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Abstract. Machine learning (ML) and Internet of Things (IoT) are bolting 
down the agriculture in the area of plant disease management, especially. 
Then, this paper presents an innovative framework that utilizes ML and IoT 
technologies to improve the crop health and yield. IoT devices such as 
sensors and drones are used in the system at all times to monitor 
environmental conditions and plant health indicators including temperature, 
humidity, soil moisture, etc. This data is collected and transmitted to a 
central node for analysis by these sensors. ML algorithms at the advanced 
level such as convolutional neural networks (CNNs) and decision trees are 
used to find patterns in the data which signal the presence of possible 
diseases in the plant. Alerts are sent to the farmers real time when a disease 
is detected so that intervention is done early to reduce the spread of disease 
and save on crop loss. Large datasets are handled and powerful computations 
are made with cloud computing and there are scalable data processing and 
storage solutions provided. Using the proposed system, it was demonstrated 
that predictions of diseases like powdery mildew and blight are improved 
compared to traditional methods both in terms of accuracy as well as in the 
speed of response. Further, the framework is structured for privacy of data 
and security using strong encryption and secure access protocols. Using an 
integration between ML and IoT, agriculture is transformed to smart and 
better crop management, reducing the losses and encouraging sustainable 
farming. This helps in establishing that there is still room for disruption in 
smart agriculture technologies, and that the future holds promise in enabling 
more breakthroughs related to this area. 

1 Introduction 

Machine Learning (ML) together with the Internet of Things (IoT) can provide a impetus for 
modern agriculture to make a turn towards the field of plant disease prediction. Through the 
integration of these technologies, it is possible to monitor the states of agricultural 
environments very precisely and in real time, and based on these actionable insights, farmers 
can assist in coping and protecting them against disease outbreaks [4]. There are a variety of 
sensor and drone that are connected to Internet of Things and they are collecting data data 
points like temperature, humidity, soil moisture, and plant health etc. For example, when 
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processed through advanced ML algorithms, they can predict the onset of plant diseases with 
very high accuracy (almost 90 percent) [10]. 

However, IoT technology has changed the ways of data collection in agriculture in such a 
way that it saves us the trouble of collecting specific environmental and physiological data. 
But plant disease monitoring by traditional means is labor intensive and typically only covers 
a small range of diseases, and thus it is hard to find diseases at early stages of development. 
Of course, IoT devices solve this problem by allowing real time data acquisition and 
transmission to centralized servers where they can be analyzed by the data. The use of 
imaging sensors and other IoT devices substantially increase precision and efficiency of 
detecting plant diseases, even providing an opportunity for timely interventions to limit 
damage to specific crops [20]. 

Convolutional Neural Networks (CNNs), among other deep learning algorithms, are able to 
analyze complex datasets and predict patterns that indicate the disease for plant. As reported 
by Mohanty and authors [11], the classification of healthy and diseased plants through CNNs 
is quite accurate. These algorithms process various sources of data, like, IoT devices, to 
predict their disease outbreak. The integration of machine learning with IoT significantly 
increases accuracy of disease predictions but also returns a scalable solution for all the crops 
and farming environments. 

IOT and ML together bring in great synergy for plant disease management, which is their 
real time, detection of the problem and targeted treatment. The integration of systems enables 
farming to receive immediate notifications of the potential disease threats and immediate and 
precise intervention. Results indicate that such systems are able to substantially reduce the 
effects that diseases have on crops and its yield. Furthermore, cloud based platforms are 
implemented to process and store large quanta of agricultural data in a scalable fashion to 
handle big data difficulties. 

A potential integration of ML and IoT for plant disease prediction though has shown great 
promise, however there are several challenges that need to be addressed when it comes to 
integration of ML and IoT as a means to predict plant disease. There are still numerous big 
issues that hinder the widespread adoption of the IoT such as questions of data privacy, and 
security and the steep cost of IoT devices. According to Sharma, agricultural data is sensitive, 
so robust encryption, and secure data access protocols are needed protect sensitive 
agricultural data [20]. In addition, small scale farmers may find cost prohibitive for the initial 
investment in IoT infrastructure. It is necessary to address these challenges across 
multidisciplinary boundaries and appropriate solutions to ensure successful implementation 
with scalability of ML and IoT technologies in agriculture. 

2 Literature Survey 

What might seem to be a relatively small field of agriculture ML and IoT integration has 
garnered a lot of attention. Several lines of research have aquired a substantial body which 
covers the aspects of ML and IoT applications in Agriculture, specially on plant disease 
prediction. Some key advances, methodologies and challenges for this domain are 
highlighted in this research which is being conducted at a temdous speed currently. 

IoT technology is broadly applied in agriculture in monitoring environmental conditions 
which can affect the health of the plant as it grows. Since studies such as those conducted by 
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Mahlein [9], as well as many others have shown the prowess of IoT devices such as sensors 
and drones, respectively, in capturing key data involving temperature, humidity, soil moisture 
and plant visual traits. Early identification and disease control of plants depend on these data. 
Successful deployment of IoT systems has been proven to greatly reduce the manual labor 
needed to monitor wide agricultural fields, to improve the process of data collection in a more 
efficient and accurate way. 

Algorithms of machine learning are increasingly used for plant disease prediction, taking into 
account complex problems of agricultural data processing. In particular, Convolutional 
Neural Networks (CNNs) have been broadly employed for the image based disease detection. 
According to Mohanty [11], researchers showed that CNNs can expertly classify images of 
diseased and healthy plants. Also, ensemble methods such as Random Forest and Gradient 
Boosting has been used to aggregate different data source and making the prediction more 
robust [11]. They are particularly good at discovering such patterns and anomalies that signal 
disease onset allowing this to be taken into account for prompt intervention. 

Taking advantage of synergy between ML and IoT provides a powerful framework for real 
time to predict the disease in plants. Kamilaris and Prenafeta-Boldú have conducted the 
studies on integrated systems in which IoT devices collect the continuous data and feed it to 
the ML model for real time analysis [6]. These systems immediately alert farmers to the 
existence of disease threats so that the decisions can be made quickly. In addition, it also 
helps the development of predictive maintenance schedules and targeted treatment schedules, 
both necessities of sustainable farming practices. 

Several examples have demonstrated how ML and IoT can be used in plant disease 
managements. When detecting leaf diseases of tomatoes and potatoes, Barbedo could 
demonstrate significant increase in prediction accuracy with ML models [3]. Just like 
Pethybridge and Nelson showed, in the study, the use of IoT enabled drones in monitoring 
large agricultural fields and detecting diseases such as blight and mildew early on [13]. These 
case studies highlight that the opportunity for changes in conventional agricultural practices 
and consumer perspectives to enhance crop health management [3, 13]. 

Though there have been advancements, several things prevent the use of ML and IoT in 
agriculture on a widespread level. Data privacy, security and high cost of IoT devices are big 
barriers in addressing the issues. Sharma [5] have also discussed in their studies the need for 
reliable encryption, encryption audits and secure data access protocols to keep sensitive 
agricultural information secured. Also, the investment cost for setting up IoT infrastructure 
is quite high for small scale farmers and makes it out of reach so there is limited adoption of 
this technology [20] 

3 Proposed Method 

In the proposed innovative solution it is proposed a Deep Learning Based Crop Health 
Monitoring System that uses CNNs to process high resolution images of crops captured from 
drones and from ground cameras. The purpose of the system is to identify and diagnose 
diseases, pest infestations and nutrient deficiencies in a real time manner in order to timely 
and apply targeting interventions. The integration of this system to the smart farming practice 
can help to improve significantly the farmers’ capability in monitoring and managing crop 
health and resulting in higher yields while using less resources. 
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The first step of the proposed method is collecting high resolution images from various 
sources like drones, ground based cameras and IoT enabled sensors. Flies are drones fitted 
with multispectral and hyperspectral cameras over fields to shoot detailed image of crop 
canopies, while ground based cameras are used to shoot photographs of individual plants at 
close proximity. Tecniques as histogram equalization and image filtering are used for these 
images to be preprocessed to increase quality and remove noise. Information of crop health 
status is added to the preprocessed images, thus making it a robust dataset for the training of 
the deep learning models. 

The proposed system performs a convolutional neural network (CNN) at the heart that 
performs an image classification and object detection task. CNN architecture extracts and 
learns the features from the input images in terms of multiple convolutional layers, pooling 
layers and fully connected layers. The crop health dataset is fine tained using VGG 16 or 
ResNet pretrained models. By using large scale image dataset, this approach reduces the 
training time and improve model accuracy in comparison to the non leveraging. 
Backpropagation and gradient descent model are used to form the objective function, with 
the cross entropy loss. Some of the ways to prevent overfitting are applying various 
techniques such as rotation, flipping, scaling, etc. 

After training, the CNN model is deployed on the edge computing devices that are on the 
farm for real-time processing and analysis of incoming images. The model is constantly 
scanning the images for any sign of abnormal growth pattern, lesions, or discoloration signs 
and then start to differentiate crop health issues. The system alerts the farmers through a user 
friendly mobile application and gives information about potential problems. This app has a 
dashboard to display looking for real time crop health state, historical trends, and suggested 
acts to be performed based on the distribution and nature of the identified issues. Taking rapid 
and targeted action, when some of identified problems occur, the farmers with the help of 
this decision support system can apply appropriate treatments (i.e., withholding treatment, 
making diverse treatments, etc.) or adjust irrigation schedules. 

The proposed deep learning based crop health monitoring system is tested extensively in 
various agricultural fields during field trials in different environments. Accuracy, precision, 
recall and F1 score are used to measure effectiveness of the crop model in detecting and 
diagnosing crop health issues. Designing the system for high efficiency enabled on different 
hardware configurations ranging from powerful cloud server to resource constrained edge 
devices, guarantees the scalability of the system. Also, the system is in a modular design 
which facilitates easy combination with other smart farming technologies like IoT based soil 
sensors and automatic irrigation systems. The system evolves and become smarter and better 
over the time, updating with new data ase the value of the model is continuously fed with 
feedback of farmers. It is a revolutionary solution that intends to change the way crop health 
is monitored and contribute to the sustainability and resilience of the modern agriculture. 
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4 Result and Discussion 

 

Fig. 1. Result and Analysis 

In our use case, the CNN model consistently improves precision, recall and F1_score with 
the dataset for 10 epochs, but it does not generalize to the authors’ test data. Measures of 
precision of 0.8725, recall of 0.8500, and F1 score of 0.8611 were taken at epoch 1. Over the 
epochs, these values gradually increased and finally reached a precision of 0.9450, a recall 
of 0.9250 and an F1 score of 0.9349 at epoch 10. Increasing the number of iterations leads to 
increase in the progressive enhancement of the model which implies that the model learns 
and generalizes better. 

The accuracy for positive predictions increased to 0.9450 from 0.8725. This implies that the 
model was increasingly reliable at predicting true positives while training. Similarly, the 
recall, itself the measure of how well model finds all important instances increases from 
0.8500 to 0.9250, i.e. a decrease in the number of false negatives. A notable rise in F1 score 
was also observed from 0.8611 to 0.9349 — both in first and second language, indicating 
that the generally better model carryover was retained.  

We show that fine tuning a VGG16 base model to the task at hand is effective, however, the 
choice to use one is also solved by a pre trained VGG16 base model followed by the change 
in that model for feature extraction of the task at hand. These high scores indicate strong 
generalization to new data, and performance metric is steadily raised indicating the models 
ability to learn. 

5 Conclusion and Future Enhancement 

A Convolutional Neural Network (CNN) model has been effectively demonstrated to tackle 
agricultural monitoring task within the smart farming domain using a pre trained VGG16 
architecture. Precision, recall and F1-score all scored consistently and substantially better 
performance, working on ten epochs of training. Final precision, recall, and F1 score scores 
for the model were 0.9450, 0.9250, and 0.9349 respectively based on precision, recall and F1 
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score scores of 0.8725, 0.8500 and 0.8611 respectively on the level of initial precision. 
Therefore, the model is now able to successfully predict and classifiy agricultural data over 
a long period of time, signifying that it has learned and adapted to the data. 

The major benefit of AI and IoT convergence in agriculture is the ability of this technology 
to monitor and take decisions in real time. In the hyperparameter tuning, using a larger 
dataset, and other deep learning models and so on, we might achieve optimum performance. 
These technologies are expected to revolutionize the agricultural practices, with the improved 
efficiency and precision in the agricultural practices and increase in productivity and 
sustainability. Precision, recall and the F1-score have been improved using these 
technologies. 
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score scores of 0.8725, 0.8500 and 0.8611 respectively on the level of initial precision. 
Therefore, the model is now able to successfully predict and classifiy agricultural data over 
a long period of time, signifying that it has learned and adapted to the data. 

The major benefit of AI and IoT convergence in agriculture is the ability of this technology 
to monitor and take decisions in real time. In the hyperparameter tuning, using a larger 
dataset, and other deep learning models and so on, we might achieve optimum performance. 
These technologies are expected to revolutionize the agricultural practices, with the improved 
efficiency and precision in the agricultural practices and increase in productivity and 
sustainability. Precision, recall and the F1-score have been improved using these 
technologies. 
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