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to enhance crop management. This paper presents a Smart
Keywords Agricultural Monitoring System that leverages Internet of
Things (IoT) devices and Convolutional Neural Networks
Smart Agriculture (CNN) to monitor environmental parameters and detect crop
IoT diseases in real time. The system comprises a network of
Crop Disease Detection sensors connected to a microcontroller to collect key
CNN environmental data such as soil moisture, temperature,
Environmental Monitoring humidity, and pH levels. Simultaneously, a CNN model is

trained to classify crop diseases based on leaf images. A
Flask-based web interface enables farmers to monitor
sensor data, upload crop images, receive disease predictions,
and obtain tailored recommendations. This integrated
solution empowers farmers with timely insights, reduces
crop losses, and enhances agricultural productivity. The
proposed system demonstrates the effectiveness of
combining Al and IoT for smart, scalable, and sustainable
farming practices.

INTRODUCTION

Agriculture occupies a fundamental position in the assurance of food security and the
facilitation of economic growth, particularly in nations where a significant proportion of the
populace relies on agricultural activities for their subsistence. Nonetheless, conventional
farming methodologies are progressively proving inadequate due to erratic climatic
phenomena, suboptimal resource allocation, crop pathogens, and insect infestations. These
obstacles necessitate the implementation of intelligent, data-centric technologies that are
capable of monitoring, forecasting, and reacting to agricultural variables in real time, thus
augmenting productivity and fostering sustainable practices.

Recent advancements in Artificial Intelligence (Al), Machine Learning (ML), and the Internet of
Things (IoT) have paved the way for the development of intelligent agricultural systems. These
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systems provide real-time insights into environmental conditions, automate crop disease
detection, and assist farmers in making informed decisions to optimize resource usage. Smart
Agriculture, or Precision Farming, emphasizes the use of such integrated technologies to
enhance productivity while minimizing environmental impact.

This paper presents a comprehensive Smart Agricultural Monitoring System that combines
sensor-based environmental monitoring with Convolutional Neural Network (CNN)-based crop
disease detection. The system architecture includes a set of sensors for measuring soil moisture,
temperature, humidity, and pH levels, all connected to a microcontroller unit (such as Arduino
or Raspberry Pi). These sensors continuously collect real-time data from the field, which can be
visualized through a Flask-based web application. Simultaneously, a trained CNN model
processes leaf images captured by a camera module to detect crop diseases and classify them
into predefined categories.

The system not only detects the disease but also provides recommendations for treatment and
prevention, helping farmers take corrective actions early. The web interface allows users to
monitor sensor readings, upload crop images, and receive Al-based analysis and suggestions.
This fusion of Al, IoT, and cloud-enabled web technologies bridges the gap between raw field
data and actionable agricultural intelligence.

The foremost objective of this system is to diminish human reliance, mitigate agricultural
losses, facilitate timely interventions, and ultimately foster a more efficient and sustainable
agricultural ecosystem. By providing a cost-effective and scalable solution, the system possesses
the capacity to advantage small-scale farmers in rural and isolated regions, as well as extensive
commercial agricultural enterprises.
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Fig.1 Smart Agricultural Monitoring System

LITERATURE SURVEY
The integration of Artificial Intelligence and IoT in agriculture has garnered significant research
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attention in recent years. Various studies have explored the use of sensors and machine learning
models to enhance crop monitoring, detect diseases, and support decision-making processes.
This section highlights notable contributions that have laid the groundwork for the
development of smart agricultural systems.

In [1], the authors proposed an loT-based smart agriculture monitoring system to measure
environmental conditions such as temperature, humidity, and soil moisture. Their system
provided real-time monitoring capabilities; however, it lacked Al integration for automated
decision-making or disease detection.

Research by Mohanty et al. [2] utilized deep learning techniques to classify plant diseases using
leaf images. A Convolutional Neural Network (CNN) was trained on the PlantVillage dataset,
achieving high classification accuracy across multiple crop types. While effective, their solution
was limited to offline analysis and did not incorporate real- time data or IoT connectivity.

A hybrid system combining sensors and machine learning was presented by Zhang et al. [3],
where environmental data and image-based inputs were fused to assess crop health. Although
their work demonstrated a step toward holistic monitoring, it did not include a user interface
for real-time feedback or practical field deployment.

The authors and developed a smart farming framework that monitored soil parameters using
Arduino and uploaded data to a cloud platform. Although sensor-driven, the system did not
support Al-based disease classification or offer recommendations to the farmers.

Recent advancements in web technologies have allowed the deployment of lightweight
interfaces for farmers. In [5], a Flask-based dashboard was proposed to visualize sensor data
and notify users of environmental threshold breaches. However, the system did not integrate
image-based diagnosis or intelligent recommendations.

The above studies highlight the progress made in smart farming but also reveal certain gaps,
particularly the lack of integration between environmental monitoring, Al-based disease
detection, and real-time user feedback. The proposed system in this research addresses these
limitations by combining a CNN-based classification model, IoT sensor data acquisition, and a
Flask-powered GUI to deliver an end-to-end agricultural monitoring solution.

METHODOLOGY

The Smart Agricultural Monitoring System integrates loT sensors with advanced artificial
intelligence techniques to monitor environmental conditions and detect crop diseases. This
methodology comprises several key modules: Data Acquisition, Sensor Integration, Image
Processing, Deep Learning Model Deployment, and the Web-Based Interface, each of which
plays an essential role in ensuring the system functions efficiently.

The system initiates its operation by obtaining data from two principal sources. The initial
source encompasses the gathering of environmental data through a multitude of Internet of
Things (IoT) sensors. These sensors assess parameters such as temperature, humidity, and soil
moisture, which are pivotal for comprehending crop vitality. Devices like the DHT11 are
employed to gauge temperature and humidity, whereas soil moisture sensors monitor the
hydration levels within the soil. This information is subsequently relayed to a central server
utilizing wireless communication protocols such as Wi-Fi or Bluetooth. The secondary data
source pertains to the procurement of images of crop foliage, which can be captured through
cameras or smartphones. These images constitute the foundation for recognizing observable
indicators of disease afflicting the crops. The system facilitates users in manually uploading leaf
images or in automatically gathering them via integrated camera systems, thus yielding a
substantial reservoir of visual data for the identification of diseases.
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Fig 2 Methodology

The procedure for sensor integration establishes a connection between environmental sensors
and a microcontroller, which facilitates communication with the overarching system. The
microcontroller persistently supervises the sensors and transmits the aggregated data to the
central server for comprehensive analysis. This procedure guarantees that the system delivers
current information regarding the crop environment, thereby enabling farmers to undertake
timely interventions. The data is systematically archived in a central database, which serves as
the foundation for subsequent decision-making processes, such as identifying anomalies in
environmental conditions that may signal potential crop stress or disease susceptibility.

Sensor Data Collection & Transmission

Once the images of the crops are captured, they undergo a detailed image processing phase. In
this phase, Convolutional Neural Networks (CNN) are applied to the crop leaf images for disease
detection. CNNs are a class of deep learning models particularly well-suited for image
classification tasks. These models are trained to identify distinct visual patterns that indicate the
presence of diseases. To ensure that the images are appropriately processed for optimal results,
various techniques such as image resizing, augmentation, and normalization are applied. By
using a large, labeled dataset of crop images with known disease categories, the model learns to
recognize disease-specific features in the leaf images. This process enables the model to
accurately classify new images and identify the presence of specific diseases.

The deep learning model is either executed on a local machine or a cloud server and is capable
of processing incoming images in real-time. When a farmer uploads a new image of a crop leaf,
the model processes it and provides a prediction regarding the presence of disease. In addition
to predicting disease, the system provides treatment or preventive suggestions, thus allowing
farmers to make decisions on crop management. The model improves over time because it gets
retrained on new information, thus being effective in identifying evolving patterns of disease.

The deep learning model is run on a cloud server or local computer, where it has the ability to
process incoming images in real-time. When a farmer uploads a new photo of a crop leaf, the
model analyzes it and provides a prediction regarding the presence of disease. Apart from the
prediction of disease, the system offers suggestions for treatment or prevention, allowing
farmers to make decisions on crop management. The model improves over time with increasing
accuracy as it is retrained on new data, and it keeps improving in detecting evolving patterns of
diseases To make the system accessible and user-friendly, a web interface is developed using
Flask, a lightweight web framework. The interface offers farmers an interface with which they
can interact with the system and see real-time information regarding their crops. From the web
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interface, users can monitor sensor readings, including temperature, humidity, and soil moisture,
and be alerted when these parameters are beyond set thresholds. Apart from this, the interface
displays the result of the disease detection process, for example, the disease detected and the
suggested treatment. Farmers can upload new crop leaf images via the interface for
examination, and the system will return feedback based on the most current disease detection
model. The site offers simple access to the data farmers require, whether they are in the at field
or home.

In brief, the solution integrates environmental monitoring using sensors, disease detection
using image processing and deep learning, and actionable insights using a easy-to-use web
interface. The solution provides a complete solution for smart agriculture, enabling farmers to
take decisions to improve crop health and manage diseases in an effective manner.

SYSTEM ARCHITECTURE DESCRIPTION

The Smart Agricultural Monitoring System architecture is designed to run in multiple layers in
an attempt to attain seamless flow of data from acquisition to processing, analysis, and finally to
offer results to the user. The system is scalable and modular to support future upgrades and
inclusion of other components or functionalities.

Data Collection Layer is responsible for gathering data from a group of sensors and cameras that
are deployed out in the field. Temperature sensors, humidity sensors, and soil moisture sensors
are used in the detection of environmental factors required for crop health. Environmental data
is gathered in real-time through the sensors, which is crucial in how external factors would affect
crop growth. Cameras also capture images of leaves of crops, which are important in visually
scanning for disease. Images give the visual input required in classifying disease through
machine learning algorithms.
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Fig. 3 System Architecture Diagram
In the Data Processing Layer, sensor and camera data is transmitted to the central system. Data
transmission is regulated through communication technologies like Wi-Fi or Bluetooth so that
data is transmitted smoothly and in real-time to the central server. Upon data transmission, the
data is stored in a database for future processing. The data storage unit is designed to store
the incoming image and sensor data securely for quick retrieval and processing. This layer is the
base for the subsequent processes of data prediction and analysis.

The Analysis Layer contains the core of the disease detection. The analysis starts by image
preprocessing, where the captured images are resized, normalized, and augmented in order to
optimize the performance of the disease detection model. A Convolutional Neural Network
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(CNN) model is thereafter employed on the processed images in an attempt to spot diseases on
the crop's leaves. The CNN model is tuned specifically to discern visual patterns symbolizing the
presence of disease. Once the disease is spotted, the system makes predictions and advice
regarding the intensity and cure of the disease and can be utilized by the farmer in decision
making.
Lastly, the User Interface Layer allows farmers to interact with the system through a web-based
interface. The web interface is a dashboard, where farmers can view real-time information in
terms of environmental conditions as well as disease forecasts. The interface is also user-
friendly, therefore it presents vital metrics and alert information in a noticeable way. Also, the
system provides alert and sends notification to the farmer in case the disease is present, the
disease type, disease severity, as well as measures to treat and prevent the disease. The farmer
can therefore take action immediately in terms of safeguarding the crops.
System architecture thus enables efficient data collection, seamless processing, accurate disease
identification, and simple user interaction, to enable farmers to make informed decisions to
manage crop health and achieve maximum agricultural output.

EXPERIMENTAL RESULTS

In this section, we present the experimental results of the Smart Agricultural Monitoring
System, which evaluates the system’s performance in detecting crop diseases, integrating
environmental data, and providing actionable recommendations. The system was tested using a
comprehensive dataset consisting of crop disease images and environmental sensor data,
ensuring a robust evaluation of its functionality.

The dataset used for the experiments included images of crops in various stages of growth,
labeled with common diseases observed in those crops. Along with these images, environmental
data such as temperature, humidity, and soil moisture levels were collected from field sensors.
These images and sensor data formed the basis for the system’s disease detection and
recommendation features.

Apple___Cedar_apple_rust Apple___healthy Con af_spot Gray_leaf spot

Corn_(maize)___heaithy

Tomato___Leaf_Mold

Fig 4 Image Data Samples

In terms of accuracy in disease identification, the CNN model was good, with a general accuracy
of 95%. This indicates that the system was able to correctly identify diseased crops from
healthy crops most of the time. Furthermore, the precision of the model was 92%, meaning that
most of the positive disease predictions were accurate, while the recall was 93%, meaning that
the model was able to identify most of the diseased crops. The F1-score, which is a balance
between precision and recall, was 92.5%, which indicated that the model was good at both
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minimizing false positives and false negatives. These results indicate that the system is able to
identify diseases in crops accurately using image analysis.

The addition of environmental data enhanced the performance of the system as well. The
system was able to correlate environmental conditions, for instance, high temperature or
humidity, with the likelihood of a particular disease. For instance, if the system identified a
fungal infection and recognized high humidity, it could suggest particular prevention protocols
such as a change in the pattern of irrigation or application of a fungicide. Incorporation of these
environmental parameters enhanced the overall accuracy of disease prediction by 5% and
made the system more context-aware and credible in actual field agriculture settings.
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Fig. 5 CNN Model Summary

In terms of system performance, the average response time for detecting a disease and
generating a recommendation was measured to be around 5 seconds. This fast processing time
ensures that farmers can receive timely feedback, which is critical for mitigating disease spread
and taking corrective actions. The system reliability was also tested over several weeks in
various field conditions, and it consistently provided accurate readings with minimal delays or
data loss. The sensors and disease detection model continued to perform well under changing
field conditions, demonstrating the robustness of the system.

WARNING:absl:Compiled the loaded model, but the compiled metrics have yet to be built. “model.compile_metrics” will be empty until you train or evaluate the model.
Found 21361 images belonging to 12 classes.
@s 78ms/step
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Fig 6 Manual Result
The user interface through which the farmers interacted was usability-tested as well. The
farmers' feedback was that the web interface was easy to use and intuitive. The dashboard gave
real-time information and outcomes of disease detection in a readable format, and the farmers
were able to make decisions based on that. The alerts and suggestions given by the system were
actionable, and the farmers liked the recommendations for maintaining crop health.

Home Project About Contact

Plant Disease Detection

Choose File No file chosen

Upload and Detect

Fig. 7 GUI Index Page

Despite the positive outcomes, the system was not perfect, for example, the low data set
diversity, which undermined the model's ability to detect diseases in crops outside the training
set. Secondly, environmental variations like extreme weather conditions at times led to
inconsistencies in the sensor readings, affecting the predictions. Future improvement will be in
the area of expanding the dataset, enhancing the model to handle extreme conditions, and
sensor calibration to achieve more precise readings.

Home Project About Contact

Fertilizer Recommendation

Predicted Disease: Tomato__Early_blight

Recommendation: Apply a calcium-rich fertilizer to prevent further spread and strengthen plant tissues. Add compost or organic matter to
improve soil health and ensure proper spacing for air circulation.

Uploaded Image

Fig. 8 Gui Result Page

Overall, the experimental results validate the system's effectiveness in crop disease diagnosis
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and environmental monitoring. The system exhibited high accuracy, quick response, and strong
usability, suggesting that it can be an effective tool for farmers. Nevertheless, further research
needs to be carried out to overcome the existing limitations and improve the system's
performance in a broader range of agricultural environments.

CONCLUSION

The Smart Agricultural Monitoring System synergistically integrates environmental monitoring
and disease detection to facilitate farmers in managing crop health. With a 95% accuracy rate,
the system efficiently detects diseases using CNNs and sends timely recommendations with real-
time environmental sensor data. Adding environmental parameters, such as temperature and
humidity, improved prediction accuracy by 5%, making the system contextually aware. The
user interface was simple to use, facilitating farmers to seamlessly fetch disease details and
preventive measures. However, issues such as dataset diversity and environmental variability
hindered prediction accuracy under certain situations. Despite that, the system demonstrated
stable performance with a prompt response time of 5 seconds, facilitating decision- making in
due time. Future development will take care of dataset expansion, fine-tuning of sensor
calibration, and the ability of the model to handle disparate agricultural conditions. Overall, the
system is a worthy contribution towards precision agriculture and can be supportive to
sustainable agriculture practices.
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