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 Milk spoilage poses a major challenge to food safety, public health, and 

sustainability, often resulting in unnecessary waste across households and 

dairy supply chains. Traditional detection methods, such as smelling or 

boiling, are subjective, delay early identification, and frequently lead to 

misjudgment. This study proposes a machine learning (ML)–based spoilage 

detection framework that integrates real-time pH and carbon monoxide (CO) 

sensor data to classify milk as fresh, not fresh, or spoiled. multiple supervised 

learning models, including random forest, eXtreme gradient boosting 

(XGBoost), support vector machine (SVM), and decision tree, were trained 

and evaluated using datasets collected from raw and boiled milk samples 

under varying conditions. Performance was assessed using coefficient of 

determination (R²), mean squared error (MSE), root mean squared error 

(RMSE), mean absolute error (MAE), and mean absolute percentage error 

(MAPE) metrics to identify the most reliable model for shelf-life prediction. 

Experimental results show that random forest and XGBoost outperform 

traditional threshold-based approaches, with random forest demonstrating 

superior consistency and operational efficiency. The findings highlight the 

potential of intelligent, low-cost sensor–ML systems to significantly enhance 

early spoilage detection, strengthen food safety, and reduce milk wastage 

across domestic and industrial environments. 
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1. INTRODUCTION 

Milk, as a staple dietary component worldwide, is highly prone to microbial spoilage due to its 

nutrient-rich composition, high moisture content, and near-neutral pH. These characteristics create an optimal 

environment for microbial proliferation, particularly lactic acid bacteria, which metabolize lactose into lactic 

acid and produce volatile compounds that alter the taste, odor, and safety of milk. Spoilage progresses rapidly 

under inadequate storage conditions, especially in warm climates or regions with limited refrigeration, making 

timely detection crucial for consumer safety, economic sustainability, and food waste reduction [1], [2]. 

Traditional methods for assessing milk freshness, such as smelling, visual inspection, or boiling, are 

subjective, inconsistent, and error-prone. These manual techniques frequently result in premature disposal of 

safe milk or delayed recognition of spoilage, both of which carry negative consequences for public health and 

the dairy supply chain. This underscores the pressing need for objective, reliable, and real-time approaches to 

milk quality monitoring [3], [4]. With advancements in sensor technology, non-invasive tools such as pH 

sensors and gas sensors (e.g., MQ-7 for carbon monoxide (CO) detection) have shown potential for early 

spoilage detection by capturing chemical and physical indicators of microbial activity [5]. However, 

conventional sensor-based systems often rely on microcontrollers with fixed thresholds, limiting their 
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adaptability to diverse spoilage patterns influenced by storage conditions, environmental variations, and milk 

types [6], [7]. 

Recent technological advances have introduced sensor-based systems and machine learning (ML) 

models as more objective and scalable solutions for predicting spoilage. Studies from 2020–2025 have 

demonstrated promising results using pH sensors, gas sensors, volatile organic compounds (VOC) detection, 

electronic nose (E-nose) systems, internet of things (IoT)-driven monitoring, and ML algorithms for food 

quality assessment. However, many works rely on simulated datasets, laboratory conditions, or single-sensor 

evaluations, limiting their real-world applicability. To address this challenge, the present study investigates the 

integration of ML with sensor-based monitoring to improve milk spoilage detection [8], [9]. The guiding 

research question is: can ML models applied to sensor data, pH, and CO levels enhance the accuracy and 

adaptability of milk spoilage classification compared to traditional threshold-based methods? 

Accordingly, the objectives of this work are: i) to develop an ML framework for classifying milk 

samples as fresh, not fresh, or spoiled using sensor data; ii) to evaluate model performance on raw and boiled 

milk datasets; and iii) to explore the feasibility of deploying such models in practical dairy and food logistics 

systems [10], [11]. The significance of this research lies in its potential to improve food safety, minimize 

unnecessary waste, and support sustainable resource use in the dairy sector. By combining sensor technologies 

with ML algorithms, the study advances a scalable solution that could be integrated into smart dairy 

management systems, household devices, and IoT-enabled supply chains. 

In summary, this work contributes a ML–based spoilage detection framework that demonstrates 

higher reliability and adaptability than conventional methods, thereby enhancing the efficiency of milk quality 

monitoring and strengthening sustainability in the dairy industry. The key contributions include: creation of a 

real-world sensor dataset for raw and boiled milk; development and comparison of multiple ML models for 

shelf-life prediction; integration of the best-performing model into an IoT-ready embedded system; and 

demonstration of accurate, low-cost, and scalable spoilage detection. Overall, the work advances food safety, 

reduces milk wastage, and supports sustainability by enabling reliable, automated milk-quality assessment 

across households and dairy supply chains. 

 

 

2. LITERATURE REVIEW 

This literature review synthesizes research on milk spoilage mechanisms and emerging detection 

technologies. Key findings include insights into microbial spoilage processes, the application of E-nose 

technology to identify VOCs, and sensor-based methods for real-time freshness monitoring. Additionally, 

ultrasonic methods for non-invasive assessment and the integration of IoT and blockchain for advanced spoilage 

detection are highlighted. The following sections provide an in-depth analysis of these approaches [12], [13]. 

Milk spoilage detection has garnered increasing academic and industrial interest due to its 

implications for public health, economic efficiency, and environmental sustainability. As one of the most 

widely consumed and perishable food products, milk presents a compelling use case for integrating intelligent 

systems to monitor and predict quality in real time. In this section, we review the evolution of milk quality 

detection methods—from manual and sensory assessments to sensor-based systems and, more recently, ML-

powered intelligent frameworks [14], [15]. 

 

2.1.  Understanding spoilage in milk: microbial and chemical basis 

Milk spoilage primarily occurs due to the activity of microorganisms, especially lactic acid bacteria 

(LAB), which ferment lactose into lactic acid. This biochemical process leads to a gradual reduction in pH and 

the production of VOCs, including carbon dioxide (CO₂), hydrogen sulfide (H₂S), and, in some redox 

conditions, CO. Spoilage also changes the viscosity, color, and smell of milk—factors typically used by 

consumers for freshness checks [16], [17]. Scientific studies have confirmed that these chemical changes serve 

as reliable indicators of microbial activity and spoilage progression. The acidity level (measured via pH) and 

the emission of gases such as CO (detectable in low concentrations using metal oxide semiconductor sensors 

like MQ-7) are particularly effective in quantifying freshness. These indicators form the foundation for modern 

electronic spoilage detection systems [18], [19]. 

 

2.2.  Traditional detection approaches and their limitations 

Conventional methods used to evaluate milk freshness include: i) sensory testing: relying on smell or 

taste, prone to human error; ii) boiling: still widely used in countries like India, but fails to provide objective 

quantification; and iii) chemical kits: limited use due to cost, time consumption, and single-use nature. These 

techniques, while simple and accessible, are inadequate for early-stage spoilage detection. More importantly, 

they do not offer the precision, reproducibility, or scalability required for modern supply chain systems or 

smart appliances. As a result, they often lead to either premature waste or unintended consumption of spoiled 

milk [20], [21]. 
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2.3.  Sensor-based technologies for real-time monitoring 

Sensor systems have emerged as a more precise and scalable alternative. Modern implementations 

typically utilize a combination of; i) pH sensors: to measure acidity changes due to microbial activity; ii) MQ-

series gas sensors (e.g., MQ-7): to detect CO, a secondary spoilage by-product with strong sensitivity and 

selectivity; and iii) Arduino: for data acquisition and simple threshold-based decision logic. Such systems are 

capable of classifying milk like "fresh," "not fresh," and "spoiled" in real-time, using hard-coded thresholds 

for CO levels and pH. These sensor-based setups are increasingly being integrated into portable devices for 

use in rural areas, dairy farms, and distribution networks. Despite their utility, these systems still rely on static 

logic—predefined ranges that may not account for variation across milk types, storage conditions, or microbial 

strain behavior. Hence, they lack adaptability and predictive intelligence, which ML can provide [22], [23]. 

 

2.4.  Machine learning in food spoilage detection 

The recent emergence of data-driven intelligence has revolutionized spoilage detection systems, 

particularly through the application of supervised learning algorithms. These models can learn from historical 

sensor data, identify complex non-linear patterns, and generalize to new, unseen data. Key algorithms explored 

in this domain include: i) decision trees: simple and interpretable, well-suited for rule-based classification; ii) 

random forests and eXtreme gradient boosting (XGBoost): ensemble models offering high accuracy and 

robustness against overfitting; and iii) support vector machines (SVM): effective for high-dimensional data, 

especially in binary or multi-class classification. Several studies have implemented these algorithms using 

features such as pH, gas emissions, temperature, and even sound waves (in ultrasonic setups). These models 

are evaluated using precision, recall, F1-score, and accuracy—metrics that provide a deeper understanding of 

classifier performance across class imbalances. A study indicated that SVMs classify milk spoilage with high 

precision using pH and turbidity data. Another research project integrated random forests with a multi-sensor 

array, achieving over 95% classification accuracy [24], [25]. However, these efforts often use lab-controlled 

datasets or simulated values rather than real-time sensor readings from field-deployable devices, which limits 

their practical impact. Our work addresses this gap. 

 

2.5.  Novel techniques: E-nose, ultrasonics, and blockchain integration 

In parallel to traditional sensors, E-nose systems simulate olfactory detection by using sensor arrays 

to detect and classify VOCs. These systems have shown exceptional sensitivity but are typically more 

expensive, complex, and sensitive to environmental noise. Ultrasonic sensors, on the other hand, detect 

spoilage by monitoring changes in acoustic impedance, velocity, and attenuation of sound waves traveling 

through milk. These non-invasive methods reduce contamination risk but require calibration for different 

sample compositions. Looking forward, researchers are exploring the integration of these methods with IoT 

platforms and blockchain for traceability and decentralized quality assurance across supply chains. A 2022 

study proposed an IoT-enabled milk quality sensor system that updates a centralized dashboard and 

automatically notifies logistics operators of quality deterioration. The overall summary of the relevant 

references used for this work is given in Table 1. 

 

 

Table 1. Key literature survey 
Reference Focus area/methodology Key findings 

NDDB [1] Milk production in India National statistics on milk supply 

Poghossian et al. [2] Rapid methods and sensors for spoilage detection Overview of biosensors 

Ziyaina et al. [3] Microbial detection in dairy Rapid testing techniques 
Hashim et al. [6] Review of spoilage detection approaches Comprehensive review of technologies 

S et al. [14] IoT-based spoilage detector Simple IoT-based model 

Kadam and Shinde [15] Real-time monitoring IoT-based milk monitoring prototype 
Bhavsar et al. [17] ML-based milk quality prediction ML models for freshness prediction 

Su et al. [18] Spoilage simulation framework Models kinetics under different temperatures 

Balivo et al. [21] E-nose for pasture milk Volatile-based detection 
Frizzarin et al. [22] Mid-IR spectroscopy Data competition on milk traits 

Shahzad et al. [23] ML+IoT Freshness classification 

Fernández-González et al. [24] Sensors for dairy safety Review of sensor technologies 
Durgun [25] Multispectral adulteration detection Portable logistic regression model 

Dragone et al. [26] AI+sensors for HACCP Industrial quality monitoring 

Martelli et al. [27] Data analysis in sensor platforms Challenges in field sensor deployment 
Palanisamy et al. [28] Food packaging sensors Packaging automation and detection 

Singh et al. [29] ML for pasteurization review ML-assisted pasteurization 

Kapse et al. [30] Non-invasive freshness detection Novel packaged milk detection 
Çetintav and Yalçın [31] Explainable ML for grading XAI-based quality grading 
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2.6.  Research gap and contribution 

While prior research has successfully demonstrated the viability of sensor-based spoilage detection 

and the potential of ML classification, a unified framework combining real-world sensor data, robust ML 

models, and scalable deployment, is largely missing. This study addresses that gap by: i) using actual sensor 

readings of pH and CO collected under varied spoilage conditions (raw and boiled milk); ii) applying and 

comparing multiple ML models, including decision tree, random forest, XGBoost, and SVM; iii) evaluating 

the models using a rich set of classification metrics to establish not just accuracy but reliability, recall behavior, 

and class-wise effectiveness; and iv) demonstrating the feasibility of this approach as a low-cost, real-time 

monitoring tool for milk freshness in domestic and industrial settings. 

 

 

3. PROPOSED SYSTEM 

The proposed work presents a hybrid milk quality prediction system that integrates real-time  

sensor-based data acquisition with supervised ML algorithms to accurately classify the spoilage status of milk 

into three categories: fresh, not fresh, and spoiled. The design is motivated by the limitations of conventional 

rule-based approaches, which often fail to capture the nonlinear and time-dependent patterns of milk spoilage. 

By combining embedded hardware with intelligent classification models, the system ensures both real-time 

responsiveness and data-driven decision-making. 

The system comprises two major subsystems: i) hardware module (sensor-based embedded system): 

responsible for acquiring pH, gas, temperature, and humidity measurements through low-cost sensors 

connected to an Arduino Uno and ii) software module (ML-based classification): responsible for model training 

using historical sensor data, deployment of the trained model, and real-time prediction of milk spoilage status. 

This architecture provides a cost-effective, portable, and scalable solution for milk quality monitoring, with 

potential applications in households, dairy farms, cold chains, and milk transportation logistics. 

 

3.1.  Dataset preparation 

The dataset was developed to capture the natural spoilage process of milk under various storage and 

handling conditions. The following types of datasets were generated: open raw milk at room temperature, open 

boiled milk at room temperature, and open raw milk at refrigerated temperature. 

For each category, milk samples were allowed to spoil under natural conditions. Sensor readings for 

pH, gas concentration, temperature, and humidity were recorded at hourly intervals. Each observation was 

logged systematically into a tabular dataset. To extend the dataset’s utility, a new column called remaining-

lifespan was introduced. It was derived by calculating the difference between the total shelf life and the elapsed 

time since the milk was fresh. This enabled the system not only to classify spoilage status but also to estimate 

the remaining usable time of milk. The software module for dataset handling and model development was 

implemented in Python, using libraries such as Pandas, Scikit-Learn, XGBoost, and Matplotlib. 

The data preparation process followed three stages: 

- Preprocessing 

Normalization of sensor readings to ensure uniform scaling. Encoding spoilage categories (fresh, not 

fresh, and spoiled) into machine-readable labels. Splitting the dataset into training (80%) and testing (20%) 

subsets for evaluation. 

- Model training 

Four supervised ML models were trained and evaluated: decision tree, random forest, XGBoost, and 

SVM. Separate models were trained for raw and boiled datasets to improve generalization across conditions. 

-  Evaluation metrics 

The performance of each model was assessed using regression and classification metrics, including 

coefficient of determination (R²), mean squared error (MSE), root mean squared error (RMSE), mean absolute 

error (MAE), and mean absolute percentage error (MAPE). These metrics ensured that the selected model 

performed reliably in predicting spoilage patterns. 

 

3.2.  Real-time prediction integration 

Once the optimal model, random forest was identified as superior in experiments, it was exported and 

integrated into a real-time prediction pipeline. In practical deployment: real-time sensor values (pH, gas, 

temperature, and humidity) from the Arduino Uno are transmitted to the classification engine. The ML model 

processes the inputs and outputs the predicted milk status (fresh/not fresh/spoiled). The prediction result is 

displayed on the LCD and simultaneously transmitted via the ESP-01 Wi-Fi module for remote monitoring. 

This seamless integration ensures that the system can be deployed in kitchens, dairy processing units, retail 

outlets, vehicles, and cold chain facilities, thereby enhancing food safety and reducing wastage. 
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3.3.  Advantages of the proposed system 

The proposed system offers several significant benefits that enhance its practical applicability and 

reliability. By learning from historical sensor data, the ML model enables intelligent decision-making, thereby 

reducing misclassification errors commonly associated with traditional threshold-based approaches. The 

system operates in real time, providing immediate detection of spoilage and instant feedback through its 

embedded hardware platform. Its design is both cost-effective and portable, utilizing affordable and easily 

accessible components that make the solution suitable even for resource-constrained environments. 

Furthermore, the integration of Wi-Fi through the IoT module enables centralized monitoring across various 

stages of the dairy supply chain, improving traceability and oversight. The modular architecture also ensures 

scalability and replicability, allowing seamless adaptation to larger deployments such as cloud-connected 

monitoring systems. Additionally, the system demonstrates reliable performance for both raw and boiled milk, 

making it versatile and practical for a wide range of real-world scenarios. 

 

 

4. DISCUSSION AND RESULTS 

This section presents the outcomes of a regression model applied to raw and boiled milk datasets. We 

also analyze the behavior of key spoilage indicators (pH and CO concentration) over time and their correlation 

with the estimated remaining lifespan of milk. The aim is to evaluate model performance, understand data 

patterns, and assess the practical viability of the proposed system. Tables 2 and 3 give the performance metric 

of raw and boiled milk at room temperature (34-35 °C). 

 

 

Table 2. The performance of the raw milk dataset at room temperature (34-35 °C) 
Models Decision tree Random forest XGBOOST SVR 

MSE 0.1153 0.1083 0.1429 1.0642 

R2 0.9841 0.9851 0.9803 0.8534 
MAE 0.0902 0.0955 0.1318 0.5025 

RMSE 0.3395 0.3291 0.3781 1.0316 

MAPE 1.40% 1.60% 2.35% 9.52% 

 

 

Table 3. The performance of the boiled milk dataset at room temperature (34-35 °C) 
Models Decision tree Random forest XGBOOST SVR 

MSE 0.9908 0.9910 0.9927 0.9923 

R2 0.0991 0.0970 0.0789 0.0825 
MAE 0.3148 0.3114 0.2809 0.2873 

RMSE 0.0923 0.0981 0.0743 0.1661 

MAPE 1.26% 1.33% 1.10% 2.26% 

 

 

4.1.  Trends in sensor data 

The progression of spoilage was studied using time-series visualizations of pH, CO concentration 

(CO_ppm), and remaining lifespan. 

 

4.1.1. pH over time 

The pH values exhibited a consistent downward trend over time. This aligns with the expected 

microbial activity, wherein lactic acid-producing bacteria metabolize lactose, causing acidity to rise and pH to 

fall. Occasional anomalies in the pH graph (e.g., sudden dips) were likely due to environmental noise or sensor 

calibration drift. Figure 1 shows pH performance of raw and boiled milk. As shown in Figure 1(a), the pH of 

raw milk decreases steadily during spoilage, whereas Figure 1(b) presents the comparatively slower decline in 

boiled milk. The figure illustrates the continuous decrease in pH as microbial activity intensifies, with raw milk 

showing a faster decline due to a higher initial microbial load. 

 

4.1.2. CO_ppm over time 

CO levels initially fluctuated but showed a marked increase after a certain time point, indicating a 

surge in microbial respiration. The delay in CO rise, compared to pH drop, suggests that CO may serve as a 

secondary indicator, useful for confirming spoilage after acidic conditions remain. Figure 2 shows CO ppm 

over time for raw and boiled milk. As shown in Figure 2(a), the CO of raw milk decreases steadily during 

spoilage, whereas Figure 2(b) presents the comparatively slower decline in boiled milk. The delayed rise in 

CO indicates secondary spoilage stages, confirming microbial respiration patterns consistent with the literature. 
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(a) (b) 

 

Figure 1. Change in pH values of; (a) raw open milk and (b) boiled open milk during spoilage detection 

 

 

  
(a) (b) 

 

Figure 2. Changes in CO of; (a) raw open milk and (b) boiled open milk during spoilage detection 

 

 

4.1.3. Remaining lifespan over time 

The linear decline in the predicted remaining lifespan suggests that spoilage is a continuous process 

and that sensor-derived data can reliably be used to forecast spoilage progression. This supports the viability 

of regression models for estimating shelf life for both the raw and boiled.  

 

4.2.  Regression results 

4.2.1. Open raw milk dataset 1 

This milk sample, stored at room temperature, had an estimated shelf life of 12–15 hours. It was 

packed between 4:00 and 5:00 AM and showed visible spoilage by evening. Spoilage started gradually and 

accelerated over time 

 

4.2.2. Open boiled milk dataset 2 

Stored at room temperature, this boiled milk sample had a slower spoilage rate, with a shelf life of 

about 18–20 hours. Packed between 4:00 and 5:00 AM, it began to spoil around midnight.  

 

4.2.3. Open raw milk dataset 3 

Stored at 8–10 °C, this sample lasted approximately 2–3 days. Spoilage was observed after 3 days, 

particularly during boiling, as the temperature increased. The pH remained within the neutral range during 

storage. The linear decline in remaining lifespan supports the progression of continuous spoilage and the 

effectiveness of sensor-based regression models, with differences between raw and boiled samples highlighting 

the role of the initial microbial load. Figure 3 shows the overall lifespan of raw and boiled milk. As shown in 

Figure 3(a), the remaining lifespan of raw milk decreases steadily during spoilage, whereas Figure 3(b) presents 

the comparatively slower decline in boiled milk. Predicted remaining lifespan for raw milk and boiled milk, 

showing the linear decrease in shelf-life estimation as spoilage progresses. 
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(a) (b) 

 

Figure 3. Remaining lifespan of; (a) raw open milk and (b) boiled open milk during spoilage detection 

 

 

4.3.  Performance evaluation on raw milk dataset 

The random forest model emerged as the most effective among the models tested for the raw milk 

dataset, achieving an R² score of 0.9851 and MSE of 0.1083, indicating excellent predictive capabilities. 

Though decision tree and XGBoost also performed competitively with R² scores of 0.9841 and 0.9803, 

respectively, their error margins were slightly higher. Support vector regression (SVR) lagged significantly 

behind the other models, with an R² score of 0.8534 and MSE of 1.0642, indicating a lower capability in fitting 

the data trends. Additional metrics supported these findings, with random forest recording MAE of 0.0955, 

RMSE of 0.3291, and MAPE of 1.60%. 

 

4.4.  Performance evaluation on boiled milk dataset 

For the boiled milk dataset, XGBoost slightly outperformed random forest in terms of R² score 

(0.9927) and MSE (0.0789). However, random forest was close behind with R² of 0.9910 and MSE of 0.0970, 

demonstrating consistent performance across both datasets. Decision tree also performed commendably with 

an R² of 0.9908, while SVR improved compared to its raw milk performance but still trailed the others slightly. 

SVR recorded an R² of 0.9923, MSE of 0.0825, and higher MAE and MAPE values than the leading models. 

Random forest achieved a MAE of 0.0981, RMSE of 0.3114, and MAPE of 1.33%, which are all well within 

acceptable error thresholds. Despite XGBoost’s slight edge in metrics, random forest was selected as the final 

model for its overall consistency, reduced complexity, and ease of interpretation. The observed pH decline and 

CO emission patterns align with previously reported spoilage mechanisms, where lactic acid accumulation and 

microbial respiration serve as key indicators of milk deterioration. Similar trends were noted by Huang et al. 

[9] and Hashim et al. [6], supporting the reliability of the selected sensor features. The superior performance 

of random forest and XGBoost is consistent with recent studies applying ensemble models for food-quality 

prediction, demonstrating their robustness in handling nonlinear relationships and mixed sensor data. 

Compared to earlier works that relied on controlled laboratory datasets or limited sensing modalities, the 

present study combines real sensor measurements with supervised learning in a unified architecture, offering 

higher practical relevance. 

 

4.5.  Model selection justification 

Performance comparison of lifespan prediction using different ML algorithms are shown in  

Figures 4 and 5. Figure 4(a) XGBoost and Figure 4(b) random forest, show strong correlation between 

predicted and actual values. Model evaluation using Figure 5(a) SVR and Figure 5(b) decision tree, highlight 

comparatively lower performance than ensemble-based models.  

Based on the inferences drawn from Figure 5, it is evident that while both random forest and XGBoost 

exhibited high predictive accuracy, random forest was ultimately selected as the preferred algorithm due to 

several advantages. It demonstrated consistent and stable performance across all datasets, maintaining high 

accuracy and low error metrics. Additionally, random forest required significantly less computational power 

and training time compared to XGBoost, making it more efficient for practical implementation. Its 

interpretability further enhances its usefulness, as the model structure allows for clearer understanding of 

decision patterns, which is valuable in real-world applications. The observed decline in pH aligns with 

previously reported microbial spoilage behavior in milk [2], while the delayed CO rise is consistent with 

secondary gas formation noted in earlier studies [9]. The algorithm also showed strong robustness, performing 

effectively with minimal parameter tuning, thereby indicating good generalizability. Overall, these attributes 

validate random forest as a balanced, efficient, and scalable solution for predicting milk shelf life, with reliable 

performance across both raw and boiled milk datasets in various handling and storage conditions. 
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(a) (b) 

 

Figure 4. Performance analysis of lifespan with; (a) XGBoost and (b) random forest algorithm during 

spoilage detection 

 

 

  
(a) (b) 

 

Figure 5. Performance analysis of lifespan with; (a) SVR and (b) decision tree algorithm during spoilage 

detection 

 

 

5. CONCLUSION 

This study presents a rapid and reliable ML–based framework for milk spoilage detection using real-

time pH and MQ-7 gas sensor data. The system classifies milk as fresh, not fresh, or spoiled and estimates 

remaining shelf life. Among the tested models, random forest demonstrated the best balance of accuracy, 

stability, computational efficiency, and interpretability, making it suitable for real-time deployment. Integration 

with an Arduino-based embedded system confirmed the feasibility of IoT-enabled monitoring for households, 

dairy farms, retail outlets, and cold-chain logistics. Compared to conventional threshold methods, the proposed 

approach provides an intelligent, data-driven solution that enhances food safety and reduces milk wastage. 

Although the study is limited by a moderate dataset size and the need for broader field validation, future work 

will focus on expanding datasets, incorporating additional sensors (e.g., VOC and turbidity), applying deep 

learning models, and deploying cloud-connected IoT platforms for scalable and centralized monitoring. 
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