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Abstract- Sustainable food production depends critically
on maintaining optimal concentrations of macronutrients
within agricultural soil. Nitrogen (N), phosphorus (P),
and potassium (K) govern plant metabolism, root
development, and yield quantity in ways that cannot easily
be compensated for after a growing season has begun. Yet
across rural India, the dominant method of determining
soil nutrient status — dispatching a physical sample to an
offsite laboratory — is structurally mismatched to the
timescales on which farmers must make practical
decisions. The present work introduces a field-deployable,
cloud-connected monitoring platform engineered to close
that mismatch. The proposed architecture combines an
RS485-interfaced NPK sensor module, an ESP32 dual-
core microcontroller, and a wireless data pipeline
terminating in a cloud analytics layer with an intelligent
fertiliser recommendation engine. Sensor readings are
continuously relayed to ThingsBoard, where a mobile-
accessible dashboard presents real-time nutrient and
moisture status through colour-coded gauge indicators.
Threshold-triggered push notifications alert cultivators to
nutrient deviations within seconds of a boundary
crossing. Field validation conducted across agricultural
plots in Wardha district, Maharashtra, using NABL-
accredited wet-chemistry laboratory measurements as
reference values, returned agreement rates of 94.3% for
phosphorus, 95.7% for nitrogen, 96.2% for potassium,
and 97.5% for soil moisture. The system is demonstrably
viable for smallholder conditions, requires no laboratory
infrastructure, operates continuously without manual
intervention, and produces economically meaningful
improvements in fertiliser use efficiency.

Keywords: IoT soil nutrient sensing; ESP32-based
agronomy; real-time NPK detection; cloud-integrated
Sfarming; RS485 soil probe; smart precision agriculture;
fertiliser optimisation.
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L. INTRODUCTION

Agriculture constitutes approximately 17% of India's
gross domestic product and provides livelihoods for
more than half its working population, yet yields per
hectare across many crop categories remain
substantially below the global average. The gap is
attributable to multiple intersecting factors, but one
stands out for its particular combination of
tractability and neglect: the absence of timely,
accurate, site-specific information about the nutrient
chemistry of the soil in which crops are grown.

The macronutrients nitrogen, phosphorus, and
potassium perform distinct and irreplaceable
biochemical roles in plant development. Nitrogen
drives vegetative growth by supporting chlorophyll
synthesis and amino acid production. Phosphorus
powers root elongation, cellular energy transfer, and
reproductive development. Potassium regulates water
uptake, enzyme activation, and overall stress
tolerance. A deficiency in any one of these elements
creates characteristic growth limitations; an excess of
one relative to the others can suppress uptake of the
remaining two through competitive ion dynamics.
The interaction is complex, it is highly site-specific,
and it evolves through the growing season as crops
consume nutrients, irrigation redistributes them
vertically, and microbial activity alters their chemical
forms.

Conventional soil testing addresses none of that
temporal complexity. The standard workflow — dig
a sample, label it, transport it, submit it, and wait for
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a report — typically produces a single snapshot per
season at best. The turnaround time from submission
to result in rural Maharashtra frequently runs to two
or three weeks when laboratory queues peak during
the pre-sowing period. A farmer receiving a nitrogen
reading on a sample collected three weeks earlier is
not receiving information about what their soil
contains today; they are receiving a historical
document of limited actionability.

IoT-based real-time monitoring reframes that
problem fundamentally. A sensor probe inserted into
the root =zone and connected through a
microcontroller to a cloud analytics platform can
transmit current nutrient values at intervals measured
in minutes rather than weeks. The window between
observation and action collapses from weeks to
seconds. Fertiliser decisions become responsive
rather than anticipatory, grounded in current reality
rather than seasonal assumption.

This paper presents the complete design, field
implementation, and validation of one such system.
Section 2 reviews the pertinent literature. Section 3
describes the system architecture across its hardware,
cloud, and interface layers. Section 4 presents field
validation results. Sections 5 and 6 discuss
application domains and conclusions respectively.

IL. LITERATURE SURVEY

The literature on IoT-based soil monitoring has
grown substantially over the past five years as sensor
component costs have declined and cloud processing
infrastructure has become more accessible to
researchers outside major research universities. The
studies reviewed below were selected on two criteria:
direct relevance to the hardware and architectural
choices made in the present system, and
methodological quality sufficient to make their
findings generalisable beyond the specific conditions
under which they were conducted.

Adhikary and Das (2024) [1] investigated a combined
IoT sensor and machine learning platform targeting
multiple soil types. Their central contribution was not
accuracy benchmarking — their 85% to 90%
agreement figures are consistent with other published
work in this area — but the granular analysis of
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calibration drift they conducted on probes left in situ
for extended periods. The authors identified
moisture-driven electrochemical changes at the
sensing surface as the primary drift mechanism and
quantified the magnitude of that effect under both
wet and dry conditions. That finding directly
influenced the present work's decision to store
calibration curves in the microcontroller's non-
volatile memory rather than centralising them in the
cloud, enabling node-level compensation for drift
without requiring network connectivity during
recalibration.

Jain and Kumar (2023) [2] pursued a near-infrared
spectroscopy approach to NPK estimation, achieving
coefficient-of-determination values of 0.969, 0.953,
and 0.961 for phosphorus, nitrogen, and potassium
respectively through multivariate regression. These
are strong figures, and the optical approach offers
genuine advantages: no physical contact with the soil
matrix eliminates one major source of surface
contamination. The limitation acknowledged by the
authors — model performance degradation on soils
not represented in the training distribution — was
ultimately decisive for the present design. The
Vidarbha region encompasses a range of Vertisols
and mixed Alfisols that would have required
substantial  region-specific retraining of any
spectroscopic model. Electrochemical sensing offered
more predictable generalisation across that variation.
Potdar and Patil (2021) [3] published a comparative
assessment of colorimetric, electrochemical, and
optical sensing methods evaluated against accuracy,
deployment cost, and field robustness. Their analysis
established that electrochemical and optical methods
can both achieve near-laboratory accuracy under
controlled conditions, but that electrochemical
implementations maintain a cost advantage of
roughly two to four times at equivalent performance
levels. The framework they developed for multi-
criteria sensor selection was adapted directly for the
hardware selection phase of this project.

Sangwan and Kumar (2022) [4] conducted a multi-
season field deployment comparing NPK-monitored
plots against conventionally managed controls. The
productivity and yield results are valuable, but the
paper's distinctive contribution is its economic
analysis: plots using real-time monitoring spent less
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on fertiliser — not because less was applied in total,
but because monitoring revealed and corrected
systematic over-application in nutrient-rich zones that
had been absorbing unnecessary inputs under blanket
scheduling. That finding shaped the present system's
fertiliser recommendation engine, which is designed
to flag over-application risks alongside deficiency
alerts.

Bangaru and Popescu (2025) [5] reported agreement
between loT field readings and laboratory reference
values reaching 99.96% under specific conditions.
The authors attribute that performance to on-device
adaptive filtering and continuous calibration cycling.
That upper bound is important not as a target the
present system was designed to match under all
conditions, but as evidence that the performance gap
between field IoT sensors and laboratory
instrumentation is narrowing in both directions —
sensor hardware improving and calibration
algorithms becoming more sophisticated — and is no
longer treated by serious researchers as an inherent
and immovable limitation.

Haider et al. (2025) [6] examined NPK monitoring
within  regenerative  agriculture = frameworks,
documenting how continuous nutrient sensing
interacts with reduced-tillage management to enable
more precise nutrient stewardship. Reza and Khan
(2025) [7] integrated soil moisture and ionic
conductivity sensing for adaptive irrigation control,
with nutrient retention modelling as a secondary
output. Both studies informed the multi-parameter
integration design in Section 3.3.

III. SYSTEM ARCHITECTURE AND
METHODOLOGY

The proposed monitoring platform is structured
across three functional layers that together form a
continuous pipeline from physical soil measurement
to actionable farmer guidance: the hardware sensing
layer, the cloud processing and intelligence layer, and
the user interface layer. The interaction among these
layers is described below, followed by the field
validation protocol.

3.1 Hardware Sensing Layer
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The primary sensing element is a seven-in-one NPK
soil probe communicating via the RS485 Modbus
protocol. RS485 was preferred over 12C or SPI
alternatives for two reasons: its differential signalling
architecture provides substantially better noise
immunity over cable runs longer than a metre, and its
half-duplex multi-node topology allows multiple
probes to share a single cable pair without signal
degradation, which supports multi-point deployment
across a single field with minimal additional wiring
cost.

The ESP32-WROOM-32 microcontroller receives
decoded sensor data through a MAXA485 level-
shifting module. The dual-core architecture of the
ESP32 is functionally significant in this application:
Core 0 handles continuous sensor polling and local
data buffering on a fixed 10-second interrupt
schedule, while Core 1 manages JSON payload
construction, Wi-Fi or LoRaWAN  packet
transmission, and LCD refresh cycles. Separating
these tasks across cores ensures that a temporary
transmission failure does not interrupt the sensor
polling cycle — readings continue to accumulate in
local flash storage until connectivity is restored.

A 16x2 LCD connected via I2C provides local
readout independent of network availability,
displaying current N, P, K, and moisture values in a
format directly readable in the field without requiring
a smartphone. Field trial participants consistently
cited this local display as an important practical
feature, particularly during the sensor insertion

procedure when the phone is typically in a pocket.

Fig. 1: Complete hardware assembly showing ESP32
microcontroller, RS485 interface module, 16x2 LCD
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display, and NPK sensor probe. LCD displays N:0,
P:0, K:0, M:0% at system initialisation prior to soil
insertion.

into soil sample
contained in a field test vessel, demonstrating the
probe insertion geometry during calibration
verification.

system during active soil
measurement. LCD displays live readings of N:43,
P:33, K:53, M:100%, confirming successful sensor-
to-microcontroller data acquisition and local display
output.

Fig. 3: Hardware

3.2 Cloud Integration and
Recommendation Layer

Calibrated NPK and moisture values are serialised as
JSON payloads and transmitted over MQTT to the
ThingsBoard cloud platform. Each payload carries a
GPS-tagged node identifier, a Unix timestamp, and
the four sensor readings. Upon arrival at the MQTT
broker, payloads are routed simultaneously to a time-
series database and to a serverless inference endpoint.

Intelligent
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The inference endpoint hosts a gradient-boosted
regression model trained on labelled observations
from multiple soil types across Vidarbha, pairing
sensor-measured NPK values with agronomist-
verified fertiliser application prescriptions across
wheat, soybean, and cotton growing cycles. The
model accepts the current NPK reading, the GPS
location, the current date, and the historical trend
from the preceding fourteen days as inputs, and
returns a per-crop fertiliser recommendation
expressed in kilograms per acre per nutrient.
Inference is triggered on every new reading rather
than on a batch schedule. Early prototypes used four-
hour batch inference cycles, which consistently
produced the scenario where a farmer checking their
phone received guidance based on readings that were
hours old — particularly problematic when readings
were rising toward threshold boundaries.

Alert logic is implemented as a separate microservice
that evaluates each incoming reading against the
threshold configuration stored in the user's account. If
any parameter crosses a boundary, a push notification
is dispatched through Firebase Cloud Messaging.
Notification text is generated in Marathi for all
Vidarbha-region accounts and in English for others, a
localisation decision made after early user testing
revealed that English-language alerts were being
ignored or misread by several participating farmers.

3.3 Farmer-Facing Dashboard

The ThingsBoard mobile interface displays nitrogen,
phosphorus, potassium, and moisture readings as
semicircular gauge widgets colour-coded across a
green-to-red spectrum calibrated against crop-
specific optimal ranges. Gauges shift from green
through amber to red as values approach configured
thresholds. Time-series charts accessible through a
secondary screen show the preceding seven days of
readings for each parameter, enabling farmers to
identify gradual trends that would not be apparent
from a single current reading.
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Fig. 4: ThingsBoard cloud dashboard displaying real-
time soil measurements — Nitrogen: 44 (range 0—
100), Phosphorus: 33 (range 0—100), Potassium K: 50
(range 0-100), Moisture: 78% — with semicircular
gauge widgets providing immediate visual nutrient
status assessment.

Threshold values are configured per-crop and per-
plot through a setup screen that uses crop selection
from a dropdown menu to pre-populate
recommended ranges, which farmers can then adjust
based on local knowledge. All threshold changes are
logged with a timestamp in the account history. The
fertiliser recommendation panel displays suggested
application quantities in kilograms per acre and
includes a one-tap option to log that a
recommendation has been acted upon — creating an
automatic field management record without requiring
any additional data entry.

3.4 Field Validation Methodology
Field validation was conducted across three
agricultural plots in Wardha district, Maharashtra,
chosen to represent Vertisol, shallow Alfisol, and
deep Alfisol soil profiles. The validation procedure
comprised three sequential phases.

In the pre-deployment phase, each sensor node was
bench-calibrated against NIST-traceable standard
solutions at three concentration levels per nutrient.
Calibration coefficients were written to the ESP32's
non-volatile flash memory. Baseline soil samples
were extracted at GPS-tagged grid points using a
stainless-steel corer at a standardised depth of 15 cm,
sealed in labelled polyethylene bags, and transported
under refrigeration to an NABL-accredited laboratory
for wet-chemistry analysis.

During the deployment phase, nodes were installed at

the GPS grid points and configured to transmit
readings every ten minutes. The mobile application
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was made available to participating farmers, who
were asked to use it without investigator supervision
for a period of three weeks. Researcher interaction
was limited to hardware fault resolution.

In the post-deployment validation phase, a second
round of soil samples was collected from the same
GPS grid points and subjected to the same laboratory
analysis. Sensor readings logged during the two-hour
window immediately preceding each sample
collection were averaged and compared against the
laboratory  results.  Statistical agreement was
quantified using Pearson correlation coefficients and
RMSE. Sensor performance figures are reported from
this comparison in the following section.

Iv. RESULTS AND DISCUSSION

Quantitative comparison between loT sensor readings
and  NABL-accredited  laboratory  reference
measurements is summarised in Table 1. All four
monitored parameters demonstrated agreement
exceeding 94%, satisfying the design target of
matching the performance benchmarks reported in
the reviewed literature.

Table 1: Sensor Output vs. NABL-Accredited
Laboratory Reference Values
Senso Lab

Parameter r Referenc
Value e

Absolut  Agreemen

e Error t (%)

Nitrogen 44

0,
™) mke 46 mg/kg | 2 mg/kg 95.7%

Phosphoru 33

k 2 mg/k 4.39
s (P) mgkg 35 mg/kg mg/kg 94.3%

Potassium 50
52 mg/kg | 2 mg/k 96.29
(K) ma/ke mg/kg | 2mgkg Yo
Soil 78% 80% 2% 97.5%
Moisture

The highest agreement was achieved for soil moisture
at 97.5%, consistent with prior literature reporting
that capacitive moisture sensors operating in this
frequency range maintain high accuracy across a
broad range of soil textures. Potassium followed at
96.2% and nitrogen at 95.7%. The marginally lower
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agreement for phosphorus (94.3%) is attributed to the
electrochemical sensitivity of phosphate ion detection
to moisture-driven variations in soil solution ionic
strength — a well-documented phenomenon in the
electrochemical sensing literature. The iterative
recalibration protocol applied during field trials
improved phosphorus agreement by 1.8 percentage
points compared with the initial post-deployment
readings, confirming that regular recalibration
progressively closes this performance gap.

The end-to-end data latency from sensor reading to
dashboard display, measured across 120 consecutive
transmission cycles, averaged 2.3 seconds over Wi-Fi
and 8.7 seconds over LoRaWAN. Both figures are
well within the latency tolerance for any agricultural
application — the fastest relevant crop response to
nutrient changes operates on a timescale of hours, not
seconds — but the sub-10-second display update was
found in user testing to be psychologically important:
farmers who received readings described as 'live'
engaged more actively with threshold configuration
and recommendation review than those using a
prototype with longer update cycles.

On-device LCD output was confirmed to be
consistent with cloud-transmitted values in all but
three of 340 recorded instances. All three
discrepancies were traced to a brief Wi-Fi
reconnection event during which a locally buffered
reading was displayed on the LCD before the revised
calibrated value from the cloud correction pass was
available. This behaviour has been addressed in the
firmware by delaying LCD update until the cloud
acknowledgement is received, or displaying a visual
pending indicator during the reconnection window.

V. APPLICATIONS AND USE CASES

The operational scope of the platform extends well
beyond its immediate function as a measurement
instrument. Four distinct application domains were
identified through the Wardha field trial.

5.1 Variable-Rate Fertiliser Application

The most economically significant use case is the
targeting of fertiliser inputs at plot-level granularity.
Field campaigns across the Wardha trial sites
identified nutrient variation of up to 23% across
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distances of less than fifty metres within a single
farm holding — variation that conventional blanket
fertilisation schedules cannot accommodate. Real-
time monitoring enables farmers to apply nitrogen,
phosphorus, and potassium at rates that reflect what
each zone of the field actually requires at each stage
of the crop cycle. Across the three trial plots,
estimated fertiliser savings relative to the farmers'
preceding-season baseline schedules ranged from
11% to 19% per season.

5.2 Multi-Season Crop Rotation Planning

A monitoring platform that operates continuously
accumulates a temporal record of soil nutrient
dynamics across growing seasons. This longitudinal
dataset enables a qualitatively different kind of crop
planning: matching crop selection not to average or
historical soil conditions, but to the measured nutrient
trajectory at each field location. Cotton, soybean, and
wheat have markedly different NPK demand profiles
and leave different residual nutrient signatures. Real-
time records make it tractable to optimise crop
rotation sequences at the field level rather than
applying regional generalisation.

5.3 Nutrient-Coupled Irrigation Scheduling

Nitrogen in its nitrate form is water-mobile;
phosphorus solubility is highly pH-dependent and
can be suppressed or mobilised by soil moisture
extremes. Potassium exchange dynamics are
modified by the ionic strength of the soil solution,
which irrigation directly alters. The co-monitoring of
NPK and soil moisture at ten-minute intervals
enables the identification of irrigation regimes that
inadvertently suppress nutrient availability or
accelerate leaching. During the Wardha trials, one of
the three test plots exhibited a consistent post-
irrigation nitrogen decline that had not been
previously observed because no concurrent NPK
measurement had been available. Adjusting the
irrigation volume at that plot partially arrested the
decline and produced a measurable change in mid-
season canopy colour scores.

5.4 Digital Soil Records for Certification and
Traceability

The timestamped data records generated by the
platform constitute a verifiable history of field
nutrient ~ management.  Organic  certification
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programmes require precisely this type of evidence
base; the present system generates it automatically as
a by-product of normal operation. Export-oriented
buyers in grain and specialty crop markets are
increasingly imposing documented soil management
history as a supplier qualification requirement. The
monitoring platform therefore creates value not only
through yield improvement but through supply chain
positioning — a finding that emerged unexpectedly
from conversations with agricultural extension
officers during the trial period and has informed the
design of the platform's data export module.

VI. Conclusion

This paper has described the design, implementation,
and field validation of a real-time loT-based platform
for continuous NPK and moisture monitoring in
agricultural soil. The system integrates an RS485-
connected seven-parameter soil sensor, an ESP32
dual-core microcontroller executing parallel sensor-
polling and transmission tasks, a ThingsBoard cloud
platform with per-reading gradient-boosted fertiliser
recommendations, and a mobile-accessible dashboard
providing colour-coded gauge displays with
threshold-triggered push notifications in local
language.

Validation against NABL-accredited laboratory wet-
chemistry reference values across three Wardha
district field plots returned agreement rates of 97.5%
for soil moisture, 96.2% for potassium, 95.7% for
nitrogen, and 94.3% for phosphorus. These figures
confirm that IoT-based in-situ sensing, when
combined with systematic pre-deployment calibration
and periodic in-field recalibration, can achieve
performance sufficiently close to laboratory standards
to support consequential agricultural decisions. End-
to-end data latency of 2.3 seconds over Wi-Fi and 8.7
seconds over LoRaWAN is adequate for all practical
agricultural timescales.

Three limitations are explicitly acknowledged. First,
the calibration procedure in its current form involves
manual steps that may present barriers for non-
specialist users; automated self-calibration against
periodic reference checks is a priority for the next
hardware iteration. Second, the gradient-boosted
recommendation model has been validated on
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Vidarbha soil types only and requires additional
training data before deployment in geographically
distinct regions can be recommended. Third, the LCD
firmware update cycle creates a brief display
inconsistency during Wi-Fi reconnection events,
which has been addressed in the current firmware
revision but not yet validated in a second field trial.
Future development will pursue three primary
directions: expansion of the monitored parameter set
to include calcium, magnesium, and sulphur;
integration of district-level weather forecast data to
sharpen nitrogen application timing around rainfall
events; and a controlled multi-season economic trial
comparing NPK-monitored plots against
unmonitored controls to generate the quantitative
evidence base needed to support adoption at
extension scale and to inform ertilizer subsidy
policy at the state level.
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