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Abstract—Agriculture is evolving toward intelligent automa-
tion driven by artificial intelligence and Internet of Things tech-
nologies. This paper presents GreenMind, an integrated smart
farming ecosystem designed to monitor environmental parame-ters
and automate irrigation and fertilizer delivery. The proposed system
employs sensor networks, ESP32  microcontroller, cloud
connectivity, and machine learning based plant health analysis.
Real-time monitoring combined with automated decision-making
improves crop productivity while reducing water and fertilizer
wastage. Experimental results validate system reliability and
demonstrate its suitability for precision agriculture applications.
Index Terms—Smart Agriculture, loT, Machine Learning,
Precision Farming, ESP32, Automation.

[. INTRODUCTION

Urbanization and the rise of compact living spaces have
created a growing disconnect between people and the food
they consume. Modern lifestyles leave limited time for tradi-
tional gardening or farming, resulting in heavy dependence on
chemically treated produce. This has not only affected food
quality but also increased the environmental burden due to
excessive water usage and harmful pesticides.

Fig. 1. Figure 1: The ”GreenMind”

GreenMind addresses these challenges by introducing a
smart, compact, and autonomous farming ecosystem that in-
tegrates Internet of Things (IoT), Artificial Intelligence (Al),
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and Cloud Computing. The system empowers individuals to
cultivate healthy plants and vegetables in small urban spaces
such as balconies, terraces, and rooftops—without requiring
constant manual intervention. It bridges the gap between
technology and sustainability, making farming simpler, more
efficient, and environmentally conscious.

Smart agriculture integrates sensing devices, cloud plat-
forms, and intelligent algorithms to enhance farming effi-
ciency. GreenMind introduces an automated framework ca-
pable of monitoring soil conditions, predicting plant require-
ments, and activating irrigation systems without human inter-
vention.

II. LITERATURE SURVEY

Previous studies have explored various techniques for smart
farming using sensor networks and Al. Some approaches
rely on satellite data, while others integrate IoT modules for
real-time monitoring. Most relevant is the combination of
sensor-based soil analysis and rule-based recommendations to
determine nutrient deficiencies. This paper builds on these
concepts by also including a dispensing mechanism, which
makes the system actionable in the field.

Kusuma et al. [1] and Sharma et al. [2] introduced
smart irrigation and fertilizer control systems that utilize basic
sensors and microcontrollers to regulate distribution. Their
setups demonstrated that real-time, sensor-driven systems ef-
fectively reduce water wastage while maintaining crop health.
Building upon these foundations, the proposed GreenMind
system integrates both moisture and NPK sensing [10], en-
abling simultaneous optimization of water and fertilizer usage.
GreenMind adopts a dual-board architecture to handle more
complex processing tasks [7].

Gajula et al. [5] applied machine learning models such
as K-Nearest Neighbors (KNN) to predict yield and nutrient
requirements based on environmental parameters. Their find-
ings demonstrated higher accuracy in recommendations. In a
similar vein, the GreenMind project extends this approach by
utilizing vision-based Convolutional Neural Networks (CNNs)
on a Raspberry Pi with TensorFlow Lite for real-time, on-
device plant disease detection, minimizing latency and cloud
dependency [8], [13].

Rajput et al. [6] emphasized the role of integrated IoT
monitoring using NodeMCU for basic environmental sensing.
However, platform selection plays a crucial role in system effi-
ciency; the dual-board architecture of GreenMind—combining
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ESP32 for sensor data acquisition and Raspberry Pi for Al
computation—offers superior modularity and computational
capability over traditional single-module setups [7].

Kavitha and Singh introduced Al-powered systems that
integrate weather forecasts and soil data to provide smart
nutrient delivery, a proactive approach that Sinha and Bansal
furthered by combining AI with GIS for zone-specific sug-
gestions. While current systems like GreenMind often oper-
ate reactively, future enhancements aim to incorporate these
predictive irrigation and nutrient scheduling models [15]. Fur-
thermore, research by Naik et al. and Zhang et al. suggests
that optimizing data transmission via protocols like MQTT and
using solar-powered dispensers [11] are critical for sustaining
large-scale, low-energy agricultural deployments [9], [16].

Collectively, these studies illustrate a clear movement to-
ward integrated Al-IoT ecosystems that transform traditional
agriculture into a data-driven, intelligent, and proactive system,
which the GreenMind project embodies through its modular,
scalable, and edge-optimized design.

III. SYSTEM ARCHITECTURE

A. Sensing Layer

Soil moisture sensors, temperature sensors, and humid-
ity sensors collect environmental parameters affecting plant
growth.These sensors operate continuously and provide real-
time measurements.

B. Communication layer

establishes connectivity between hardware devices and
cloud services using wireless networking protocols. Data pack-
ets are securely transmitted to prevent information loss or
unauthorized access. Reliable communication ensures uninter-
rupted monitoring.

C. Processing Layer

The processing layer performs data storage, analysis, and
prediction tasks. Machine learning models analyze plant im-
ages and environmental trends. Historical data enables pattern
recognition and predictive analytics for improving plant care
decisions.

D. Application layer

The application layer provides visualization and user in-
teraction. The Android application displays environmental
statistics, prediction outcomes, and automation status. Users
can access information remotely, enabling efficient plant man-
agement even without physical presence.
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Fig. 2. Proposed GreenMind System Architecture

IV. METHODOLOGY

The proposed system follows a structured workflow.
Figure 3 illustrates the overall process.
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Fig. 3. System Flowchart of the Proposed Model
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V. MATHEMATICAL MODEL

The GreenMind system operates using mathematical mod-
eling to convert real-world environmental parameters into
intelligent decisions for plant growth management. The math-
ematical model establishes relationships between sensor mea-
surements, plant health conditions, irrigation requirements, and
disease prediction outcomes. These models allow the system to
perform automated monitoring, analysis, and control actions.

A. Environmental Parameter Modeling Plant growth de-
pends on multiple environmental variables such as soil mois-
ture, temperature, humidity, and light intensity. Let the en-
vironmental state vector be defined as: [ E(t) = [M(t), T(t),
H(t), L(t)] ] where: *« (M(t)) = Soil moisture level at time (t)
* (T(t)) = Ambient temperature * (H(t)) = Relative humidity °
(L(t)) = Light intensity The optimal plant growth condition is
represented by: [

Eopt = [Mo, To, Ho, Lo]
] The deviation from optimal conditions is calculated as:

D(t) =
=1

Wi|Ei(t) - Eopt,i|

where (wi) represents the importance weight of each envi-
ronmental parameter. A smaller deviation value indicates a
healthier plant environment.

B. Soil Moisture and Irrigation Control Model Water re-
quirement is calculated using soil moisture feedback. Let:

M. = Current soil moisture
M = Minimum moisture threshold

Irrigation activation function:

C
1, Mc<M
/(t) — c th

0, Mc M

where: ¢ (I(t)=1) activates the water pump * (I(t)=0) stops
irrigation Water flow quantity is modeled as:

W = k(M — M)

where (k) is calibration constant representing pump efficiency.
This proportional control minimizes overwatering and con-
serves water resources.

C. Temperature and Humidity Regulation Model Plant tran-
spiration rate depends on temperature and humidity interac-
tion:

TR = aT(t) — BH(t)

where: * (TR) = Transpiration rate * (alpha) and (beta) are
experimentally determined constants. Environmental stress in-
dex:
[T(t) — To| |H(t) = Ho|

To Ho

Higher stress index values indicate unfavorable growth condi-
tions requiring system alert generation.

Sl =
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D. Plant Health Prediction Model Plant disease detection
uses machine learning classification. Let image feature vector
be:

X = [x1, X2, X3, ..., Xn]

where features represent extracted leaf characteristics such as
color variation, texture patterns, and lesion shapes. Prediction
probability is calculated using Softmax function:

Ply|X)= _ €&
I k .
j=1 e

where: ¢ (yi) = disease class * (k) = total disease categories.
The predicted disease corresponds to maximum probability:

Disease = arg max P (yi|X)

VI. MACHINE LEARNING INTEGRATION

A. Role of Machine Learning in Smart Farming

Machine learning allows the system to:

Identify plant diseases at early stages Reduce dependency
on expert supervision Provide real-time plant health assess-
ment Enable data-driven agricultural decisions Improve crop
productivity and sustainability The ML model acts as an
intelligent layer between sensor data acquisition and user
decision-making.

B. Dataset Preparation and Preprocessing

Before training, preprocessing steps are applied:

1. Image resizing to 224 x 224 pixels to match deep learning
model requirements.

2. Normalization of pixel intensity values between 0 and 1.

3. Data augmentation techniques such as:

* Horizontal flipping

* Random rotation

* Zoom transformation

* Brightness variation

Data augmentation improves generalization capability and
prevents overfitting by simulating real-world environmental
variations.

The dataset is divided into:

* Training set (80

* Validation set (20This separation ensures unbiased perfor-
mance evaluation.

C.Prediction and Classification Process When a user scans
a plant leaf using the mobile application:

1. The image is captured through the camera interface.

2. The image undergoes preprocessing identical to training.

3. The trained model extracts visual features.

4. The Softmax layer calculates probability scores for each
disease class.

Prediction output is determined by:

Class = arg max P (y|X)

The application then displays:

+ Disease name

* Suggested treatment recommendations.
D.Integration with Android Application
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The trained machine learning model is exported and inte-
grated into the Android application environment. The mobile
device performs inference locally or via cloud communica-
tion depending on deployment configuration. The workflow
includes:

1. Image capture using smartphone camera.

2. Model inference execution.

3. Result visualization to user.

4. Storage of prediction history.

This integration enables portable and real-time disease di-
agnosis without requiring specialized equipment.

VII. IMPLEMENTATION

Hardware components used include:

- ESP32 Development Board

- Soil Moisture Sensor

- DHTI11 Temperature and Humidity Sensor
- LDR sensor

- Relay Module

- Water Pump

- Mobile Application Interface

Embedded firmware developed using Arduino IDE performs
sensor acquisition and automation control.

VIII. RESULTS AND ANALYSIS

System testing was conducted under controlled agricultural
conditions. Continuous monitoring successfully triggered irri-
gation when soil moisture dropped below threshold values.

futrient Levels {0PK)
i 524,59 P: 537.08 K: 686.96

Fig. 4. User Interface

Experimental evaluation demonstrated significant improve-
ment in plant monitoring efficiency compared to traditional
manual observation. Sensor data provided accurate insights
into environmental variations affecting plant health. Auto-
mated irrigation reduced water usage by activating pumps only
when necessary.
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Fig. 5. User Interface

The disease prediction model achieved high accuracy dur-
ing validation testing, successfully identifying common plant
diseases from leaf images. Early detection allowed timely
intervention, preventing disease spread and improving plant
survival rate. Users reported increased confidence in maintain-
ing plants due to real-time guidance provided by the system.

Erv History (Temp/Mum/LIight)

Fig. 6. User Interface

Mobile application usability testing indicated that real-time
notifications and graphical dashboards enhanced user engage-
ment.The integration of Al prediction and IoT monitoring
proved effective in supporting urban farming practices.

Fig. 7. Working Model
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Overall, results confirm that intelligent automation com-
bined with machine learning significantly enhances urban
agriculture efficiency and sustainability.

IX. FUTURE SCOPE

* Advanced Al and Deep Learning:

Integration of sophisticated deep learning architectures to
improve disease detection accuracy across a wider range of
plant species.

* Edge Computing:

Implementation of edge computing techniques to allow
for local data processing and predictions without requiring
continuous internet connectivity.

» Expanded Sensor Integration:

Incorporating specialized sensors for nutrient monitoring
and CO> measurement to provide comprehensive insights into
plant health.

* Sustainable Power Solutions:

integration of renewable energy sources, such as solar
panels, to enhance system autonomy and reduce

* Community and Predictive Analytics:

Expansion into community farming networks utilizing pre-
dictive analytics to provide personalized, seasonal farming
recommendations.

* Interactive Interfaces:

Development of voice-controlled virtual assistants to sim-
plify user interaction and improve accessibility for non-
technical users.

* Scalable Platforms:

Evolving the system into a holistic smart agriculture plat-
form suitable for smart homes, urban city planning, and
educational research.

X. CONCLUSION

The GreenMind system presents a comprehensive approach
to smart urban farming by integrating Artificial Intelligence,
Internet of Things technology, automation, and mobile applica-
tions. The proposed solution addresses key challenges faced by
urban growers, including lack of monitoring, delayed disease
detection, and inefficient resource usage.
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