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In modern precision agriculture, real-time detection of plant diseases is vital to
prevent yield losses, reduce pesticide usage, and enhance crop productivity.
While deep learning and edge Al have shown promising results in leaf disease
classification, their deployment requires costly and computationally intensive
hardware such as Raspberry Pi or Jetson Nano. These limitations make them
impractical for large-scale use in economically constrained or rural areas. To
bridge this gap, this paper presents an IoT-based, rule-driven diagnostic
framework utilizing the NodeMCU ESP8266 microcontroller and ThingSpeak
cloud platform. The proposed system leverages low-power sensors (DHT11 and
soil moisture) to monitor key environmental parameters indicative of plant
disease risk. Disease inference is conducted using logical threshold-based
conditions executed through ThingSpeak's MATLAB analytics, enabling real-
time alerts via email. The implementation has been evaluated across semi-arid
farming plots for tomato and chili crops, showing an alert accuracy of 87%,
uptime of 98.9%, and total cost below $15. This low-power system demonstrates
high reliability and affordability for real-time field deployment in small-scale

farms, thereby supporting the sustainable intensification of agriculture.
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Introduction

Agriculture remains the foundation of food security
and rural economies worldwide, especially in low-
income and developing nations. Despite the adoption
of modern machinery and techniques, crop losses due
to plant diseases remain a persistent and costly
problem, leading to not only economic loss but also
supply chain disruption and food insecurity.
According to the FAO (2021), Sweet lemon are
responsible for over 20-30% yield losses annually,
with fungal, bacterial, and viral diseases significantly
affecting key staple crops [1].

Timely and accurate diagnosis of plant diseases is
crucial for and

therefore mitigating damage

implementing early-stage intervention strategies.

However, traditional methods of plant disease
diagnosis — such as manual inspection by
agronomists or farmers — are often inaccurate,

subjective, and unsuitable for large-scale operations.
These methods also demand expert knowledge, which
may not be accessible in remote rural settings.

Over the past decade, Artificial Intelligence (AI) and
Image Processing have emerged as powerful tools for
automated disease identification. Deep Convolutional
Neural Networks (CNNs) trained on leaf image
datasets such as PlantVillage have demonstrated
classification accuracies as high as 99.35% [2], [3].
However, despite their effectiveness, these models are
typically
hardware such as NVIDIA Jetson Nano, Raspberry Pi

computationally  intensive, requiring
4, or cloud-hosted GPUs to operate in real time. Such
hardware solutions are often cost-prohibitive, require
stable internet connectivity, and consume significant
power — making them impractical for farmers in
economically challenged or off-grid regions.

To address these challenges, this research proposes a

lightweight, rule-based IoT system for real-time

disease risk detection using environmental parameters.

Instead of relying on leaf imagery and CNNs, we
utilize sensor data — temperature, humidity, and soil
moisture — as proxies for disease-prone conditions.

The system is built on the NodeMCU (ESP8266)

microcontroller, which is compact, low-cost (<$5
USD), and WiFi-enabled, and uses ThingSpeak, a
MATLAB-compatible [oT cloud platform, for real-
time data monitoring and logic execution.

This architecture eliminates the need for high-end
computation and supports real-time alerting via email
or dashboard visualization. It enables rural farmers to
adopt automated crop health monitoring using locally
available technology and infrastructure. In doing so, it
lays the groundwork for scalable, affordable, and
sustainable smart agriculture systems without
dependence on advanced Al models or expensive edge
devices.

The contributions of this paper are summarized as
follows:

e Design of a low-power IoT framework for plant

disease monitoring using NodeMCU and
ThingSpeak.
e Definition of a rule-based disease inference

model based on environmental parameters
commonly linked with crop diseases.

e Deployment and field validation of the system in
real  agricultural  settings, showing its
effectiveness and robustness.

e Comparative evaluation of the proposed system
against high-cost Al-based methods in terms of
cost, accuracy, and scalability.

This study demonstrates that smart farming need not

rely solely on sophisticated AI systems but can

leverage simple yet effective IoT-based solutions to
empower smallholder farmers in disease prevention

and crop management.

LITERATURE REVIEW
The convergence of Internet of Things (IoT),
Artificial Intelligence (AI), and smart sensing

technologies has ushered in transformative changes in
agricultural practices. Over the last decade, substantial
research has been conducted to automate and
enhance Sweet lemon plant leaf disease detection
using data-driven techniques. This section provides a

detailed review of state-of-the-art methods, identifies
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key limitations, and establishes the relevance of low-

cost IoT solutions like the one proposed in this paper.

A. Deep Learning Approaches for Plant Disease
Detection

Deep learning models, particularly Convolutional

Neural Networks (CNNs), have become the dominant

paradigm for plant disease detection from leaf imagery.

Mohanty et al. [1] employed pre-trained AlexNet and
GoogleNet models to classify 18 disease categories
from the PlantVillage dataset, achieving an accuracy
exceeding 99%. Similarly, Ferentinos [2] evaluated
CNNs such as VGG and LeNet on tomato and grape
diseases with accuracy up to 99.53%. These models
learn hierarchical features directly from raw image
pixels, eliminating the need for handcrafted feature
extraction.
While highly accurate in controlled environments,
these models suffer from several limitations:
e They demand high-performance GPUs or edge
Al devices (e.g., Jetson Nano, Raspberry Pi 4).
¢ Deployment in the field is challenging due to
lighting variation, occlusion, and background
clutter.
e  Most datasets (e.g., PlantVillage) are curated in
lab settings and lack real-world generalizability.
To overcome these, real-time deployment using Edge
Al has been explored.
B. Edge Al and Embedded Systems
Edge computing refers to the processing of data close
to the source — in this case, within agricultural fields
— thereby minimizing latency and dependence on
external servers. Pan et al. [3] proposed an edge
computing-based plant disease recognition system
that combined a camera sensor with Jetson Nano to
run MobileNetV2 in-field. They demonstrated high

accuracy with reduced inference latency (“80ms),

although system cost and energy consumption

remained significant (T10W).

Similarly, Lee and Lee [4] implemented MobileNet on

embedded devices, showing feasibility in constrained

environments. However, such systems remain
inaccessible to small-scale or marginal farmers due to:

e Initial setup costs (7$50-$100 USD per node).

e Need for continuous internet or 4G for cloud data
relay or updates.

o Higher power draw making solar integration
more complex.

C. IoT-Based Systems without Al

Contrary to Al-centric methods, IoT-based systems

use environmental sensing — temperature, humidity,

moisture — to monitor crop health. These systems are
cost-effective, energy-efficient, and easier to deploy.

For instance, Jadhav et al. [5] designed a soil-moisture

controlled irrigation system using NodeMCU and

DHT sensors. While not directly aimed at disease

detection, the principles demonstrate the feasibility of

low-cost sensing and actuation.

Rule-based systems can detect stress-prone conditions

(e.g., dryness or humidity-linked fungal spread)

without requiring images. They are particularly useful

for:

e Diseases triggered by environmental change,
such as fungal rot during high heat and low
humidity.

e Remote farms with limited computational or

electrical infrastructure.

e Educational deployments for technology
adoption in rural communities.
However, the downside is reduced specificity — a

rule-based system cannot differentiate between types
of fungal or viral infections, only predict likelihood
based on risk conditions.

D. Comparative Summary of Techniques

Method Advantages Disadvantages

CNN (Cloud-based) High accuracy, learns complex | Requires GPU, high internet use,
features expensive

Edge Al  (Jetson/RPi  + | Fast inference, privacy-preserving | High setup cost, more complex

Volume 11, Issue 3, May-June-2025 | http://ijsrcseit.com




K. Rama Gangi Reddy et al Int. J. Sci. Res. Comput. Sci. Eng. Inf. Technol., May-June-2025, 11 (3) : 985-993

Method Advantages Disadvantages

MobileNet) integration

NodeMCU  +  ThingSpeak | Low cost, solar friendly, easily | No image processing, rule-dependent
(Proposed) scalable only

E. Identified Research Gap 2. Network Layer (Communication): Utilizes built-
While CNN-based plant disease systems offer in WiFi (ESP8266) to transmit sensor data to the

exceptional performance in lab conditions, they fall

short in real-world deployment due to infrastructure

limitations. Edge Al systems bridge this gap to some

extent but still remain economically and logistically

unviable for marginal farmers.

There is a clear research opportunity for systems that:

e Arelow-cost (<$15 USD),

e Work with sensor-based inference rather than
image data,

e  Use public cloud platforms like ThingSpeak,

e Provide real-time alerts without internet-heavy
operations.

This paper addresses this exact space, proposing a

simple yet functional alternative using NodeMCU and

ThingSpeak, focused on sustainability, affordability,

and practical usability.

SYSTEM DESIGN AND ARCHITECTURE
This the

software and data

section details hardware architecture,

components, communication

workflow of the proposed plant disease detection

system. The system is designed to be modular, scalable,

and low-cost, making it suitable for real-time

monitoring in agricultural fields, particularly in rural

or semi-urban contexts with limited infrastructure.

A. Overview of System Architecture

The proposed system uses an IoT-based layered design,

integrating environmental sensing with cloud-based

analytics. The three main functional layers include:

1. Perception Layer (Sensor Node): Gathers real-
time data environmental

using Sensors

(temperature, humidity, and soil moisture).

internet.

3. Application Layer (ThingSpeak Cloud): Processes
the data using a threshold-based disease risk
model, visualizes it, and triggers alerts.

This architecture minimizes power and cost while

preserving the responsiveness required for early

warning systems.

B. Hardware Components

The hardware design consists of off-the-shelf, low-

power components that are easily accessible and field-

deployable.

1) NodeMCU (ESP8266)

e A WiFi-enabled microcontroller unit (MCU)
based on the ESP8266 chip.

e Operates at 3.3V with built-in TCP/IP stack
and 10 GPIO pins.

¢  Uploads sensor data via HTTP to ThingSpeak
using its unique API key.

e Chosen for its low power consumption

(T0.5W), affordability (<$4 USD), and
compatibility with Arduino IDE.
2) DHT11 Sensor
e Digital sensor to measure ambient

temperature and relative humidity.

e Operates between 0-50°C and 20-90% RH
with +2°C and +5% accuracy, respectively.

e Provides critical input for detecting fungal
risk zones.

3) Soil Moisture Sensor

o  Capacitive type (preferred over resistive for
longevity).

e Provides analog voltage corresponding to

soil moisture level.
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e Calibrated to output <300 ADC units for
“dry” soil, which is considered stress-
inducing.

4) Buzzer and LED

e Act as local alerts when a disease condition
is detected.

e Controlled via GPIO pins based on logic
executed in the NodeMCU code.

C. Software and Cloud Infrastructure

The system leverages ThingSpeak, an IoT cloud
service operated by MathWorks, for real-time data
handling and logic execution.

1) ThingSpeak Cloud Features

e Provides RESTful API endpoints for data
upload and retrieval.

e  Supports MATLAB Analytics for threshold
logic and email alert generation.

e Allows creation of live plots for parameters
like

moisture.

temperature, humidity, and soil
2) API Communication Flow

NodeMCU connects to a local WiFi network and
uploads data via HTTP POST using the ThingSpeak
API. Each parameter is assigned a channel field.

D. Data Flow and System Interaction

The high-level data flow between hardware and cloud
components can be described as:

/fr‘

T Vi

== ' ThingSpeak
Sensor Noda ThingSpeak — .)))

y <« .

Trlondmeay Steed-matk
‘4’ doad channels
ThingSpeak
HTTP requests L—l vlajaztions
—_ — MATLAB

Incolytcd from
e channels
g

NodeMCU  Sec8266

Live Dashboard

Sendautomated email alerts

Triggerar informied email aleertt |
peadeired decsiods and remote -
remote monitorg througte emails

automatic emails |

¢  The data acquisition loop runs every 30 seconds.

o The MATLAB script is scheduled to run every 15
minutes to evaluate disease conditions.

e Live dashboards allow farmers or agricultural
officers to visualize historical trends and predict
problems early.

E. Power and Enclosure Considerations

To ensure field wusability, the following design

optimizations were included:

e Power Source: The NodeMCU operates on 5V
and can be powered via a small solar panel and
battery system, allowing continuous operation
off-grid.

e  Waterproof Enclosure: All components are

enclosed in a weather-resistant plastic box with

sensor probes extended outside. Ventilation holes
are covered with mesh to protect from insects or
debris.

F. Cost Analysis of Components

Component Unit Cost (USD)
NodeMCU (ESP8266) 3.50

DHT11 Sensor 1.00

Capacitive Moisture 1.50

Buzzer & LED 0.50

Wires, PCB, Enclosure 3.00

Total $9.50 — $12

G. Advantages of This Design

e  Affordability: Entire system under $15.

e  Scalability: Multiple nodes can be deployed
across larger fields.

e Low Maintenance: No need for frequent software
updates or recalibration.

e Offline Capability: Local buzzer alerts work
without cloud dependency.

e Eco-Friendly: Low power consumption (<0.5W)

enables solar deployment.

METHODOLOGY
This section outlines the operational framework of

the proposed IoT-based plant disease detection system,

focusing on the data collection routine,
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threshold

alert generation mechanisms.

environmental rules, cloud-side

computation, and
Unlike image-based AI methods, our design uses
environmental  indicators and  deterministic
thresholds derived from agricultural best practices to
infer early signs of crop stress and disease
susceptibility.
A. Data Acquisition and Monitoring Strategy
The NodeMCU-based system operates on a loop cycle
where it reads sensor data every 30 seconds and
uploads it to ThingSpeak using HTTP POST requests.
1) Sampling Parameters

e  Temperature (°C): DHT11 sensor

e  Relative Humidity (%): DHT11 sensor

e Soil Moisture (Analog/ADC): Capacitive

moisture probe

These parameters are logged in three distinct fields of
a single ThingSpeak channel.
2) Sampling Interval

e  Sensor Reading: Every 30 seconds

e  Data Upload: Every 60 seconds

e  Threshold Evaluation: Every 15 minutes via

MATLAB Script Scheduler on ThingSpeak

This timing allows for near real-time detection
without excessive cloud traffic, ensuring low
bandwidth usage and low power operation.
B. Threshold-Based Disease Risk Model
Based on agronomic data and expert consultations, we
threshold

commonly driven by environmental stress. Rather

formulated conditions for diseases
than classifying diseases by type (e.g., blight, mildew),
this model detects risk conditions that precede or

accompany disease onset.

Condition Interpretation / Risk

Trigger

Temperature > 35°C AND
Humidity < 30%

High risk of fungal or

bacterial wilt

Soil Moisture < 300 ADC

units

Drought stress or early

wilting

Temperature < 15°C Possible viral disease

incubation

These thresholds are conservative and selected to
maximize early warnings rather than precision.
C. Composite Rule Evaluation
A disease risk is flagged if two or more conditions are
met simultaneously. This avoids over-triggering from
sensor noise or temporary environmental fluctuation.
C. ThingSpeak Configuration
1) Channel Setup
e Each sensor writes to a unique field in the
ThingSpeak channel (e.g., fieldl = temp,
field2 = humidity, field3 = soil moisture).
e A private key is used for secure data
transmission from NodeMCU.
e Channels are public or private depending on
user access requirements.
2) MATLAB Analytics Integration
ThingSpeak’s MATLAB engine allows execution of
custom scripts at scheduled intervals. The disease
evaluation script uses the readData and sendEmail

functions.

1000 -

300

300 - —— Temperature 35°C

x35°C

4501 Moisture Level
Humidity < 30%

200 -

200 - ) Humidity

Termperatiuey

100 -

@ Moisture Level

Humidity < 30%

00 -

<30% ©

0+

10m 30m 24m 20m 25m 200m 150m 100pim

Time

3) Script Scheduler

e  Frequency: Every 15 minutes

e Latency: "1-2 seconds execution time per run

e Reliability: ThingSpeak supports multiple retries
in case of temporary failure

D. Alerting Mechanism

The system supports two types of alerts:
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1. Email Notifications (through ThingSpeak Mail
client)

2. Local Buzzer + LED Signals (triggered directly by
NodeMCU)

In case of network outages, local alerts remain active,

ensuring offline functionality.

Trigger Conditions:

e  Email is sent if composite disease condition is met.

e Buzzer and Red LED blink continuously for 10
seconds upon each cycle match.

E. Visualization and User Dashboard

Using built-in ThingSpeak widgets, farmers or

agricultural scientists can visualize:

¢ Real-time graphs of temperature, humidity,
moisture

e  Threshold overlays for intuitive interpretation

e Daily/weekly trends for planning irrigation or
pest control

This helps correlate disease outbreaks with long-term

environmental  changes, enabling  predictive

management.

F. Fail-Safe and Error Handling

1. Sensor Disconnection: Default value flagging (-1)
used to skip processing.

2. WiFi Failure: NodeMCU retries every 60 seconds
until network restored.

3. ThingSpeak Unreachable:
buffered in RAM (up to 5 minutes).

G. Justification of Methodology

Data temporarily

This hybrid logic-based approach:

e Requires no image datasets or training overhead.

e  Works in remote and disconnected areas.

e  Provides reliable alerts with high interpretability
(farmers can understand why an alert was
triggered).

While not capable of specific disease classification, it

enables actionable early intervention with very low

cost and complexity.

RESULTS AND EVALUATION
To evaluate the effectiveness, reliability, and practical
usability of the proposed NodeMCU-ThingSpeak

plant disease risk detection system, a 30-day field test

was conducted in a semi-arid agricultural

This detailed

observations of hardware behavior, sensor accuracy,

environment. section  presents

alert precision, system uptime, and comparative

assessment against existing approaches.

A. Experimental Setup

1) Location & Environmental Context

e  Geography: Semi-arid region in

[State/Country] — typical for Sweet lemon
cultivation.

e C(limatic Conditions: Daily max temperatures
ranged from 33°C to 41°C, with relative
humidity varying between 20%-60%.

e Soil Type: Sandy loam, with moderate

drainage capacity..

2) Deployment Details

1 NodeMCU per 200 m? field segment.

e Sensors placed at canopy height for
temp/humidity and 5 cm depth for soil
moisture.

e Devices powered by 5V USB from a portable
solar battery pack (rated 2000mAh).

B. Performance Metrics and Results

The system’s evaluation focused on the following

quantitative and qualitative metrics.

Table 1 — System Performance Overview

Metric Observed Value

System Cost $12.75 USD per unit

Power Consumption | "0.45W  (average), solar-
sustainable

Average Data | 3.2 seconds per reading

Latency

Alert Accuracy 87.1% (vs. expert-verified
ground truth)

System Uptime 98.9% over 30-day field
operation

Alert Delay (cloud | "2-5 seconds after threshold

email) match
Email Delivery | 100% (no missed triggers)
Reliability
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C. Visual Data Trends

Using ThingSpeak’s plotting features, farmers and
agronomists could view real-time changes in crop
microenvironment:

1) Temperature and Humidity Trends

e Spikes beyond 35°C coupled with drops in
humidity below 30% were clear predictors of
disease risk zones (typically powdery mildew
and bacterial wilt).

e Disease-prone periods often occurred between
11 AM to 3 PM.

2) Soil Moisture Patterns

e Irrigation events were clearly visible through
sharp moisture spikes.

e Disease alerts mostly occurred after 3—4 days
of dry soil conditions, correlating with wilting
symptoms.

D. Case-Based Observations
Case 1: Accurate Alert Trigger

e On May 16, temperature reached 37.1°C,
humidity dropped to 23%, and moisture was
at 265.

e The system correctly issued an alert, and a
mild leaf wilt was noticed the following day.

e Manual agronomist inspection confirmed
early-stage fungal wilt.

Case 2: False Positive

e On May 22, despite conditions of 36.0°C and
28% humidity, the soil was well irrigated
(moisture = 450).

e The system triggered an alert due to temp +
humidity match, but no disease symptoms
developed.

e This represents a false positive, a known
limitation of rule-based inference.

E. Comparative Evaluation

Feature CNN + Edge | Proposed IoT
Al System

Inference Time 80-120 ms |3-5 s (cloud +
(Jetson) NodeMCU)

Power Usage “10W “0.5W

Accuracy  (type- | “98-99% ~87% (risk-based)

specific)

Field-Ready Medium High

Simplicity

User Low (AI | High (rules are

Interpretability decisions) explainable)

Feature CNN + Edge | Proposed IoT
Al System

Cost per Unit ~$70 USD <$15 USD

Requires Internet | Yes (cloud | No (offline alerts
CNN) via buzzer)

F. Strengths and Limitations
0 Strengths:
e Low power, solar-compatible operation
e Low cost, scalable to large plots
e  Real-time email + local alerts
e Interpretability: farmers can understand alert
reasons
e Robustness: worked 24/7 with 98.9% uptime
Limitations:
e Does not classify disease type (e.g., blight vs
mildew)
e May produce false positives due to rule
overlap
e Requires sensor calibration every season for

optimal performance

CONCLUSION

This paper presents a practical, cost-efficient, and
scalable approach for real-time plant disease risk
detection IoT
leveraging the NodeMCU ESP8266 microcontroller
and ThingSpeak cloud platform. Departing from

technology, specifically

using

conventional deep learning-based diagnosis systems,
this study demonstrates that environmental sensor
data and threshold-based logic can effectively serve as
early indicators of crop stress or disease susceptibility
— particularly in resource-constrained or off-grid

rural farming environments.
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The system was designed and implemented using
three key sensors (temperature, humidity, and soil
moisture), which provide the input parameters to
infer disease conditions such as fungal wilt, bacterial
rot, or viral stress. These were selected based on

agronomic studies that relate such parameters to

common disease vectors in crops like tomato and chili.

executed via MATLAB
in ThingSpeak’s

The logic was
embedded

allowing remote cloud-based evaluation and alert

scripts

Analytics module,

generation.

Over a 30-day test period in a real field deployment,

the system demonstrated:

e 87% disease risk detection accuracy compared to
expert inspection

e < $15 USD per unit cost, making it highly
accessible to small-scale farmers

e 98.9% system uptime, affirming its robustness for
continuous outdoor operation

¢ Low power consumption ("0.45W), enabling use
with solar-powered systems

By combining rule-based intelligence with real-time

cloud communication and visualization, this solution

fills a crucial gap between high-end AI models (which

are costly and complex) and traditional manual

methods (which are slow and imprecise). Moreover, it

empowers farmers with actionable insights, enabling

timely intervention that can prevent crop loss, reduce

pesticide overuse, and improve overall productivity.

Future Scope

‘While the current version offers substantial benefits,
future research and development can enhance this
system through:

1. Hybrid Mobile AL

Incorporating smartphone-based image capture

Integration ~ with
with lightweight TensorFlow Lite models to
classify specific diseases.

2. LoRa/LPWAN Support: To extend connectivity
beyond WiFi zones, especially for large rural
fields.

3. Modular Sensor Expansion: Adding pH, CO,, or
light sensors for multi-factor crop health analysis.

4. Farmer-friendly App UI: To receive alerts, view
graphs, and submit observations directly via
mobile interface.

5. Federated Learning Possibilities: For privacy-
preserving learning across multiple farms
without transferring sensitive data.

Ultimately, this research underscores that smart

farming is achievable without sophisticated Al models,

provided the systems are designed around real-world

constraints of smallholder agricultural ecosystems.
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