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Abstract: Food wastage remains a significant challenge in 

the food service industry, particularly for small 

businesses that rely on manual estimation techniques for 

demand forecasting. Inaccurate predictions often lead to 

overproduction or underproduction, resulting in 

financial losses and reduced customer satisfaction. This 

study proposes a machine learning-based approach to 

predict daily food demand using historical sales data and 

relevant temporal features. Multiple models, including 

Linear Regression, Decision Tree, Random Forest, and 

XGBoost, are evaluated to identify the most effective 

method. The results indicate that ensemble learning 

models provide higher prediction accuracy compared to 

traditional techniques. The proposed framework offers a 

practical and efficient solution for small food businesses 

to optimize inventory, reduce waste, and improve 

decision-making.  

Index Terms: Demand Forecasting, Food Waste 

Reduction, Inventory Optimization, Machine Learning, 

Predictive Analytics, Random Forest, Small Businesses, 

XGBoost.    

I. INTRODUCTION 

Food waste has become a pressing global issue with 

serious economic, environmental, and social 

implications. According to global reports, a significant 

portion of food produced for consumption is wasted 

across various stages of the supply chain, with the food 

service sector being a major contributor [1], [2]. One 

of the primary reasons for this inefficiency is the 

inability to accurately forecast customer demand.  

Small and medium-sized food businesses often rely on 

heuristic or experienced-based methods to estimate 

demand. While such approaches may provide 

approximate predictions, they fail to account for 

dynamic factors such as seasonal variations, day-of-

week trends, and external influences. This results in 

frequent mismatches between supply and demand, 

leading to either surplus food that is discarded or 

shortages that impact customer satisfaction.  

Recent advancements in machine learning have 

introduced powerful tools for analyzing complex 

datasets and identifying hidden patterns. Unlike 

traditional statistical methods, machine learning models 

can capture nonlinear relationships and interactions 

among variables, making them highly suitable for 

demand forecasting applications [8], [10]. This study 

aims to leverage these capabilities to develop a 

predictive system tailored for small food businesses.  

II. PROBLEM STATEMENT 

Accurate demand forecasting remains a major challenge 

for small food businesses due to variability in customer 

demand and lack of structured data analysis. Traditional 

estimation techniques often lead to inconsistent 

outcomes, resulting in either surplus food or unmet 

demand.  

Overproduction contributes to increased operational 

costs and environmental impact, while underproduction 

leads to lost revenue and reduced customer satisfaction. 

The absence of an intelligent forecasting system further 

amplifies these issues.  

Therefore, there is a need for a reliable and cost-

effective solution that can predict daily food demand 

accurately and assist businesses in optimizing their 

operations.  

III.LITERATURE REVIEW 

 

Demand forecasting has been a critical area of study 

across various domains, including retail, supply chain 

management, and the food service industry. Traditional 

approaches to forecasting have largely relied on 
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statistical and time-series models such as 

Autoregressive Integrated Moving Average (ARIMA) 

and exponential smoothing techniques. These models 

are effective in capturing linear relationships and 

temporal dependencies in structured datasets. 

However, they often struggle to model complex 

nonlinear patterns and interactions among variables, 

which are commonly observed in real-world demand 

data [5].  

With the advancement of computational capabilities, 

machine learning techniques have gained significant 

attention as alternatives to traditional forecasting 

methods. Machine learning models are capable of 

learning complex relationships directly from data 

without requiring explicit assumptions about the 

underlying distribution. Studies have shown that these 

models outperform classical statistical approaches in 

scenarios involving high variability and multiple 

influencing factors [8], [10].  

Among machine learning techniques, ensemble 

methods such as Random Forest have demonstrated 

strong performance in predictive analytics. Random 

Forest operates by constructing multiple decision trees 

and aggregating their outputs, thereby reducing 

variance and improving generalization [3]. This makes 

it particularly suitable for demand forecasting tasks 

where data may be noisy or contain outliers. Similarly, 

gradient boosting techniques, especially XGBoost, 

have gained popularity due to their ability to 

iteratively improve model performance by focusing on 

previously incorrect observations [4]. XGBoost has 

been widely applied in structured data problems and 

has consistently achieved high accuracy in forecasting 

applications.  

In addition to model selection, feature engineering 

plays a crucial role in improving forecasting accuracy. 

Time-based features such as day-of-week, seasonal 

indicators, and lag variables have been shown to 

significantly enhance model performance by capturing 

temporal dependencies and recurring patterns [10]. 

Rolling averages and trend-based features further help 

in smoothing short-term fluctuations and identifying 

long-term trends.  

Recent research has also explored the application of 

machine learning in reducing food waste within the 

food service industry. Studies published in 

sustainability-focused journals highlight the potential of 

predictive analytics in optimizing inventory 

management and minimizing waste generation [11]. 

These studies emphasize that accurate demand 

forecasting can significantly reduce excess food 

preparation, thereby contributing to environmental 

sustainability and cost savings.  

However, most of these studies focus on large-scale 

restaurant chains and industrial food production 

systems. Such organizations typically have access to 

extensive datasets, advanced infrastructure, and 

dedicated analytics teams. As a result, the proposed 

solutions often involve complex models and high 

computational requirements, which may not be feasible 

for small and medium-sized food businesses.  

Furthermore, there is limited research addressing the 

challenges associated with limited data availability, 

which is a common constraint in small-scale operations. 

Many machine learning models require large volumes of 

data to perform effectively, and their performance may 

degrade when applied to smaller datasets. This 

highlights the need for lightweight and scalable 

solutions that can operate efficiently with limited data 

while still maintaining acceptable levels of accuracy.  

In summary, while machine learning has demonstrated 

significant potential in demand forecasting and food 

waste reduction, there remains a clear gap in the 

development of practical and accessible solutions for 

small food businesses. This study aims to address this 

gap by proposing a simplified, yet effective machine 

learning framework tailored to the needs and constraints 

of small-scale operations.  

IV. PROPOSED METHODOLOGY 

 

The proposed methodology is designed to develop a 

robust and scalable machine learning framework for 

predicting daily food demand. The approach follows a 

systematic pipeline that transforms raw data into 

actionable insights through multiple stages of processing 

and analysis. This structured approach ensures that the 

system can effectively learn from historical patterns and 

generate accurate demand forecasts, thereby supporting 

decision-making in small food businesses.  



© April 2026| IJIRT | Volume 12 Issue 11 | ISSN: 2349-6002 

IJIRT 197949 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 7049 

4.1 System Architecture  

  
The overall system is structured as a supervised 

learning pipeline in which historical sales data is used 

to train predictive models. The pipeline consists of 

data acquisition, preprocessing, feature engineering, 

model training, evaluation, and deployment. Each 

stage in the pipeline performs a specific function, 

contributing to the overall effectiveness of the system.  

The modular architecture ensures flexibility, allowing 

individual components to be improved or replaced 

without affecting the entire system. This design is 

particularly beneficial for small-scale applications, 

where simplicity and adaptability are essential. The 

structured pipeline also aligns with standard practices 

in machine learning system design, ensuring 

reliability and scalability in real-world 

implementations.  

A diagram illustrating the machine learning pipeline, 

including stages such as data input, preprocessing, 

feature engineering, model training, evaluation, and 

prediction output, should be included at this point to 

provide a visual representation of the workflow.  

4.2 Data Collection and Dataset Description  

The dataset used in this study consists of daily food 

sales records obtained from a restaurant environment 

or synthetically generated to emulate realistic demand 

patterns. Each record includes attributes such as date, 

quantity sold, and contextual variables, including the 

day of the week and holiday indicators. These features 

play a crucial role in capturing fluctuations in 

customer demand.  

The dataset exhibits time-series characteristics, 

wherein observations are sequentially dependent. Such 

temporal dependency necessitates careful handling 

during model training to prevent data leakage, 

ensuring that future information does not influence 

past predictions. Proper management of time-series 

data is essential for preserving the integrity of the 

forecasting process and producing reliable results.  

Data preprocessing is a vital step undertaken to enhance 

data quality and maintain consistency. Missing values 

are addressed using appropriate imputation techniques: 

numerical variables are imputed using mean or median 

values, while categorical variables are replaced with the 

mode. This approach prevents unnecessary data loss and 

maintains dataset continuity.  

Outliers are detected using statistical methods such as 

the interquartile range (IQR) technique. Extreme values 

that may adversely impact model performance are either 

removed or capped within acceptable thresholds. This 

step is critical to ensure that the model is not unduly 

influenced by anomalous observations.  

Categorical variables are converted into numerical 

representations using encoding methods such as label 

encoding or one-hot encoding. Furthermore, 

normalization is applied to scale numerical features 

within a standard range, thereby improving the 

efficiency and convergence of machine learning 

algorithms. These preprocessing techniques are widely 

adopted in predictive modeling to enhance data quality 

and optimize model performance [7], [16].  

4.4 Feature Engineering  
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Feature engineering is a key component of the 

proposed methodology, as it enhances the model’s 

ability to capture underlying patterns in the data. The 

creation of meaningful features allows the model to 

better understand temporal trends and customer 

behavior.  

Lag features are introduced to incorporate past 

observations into the model. These include previous 

day sales and sales from the same day in the previous 

week. Such features enable the model to learn temporal 

dependencies and recurring patterns, which are critical 

for time-series forecasting.  

Rolling statistics, such as moving averages, are 

computed to smooth short-term fluctuations and 

highlight long-term trends. A 7-day moving average 

captures weekly patterns, while a 14-day moving 

average captures broader trends. These features help 

reduce noise and improve prediction stability.  

Time-based features are extracted from the date 

variable, including the day of the week, month, and 

seasonal indicators. These features allow the model to 

account for periodic variations in demand. Binary 

indicators for weekends and holidays are also 

included, as these factors significantly influence 

customer behavior and purchasing patterns.  

A diagram illustrating the feature engineering process, 

including the transformation of raw data into 

engineered features such as lag variables and rolling 

averages, should be included here to provide clarity.  

4.5 Model Development  

Several machine learning models are considered and 

tested to determine their efficacy in forecasting 

demands. Linear Regression is used as a simple model 

that can be used to explain some of the results 

obtained. But this model only works if there is a linear 

relationship between the dependent variables and 

independent variables.  

The use of Decision Trees as models allows capturing 

non-linearities by recursively splitting data into 

various groups using different feature splits. Though 

more flexible than the above models, they are easily 

susceptible to overfitting, especially for smaller datasets.  

Random Forest uses several Decision Trees and then 

combines the outcomes of each tree to come up with a 

final solution. In doing this, it reduces variance and 

makes generalization easier [3].  

XGBoost is an improvement of gradient boosting in the 

sense that it uses previously generated weak learners to 

improve their weaknesses. XGBoost has proven to be 

very efficient and accurate, especially for structured data 

sets [4].  

4.6 Training and Validation Strategy  

The dataset is split into a training set and a test set based 

on the timeline to ensure chronological consistency. This 

helps avoid data leakage and provides a realistic 

evaluation of the model's performance.   

Cross-validation is used to enhance model generalization 

and improve reliability.   

Grid Search is used to tune hyperparameters in the model 

to achieve the best possible performance. This process is 

necessary for improving model stability and reliability 

across varying datasets [16].  

 4.7 Model Evaluation Metrics   

 Model evaluation uses several metrics to ensure a 

thorough and comprehensive analysis. The mean 

absolute error (MAE) metric is used to determine the 

average magnitude of prediction errors, which makes it 

easier to understand the model's accuracy.  

 Root mean squared error (RMSE) evaluates models by 

assigning higher penalties to bigger errors, making it 

ideal for selecting models with minimal deviation. 

Finally, the coefficient of determination (R²) metric 

indicates how well the model fits the dataset by 

explaining the data variability.  

4.8 System Output and Decision Support  
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The output at the end of the system is the prediction of 

daily food demand. From this data, the system will 

provide guidance on the amount of food that needs to 

be prepared to optimize preparation. This can help 

businesses ensure that their preparation meets their 

demand and minimizes wastage.  

 An illustration showing the steps involved in deciding 

based on the difference between the prediction of 

demand and preparation will have to be provided.   

V. RESULTS 

This experimental study proves that machine learning 

models can make precise predictions about daily food 

demand based on the information about previous sales. 

The best prediction was made by ensemble models 

like XGBoost and Random Forest; they outperformed 

linear regression and decision tree algorithms in all 

aspects [3], [4].  

 In particular, XGBoost demonstrated the lowest value 

of both error metrics – MAE and RMSE – and the best 

value of R² score among all other algorithms used. 

Thus, it is highly accurate to predict future values. At 

the same time, Random Forest also worked rather well 

for this task and provided good results.  

 Linear regression failed to work efficiently on this 

data set; its predicted demand deviated from the actual 

values more than with other algorithms; however, it 

still was the second best after ensemble models.  

 The usage of features like lagged values, rolling 

averages, and time was especially important since it 

helped the models make good predictions. This 

finding corresponds to previous research which 

highlights the role of the feature selection process for 

time series analysis [7], [16].  

 To conclude, machine learning can be successfully 

applied for daily demand prediction to plan food 

predictions in small businesses [5].  

 

 

VI. CONCLUSION 

This study proposed a machine learning-based 

framework for predicting daily food demand in small 

food businesses. By leveraging historical sales data and 

incorporating temporal and contextual features, the 

system can generate accurate demand forecasts that 

support better decision-making.  

The comparative analysis of different models revealed 

that ensemble techniques, particularly XGBoost and 

Random Forest, outperform traditional methods in terms 

of accuracy and robustness. The integration of feature 

engineering techniques further enhanced model 

performance by enabling the capture of trends, 

seasonality, and customer behavior patterns.  

The proposed system provides a practical and cost-

effective solution for reducing food wastage, optimizing 

inventory, and improving operational efficiency. It is 

particularly well-suited for small businesses that lack 

access to complex infrastructure but require reliable 

forecasting tools.  

 

VII.FUTURE SCOPE 

 

Despite the effectiveness of the model, there are some 

areas where enhancements could be considered in future 

studies. First, the model could be extended by including 

external variables, such as weather factors, local events, 

or promotions, since these could have an impact on the 

demand of customers [10].  

 Second, deep learning techniques, like LSTM neural 

networks, could be used to improve the accuracy of 

predictions with complex time series. The 

implementation of the model, including real-time data 

processing, along with the conversion of the model into 

a website or app, could make it more useful.  

 Another direction for future work might be the creation 

of adaptive models, which will allow for making real-

time forecasts, based on dynamically collected data. 

This would provide additional benefits from the 

application of machine learning in the reduction of food 

waste [1], [5].  
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