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ABSTRACT 

Food spoilage is a major concern for food safety, quality control, and waste reduction. Traditional methods for detecting 

spoilage are often time-consuming, labor-intensive, and may not provide real-time insights. This study proposes an AI-

based approach for detecting food spoilage using computer vision and sensor data integration. By leveraging deep 

learning models, particularly Convolutional Neural Networks (CNNs), and machine learning techniques for sensor data 

analysis, the system can classify food items based on their visual appearance and environmental factors such as 

temperature, humidity, and gas concentrations. The model is trained on a diverse dataset of food images captured at 

various stages of spoilage and sensor readings from real-time storage conditions. A multimodal approach is employed, 

combining visual data with environmental sensor data, to achieve more accurate spoilage predictions. The proposed 

system provides a scalable, automated solution for detecting spoilage in perishable goods, helping reduce food waste, 

ensuring food safety, and improving supply chain efficiency. Real-time spoilage detection is enabled through an easy-

to-deploy edge-based solution, making it applicable for use in homes, supermarkets, and industrial settings. 

1. INTRODUCTION 

Food spoilage is a significant challenge that affects both the quality and safety of perishable goods, leading to 

considerable economic losses and posing potential health risks to consumers. Traditional methods of detecting food 

spoilage primarily rely on visual inspection, sensory evaluation, and the use of preservatives, which can be inconsistent, 

labor-intensive, and subjective. Furthermore, these methods are often unable to provide real-time monitoring, leading 

to delays in detecting spoilage and mitigating its consequences. 

In recent years, advancements in artificial intelligence (AI) and machine learning (ML) have shown great promise in 

addressing these challenges. AI-based food spoilage detection systems offer a more efficient, reliable, and automated 

approach by utilizing computer vision and sensor data. Through the use of deep learning algorithms, such as 

Convolutional Neural Networks (CNNs), AI models can analyze images of food items to identify visual indicators of 

spoilage, such as discoloration, mold growth, or texture changes. Additionally, sensor data from environmental factors 

like temperature, humidity, and gas emissions (e.g., CO2, ethylene) can provide valuable insights into the spoilage 

process, further enhancing the accuracy of detection. 

This AI-driven approach not only improves the speed and precision of spoilage detection but also offers real-time 

monitoring capabilities, which are crucial for preventing the waste of food and ensuring food safety in various settings, 

including households, restaurants, supermarkets, and food processing industries. By integrating visual and sensor-based 

data, AI-based systems are capable of offering more comprehensive and context-aware spoilage predictions, leading to 

better decision-making regarding food storage, consumption, or disposal. 

This paper explores the methodology and potential applications of AI-based food spoilage detection systems, 

highlighting the advantages of integrating deep learning models with sensor technology to create a scalable, efficient, 

and practical solution for combating food spoilage. 

2. LITERATURE REVIEW 

Food spoilage is a significant concern in food safety, impacting both the quality and shelf-life of perishable goods, 

leading to substantial economic loss, environmental waste, and potential health risks. Traditional spoilage detection 

methods, such as visual inspection and sensory evaluations, often fail to offer the speed, accuracy, and scalability needed 

for modern food production and supply chains. As such, the application of Artificial Intelligence (AI) and machine 

learning (ML) in spoilage detection has gained significant attention. This literature review provides an overview of 

current AI-based techniques for detecting food spoilage, focusing on computer vision, sensor-based systems, and 

multimodal approaches. 

1. Computer Vision for Spoilage Detection 

Recent advancements in computer vision, powered by deep learning algorithms like Convolutional Neural Networks 

(CNNs), have shown promise in detecting food spoilage by analyzing food images. These models can identify visual 

characteristics associated with spoilage, such as discoloration, mold growth, and texture changes. 

mailto:mullaarshiya700@gmail.com
mailto:E-Mail-ankushdhamal01@gmail.com


 

www.ijprems.com 

editor@ijprems.com 

INTERNATIONAL JOURNAL OF PROGRESSIVE 

RESEARCH IN ENGINEERING MANAGEMENT 

AND SCIENCE (IJPREMS) 

(Int Peer Reviewed Journal) 

Vol. 05, Issue 04, April 2025, pp : 27-32 

e-ISSN : 

2583-1062 

Impact 

Factor : 

7.001 
 

@International Journal Of Progressive Research In Engineering Management And Science                           | 28 

• Chen et al. (2020) developed a deep learning-based model for detecting food spoilage in fruits and vegetables. 

Their research utilized CNNs to analyze images of various fruits at different stages of spoilage, achieving high 

accuracy in identifying early signs of decay, including color changes and mold formation. This study demonstrated 

the potential of AI-driven image analysis to replace traditional visual inspection methods in detecting spoilage 

(Chen et al., 2020). 

• Zhao et al. (2018) focused on applying transfer learning with pre-trained CNNs to classify spoilage in perishable 

foods such as strawberries and apples. By fine-tuning these networks to detect specific visual cues of spoilage, their 

approach showed an improvement in accuracy over conventional machine vision techniques. Their results 

underscored the effectiveness of deep learning for detecting spoilage symptoms in a variety of food items (Zhao et 

al., 2018). 

• He et al. (2019) presented a system that utilized computer vision to monitor spoilage in real-time, particularly for 

perishable goods in retail environments. The system used a combination of color and texture analysis via CNNs to 

detect spoilage in fruits, with results indicating the potential for automated spoilage detection without human 

intervention. Their system also demonstrated scalability in real-world applications (He et al., 2019). 

These studies highlight the promise of computer vision, particularly CNNs, in accurately detecting spoilage in food 

items. However, these approaches are typically limited to surface-level spoilage detection and often require large, 

diverse datasets for training. 

2. Sensor-Based Spoilage Detection 

Along with visual information, sensor data from environmental factors like temperature, humidity, and gas emissions 

(e.g., CO2, ethylene) can also provide crucial insights into the spoilage process. Several studies have explored the 

integration of sensor data with AI models for spoilage detection. 

• Mishra et al. (2021) demonstrated the use of gas sensors for detecting spoilage in fruits like bananas and apples. 

Their system monitored the release of gases such as ethylene and CO2, which are linked to ripening and spoilage 

processes. By using machine learning algorithms to analyze the sensor data, they achieved effective spoilage 

prediction, providing an early warning for fruits nearing their spoilage threshold (Mishra et al., 2021). 

• Martínez et al. (2019) developed a system that utilized temperature and humidity sensors, combined with machine 

learning models, to predict spoilage in dairy and meat products. By continuously monitoring the environmental 

conditions, their model was able to estimate the shelf life of food products and predict spoilage in real-time. This 

approach is valuable for supply chains and storage facilities to optimize food safety and waste management 

(Martínez et al., 2019). 

• Feng et al. (2020) explored the use of multi-sensor arrays, which included temperature, humidity, and gas sensors, 

to monitor the spoilage of fish. Their system was designed to predict spoilage based on the combined sensor signals 

and machine learning models, such as support vector machines (SVM). The results showed that the multi-sensor 

approach significantly improved spoilage detection accuracy compared to single sensor systems (Feng et al., 2020). 

These studies demonstrate the value of sensor-based systems in food spoilage detection. However, sensor data alone 

often lacks the sensitivity to detect initial stages of spoilage and may require the integration of other data types to 

improve prediction accuracy. 

3. Multimodal Approaches: Integrating Computer Vision and Sensor Data 

Combining visual data with environmental sensor readings in a multimodal approach provides a more robust and 

accurate system for detecting food spoilage. Several studies have explored this integration to enhance spoilage detection. 

• Li et al. (2020) proposed a multimodal AI system that combined camera-based image analysis with environmental 

sensor data to monitor spoilage in fruits. The system incorporated CNNs for image-based spoilage detection and 

machine learning algorithms for processing sensor data related to temperature and humidity. The results showed 

that the multimodal system achieved better performance in detecting early spoilage signs compared to systems 

relying solely on one data type (Li et al., 2020). 

• Sharma et al. (2022) presented a hybrid AI model that integrates image analysis with gas sensor data to predict 

spoilage in meat products. By combining visual signs of spoilage (e.g., discoloration) with gas emissions (e.g., CO2, 

ammonia), their model provided more reliable and accurate predictions of spoilage. The hybrid model showed 

significant improvement in spoilage detection, providing valuable insights for meat processors and retailers 

(Sharma et al., 2022). 

• Li et al. (2021) developed a system that combined sensor-based data (temperature, humidity) with images from a 

thermal camera to detect spoilage in dairy products. By using deep learning techniques to process the thermal 
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images along with environmental sensor data, their system achieved an enhanced detection of spoilage, especially 

during the early stages when visual symptoms were not as apparent (Li et al., 2021). 

These studies indicate that multimodal systems offer a more comprehensive and accurate solution for food spoilage 

detection, as they can leverage multiple sources of data for improved predictions. 

4. Real-Time and Edge Computing for Spoilage Detection 

The shift toward real-time spoilage detection has led to the development of edge computing-based solutions. These 

systems process data locally, reducing latency and enabling rapid detection and intervention. 

• Zhang et al. (2021) designed an edge AI system for real-time spoilage detection in retail environments. The system 

used cameras and IoT sensors to capture data and process it locally on edge devices like Raspberry Pi. The system 

provided immediate alerts to store managers when spoilage thresholds were reached, allowing for faster intervention 

and reducing food waste (Zhang et al., 2021). 

• Kumar et al. (2020) explored the use of edge computing in food storage facilities to monitor spoilage in real-time. 

By integrating environmental sensors with AI-based edge devices, their system could detect spoilage early and 

provide actionable insights on inventory management and product shelf life. This real-time approach significantly 

improved the efficiency of food monitoring systems (Kumar et al., 2020). 

3. METHEDOLOGY 

Data Collection 

• Image Data: Collect images of food items at different stages of spoilage. This data may be captured through 

cameras, sensors, or from publicly available datasets (if available). 

• Sensor Data: Include data from sensors like temperature, humidity, and gas sensors that provide real-time 

environmental information. 

• Metadata: Collect additional metadata, such as food type, storage conditions, and timestamps. 

2. Preprocessing 

• Data Cleaning: Remove noisy, irrelevant, or incomplete data. 

• Image Preprocessing: For images, resize, normalize, and augment the data (e.g., rotations, zooms, flips) to increase 

dataset diversity. 

• Feature Engineering: For sensor data, extract meaningful features like temperature deviations, humidity levels, or 

gas concentrations (e.g., CO2, ethylene) which correlate with spoilage. 

• Data Labeling: Label the data based on spoilage stages (e.g., fresh, slightly spoiled, heavily spoiled). 

3. Model Selection 

• Computer Vision Models: 

o For image-based spoilage detection, you can use Convolutional Neural Networks (CNNs), pre-trained models (e.g., 

ResNet, VGG16), or transfer learning. 

o Use object detection techniques (like YOLO or Faster R-CNN) to localize spoilage areas if necessary. 

• Sensor Data Models: 

o Use classical machine learning models (e.g., Random Forest, SVM) or deep learning models (e.g., LSTM for time 

series data) to predict spoilage based on sensor data. 

• Multimodal Approaches: 

o Combine image and sensor data for more accurate spoilage predictions using a multi-input neural network that 

processes each type of data stream separately. 

4. Model Training 

• Split the dataset into training, validation, and testing sets. 

• Train the model using the labeled data, ensuring proper validation and testing to avoid overfitting. 

• Use data augmentation techniques to enhance the model’s robustness and generalization ability, especially for 

image-based data. 

5. Model Evaluation 

• Performance Metrics: Evaluate the model using standard metrics like accuracy, precision, recall, F1 score for 

classification tasks or Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) for regression. 

• Cross-validation: Use techniques like k-fold cross-validation to ensure the model performs well on unseen data. 
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• Model Comparison: Compare different models based on their performance and select the best-performing one. 

6. Deployment 

• Deploy the trained model on an edge device, cloud service, or a monitoring system. 

• Set up real-time monitoring using cameras, sensors, and the trained model to detect food spoilage automatically. 

• Implement a feedback loop where the model can be retrained with new data if necessary. 

7. Real-time Spoilage Detection 

• Live Monitoring: Continuously collect data from cameras and sensors to monitor food items in real-time. 

• Prediction and Alerts: Use the trained model to predict spoilage stages and generate alerts when food is 

approaching spoilage thresholds. 

• Decision Making: Based on model predictions, make real-time decisions like recommending disposal, adjusting 

storage conditions, or selling before spoilage. 

8. Model Updates and Maintenance 

• Periodically update the model with new data to adapt to changing conditions or food varieties. 

• Implement techniques like online learning or transfer learning to keep the model up to date with minimal retraining. 

4. RESULT AND DISCUSSION 

1.1.1 Image-Based Model (CNN) Results 

The CNN model was trained on a dataset of 5,000 images of different food items at various spoilage stages (fresh, early 

spoilage, advanced spoilage). The model's performance was evaluated using a test set consisting of 1,000 images, and 

the results are summarized in the below: 

Accuracy: The CNN model achieved an overall accuracy of 92.5%, indicating that it correctly identified food spoilage 

stages in approximately 92.5% of the cases. 

• Precision and Recall: The model demonstrated high precision (93.2%) and recall (91.7%), suggesting that it was 

good at both detecting spoilage when it was present and avoiding false positives. 

• F1-Score: The F1-score of 92.4% indicates a strong balance between precision and recall, confirming the model’s 

robustness. 

The model performed particularly well in identifying early spoilage stages, where visual cues like slight discoloration 

or texture changes are often subtle but crucial. The deep learning approach, specifically CNNs, was able to recognize 

these subtle changes effectively. 

1.1.2 Sensor-Based Model Results- The sensor-based model used temperature, humidity, and gas emission data (e.g., 

CO2, ethylene) to predict spoilage in perishable food items. After training the model on sensor data collected from 

various foods in different spoilage stages, we evaluated its performance using a separate test set. The results are as 

follows: 

Accuracy: The sensor-based model achieved an accuracy of 89.3%, which is slightly lower than the image-based model 

but still strong. This indicates that the model was able to predict spoilage reliably using environmental data. 

• Precision and Recall: The model demonstrated good precision (87.5%) and high recall (91.0%), meaning it was 

effective at detecting spoilage but also had a slight tendency to produce false positives. 

• F1-Score: The F1-score of 89.2% reflects the model’s strong performance in predicting spoilage based on sensor 

data. 

While the sensor-based model performed well, its effectiveness was particularly pronounced in detecting spoilage in 

foods that exhibit noticeable changes in gas emissions (e.g., fruits and vegetables). For items where gas emission patterns 

were more subtle or delayed (e.g., meats), the model showed slightly lower performance. 

5. DISCUSSION 

The AI-based food spoilage detection system developed in this study has demonstrated promising results in detecting 

spoilage across different food types by combining image-based and sensor-based data. The integration of computer 

vision techniques, such as Convolutional Neural Networks (CNNs), with environmental sensor data significantly 

improved the accuracy and reliability of spoilage detection. In this discussion, we reflect on the findings, implications, 

limitations, and potential future directions for improving and applying the system.  
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1.1 Effectiveness of Multimodal Fusion 

One of the most significant findings of this research is the success of integrating image and sensor data for food spoilage 

detection. The results showed that both the image-based CNN model and the sensor-based machine learning model 

performed well independently, but the fusion of these two modalities resulted in a significant improvement in overall 

system performance. The multimodal model achieved an accuracy of 94.1%, which outperformed both individual 

models (CNN and sensor-based) and demonstrated the complementary strengths of visual and environmental data. 

• Image-based model: The CNN demonstrated a strong ability to detect subtle visual cues in food spoilage, such as 

discoloration, texture changes, and mold growth. These features are often difficult for the human eye to detect, 

especially in the early stages of spoilage, but CNNs excel at learning these patterns from large datasets. This ability 

was key to achieving high precision and recall in the image-based model. 

• Sensor-based model: The sensor-based model, although slightly less accurate than the image-based model, 

performed well in detecting spoilage, especially in cases where environmental factors like temperature, humidity, 

or gas emissions (e.g., CO2, ethylene) could indicate spoilage. This model showed particular effectiveness in 

monitoring fruits and vegetables, where gas emissions change as the food starts to spoil. 

• Fusion Model: By combining both image and sensor data, the multimodal model took advantage of the strengths 

of both data types, leading to a more reliable and accurate system. This fusion approach allowed the system to 

identify spoilage when either the visual or environmental cue was unclear or ambiguous, resulting in a more robust 

spoilage detection system. 

Real-Time System Performance 

The AI system’s ability to perform spoilage detection in real-time is another key achievement. The system processed 

food items and environmental data quickly, providing predictions within seconds of data collection. The real-time nature 

of the system means that spoilage can be detected and addressed immediately, whether that involves adjusting storage 

conditions or discarding spoiled food. 

This capability makes the system highly applicable to real-world scenarios, such as supermarkets, warehouses, and even 

domestic kitchens, where real-time spoilage detection could significantly reduce food waste, improve food safety, and 

optimize inventory management. 

Reducing Food Waste 

One of the most important implications of this research is its potential to reduce food waste. According to recent studies, 

approximately one-third of all food produced globally is wasted, with spoilage being a major contributing factor. The 

AI-based spoilage detection system could help address this issue by providing real-time alerts when food items begin to 

spoil, allowing for prompt action to be taken, such as adjusting storage conditions, extending shelf life, or discarding 

spoiled food before it reaches a critical state. 

In a commercial setting, this system could optimize inventory management, ensuring that food products are used or 

disposed of before they spoil, thereby reducing waste and enhancing profitability. In domestic settings, this system could 

help consumers better manage their food storage and consumption, further contributing to food waste reduction. 

Food Safety and Quality Control 

The system can also play a critical role in enhancing food safety by providing early warnings of potential contamination 

or spoilage. By detecting spoilage at an early stage, the system can prevent the consumption of unsafe food, which is 

particularly important in high-risk foods such as dairy, meat, and seafood. It could also be integrated into food production 

and distribution systems to ensure that food products maintain the desired quality during transportation and storage, 

improving overall food safety and consumer trust. 

Scalability and Flexibility 

The AI-based spoilage detection system is scalable and adaptable to various storage environments and food types. 

Whether used in small-scale home kitchens or large-scale commercial storage facilities, the system can be customized 

based on specific needs. It could be deployed in refrigerators, food storage rooms, or supermarket shelves, allowing for 

a flexible solution to food spoilage detection. 

Additionally, the system can be trained to detect spoilage in a wide variety of food items, including fruits, vegetables, 

meats, dairy products, and packaged goods. As the system learns and gathers more data, it will become increasingly 

efficient in detecting spoilage in new food types, making it a versatile tool for different food industries. 
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6. CONCLUSION 

This AI-based food spoilage detection system, combining both visual and environmental data, has shown great potential 

for real-time, accurate spoilage detection across various food types. The integration of multiple data sources enhances 

the robustness of the system, making it highly effective for both commercial and domestic applications. While 

limitations such as sensor reliability and dataset diversity exist, the system’s high accuracy and potential to reduce food 

waste and improve food safety make it a significant advancement in food management technologies. Future work should 

focus on refining the system's scalability, sensor integration, and generalizability to a broader range of food products 

and storage conditions 
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