtained an MAE of 0.121 percentage points 

and an RMSE of 0.155 percentage points for milk-fat 

prediction. The R² value of 0.958 indicates that 

approximately 95.8% of the variation in the test 

observations is explained by the model under this 

illustrative evaluation. XGBoost provided the second-

best performance, followed by SVR, Random Forest, 

and Linear Regression. The improvement obtained by 

the MLP-DNN suggests that its nonlinear hidden-

layer structure can effectively represent complex 

relationships among the input variables and milk-fat 

content. 

B.SNF Prediction 

The performance of the evaluated models for SNF 

prediction is presented in Table 6. 

Model 
MAE – 

SNF 

(%) 

MSE – 

SNF 

(%²) 

RMSE – 

SNF (%) 
R² – 

SNF 

Linear 

Regression 
0.241 0.086 0.293 0.741 

Random Forest 0.168 0.043 0.207 0.871 

Support Vector 

Regression 
0.151 0.036 0.190 0.902 

XGBoost 0.136 0.029 0.170 0.919 

Proposed 

MLP-DNN 
0.108 0.019 0.138 0.947 

As shown in Table 6, the proposed MLP-DNN also 

produced the best performance for SNF prediction. It 

achieved an MAE of 0.108 percentage points, an 

MSE of 0.019 %², an RMSE of 0.138 percentage 

points, and an R² of 0.947. These results indicate a 

close relationship between the predicted and 

measured SNF values in the illustrative evaluation. 

Similar to the milk-fat results, XGBoost performed 

better than the other conventional machine-learning 

models, while Linear Regression produced the 

highest prediction error. The results indicate that the 

nonlinear learning capability of the MLP-DNN can 

be beneficial when multiple dairy-farm factors jointly 

influence milk composition. 

C. Overall Model Comparison 

The overall performance of the evaluated models for 

both prediction targets is summarized in Table 7. 

Model 
Fat 

MAE 
Fat 

RMSE 
Fat 

R² 
SNF 

MAE 
SNF 

RMSE 
SNF 

R² 

Linear 

Regression 
0.284 0.355 0.782 0.241 0.293 0.741 

Random 

Forest 
0.192 0.247 0.894 0.168 0.207 0.871 

SVR 0.174 0.219 0.916 0.151 0.190 0.902 

XGBoost 0.158 0.198 0.932 0.136 0.170 0.919 

Proposed 

MLP-

DNN 
0.121 0.155 0.958 0.108 0.138 0.947 

The comparison in Table 7 shows that the proposed 

MLP-DNN achieved the best overall performance for 

both milk-fat and SNF prediction. Compared with 

Linear Regression, the proposed model produced 

considerably lower prediction errors and higher R² 

values. The conventional machine-learning methods, 

particularly XGBoost and SVR, also demonstrated 

strong performance, but their errors remained higher 

than those of the proposed neural network. This 

indicates that the MLP-DNN was able to capture 

complex nonlinear relationships between nutritional, 

animal-related, environmental, and production 

parameters more effectively under the illustrative 

evaluation. 

D. Actual Versus Predicted Values 

The actual-versus-predicted analysis provides a visual 

assessment of the agreement between the measured 

and predicted milk-quality values. Ideally, the 

predicted observations should be distributed close to 
the 45° reference line, which is represented by 
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where  represents the actual measured value 

represents the predicted value. A prediction point 

located close to the reference line indicates a small 

prediction error, whereas a larger distance from the 

line represents a larger deviation. For the proposed 

MLP-DNN, the illustrative results assume that the 

predicted milk-fat and SNF values are closely 

distributed around this reference relationship, 

indicating good agreement between the predicted and 

measured values. 

E.Mean Absolute Error 

The proposed MLP-DNN obtained an illustrative 

MAE of 0.121% for milk fat and 0.108% for SNF. 

MAE represents the average absolute difference 

between the actual and predicted values and provides 

an easily interpretable measure of prediction error. 

The lower MAE obtained for SNF indicates that the 

model produced slightly smaller average absolute 

deviations for SNF than for milk fat under the 

illustrative evaluation. 

F. Mean Squared Error 

The MLP-DNN produced illustrative MSE values of 

0.024 %² for milk fat and 0.019 %² for SNF. MSE 

measures the average squared difference between 

actual and predicted values and gives greater 

importance to larger prediction errors. The relatively 

low MSE values indicate that the illustrative 

predictions contain limited large deviations from the 

corresponding measured values. 

G. Root Mean Squared Error 

The proposed model achieved illustrative RMSE 

values of 0.155 percentage points for milk fat and 

0.138 percentage points for SNF. RMSE represents 

the square root of the average squared prediction 

error and is expressed in the same unit as the 

predicted variable. The lower RMSE obtained for 

SNF indicates slightly smaller prediction deviations 

compared with milk fat. The relatively close 

relationship between MAE and RMSE also suggests 

that the illustrative predictions do not contain 

substantial extreme errors. 

H. Coefficient of Determination 

The proposed MLP-DNN achieved illustrative R² 

values of 0.958 for milk fat and 0.947 for SNF. The 

coefficient of determination represents the proportion 

of variation in the target variable explained by the 

prediction model. The higher R² obtained for milk fat 

indicates slightly stronger predictive performance for 

milk-fat variation than for SNF variation under the 

illustrative dataset configuration. Both values indicate 

a strong level of agreement between the model 

predictions and the corresponding observations in this 

demonstration. 

I.Discussion of Prediction Performance 

The comparative results demonstrate the potential of 

the proposed multi-output MLP-DNN for 

simultaneous forecasting of milk fat and SNF. The 

model achieved lower MAE, MSE, and RMSE values 

and higher R² values than the comparison methods 

for both target variables in the illustrative evaluation. 

The performance improvement over Linear 

Regression highlights the importance of modeling 

nonlinear relationships among feeding conditions, 

cow characteristics, environmental factors, and milk-

production parameters. Random Forest, SVR, and 

XGBoost also provided improved results compared 

with Linear Regression, demonstrating that nonlinear 

machine-learning methods are more suitable for this 

type of prediction problem. However, the proposed 

MLP-DNN produced the strongest overall results 

because its multiple hidden layers can learn complex 

feature interactions and shared representations for the 

two milk-quality outputs. The use of multiple 

evaluation metrics further provides a balanced 

assessment of model performance, since low error 

values demonstrate prediction accuracy while a high 

R² indicates that the model explains a large 

proportion of the observed variation. Overall, the 

illustrative findings indicate that the proposed MLP-

DNN is a promising framework for simultaneous 

prediction of milk fat and SNF from dairy-farm 

parameters. However, the numerical values reported 

here are synthetic and must be replaced with 

experimentally obtained results before the work is 

submitted for publication. 

IX. CONCLUSION 

This study presented a Multi-Output Multi-Layer 

Perceptron Deep Neural Network (MLP-DNN) 

framework for forecasting important milk-quality 

characteristics, particularly milk fat (%) and solids-

not-fat (SNF) (%), using cow feeding, animal, 

environmental, and production-related parameters. 

The proposed approach integrates multiple 

influencing factors into a single predictive 

framework, allowing the model to learn complex and 

nonlinear relationships between dairy-cow conditions 

and milk composition.The developed MLP-DNN uses 

multiple hidden layers with ReLU activation and a 

linear output layer containing two neurons 

corresponding to milk fat and SNF. Appropriate 

preprocessing, feature transformation, model training, 

and regression-based evaluation metrics such as 

MAE, MSE, RMSE, and R² were considered to assess 

prediction performance. The multi-output structure 

also provides the advantage of predicting both milk-
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quality parameters simultaneously rather than 

developing completely independent models for each 

target.Based on the illustrative synthetic results used 

in this study, the proposed MLP-DNN demonstrated 

lower prediction errors and higher R² values than the 

selected baseline models, including Linear 

Regression, Random Forest, SVR, and XGBoost. The 

hypothetical results indicate the potential of deep 

neural networks to capture nonlinear interactions 

among nutritional, physiological, environmental, and 

production variables that may influence milk 

composition. However, these numerical results are 

intended only for demonstrating the evaluation 

framework and must be replaced with results 

obtained from the actual experimental dataset before 

publication.Overall, the proposed framework 

provides a promising foundation for AI-assisted dairy 

management and milk-quality forecasting. By 

estimating milk fat and SNF from routinely 

measurable cow and farm parameters, such a system 

could support better feeding decisions, early 

identification of changes in milk composition, and 

more efficient dairy production management. Future 

work should focus on training and validating the 

model using a sufficiently large real-world dataset 

containing synchronized feeding, cow, 

environmental, production, fat, and SNF 

measurements. Further improvements can include 

hyperparameter optimization, explainable AI 

techniques, real-time sensor integration, larger multi-

farm datasets, and deployment through a practical 

web- or IoT-based decision-support system. 

X. FUTURE SCOPE 

The proposed MLP-DNN framework provides a 

foundation for intelligent prediction of milk fat and 

solids-not-fat (SNF), but several opportunities remain 

for further development. Future research can focus on 

collecting larger, long-term, and more diverse dairy 

datasets covering different breeds, age groups, 

lactation stages, farms, feeding systems, climatic 

conditions, and geographical regions. Such datasets 

can help improve the robustness and generalization 

capability of the prediction model under real-world 

conditions. Continuous data collection over different 

seasons can also be used to study the effect of 

seasonal changes and environmental stress on milk 

composition. In addition, individual cow history can 

be incorporated into the model to capture changes in 

milk quality throughout the complete lactation 

cycle.The proposed system can also be integrated 

with Internet of Things (IoT) devices and smart dairy-

farm equipment for real-time data acquisition. 

Sensors can be used to continuously collect 

parameters such as ambient temperature, relative 

humidity, body temperature, activity level, feed 

intake, water consumption, milk yield, and other 

physiological indicators. These real-time observations 

can be directly supplied to the trained model to 

generate continuous milk-quality predictions. Edge 

computing can be explored to perform predictions 

closer to the farm, reducing communication delays 

and dependence on continuous cloud connectivity. 

Cloud-based deployment can additionally support 

centralized storage, monitoring, model updates, and 

analysis of data from multiple farms.From the 

machine-learning perspective, future studies can 

investigate advanced architectures such as Long 

Short-Term Memory (LSTM), Gated Recurrent Unit 

(GRU), Transformer-based networks, Convolutional 

Neural Networks (CNN), and hybrid deep-learning 

models. These approaches may be particularly useful 

for learning temporal patterns from repeated 

observations of individual cows. Ensemble and 

hybrid models combining MLP-DNN with tree-based 

algorithms such as Random Forest and XGBoost can 

also be investigated to determine whether combining 

different learning strategies improves prediction 

accuracy. Automated hyperparameter optimization 

can be further enhanced through Bayesian 

Optimization, evolutionary algorithms, or other 

intelligent optimization techniques.Future work can 

extend the prediction targets beyond milk fat and 

SNF. Additional milk-quality characteristics such as 

protein, lactose, total solids, milk density, acidity, 

electrical conductivity, and somatic cell count can be 

included to develop a comprehensive multi-output 

milk-quality prediction system. The framework can 

also be extended to predict milk yield, feed 

efficiency, nutritional status, heat-stress conditions, 

and other production-related indicators. Combining 

these outputs within a single intelligent system could 

provide a broader understanding of the relationship 

between animal management, environmental 

conditions, nutrition, and milk 

production.Explainable Artificial Intelligence (XAI) 

can also be incorporated to improve the 

interpretability of the proposed model. Techniques 

such as SHAP, LIME, and feature-importance 

analysis can be used to determine which nutritional, 

animal, environmental, and production variables have 

the greatest influence on milk-fat and SNF 

predictions. This information can help farmers and 

dairy managers understand the reasons behind model 

predictions rather than relying only on the numerical 

output. Counterfactual analysis can further be 

explored to identify possible changes in feeding or 

environmental conditions that may improve predicted 

milk quality.Another important direction is 

personalized prediction at the individual-cow level. 

Instead of applying a single generalized model to all 

animals, future systems can use historical records to 

adapt predictions according to the characteristics and 

production patterns of individual cows. Transfer 

learning and incremental learning can be investigated 

to update the model when new farm data become 

available without completely retraining the system. 

Federated learning can also be explored when data 

from different farms cannot be centrally shared, 
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allowing models to learn from distributed datasets 

while improving data privacy.The future system can 

further develop from a prediction-only model into a 

decision-support system. Based on predicted milk 

quality, the system could provide recommendations 

related to feeding management, environmental 

control, heat-stress reduction, water availability, and 

production planning. For example, predicted changes 

in milk composition could be used to identify the 

need for further investigation of feeding or 

environmental conditions. Such recommendations 

should be validated with domain experts and 

controlled field experiments before being used for 

operational decisions.The framework can also 

contribute to sustainable dairy farming by linking 

milk-quality prediction with resource-efficiency 

measures. Future studies can investigate relationships 

between feed utilization, water consumption, 

environmental stress, milk production, and milk 

composition. This could support strategies for 

improving production efficiency while reducing 

unnecessary resource consumption. Integration with 

farm-management platforms could allow farmers to 

monitor historical trends, compare animals, identify 

abnormal patterns, and evaluate the effects of 

management changes over time.For practical 

deployment, the proposed model can be developed as 

a web-based or mobile application that provides 

dashboards for farmers, veterinarians, dairy 

managers, and milk-collection centers. The interface 

can display real-time sensor readings, predicted milk 

fat and SNF values, historical trends, model 

confidence information, and warning notifications. 

Automated reporting can also be introduced to 

support quality monitoring and farm-level decision 

making. Model performance can be evaluated 

continuously after deployment to identify changes in 

prediction accuracy caused by new breeds, seasonal 

conditions, feeding practices, or changes in sensor 

characteristics.Finally, future research should validate 

the proposed framework using real-world field trials 

and independently collected datasets. Cross-farm and 

cross-region validation should be performed to 

determine whether the model maintains its 

performance under different operating conditions. 

Statistical significance testing, uncertainty estimation, 

confidence intervals, and repeated experiments can 

also be incorporated to provide stronger evidence of 

model reliability. The long-term objective is to 

develop a reliable, explainable, real-time, and 

scalable intelligent dairy-management framework 

capable of connecting data acquisition, milk-quality 

forecasting, animal monitoring, farm management, 

and sustainable production into a unified system. 
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