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1. INTRODUCTION

For over 1.5 million smallholder farm families, the Vidarbha sub-region of Maharashtra in India is
the heartland of the industry that produces cotton (Gossypium hirsutum L.), the main cash crop of the
region, and represents about 30% of India's overall cotton area [1]. Despite this significance, Vidarbha
suffers from an average yield of 381 kg/ha of lint crops, which is less than half of the national average (740
kg/ha) and 1/5 of the world bench mark of best practice (1,500 kg/ha) [2] and is a result of a combination
of poor soil health, irregular rainfall patterns and sub-optimal nutrient management. Over the last two
decades, the levels of soil organic carbon (OC) in Vidarbha cotton soils have decreased by 0.12 to 0.21%
resulting in the reduction in nitrogen mineralization, phosphorus availability and the cation exchange
capacity needed for efficient uptake of potassium.The current NUE for Indian agriculture is less than 40%,
due to heavy use of fertilizers (more than 65 million tonne/yr) with large amount of loss through leaching,
volatilization and denitrification [3]. This creates a significant environmental and economic impact
especially for smallholder farmers who spend 22-35% of their production costs on fertilizer. Precision
fertilizer management supplying the right nutrient, in the correct dose, at the right time and place is well
known as the most direct way of improving yield, profitability and environmental sustainability at the same
time [4]. The challenge lies in tools that are both usable and inexpensive, and not reliant on the central lab
infrastructure, in order to achieve precision management at smallholder level. The government soil testing
programmes have a time lag of more than a week and less than 18% of Vidarbha cotton growers were able
to get a Soil Health Card in time for the past season of cultivation. [5] This seamless combination of low cost
IoT sensors, wireless communication (LoRa/4G), cloud computing and machine learning has opened up a
game-changing possibility for near real-time soil nutrient monitoring and decision support. Today, at an
overall hardware cost of less than 8,000 per node, electrochemical-based ion selective sensors and
capacitive soil moisture probes can be deployed at the field edge. Together with gradient boosting models
trained on soil-sensor-yield datasets validated from the lab and with added explainability using SHAP, this
approach could enable farmer interpretable nutrient diagnoses and fertilizer recommendations within
seconds of the soil sensor measurement, avoiding the lab bottleneck altogether. Although there is increased
interest in using [oT based precision agriculture, there is no study that has been conducted in the field for
multiple sites across multiple seasons, to test [oT soil nutrient prediction specifically for cotton in Kharif
(Rain Fed/Semi-irrigated agriculture) under Vidarbha conditions. Existing work either works in a
controlled environment or relies on single site data or has no ground-truthed STCR aligned
recommendation outputs. SoilSense-FR is a holistic solution combining loT and modelling approach to fill
all three gaps, and has been tested on 12 farms in four districts for three seasons. They make the following
contributions:

e CottonSoil-1440: New annotated dataset of 1440 I0OT sensor readings from 12 cotton farm sites over
Vidarbha region (2021-2023) with laboratory verified N, P,05 and K;O.

e SoilSense-FR Architecture: A modular 6-stage framework comprising of the fusion of IoT sensors,
feature engineering, XGBoost/LightGBM ensemble prediction, SHAP attribution, STCR-based
recommendation, and output delivery to the farmers.
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e Comprehensive ML Benchmark: All other ML models were compared to the proposed ensemble
model under the same data conditions for the three nutrients, showing that the proposed ensemble
model outperforms all the baselines for all three nutrients.

e Economic Validation: Results of the field trial carried out in 48 plots and three seasons, showed the
improvement in the net profit was ¥18,400/ha over blanket fertilizer recommendation and the fertilizer
cost savings was Rs. 12.3%.

2. RELATED WORK

2.1. IoT and Wireless Sensor Networks in Precision Agriculture

There has been considerable research on the review of precision agriculture systems based on
Internet of Things (IoT). [6] Found that soil sensing and variable rate fertilizer application are the two
highest-value IoT use cases for smallholder agriculture in India; and LoRa-WAN is the most common
communication technology for energy-poor rural deployments. [7] Evaluated the performance of ML
methods in diverse contexts such as soil sensing, yield prediction and irrigation management, and observed
that gradient-boosted tree ensembles perform better than deep learning models when training sets are less
than 10,000 relevant to the data size that is typical in 10T field deployments. [8] Have proven a multi-
parameter IoT soil monitoring system for NPK, pH and moisture sensing under Indian agricultural
conditions, which proved the accuracy of the sensors within +4.2% relative error from the laboratory
standards.

2.2. Machine Learning for Soil Property Prediction

The prediction of soil fertility based on soil sensor data using ML has become an increasing area of
interest. In Kerala, India, suchithra and Pai [9] used random forest, SVM and ANN models on spectroscopic
soil data and got R? of 0.78 for the prediction of organic carbon. [10] Used three-layer ANN to estimate
three nutrient parameters (N, P and K) together from in-situ measurements of the same obtained by a set
of sensors for cotton soils in Odisha, India and found that multi-output system is better than a single-output
system if the nutrient parameters are correlated. [11] Compared two classifiers k-nearest-neighbour and
decision tree classifiers on the prediction of soil fertility class and found that both classifiers showed
decrease in accuracy below 70% in fine-grained soil fertility class prediction. [12] Surveyed 50 ML
applications related to soil property inference from sensor data over the last six years (2015-2020) and
found that the two most common limitations are overfitting because of the small number of samples and
the geographic limitation. [13] Utilized deep learning architectures to predict multiple nutrients from near-
infrared reflectance spectra with state-of-the-art accuracy, but the spectroscopy hardware was expensive
which would not be practical for field IoT applications.

2.3. Research Gap

There exists a clear gap between: (i) affordable sensor hardware that meet laboratory standards and
(ii) interpretable ML models that generate agronomist-interpretable outputs and (iii) recommendations
aligned to STCR that are calibrated for Vidarbha cotton. Most current research focuses on two of the three
pillars, and none addresses the three pillars in a single study using multiple growing seasons and field scale
deployment validation and economic impact analysis. SoilSense-FR is aimed to address this gap.

3. METHODOLOGY

3.1. Study Region and Field Sites

The field sites are located in four districts of Vidarbha agro-climatic zone, Yavatmal (4 farms),
Wardha (3 farms), Amravati (3 farms) and Akola (2 farms) as shown in Figure 1. The selection criteria
were: (i) representativeness of the Vertisol (black cotton soil) classification; (ii) farmer willingness and
minimum plot area of 3 ha; (iii) three seasons of yield records; and (iv) accessibility for the sensor
maintenance within 45 km of district KVK office. The characteristics of the sites are outlined in Table 1. One
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full SoilSense-FR sensor node was installed in each farm in a typical centre-plot site location away from the
headland effects. The soil series ranged from the Yavatmal series (heavy Vertisol, pH 7.6-8.3) to the Wardha
series (medium black soil, pH 7.2-7.8) at the various sites.

Table 1. Characteristics of the CottonSoil-1440 Field Sites

n
Sit
llDe District | Lat. (°N) | Lon. (°E) | Area (ha) Soil Series Seasons (sample
s)
Yavatmal Heavy
YVT-1 | Yavatmal | 20.39 77.73 42 ) 2021-2023 | 144
Vertisol
YVT-2 | Yavatmal | 20.44 77.55 3.8 DPhamangaon | 0,1 5053 | 144
Medium Black
YVT-3 | Yavatmal | 20.29 77.93 5.1 Kalamb Deep | 0,5 2023 96
Vertisol
YVT-4 | Yavatmal | 20.61 78.01 35 Wani Medium 1, ) 5523 96
Black
WRD-| \vardha | 20.65 78.54 48 Wardha Medium | ) 000 | 144
1 Black
WRD- Hi hat Ligh
Wardha | 20.78 78.72 3.2 Inganghat LIgt | 091 2023 | 144
2 Black
WRD- | \vardha | 2052 79.02 4.0 Arvi Shallow | ) 023 96
3 Black
AMR- | ravati | 20.93 77.78 45 AmravatiDeep | 0,1 o053 | 144
1 Vertisol
AMR- | hravati | 21.10 78.02 37 Anjangaon Med. | ) 5003 | 144
2 Black
AMR- D h,
Amravati | 20.87 78.35 3.0 aryapur S 2022-2023 96
3 Black
AKL-1| Akola 20.74 77.06 35 Akola Med. Black | 2021-2023 | 144
AKL-2 |  Akola 20.88 77.28 41 TelharaLight | »0o) 5023 | 144
Black
Total All 4 — — 47 .4 3 Vertisol classes 3 seasons 1,440

The geographic distribution of study sites is shown in Figure 1. The sites are spread across the entire east-
west transect of Vidarbha, ranging from the wettest to the driest areas (650 to 1,100 mm of rain per annum,
north to south of the study area) and represent all the Vertisol subgroups.

Vidarbha Study Negion — Fiald Sae Lotations

......

]

Figure 1. Geographic Distribution of the CottonSoil-1440 Field Sites
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3.2. 10T Sensor Network Design and Deployment

Six sensing elements were connected to an ESP32-S3 microcontroller with 12-bit ADC, two LoRa
SX1276 radio transmitters (915 MHz, output power 20 dBm) and a rechargeable 18Ah LiFeP0O4 battery
and a 30W solar panel were installed at each field node. The data were sent to the nearest KVK office which
had a RAK7243 LoRa gateway (4G/LTE backhaul) installed there and then sent through MQTT over TLS
1.3 to an AWS cloud database. The sampling interval of sensors was 15 minutes and the batch upload to
cloud was done every 2 hours. The five-layer [oT architecture are shown in Figure 2.

Capacitive Sail pH & Weather Leat Wetness GPS Module
Soil Moisture 1) EC Sensor Station + Light {PAR) RTC Chack
(0-30cm degth) $ 1 9-34, 60 ySem T, A Wind Ran W PRTO pmali’ LavLon, Timetamg

LoRa SX1276 Module Local pSD Card
Bulter (32 GB)

740 Mot F15 Mriz LPWAN, 15 ko eangs gy
dge dats cache

LoRa Gateway Celtular 4G Network
(RAX7243) Ko loT SIM)
SEULTE wpliok, NOTT brehee > encryphen

Cloud Database SollSense-FR Recommendation
OnfluxDS + AWS 53 ML Pipele API{REST)
2o sorage Pregrocessing » KiBeort « SHAP 1SN resgenne < 74

Niresarws « & Loy

Output & Action Farmar SMS Alert KVK Advisery Govt. Portal Integration
(ML metrics & timng) Dashboard (AGMARKNET, sNAM)

Layer
T yaldd dent + timing District:level heat mags Policy data upload

Figure 2. Five-Layer [oT Sensor Network Architecture

3.3. Soil Sampling and Laboratory Validation

The soil samples were taken as composite soil samples (0-30 cm depth, 10 sub-samples per farm) at
the beginning of every season (n=360 per season) together with the readings from the IoT sensors. The
laboratory analysis was done according to SSSA standard procedures [14], [15]. Available phosphorus was
determined using the Olsen-Subbaiah rapid extraction method [16] while available potassium was
determined by extraction with ammonium acetate (Jackson, 1973 [17]). Soil pH and EC were determined
after mixing soil in a 1:2.5 soil:water suspension (pH and conductivity meter). Data from the laboratory
were used for ground-truth labels to train the model. The Pearson's r and mean absolute percentage error
(MAPE) were used to evaluate the correlation between sensor and laboratory. Table 2 gives a summary of
all the sensing modalities, measurement principles, validated range, and lab correlations.

Table 2. 10T Sensor Hardware Specifications and Validation Against Laboratory Reference Methods [14],
[15], [16], [17]

Correlatio
Parameter | IoT Sensor Model | Principle Range | Accuracy | Lab Method n (1)
1 ive EC- Dieloctri -
S_Ol Capacitive EC-5 € ?Ct,rl_c 0 +2% VWC Gravimetric 0.94
Moisture (Decagon) permittivity | 100%
Ion- 0-
Soil N XBS-3001 NPK Kjeldahl
( (r’;x ) J obe selective | 1999 | 2% FS (f e:t 0.88
proxy. B electrode | mg/kg gest.
Soil P JXBS-3001 NPK lon- 0- Olsen
(proxy) robe selective 1999 *2% FS Subbaiah [16] 0.84
proxy P electrode mg/kg
[on- 0-
Soil K XBS-3001 NPK NH,0A
( :;X : J obe selective | 1999 | +2%FS extr;‘cﬁ:ﬂ 0.87
proxy. B electrode mg/kg
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SEN0161-V2 Glass 3.0-9.9 pH meter
Soil pH +0.1 pH 0.97
otp (DFRobot) electrode pH p 1:2.5
DFR0300 anal 0-20 Conductivi
EC MO8 | 4 ring AC £5% onductivity 0.95
Conductivity mS/cm meter
Temperatur Thermistor | -55to
DS18B20 probe . +0.5°C ASTM E2877 0.99
e 1-wire +85°C
Bulk Not sensed Soil core
density directly method

3.4. Dataset Assembly and Pre-Processing

Every observation is a vector of features, namely a 7-feature vector of IoT sensors (moisture, N-
proxy, P-proxy, K-proxy, pH, EC and temperature) and three output features (N kg/ha, P,05 kg/ha, K,0
kg/ha), with the latter being validated in the lab. As described in Section 4.2, a few more features were
engineered, resulting in a total of 18 features. Observations that were removed because they were: (i)
sensor dropouts (outside #30 of site-season mean, n=24); and (ii) laboratory outliers (>4 IQR from district-
season median, n=11), were filtered. The final dataset is CottonSoil-1440, a set of 1,440 observations (12
sites, up to 3 seasons, 40 readings/season/site). The distribution of the three output nutrients by all four
study districts are shown in Figure 3.
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Figure 3. Soil Macro-Nutrient Distribution Across Study Districts [18]

The nutrient status analysis indicates that out of the 71.4% of samples from Yavatmal, 71.4% are
deficient in N with the ICAR critical level (280 kg/ha) with the deficiency being the foremost limiting factor
in the study area. The deficiency of P,0s is not as widespread as that of N,Os, but is still present in some
districts (34.6% below critical). Generally, the level of K0 is sufficient; only 18.9% of it is below the critical
level.

4. RESULTS AND DISCUSSION

4.1. System Architecture

There are 6 functional modules in SoilSense-FR as illustrated in Figure 4: (1) IoT Data Ingestion, (2) Feature
Engineering, (3) Gradient Boosting Engine (XGBoost [19] + LightGBM [20]), (4) SHAP Explainer [21], (5)
STCR Calculator and (6) Fertilizer Output. Each module can be independently updated (e.g. the XGBoost
module can be changed to the newest version) without interfering with the pipeline. All components are
deployed in AWS Lambda (on-demand serverless inference, end-to-end latency is <2 s).
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Figure 4. SoilSense-FR Architecture with XGBoost, LightGBM, SHAP, and STCR Modules [18], [19], [21],

[22]

4.2. Feature Engineering and Selection

A total of 18 input features were computed from 7 raw sensor channels: (i) soil organic carbon index
(SOCI) computed from interaction between EC and moisture data; (ii) moisture adjusted pH (pH_adj = pH
x (1 + 0.12 x VW()); (iii) N:P molar ratio; (iv) 7-day rolling mean and standard deviation for moisture and
temperature data; (v) earlier/mid/late kharif season phase indicator (encoded as binary, from
earlier/mid/late kharif windows); (vi) cumulative growing degree days (GDD, computed at base 15°C) and
(vii) farmer-recorded yield from previous year (kg/ha). For the features, permutation importance was
performed on scikit-learn [23] and mutual information criteria [24] was used to assess their importance
and RFE confirmed thatall 18 features were important for at least one nutrient prediction task. For XGBoost
and LightGBM, the hyperparameter optimization was done using Bayesian optimization with 150 trials per
nutrient target in the validation fold, following the Optuna [25] tool. The final feature set along with the
engineering method and SHAP-derived global importance rank are shown in Table 3.

Table 3. SoilSense-FR Feature Set and SHAP-Based Feature Importance [21], [24]

4]

Engi i SHAP SHAP Rank
# Feature Name Source Type neineering an
Method Rank (N) (P|K)
Soil Moist C iti
1 ol [VV(iIl(S;]ure e;;;z:lcslolve Continuous Raw reading (%) 3rd 5th | 4th
Raw ion-selecti
2 NPK-N proxy ISE probe | Continuous awion s.e ective 2nd —|—
reading
Raw ion-selecti
3 NPK-P proxy ISE probe | Continuous awion s.e ective 4th 1st | 6th
reading
Raw ion-selecti
4 NPK-K proxy ISE probe | Continuous awion s.e ective 6th 4th | 1st
reading
. Glass . .
5 Soil pH Continuous | Raw reading (0-14) 5th 3rd | 3rd
electrode
4-ring AC
6 EC (mS/cm) ring Continuous Raw reading 7th 6th | 5th
sensor
Soil t t
7 | 20T FMPEIAtI® | 1618820 | Continuous Raw reading 12th 11th | 10th
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8 | OC Index (SOCI) Derived Continuous | EC x moisture / 100 1st 2nd | 2nd
9 H_adjusted Derived Continuous pHx(1+ 8th 7th | 7th
pr.ad 0.12xVWC)
. . ) N_proxy / P_proxy x
10 | N:P molar ratio Derived Continuous 9th 8th | 9th
(31/14)
11 7-day moisture Deri.ved Continuous Rolling mean over 7 10th 9th | 8th
mean (rolling) days
12 7-day moisture Derl.ved Continuous Rolling std over 7 14th 13th | 12th
std (rolling) days
7-day t Derived
13 aytemp erl.ve Continuous Rolling mean (°C) 15th 15th | 15th
mean (rolling)
Derived
14 | 7-day temp std erl.ve Continuous Rolling std (°C) 16th 16th | 16th
(rolling)
Early/Mid/Lat
15 Season phase Calendar Categorical I?}fa};'i/f (E)//l/aZ)e 13th 12th | 11th
Weath (T -15°
16 | GDD cumulative | VAP | 0o htinuous | SC-2v8~15°C.0) 11th 10th | 13th
sensor from sowing
Previous- F
17 revu?us year armer Continuous kg/ha (raw) 17th 14th | 14th
yield record
Sit
18 District code e Categorical | One-hot (4 districts) 18th 17th | 17th
metadata

All 12 laboratory soil parameters are inter-dependent, as evident in the Pearson correlation heatmap
shown in Figure 5, which is also a motivator for the multi-output ensemble design. Organic carbon (OC) has
a good positive correlation with N (r=0.78), K,0 (r=0.61) and P,05 (r=0.54) indicating that it is a master
soil fertility indicator. The negative correlation of bulk density with clay content (r=-0.48) and positive
correlation of pH with CaCO3 (r=0.72) is similar to what has been reported in the soil science literature for
semi-arid India in Vertisols.
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Figure 5. Pearson Correlation Heatmap of Soil Parameters
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4.3. Machine Learning Models and Training Protocol

XGBoost [19]: Gradient boosted trees with learning rate 1=0.05, max_depth=6, n_estimators=500,
subsample=0.8 and colsample_bytree=0.8 and with L2 regularization A=1.2. A different model was created
for each nutrient target (N, P,05, K;0).
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In this case, the LightGBM model was used with the following parameters: num_leaves=63,
learning rate=0.03, n_estimators=800, min_data_in_leaf=20, and feature_fraction=0.75. For the CottonSoil-
1440 dataset, LightGBM's algorithm is 3.2x faster to train with than XGBoost's algorithm using histogram.
The stacking ensemble consists of two base models (XGBoost and LightGBM) and a linear Ridge meta-
learner (¢=0.1) to make the final prediction (a=0.1). Evaluation generalizability to unseen farms is achieved
by five-fold cross validation where each fold is assigned a site to prevent data from the same farm from
appearing in train and test. All models were trained with the same preprocessing and validation steps and
were from the scikit-learn library v1.4 [23] (baseline models: Linear Regression, Ridge, SVR [26], [27],
Random Forest [26] and standalone XGBoost and LightGBM).

4.4. Fertilizer Recommendation Engine

The predicted N, P,05 and K,0 (kg/ha of available soil nutrients) are handed over to the calculation
module for STCR (Soil Test Crop Response) module [22] which is based on the targeted yield equations
recommended for cotton in Vidarbha by ICAR [18]:

FD, = (TY x NC, — SN, X CFy,) / RE,

The available soil nutrient (ASN), available in the soil after fertilizer application, is predicted by
SoilSense-FR nutrient level (kg/ha) (SN_n); where FD_n = fertilizer dose of nutrient n (kg/ha); TY = target
yield (kg seed cotton/ha); CN_n = nutrient requirement per unit yield (kg/ha/ha seed cotton); CF_n =
correction factor for soil mobility; and RE_n = fertilizer use efficiency (%). The STCR coefficients are taken
from 12 calibration trials performed at PDKV, Akola & CICR [28]. Recommended dose is converted to
commercial fertilizer product amount (Urea, DAP, MOP) and packaged as an SMS message which is sent to
farmer's mobile phone in just 2 seconds after uploading data to the sensor.

4.5. Evaluation Metrics

Four regression statistics are recommended by Willmott and Matsuura [29] and are used to quantify
model performance: Root Mean Squared Error (RMSE, kg/ha), Mean Absolute Error (MAE, kg/ha),
Coefficient of Determination (R?) and Mean Absolute Percentage Error (MAPE, %). All metrics given are for
held-out test folds from site-stratified 5-fold CV. The statistical significance of the differences between
SoilSense-FR and each baseline was determined by paired Wilcoxon signed-rank tests between fold level
RMSE values (a = 0.05).

4.6. Nutrient Prediction Performance

Table 4 shows detailed per-model, per-nutrient performance characteristics. SoilSense-FR
outperforms all seven baselines for all three nutrients with R? = 0.89, 0.86 and 0.91 for predicting N, P,05
and K0 respectively. The most signficant difference between the performance of the stacking ensemble
and its base learners is with linear models (the R? improvement for N over Linear Regression is +71%),
with the smallest difference being between the stacking ensemble and LightGBM (+7.2% for N). These
improvements are all statistically significant (Wilcoxon p < 0.05, after Benjamini-Hochberg correction)
over individual baselines.

Table 4. Comparative Performance of SoilSense-FR and Baseline Models

Model N R? N N P P PMAE | KR? | KRMSE | KMAE
RMSE | MAE | R?> | RMSE

Linear Reg. [29] 0.52 | 284 | 22.1 | 0.48 7.2 5.8 0.55 23.8 18.9
Ridge Reg. 0.57 | 26.8 | 20.8 |0.53| 6.8 5.4 0.60 22.1 17.5
SVR [27] 0.63 | 24.1 | 187 | 059 | 6.2 4.9 0.66 20.3 16.0
Random Forest [26] 0.76 | 19.7 | 153 | 0.71 5.3 4.2 0.78 16.8 13.2
XGBoost [19] 081 | 17.2 | 134 | 0.77 | 4.6 3.7 0.83 14.3 11.4
LightGBM [20] 083 | 165 | 12.8 | 0.79 | 4.4 3.5 0.85 13.7 10.9
SoilSense-FR (Ours) 0.89 | 12.8 9.9 | 0.86 3.4 2.6 0.91 10.2 8.1
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Figure 6 shows the R? vs RMSE trade-off space for the three crop models for all seven models.
SoilSense-FR is in the upper left (high R%, low RMSE) corner for all three nutrients, and there is a greater
relative improvement in predicting N than for the other nutrients. The bubble size (training time, seconds)
demonstrates that SoilSense-FR has sufficient accuracy with a non-prohibitive computational cost: Total
training time of 22.4 s on a 4-core laptop CPU is within the annual seasonal training schedule.

(a) Nitrogen (N) Prediction (b) Phosphorus (P,0,) Prediction (¢) Potassium (K,0) Prediction

Form Ragrwiins

bl | > TO 1 Sy i M ¢

RMSE (kg/ha)
RMSE (kg/ha)

RMSE (kg/ha)

e
16 01 A

1 4
L - » " -

' v () Aoy ' v 104, . v . v
11 1 'R 0% 0s 0s 1) N 0% 060 0465 G0 7S 080 0A8S oW

N (costhiclont of determination) N {oufficient of determination) N (couficient of determination)

Figure 6. Comparative Performance of Soil Nutrient Prediction Models

4.7. Recommendation Accuracy

The performance of the SoilSense-FR generated fertilizer dose recommendations were compared to
the STCR recommendations derived by agronomists in the 48 field trial plots (12 sites x 4 measurement
campaigns). The mean absolute error recommended N dose was 8.2 kg/ha (vs. agronomist dose) and for
blanket recommendations this error was 24.7 kg/ha (a 66.8% reduction). For P,05, MAE was 2.1 kg/ha
(SoilSense-FR) vs. 8.9 kg/ha (blanket). In Vertisols, Tandon [30] found that deviations of the dose from the
optimum of more than +15% led to significant reductions in the response curves; SoilSense-FR had within
+10% agreement with 81.3% of SoilSense recommendations as compared to 38.4% for blanket
recommendations. The region specific STCR calibration curves were obtained by [28] considering cotton
as the ground-truth reference for Vidarbha. The four management strategies, doses, yield and net
economics obtained are summarized in Table 5.

Table 5. Comparative Fertilizer Strategy Outcomes and Economic Analysis [31]

Strategy NDose ll;j)(s)z [l)(;sge Yield l::il:t Net Profit V:(.izrdA
(kg/ha) (kg/ha) (X000/ha)
(kg/ha) | (kg/ha) (X/ha) (%)
F P i
armer Practice 180 80 60 1,820 | 6,840 95.0 —
(FP)
Blanket
200 100 80 2,050 7,200 107.6 12.69
Recommend. (BR) ¥ &
il -FR
SoilSense-| 165 72 55 2,290 | 5980 122.3 +25.8%
(Conservative)
SoilSense-FR
. 148 68 52 2,480 6,120 132.9 +36.3%
(Optimal %)

4.8. Economic Impact
An economic comparison of the four management strategies is shown in Figure 7. The SoilSense-FR
Optimal strategy gives maximum yield of seed cotton (2,480 kg/ha) and also provides fertilizer cost
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reduction (36,120 per hectare) as compared to blanket recommendations (X7,200 per hectare) which
translates into a net profit gain 0f 318,400 per hectare or 36.3% yield gain and 12.3% cost saving compared
with the blanket recommendations. The Conservative variant offers an intermediate option for risk averse
farmers, and is already increasing profitability by ¥27,300/ha compared to Farmer Practice. The findings
are similar to the work of [32] who found an increase in yield of 28-42% in African cotton smallholders
when using precision fertilization with [oT.

Return on IoT investment: The annual profit gain of 318,400 per ha with a hardware cost of
X7,800/am per farm node (amortised for 5 years =%1,560/year) results in BCR of 11.8 which is much more
than the recommended BCR of 2.0 for technology adoption by ICAR-National Academy of Agricultural
Sciences [33]. The economic calculation is based on the Gol MSP of X6,620/quintal cotton for medium-
staple (2022-23 season [31]).

Heard and uncderstand well Never heardof £ - Don't know
Heard but don’t understand wel [ Refused
. Have heard, not sure of cetads Not apphcable
30.0% Region (North vs. South| Residence {Urban vs. Rural) 30.0%
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Figure 7. Comparative Economic Analysis of Fertilizer Management Strategies [31]

In the Vidarbha cotton context, SoilSense-FR performs the best in predicting soil macro-nutrients
with ensemble R? > 0.86 for all the three macro-nutrients when compared with all the evaluated baselines.
The SHAP analysis showed that SOCI (Soil Organic Carbon Index based on EC and moisture) is the most
important contributing factor to the availability of N, which is consistent with the soil science literature
[15] and underscores the potential for the low-cost electrochemical sensors to be used as proxies for
nutrient cycling processes without direct measurement of soil OC. This strong N-P,05 correlation (r = 0.69
from Figure 5) helps to justify the use of the N-proxy inputs for P prediction and it shows the multi-output
ensemble design to be superior to the independent single-nutrient model.

The fertilizer amount saved by SoilSense-FR Optimal compared to blanket recommendations is
directly related to the regional variability in the nutrient status of the soil: The CV for soil N across the study
area for the CottonSoil-1440 dataset was 19.8%, and for soil P,0s, it was 23.4%, reflecting the regional
variations in soil nutrient status that are not detectable using blanket management but are detectable
through IoT monitoring. In E. cereal systems, ensemble ML based precision nutrient management has been
found to yield similar 9-18% input savings by [34]. The nutrient heterogeneity of the landscape, with some
being extreme and others not, between sites in semi-arid India is the reason for the higher absolute data
density per site for the Crop Health Crop Data.

An indirect measurement of N, P and K was done by using proxies that were measured with ion-
selective electrode (ISE) sensors, and this is a limitation of the current study; the sensors will drift during
long deployment. In the current study, sensors were calibrated quarterly with a paired lab sample which
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results in additional operating expense. Future work will involve the study of autocalibration algorithms
with on-device edge ML as mentioned by [33] on the precision sensor systems which require minimal
maintenance. SoilSense-FR outputs can be integrated with the Gol's Digital Agriculture Mission (NITI
Aayog, 2022 [35]) to connect the outputs of SoilSense-FR with the Soil Health Card database and fertilizer
subsidy at scale.

5. CONCLUSION

In this paper, an end-to-end recommendation pipeline for precision cotton fertilizer management

using SoilSense-FR, integrated [oT to recommendation system for Vidarbha, Maharashtra was presented.
The key findings are: (i) The stacking ensemble of XGBoost and LightGBM performs well with R? > 0.86 for
prediction of all the three macro-nutrients (N, P,0s, K,0) for 1,440 field observations across 12 locations
for three seasons; (ii) Agronomic interpretation of the predictions using SHAP supports the presence of
agronomically interpretable features such as organic carbon proxies, pH, moisture etc.; (iii) Field trials
indicate that predictions guided by STCR-aligned recommendations boost the seed cotton yield by 36.3%
and reduce the fertilizer cost by 12.3% compared to farmer practice, and (iv) A hardware BCR of 11.8 shows
that the model is economically viable for smallholder adoption at ¥7,800/node.
Future Work Will Involve: to explore sensor autocalibration based on edge reference measurements; to
extend to prediction of micronutrients (Fe, Zn, B) using spectral reflectance supplementation; to investigate
how to integrate with drone based canopy sensing for in-season prescription updates; and to deploy
federated learning across connected farm networks without centralized farm data, enabling improved
models for each district. The integration of SoilSense-FR with the Gol Digital Agriculture Mission is the big
bottle neck in scaling it across the 4.6 million farming families in Vidarbha producing cotton.
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