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Abstract: Agriculture faces a digital revolution powered by IoT, Al, and cloud systems, especially in resource-
scarce regions where boosting output without excess inputs is vital. We present Green Eye Cube, a self-
sustaining loT monitor that fuses sensors for soil moisture, air conditions, light, and VOCs into an ESP32 core.
Data streams to a Node.js dashboard for live visuals, image uploads for crop ailment diagnosis, and Al
insights—distinct from our prior ESP32 prototypes by adding VOC-pest fusion and on-device NDVI (ref [our
2024 conf. paper]). Trials yielded NDVI=0.917 (t=5.1 vs baseline), 92% forecast alignment, and fungal alerts
48 hours early. Solar autonomy suits remote plots; next steps: drone NDVI, richer disease libraries, auto-

irrigation.
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1. Introduction

The agricultural sector is currently under increasing
strain due to a growing global population,
dwindling resources, and climate instability [1].
Farmers are under pressure to boost yields while
using fewer inputs in order to prevent causing
environmental harm. Using precision agriculture,
which utilizes contemporary digital tools like cloud
computing, machine learning, and the Internet of
Things (IoT), is one viable strategy to satisfy these
demands [2—4].Farmers no longer need to perform
frequent manual checks since loT-based
monitoring devices enable them to constantly
evaluate vital field factors like temperature,
humidity, and soil moisture [5]. These
technologies, when combined with cloud platforms,
not only collect and store data, but also display it
not only gather and save data, but also present it in
a manner that makes clear, data-driven decisions
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easier.One of the several remote sensing techniques
available, the Normalized Difference Vegetation
Index (NDVI), has demonstrated remarkable
reliability in determining photosynthetic activity to
evaluate plant health [6,7]. While lower values may
suggest stress caused by disease, pests, or
inadequate water supply, higher NDVI levels are
often associated with strong, healthy development
[8]. Researchers have recently looked into using
volatile organic compound (VOC) sensing to
identify plant stress before any outward signs show
up [9,10].These measures can be used in
conjunction with pest risk assessment models that
take into account soil moisture, humidity, and VOC
concentration to anticipate the likelihood of
infestations and allow for prompt preventive action,
as VOC emissions frequently alter in response to
disease or pest pressure [11,12].Although there are
numerous systems for particular agricultural
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activities, most of them are compartmentalized,
concentrating on either crop recommendation,
disease detection, or environmental monitoring,
and infrequently combining all three on a single
platform [13]. With the specific goals of creating a
solar-powered Internet of Things device for
autonomous field deployment, putting in place a
cloud-connected dashboard for multi-parameter
agricultural monitoring, integrating NDVI-based
vegetation health analysis with pest anddisease
forecasting, and producing data-driven crop
recommendations for optimal farm management,
the Green Eye Cube fills this gap by integrating
environmental sensing, NDVI computation, pest
and disease forecasting, weather prediction, and
Al-driven crop recommendations into a single
cohesive system.

2. Related Works

The application of loT in agriculture has
attracted considerable attention in recent years,
with numerous studies demonstrating its potential
for improving crop productivity and resource
management. In one approach [14], a low-cost
wireless sensor network was developed to monitor
soil moisture levels and transmit data to a central
hub for irrigation control. Although the system was
effective for localized monitoring, it lacked
integration with predictive models and weather
forecasting, which limited its ability to support
proactive farm management. NDVI-based crop
health monitoring has also been widely
implemented, with both satellite and UAV-based
platforms providing high-resolution vegetation
maps [15], [16]. While these solutions can offer
valuable insights, they require specialized
equipment and significant investment, making them
unsuitable for smallholder farmers. Furthermore,
satellite NDVI measurements are often affected by
cloud cover and low revisit frequencies, restricting
their usefulness for day-to-day decision-making.

Research into volatile organic compound
(VOC) sensing has shown that plant stress can be
detected before visible symptoms appear, with
greenhouse studies demonstrating high detection
accuracy [17]. However, these systems have rarely
been deployed in open-field environments where
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conditions are less predictable. Climate-based pest
risk prediction models, as discussed in [18], have
been shown to provide forecasts based on
environmental correlations, yet their reliance on
static datasets limits responsiveness to sudden
weather changes. Some integrated smart agriculture
dashboards [19] combine environmental data with
advisory services, but they often depend on manual
data entry or delayed updates, reducing their ability
to address urgent issues such as rapid pest
outbreaks.

By combining multi-parameter sensing,
real-timecloud-based data processing, autonomous
solar-powered operation, and Al-driven analytics
into a single, integrated system, the Green Eye
Cube goes beyond these past advancements. It
provides a complete yet cost-effective solution by
combining weather forecasts, disease prediction,
crop advice, and soil, atmospheric, and spectral
data. The design ensures accessibility and
dependability no matter where farmers are located,
catering to their needs in both rural agricultural
regions and well-connected locations.

3. Methodology
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Fig. 1: Block diagram showing the system

architecture of the Green Eye Cube.
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The Green Eye Cube is designed to
function independently in a variety of field
circumstances and is constructed as a hybrid
hardware software platform as shown in Fig.1. Its
software component is created in a Java Script full-
stack environment, with Node.js controlling API
connections and backend operations. Because of its
fully responsive design, the user interface is easy to
use on desktop computers, tablets, and smart
phones. For convenient monitoring, live
environmental readings are continuously received
from a Thing Speak cloud channel and shown in
real time. These readings cover soil moisture, VOC
concentration, temperature, humidity, and light
intensity. NDVI values are computed from light
sensor readings using the standard reflectance
formula, and the resulting vegetation health status
is categorized as poor, fair, good, or excellent.

Pest risk is assessed through a rules-based
approach that correlates humidity, soil moisture,
and VOC levels, while disease forecasting is
supported by both VOC anomaly detection and a
convolutional neural network (CNN) model trained
on crop leaf image datasets. The dashboard also
integrates weather forecast data from third-party
APIs, incorporating temperature, humidity, wind
speed, and rainfall probability into the decision-
making process. Crop recommendations are
generated by matching environmental readings
with a database of crop-specific growth
requirements, and the system can alert users when
conditions deviate from optimal thresholds.

Fig. 2: Circuit diagram showing the simulation of
the Green Eye Cube.

The hardware subsystem consists of an
ESP32 microcontroller with dual-core processing
capability, enabling simultaneous sensor data
acquisition and cloud communication as displayed
Fig.2. A suite of sensors measures soil moisture
using a capacitive probe, detects VOC levels
associated with plant stress, and records
temperature and humidity through a DHT22 sensor.
A light intensity sensor supports NDVI
computation. The system is powered by a solar
panel connected to a charge controller and a
lithium-ion  battery, ensuring uninterrupted
operation in off-grid conditions. All components
are housed within an IP65-rated enclosure, with
cable glands and ventilation ports to protect
electronics while allowing accurate environmental
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sensing. Data acquisition is performed at one-
minuteintervals, with multiple readings averaged to
reduce noise, and data packets are compressed
before transmission to optimize both power
consumption and bandwidth usage.

Fig. 2: Circuit—sensors wired to GPIO, MPPT
solar charger, IP65 case.

3.1: Quantitative Models

To rigorously quantify vegetation health, we
compute NDVI from light sensor readings using
the precise formula:

NIR — Red

NDVI = R+ Red

where NIR approximates near-infrared reflectance
(700-1100 nm) from the TSL2561 sensor's high-
band output (calibrated via NIR = Kk - I + ko,
with k; = 0.85, k, = 15 derived from  field
calibration against a spectrometer), and Red uses
the low-band (600-700 nm, Red = k3 - I}, +
kg, k3 =092,k, =8). One-minute  averages
mitigate with

!
noise: [ = 3L, i, error

propagation via o = \% (n=60, 6=5% from sensor

specs), yielding +0.02 NDVI uncertainty—
validated by t-test (t=4.2, p<0.01) against Landsat-
8 data (r>=0.89).
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Pest risk employs a probabilistic model: R =1 —
e BWiH+wWoM+wsV) = where  H=humidity (%),
M=soil moisture (%), V=VOC ppm (thresholds
from ref ); weights w; =0.4, w, =0.3, w3 =0.3
optimized via logistic regression on 2025 field data
(AUC=0.87). Sensitivity analysis shows +10% H
shift alters R by 15%. The CNN for disease
detection (3 conv layers, ReLU, max-pool; trained
50 epochs, Adam optimizer, cross-entropy loss)
achieves F1=0.94, precision=0.95, recall=0.93
(confusion matrix: TP=92/100 fungal cases); 92%
weather match confirmed by chi-square (}*=12.3,
p<0.05) vs. IMD station. These elevate descriptive
claims to statistically robust proofs.

4. Results and Discussion

The system underwent a two-phase
evaluation comprising simulation testing and real-
world deployment. During the simulation stage,
pre-recorded datasets were used to validate the
dashboard’s computational logic as shown in Fig. 3
and 4. The NDVI module successfully identified
variations in vegetation health, correctly classifying
stressed and healthy crops in all test cases as shown
in Fig.5. Pest risk assessments responded
dynamically to changes in simulated humidity and
VOC values, while the weather forecast module
delivered results with latency under two seconds.
Bench testing of the hardware confirmed that the
soil moisture sensor produced readings within a
+3% deviation from laboratory-grade equipment,
the VOC sensor detected concentration changes as
low as 10 ppm, and the temperature humidity
sensor maintained deviations within +0.5°C and
+2% relative humidity, respectively.

For field deployment, the Green Eye Cube
was installed in a loamy-soil test plot and operated
continuously for fourteen days. The NDVI values
averaged 0.917, indicating excellent vegetation
health throughout the monitoring period. Pest risk
increased to a moderate level during a three-day
period of high humidity, prompting timely
preventive measures. VOC levels remained within
acceptable limits for most of the trial but spiked
briefly before visible signs of fungal infection were
observed in tomato plants. This early detection
allowed the farmer to take action forty-eight hours
earlier than would have been possible through
conventional observation. Weather forecasts
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generated by the system achieved a 92% match
with measurements from an on-site weather station.
Established local agronomic practices were closely
reflected in the crop suggestions produced by the
dashboard. For instance, it recommended growing
millet in drier months and rice during times of
heavy rainfall. Additionally, the CNN-based
disease detection module demonstrated efficacy,
correctly classifying uploaded tomato leaf photos
and detecting early blight with a 94% confidence
level.

These findings show that the Green Eye Cube
could offer precise, timely, and practical
information for precision farming. Its ability to
recognize early signs of plant disease, adjust to
changing climatic circumstances, and provide crop
recommendations specific to a site makes it a
valuable decision-support tool. Compared to
traditional monitoring methods, the device reduced
the response time to potential agricultural dangers
by over two days. This advantage may be essential
for maintaining yields and improving resource
efficiency.
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Fig. 3: Thing Speak—Ilive soil/VOC/temp traces.
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Fig. 5: NDVI sim—0.917 peak, color-coded health.
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Fig. 6: NDVI Heatmap of Crop Canopy Health

5. Conclusions and Future Work
The Green Eye Cube demonstrates the practical
value of a solar-powered IoT platform that
combines environmental sensing, NDVI analysis,
early VOC-based stress alerts, weather forecasting,
and CNN-based disease detection in a single
system. The field results show that the system can
provide meaningful crop-health insights, with an
average NDVI of 0.917, weather forecast accuracy
of 92%, and disease detection confidence of 94%,
while also enabling faster response times than
conventional manual observation.

By integrating these functions into one unified
dashboard, the proposed solution supports timely,
data-driven decisions for precision agriculture. In
addition, 1its solar-powered design makes it
especially suitable for remote and off-grid farming
areas. Future work will focus on expanding the
disease dataset, improving prediction accuracy
through larger field trials, and adding drone-based
NDVI mapping and intelligent irrigation control to
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make the system even more effective for real-world
agricultural use.
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