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This research paper examines the effectiveness of Internet of Things (IoT) 

technology in optimizing post-harvest efficiency in agriculture by minimizing 

post-harvest losses (PHL), which lead to considerable economic losses and food 

waste worldwide. The study provides a comprehensive analysis of existing IoT-

based solutions and quantifies the potential reduction in PHL when integrated 

with advanced predictive models. Various machine learning (ML) algorithms, 

including Random Forest, Support Vector Machine (SVM), and Neural 

Networks, are evaluated to determine the most effective approach for predicting 

and mitigating post-harvest losses. Through comparative analysis, Random 

Forest was identified as the most robust model, achieving an accuracy rate of 

92% in identifying high-risk post-harvest conditions, outperforming SVM 

(88%) and Neural Networks (85%). This model leverages IoT-generated data to 

send timely alerts to farmers, enabling proactive decision-making to prevent 

losses. The study also discusses implementation challenges such as data 

reliability, connectivity issues, and resource requirements, offering solutions to 

enhance IoT and ML integration in agricultural practices. The findings 

underscore the potential of IoT-enhanced ML models, particularly Random 

Forest, in reducing post-harvest losses, and provide actionable insights for 

stakeholders seeking to adopt technology-driven solutions in agriculture. 

Keywords: IoT Sensors, Random Forest, Machine Learning, Smart Farming, 

Accuracy, Precision.  

 

1. Introduction 

Post-harvest losses (PHL) pose a persistent challenge in agriculture, significantly impacting 

food security, profitability, and sustainability. According to the Food and Agriculture 

Organization (FAO), approximately one-third of all food produced globally is lost or wasted 

annually, with much of this waste occurring during the post-harvest phase. These losses can 

result from factors like improper handling, inadequate storage facilities, pest infestations, 
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and environmental variables such as temperature and humidity fluctuations. The issue is 

particularly pressing in developing countries, where infrastructure for storage and transport 

is often insufficient. The rise of the Internet of Things (IoT) has introduced innovative ways 

to tackle PHL by enabling real-time monitoring, precise data collection, and timely 

interventions. IoT systems are composed of interconnected sensors that continuously gather 

data on environmental conditions like temperature, humidity, and gas levels, which are 

crucial for monitoring the storage and transit environment of perishable goods. These data 

streams allow for real-time insight, facilitating early intervention and preventing conditions 

that could lead to spoilage or loss. 

When combined with machine learning (ML) techniques, IoT technologies become even 

more powerful. ML models can analyze the extensive data collected from IoT devices, 

identifying trends, patterns, and potential risks to help predict and manage post-harvest 

conditions that may lead to losses. By leveraging ML algorithms alongside IoT data, farmers 

and supply chain managers can receive alerts that enable proactive decision-making, 

ultimately minimizing losses and enhancing operational efficiency. This study aims to 

explore the efficacy of various ML algorithms when used in conjunction with IoT systems 

for post-harvest loss prevention and management. Specifically, it evaluates the performance 

of Random Forest, Support Vector Machine (SVM), and Neural Networks. Each technique 

brings unique strengths to handling the high-dimensional, multi-variable data generated by 

IoT devices in agricultural settings: 

1. Random Forest: This algorithm is an ensemble method that builds multiple decision 

trees and merges their outcomes for more accurate predictions. Random Forest is particularly 

effective for classification tasks involving complex datasets, making it well-suited to 

scenarios with multiple environmental variables that affect post-harvest quality. This study 

found Random Forest to be highly accurate in predicting loss-prone conditions, thanks to its 

robustness against overfitting and ability to handle missing data, which is common in IoT-

based datasets. 

2. Support Vector Machine (SVM): Known for its capacity to perform well in high-

dimensional spaces, SVM is commonly used for classification and regression tasks. By 

identifying the optimal hyperplane that separates classes, SVM can effectively categorize 

data points, which in this case represent various environmental conditions. While SVM 

showed strong classification accuracy in our experiments, its computational intensity and 

slightly slower adaptation to real-time changes were noted as limitations compared to 

Random Forest. 

3. Neural Networks: Neural networks, especially deep learning models, excel at 

identifying complex, non-linear patterns within data. This characteristic makes them 

valuable for analyzing IoT data streams with multiple, interacting variables. In this study, a 

multi-layer neural network was tested on the IoT-generated data. While its accuracy was 

competitive, achieving results close to SVM, the neural network required more 

computational resources and tuning to perform optimally, highlighting its limitations in time-

sensitive agricultural applications. 

In our experimental setup, IoT sensors were deployed in controlled storage and transport 

environments to gather data on key parameters affecting post-harvest quality, such as 
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temperature and humidity. The collected data was then used to train and validate each ML 

model, with performance measured by accuracy, precision, recall, and response time. The 

comparative analysis showed that Random Forest outperformed other models, achieving an 

accuracy rate of 92%, while SVM and Neural Networks followed with 88% and 85%, 

respectively. In addition to assessing the performance of these models, this study discusses 

the practical challenges involved in implementing IoT-ML systems in agriculture. Key issues 

include data reliability, connectivity limitations, and resource constraints in rural areas. To 

address these challenges, this paper suggests several solutions: employing low-power wide-

area networks (LPWAN) for connectivity, utilizing edge computing to minimize data 

latency, and deploying energy-efficient IoT devices tailored for remote agricultural settings. 

By comparing different algorithms, the research offers practical guidance to stakeholders 

seeking to adopt IoT-driven ML solutions for reducing post-harvest losses. The findings 

highlight how advanced predictive models, especially those using Random Forest, can 

support more sustainable and efficient agricultural practices. 

 

2. Related Work 

In recent years, there has been growing interest in the application of Internet of Things (IoT) 

and machine learning (ML) techniques to address the challenge of post-harvest losses (PHL) 

in agriculture. These technologies provide innovative solutions for real-time monitoring and 

prediction of conditions that contribute to post-harvest spoilage, offering promising avenues 

for reducing food waste and enhancing the efficiency of agricultural supply chains. 

IoT-based solutions for reducing post-harvest losses have been extensively studied. Several 

studies have highlighted the significant role of IoT sensors in monitoring environmental 

conditions such as temperature, humidity, and gas levels, which are critical for maintaining 

the quality and longevity of harvested crops (Patil et al., 2018; Sharma et al., 2020). IoT 

systems equipped with sensors can provide continuous, real-time data, enabling farmers and 

supply chain managers to respond quickly to fluctuations that may lead to spoilage (Dabbagh 

et al., 2020). For example, Patil et al. (2018) developed a sensor-based system for monitoring 

temperature and humidity in storage facilities and found that real-time data allowed for better 

control over storage conditions, leading to a significant reduction in losses. Similarly, Jha et 

al. (2021) employed IoT sensors for tracking the transportation of perishable goods and 

reported a decrease in spoilage by minimizing exposure to unfavorable environmental 

conditions during transit. 

Machine learning techniques have become increasingly integrated with IoT systems to 

enhance their predictive capabilities and improve decision-making. ML models are used to 

analyze the vast amounts of data generated by IoT devices, identifying patterns and 

forecasting potential risks for post-harvest losses (Ali & Khan, 2019). Random Forest (RF), 

Support Vector Machine (SVM), and Neural Networks are some of the most widely used 

ML algorithms in this context (Kumar et al., 2022). Among these, Random Forest has been 

found to be particularly effective due to its ability to handle high-dimensional data and its 

robustness against overfitting, which is crucial in agricultural applications where data can 

often be noisy and incomplete (Kumar et al., 2022; Zhang et al., 2019). 
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Several studies have explored the use of Random Forest in predicting post-harvest losses and 

optimizing storage conditions. For instance, Kumar et al. (2022) employed Random Forest to 

predict temperature fluctuations in cold storage units and found that it could accurately 

forecast conditions likely to lead to spoilage. Similarly, Zhang et al. (2019) applied Random 

Forest to a dataset of environmental variables from IoT sensors and achieved an accuracy 

rate of 92%, outperforming other algorithms like SVM and Neural Networks. These findings 

demonstrate the potential of Random Forest in real-time decision-making, especially in 

environments with dynamic conditions. 

Support Vector Machines (SVM) are also commonly used in post-harvest management 

systems for classification tasks. SVM works well in high-dimensional data scenarios, making 

it suitable for analyzing multiple environmental variables collected from IoT sensors (Bohra 

et al., 2017). However, SVM models can be computationally expensive and require careful 

tuning to avoid overfitting, especially when applied to large-scale agricultural datasets (Chen 

et al., 2020). Despite these challenges, SVM has been successfully used in various 

applications, such as classifying the quality of fruits based on sensor data (Sarkar et al., 

2021). Neural Networks, particularly deep learning models, are capable of identifying 

complex, non-linear relationships in IoT data, making them suitable for predicting more 

intricate patterns of post-harvest spoilage (Sharma et al., 2020). However, their 

computational complexity and data requirements can be a limitation in real-time 

applications. Jha et al. (2021) explored the use of neural networks in predicting spoilage in 

transported vegetables and achieved promising results, though the model required substantial 

computational resources. 

A growing body of research also emphasizes the integration of IoT and ML to address other 

post-harvest challenges, such as pest control and moisture management. Dabbagh et al. 

(2020) proposed an integrated IoT-ML framework to monitor pest infestation in stored 

grains. Their system, which combines environmental data from IoT sensors with predictive 

models, enabled timely intervention and significantly reduced pest-related damage. 

Similarly, Gupta et al. (2021) developed an IoT-based moisture control system that utilized 

machine learning to predict the optimal moisture levels for different crops, reducing both 

quality degradation and weight loss during storage. While the integration of IoT and ML 

shows great promise, several challenges remain in the practical deployment of these 

technologies in agriculture. Issues such as data quality, sensor accuracy, and network 

reliability in remote areas can affect the effectiveness of IoT systems (Ali & Khan, 2019). 

Additionally, the high computational demands of certain ML algorithms, such as deep 

learning, can be a barrier to their widespread adoption in resource-limited settings (Sharma 

et al., 2020). 

The use of IoT and ML in post-harvest loss reduction holds significant promise. IoT 

technologies offer real-time monitoring capabilities, while machine learning models, 

particularly Random Forest, can improve decision-making and predict conditions likely to 

cause losses. However, challenges related to data reliability, computational requirements, 

and the scalability of these technologies in different agricultural contexts remain areas for 

future research. Continued advancements in both IoT hardware and machine learning 

algorithms will likely drive further improvements in post-harvest management, leading to 

more sustainable agricultural practices and reduced food waste. 
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3. IoT and Machine Learning in Agriculture 

The integration of Internet of Things (IoT) and machine learning (ML) technologies holds 

tremendous potential to transform the agricultural industry, improving productivity, reducing 

costs, and promoting sustainability. IoT enables real-time monitoring of various agricultural 

processes, such as soil moisture, irrigation systems, and crop health, by using sensors and 

connected devices. Machine learning, on the other hand, leverages large datasets generated 

by IoT devices to extract meaningful insights and make predictions that can guide decision-

making. Together, these technologies form a powerful toolset for optimizing agricultural 

practices and achieving smarter, data-driven farming solutions. 

 Precision Agriculture with IoT and Machine Learning  

One of the most impactful applications of IoT and ML in agriculture is  precision agriculture 

, where data-driven insights are used to optimize critical agricultural processes such as 

irrigation, fertilization, and pest control. IoT sensors installed in the field continuously 

collect data on various environmental variables like soil moisture levels, temperature, 

humidity, and light. Machine learning algorithms can analyze this data in real-time, 

identifying patterns and providing actionable insights. For instance, ML models can predict 

the optimal irrigation times based on current soil moisture and weather forecasts, preventing 

overwatering or underwatering. 

In crop management, ML algorithms can process images captured by drones or satellites to 

detect early signs of crop diseases, pest infestations, or nutrient deficiencies, which are often 

invisible to the naked eye. This enables farmers to take timely action and reduce the risk of 

significant yield loss. These technologies work synergistically to ensure that resources are 

used efficiently, crop yield is maximized, and the overall environmental impact is 

minimized. 

 Optimizing the Agricultural Supply Chain with IoT and Machine Learning  

IoT and ML are also revolutionizing the agricultural  supply chain  by enhancing monitoring, 

logistics, and storage management. IoT sensors can track the real-time location, condition, 

and temperature of agricultural products as they are transported from farms to markets, 

warehouses, or processing centers. By continuously analyzing this data, ML models can 

optimize transportation routes, predict storage requirements, and minimize spoilage during 

transit. 

For example, machine learning algorithms can predict the ideal harvesting time based on 

weather patterns and crop maturity, which helps to avoid premature or delayed harvesting. 

Furthermore, by analyzing supply chain data, these algorithms can recommend the best 

storage conditions and alert stakeholders to any potential risks, such as temperature 

fluctuations, which may lead to spoilage or loss. 

 Challenges and Limitations  

Despite the immense potential of IoT and machine learning in agriculture, there are 

challenges to their widespread implementation. The initial cost of IoT devices, along with 

the need for reliable internet connectivity, particularly in rural and remote areas, can limit the 

accessibility of these technologies for smallholder farmers. Additionally, data privacy and 
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security concerns related to the use of IoT devices and cloud-based data storage are also 

significant barriers to adoption. However, as IoT devices become more affordable and 

connectivity improves in rural areas, these technologies are likely to become more 

accessible, enabling farmers worldwide to take advantage of these innovations. 

 Machine Learning Algorithms for Post-Harvest Data Analysis  

Several machine learning algorithms are particularly useful for analyzing post-harvest data, 

which can help reduce losses and improve product quality. Some common ML algorithms 

applied in this area include: 

1.  Clustering Algorithms : These algorithms group similar data points together based on 

specific attributes. K-means clustering and hierarchical clustering are commonly used to 

analyze post-harvest data, such as grouping produce based on ripeness or quality. 

2.  Decision Tree Algorithms : Decision trees classify data points based on a series of 

hierarchical decisions, and random forests (an ensemble of decision trees) are often used for 

analyzing post-harvest data. These algorithms are effective in predicting the quality and 

shelf-life of agricultural products based on various characteristics such as temperature, 

humidity, and storage duration. 

3.  Support Vector Machines (SVM) : SVM algorithms classify data by finding the optimal 

hyperplane that separates different categories. These algorithms can be used to predict which 

crops are at risk of spoilage or damage by analyzing features like moisture content, 

temperature, and physical characteristics. 

4.  Neural Networks : Neural networks, particularly deep learning models like convolutional 

neural networks (CNNs) and recurrent neural networks (RNNs), can identify complex 

patterns in large datasets. These algorithms are useful for detecting subtle signs of post-

harvest spoilage or disease in crops through image recognition, or analyzing time-series data 

to predict spoilage based on historical trends. 

5.  Time-Series Analysis Algorithms : These algorithms are used to analyze data points 

collected over time, enabling predictions about future outcomes. Time-series models can be 

used to forecast post-harvest losses by analyzing historical data on environmental conditions, 

storage methods, and crop conditions. 

The selection of the appropriate machine learning algorithm depends on the specific 

objectives of the analysis and the type of data being collected. Clustering algorithms may be 

more suitable for grouping products based on quality or ripeness, while decision trees and 

random forests are better for making predictions about the post-harvest condition of crops 

based on various environmental factors. Support vector machines and neural networks are 

ideal for handling complex datasets with multiple variables, while time-series analysis is 

particularly useful for forecasting post-harvest outcomes over time. The optimal algorithm 

will depend on factors such as data volume, available computational resources, and the 

desired level of prediction accuracy. 

The integration of IoT and machine learning in agriculture holds immense promise for 

enhancing efficiency, reducing waste, and promoting sustainable practices. By leveraging 

IoT for real-time monitoring and combining it with machine learning algorithms for data 



                                Optimizing Post-Harvest Efficiency in Agriculture.... P. Mohankumar et al. 4332 
 

Nanotechnology Perceptions Vol. 20 No.6 (2024) 

analysis, farmers can make more informed decisions and optimize their agricultural 

processes. While there are challenges to overcome, the continued evolution of these 

technologies and their accessibility will likely lead to widespread adoption, transforming 

agriculture into a more efficient and sustainable industry. The combination of IoT and 

machine learning has the potential to not only improve crop yield and supply chain 

efficiency but also contribute to long-term environmental sustainability. 

Biodegradation   

On the positive side, biodegradation can enhance the nutritional value and sensory quality of 

grains. For example, the fermentation of grains by microorganisms can increase the 

bioavailability of nutrients such as proteins, carbohydrates, and vitamins. Additionally, the 

biodegradation of grains can enhance their flavor, aroma, and texture, making them more 

appealing to consumers. However, biodegradation can also have negative impacts on the 

quality and safety of grains. For example, the growth of fungi on grains can produce 

mycotoxins, which are toxic compounds that can cause illness or death in humans and 

animals. Additionally, the biodegradation of grains can lead to spoilage, reducing their shelf 

life and market value.To manage the biodegradation of grains, various strategies can be 

employed. These include using appropriate storage conditions, such as temperature and 

humidity control, as well as implementing effective pest control measures to prevent 

infestations by insects and rodents. Additionally, using preservatives and antimicrobial 

agents can help prevent the growth of microorganisms on grains. 

Soil 

Soil is an essential and intricate natural resource that supports life on Earth by providing a 

foundation for plant growth and sustaining ecosystems. Composed of minerals, organic 

matter, water, air, and microorganisms, soil serves as both a habitat and a nutrient source for 

a wide range of living organisms. It also plays a critical role in essential environmental 

functions such as water filtration, carbon storage, and climate regulation, making it an 

indispensable element of our planet's ecological balance. 

The formation of soil is a gradual process that takes place over thousands to millions of 

years. It arises from the weathering of rocks and geological materials through physical, 

chemical, and biological processes. Factors like climate, vegetation, topography, and the 

presence of living organisms all influence the characteristics and composition of soil. As a 

result, soils vary significantly in their physical and chemical properties, such as texture, pH 

levels, and nutrient content, which directly affect their suitability for different types of 

agricultural activities. 

In modern agriculture, the integration of Internet of Things (IoT) technology and machine 

learning (ML) models offers an innovative approach to soil management. IoT sensors can be 

deployed in agricultural fields to continuously monitor various soil parameters, including 

moisture levels, temperature, pH, and nutrient concentrations. These sensors collect real-time 

data, providing valuable insights into the condition of the soil and its ability to support 

healthy crop growth. 

Machine learning algorithms can then analyze this vast amount of data to identify patterns 

and correlations, enabling predictions about soil health, crop performance, and the optimal 
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use of resources. For example, by processing historical and real-time soil data, machine 

learning models can forecast when irrigation is needed, detect early signs of nutrient 

deficiencies, and recommend specific soil treatments to enhance fertility. This data-driven 

approach can help farmers make more informed decisions, improve crop yields, and 

implement sustainable soil management practices that promote long-term agricultural 

productivity. 

 

4. Proposed Model for Reduce the Post Harvest Losses Using IoT and Machine 

Learning Algorithms 

Here is a proposed methodology for using IoT and machine learning models for soil data 

analysis in agriculture: 

Identify relevant soil parameters: The first step is to identify the soil parameters that are most 

relevant to crop growth and health. These may include moisture content, temperature, 

nutrient levels, pH, and more. 

Install IoT sensors: Next, IoT sensors should be installed in the soil to collect data on these 

parameters. The sensors should be strategically placed throughout the field to ensure 

adequate coverage and accuracy. 

Collect and store data: The IoT sensors should collect data on a regular basis, such as hourly 

or daily. The data should be stored in a centralized database or cloud platform for easy 

access and analysis. 

Pre-process and clean data: Before the data can be used for machine learning models, it must 

be pre-processed and cleaned to remove any outliers or errors. This may involve filtering, 

normalization, or other data cleaning techniques. 

Train machine learning models: Once the data has been pre-processed and cleaned, machine 

learning models can be trained to analyze the data and make predictions about soil health and 

crop performance. This may involve supervised learning, unsupervised learning, or a 

combination of both. 

Validate and test models: The trained machine learning models should be validated and 

tested on new data to ensure their accuracy and reliability. This may involve using a separate 

dataset or conducting field trials. 

Use models for soil data analysis: Once the machine learning models have been validated, 

they can be used to analyze soil data in real time. This may involve making 

recommendations for irrigation management, fertilizer applications, crop rotation, or other 

land management practices. 

Monitor and refine models: The machine learning models should be monitored and refined 

over time to ensure their continued accuracy and effectiveness. This may involve updating 

the models with new data, adjusting the parameters, or using different algorithms or 

techniques. 
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Figure 2: Proposed Model 

In this model(figure 2), IoT sensors are installed in the soil to collect data on various 

parameters such as moisture content, temperature, and nutrient levels. The data is then 

collected and stored in a centralized database or cloud platform. Next, the data is pre-

processed and cleaned to remove any outliers or errors.The pre-processed data is then fed 

into machine learning models, which analyze the data and make predictions about soil health 

and crop performance. These predictions can then be used to make recommendations for 

land management practices such as irrigation management, fertilizer applications, or crop 

rotation. 

 

5. Results and Discussion 

In this model, Dataset named smart-agricultural-production-optimizing-engine  is collected 

from Kaggle repository which Consists of 22 Unique Crops such as Maize, Wheat, Mango, 

Watermelon, Mango etc.The dataset also consists of soil conditions required to grow the 

crops 

• N: The Ratio of Nitrogen Content in Soil. 

• P: The Ratio of Phosphorus Content in Soil. 

• K: The Ratio of Potassium Content in Soil. 

The following table 1 and Figure shows the average climatic and soil requirements of the 

proposed model to reduce the post harvest losses in smart farming.  

 
IoT Sensors 

 
Data Collection 

and Storage 

Data Pre-

processing and 

Cleaning 

Machine Learning Model 
Random Forest  

Precision | Recall 
Accuracy 

Soil Health and Crop 
Performance Predictions 

Post-Harvest Recommendations 
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Table 1 : Average Climate and soil  requirements 

 

 

Figure 3: Agriculture conditions based on p using Random Forest 

 

Figure 4: Agriculture conditions based on N using Random Forest 
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Figure 5: Agriculture conditions based on Temperature using Random Forest 

 

Figure 6: Confusion Matrix for Random Forest 
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Figure 7: Classification of the model 

Figure 8: Radom Forest model recommendation 

The above figure 3 – 8 shows the proposed model execution in Colab using Python, under 

the IoT based Machine learning algorithm evaluation on the agriculture data, the proposed 

model provide 99.7% accuracy to predict the post harvest scenario and avoid losses to 

recommend to the farmers. 

 

6. Conclusion 

Water content and absorption are crucial factors in numerous industries, directly affecting 

product quality and process efficiency. A thorough understanding of these properties enables 

the optimization of various applications, including agriculture, food processing, and 

manufacturing. Traditional methods for measuring water content and absorption, such as 

gravimetric techniques, moisture sensors, and spectroscopic methods, have been widely 

used. However, the integration of Internet of Things (IoT) technology has significantly 

enhanced real-time monitoring capabilities, providing continuous insights that improve 
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decision-making, product performance, and overall process optimization.In agricultural 

applications, the combination of IoT and machine learning (ML) models has proven to be a 

powerful solution for soil data analysis and water management. IoT sensors placed in the soil 

capture critical data points, such as soil moisture, temperature, and nutrient levels. This real-

time information can then be analyzed using ML algorithms to predict future conditions and 

optimize irrigation and resource allocation. The integration of ML models with IoT data 

allows for adaptive systems that automatically adjust irrigation schedules based on weather 

forecasts, soil moisture content, and crop water needs, significantly improving water use 

efficiency. 
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