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ABSTRACT

Field scale decision support for smallholder farms in southern India requires models that respect both space
and time. This study aimed to develop a time aware machine learning pipeline that fuses electromagnetic soil
conductivity, laboratory soil analyses, Sentinel-2 multi-date imagery and local weather records to provide
actionable management zone delineation and nutrient advisory. We process EM surveys and soil cores with
ordinary kriging to create spatial rasters, generate weekly Sentinel-2 indices from 2018 to 2022, and align
daily weather with crop phenology. A set of models including Random Forest, LSTM, Temporal
Convolutional Network and a spatio-temporal Transformer are trained under leave-one-year-out and parcel
based cross validation. The Transformer yields the best predictive performance for yield and nutrient
response with mean RMSE = 0.42 t ha™! and R? = 0.78 on hold out years, improving RMSE by ~12 percent
over the Random Forest baseline. Management zone stability measured by Cohen Kappa and Jaccard indices
is highest for kriging + fuzzy k-means zonation and supports a 3-class mapping as the best trade-off between
stability and interpretability. Practical decision outputs include per parcel N application bands and short
advisories designed for field managers. The pipeline reduces the uncertainty of seasonal advisories and
delivers maps and short textual guidance usable by extension services in the southern Indian context.

Keywords: Time Aware Machine Learning, Multi Source Data Fusion, Kriging, Sentinel-2, EM

Conductivity, Southern India, Management Zones, Spatio-Temporal Transformer

1. INTRODUCTION

Agricultural decisions at field scale are tightly bound
to both where and when. Farmers in the southern
region of India work under high monsoon
variability, small land holdings and limited access to
timely advisory services [1], [2]. As a result, the
window for planting, fertiliser application and
irrigation is narrow and the cost of a mistimed
decision is high for smallholders [3].
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Precision agriculture methods promise improved
returns by tailoring inputs to within-field variability.
Yet most operational systems focus on static maps or
single date images. These approaches miss temporal
dynamics such as onset of vegetative growth, mid-
season stress and post monsoon recovery [4], [5].
Time aware models that fuse many data sources can
close this gap by combining the physical soil state
measured by electromagnetic surveys and laboratory
tests with temporal signals from remote sensing and
weather [6].
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This paper aims to design and evaluate a practical,
time aware machine learning pipeline for field scale
decision support using a southern India dataset that
covers EM conductivity scans, soil laboratory
measurements, Sentinel-2 imagery from 2018 to
2022 and local weather records. The objectives are
to (1) build robust spatio-temporal features, (2)
compare modelling strategies for yield and nutrient
recommendation and (3) quantify management zone
stability across years to produce reliable advisory
maps.

Contributions of this work are

e a reproducible preprocessing and kriging
workflow to convert EM and soil points
into operational rasters

a time aware fusion pipeline that aligns
weekly Sentinel indices and daily weather
with crop phenology

a comparison of classical and deep spatio-
temporal models and an assessment of
management zone stability for operational
advisory

Farmers need clear timely advice not complex
outputs. This study focuses on turning models into
simple maps and short textual advisories that can be
delivered through extension channels.

2. LITERATURE REVIEW

Multi source data fusion for precision agriculture has
advanced rapidly. Researchers combine proximal
sensing such as EM conductivity with laboratory soil
analyses and remote sensing to map within field
variability and delineate management zones [7], [8].
It provide a robust framework for multi-source
zonation and stability assessment and their methods
motivate our kriging and stability workflow [9],
[10].

Time series modelling in agriculture has used
recurrent neural networks such as LSTM,
convolutional approaches like TCN and more
recently transformer architectures that better capture
long range dependencies [11], [12], [13]. LSTM
models capture sequential dependencies well for
moderate length series but can struggle with
irregular sampling and long context windows.
Temporal convolutional networks provide stable
gradients and parallelism for long sequences.
Transformers leverage attention to dynamically
weight dates and are promising for multi date
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vegetation index fusion especially when multiple
sensors or phenological events matter [14], [15].

Gaps remain in operationalising these advances at
field scale. First, many studies treat spatial
interpolation and temporal modelling separately
without an integrated fusion strategy [16], [17] .
Second, zonation stability across seasons is
insufficiently quantified in operational pipelines.
Stability matters: if zones change wildly year to year,
farmers cannot plan input purchases or labour. Third,
fewer studies use proximal EM surveys together
with dense multi-date Sentinel series and weather to
jointly predict yield and recommend inputs [18].

The present work address these gaps by combining
kriging based spatial rasters from EM and soil with
multi-date Sentinel indices and weather in a single
pipeline that supports both predictive and
prescriptive outputs. We measure zonation stability
using Kappa, Jaccard and Dice metrics across years
and methods.

3. METHODS OVERVIEW

This study assembles four data streams: EM
conductivity surveys, soil laboratory analyses,
Sentinel-2 multi-date indices and daily weather. EM
and soil points are interpolated to 10 m raster’s via
ordinary kriging. Sentinel-2 images are cloud
masked, atmospherically corrected, and composited
into weekly indices. Weather is aggregated to match
weekly windows and aligned with crop phenological
stages. Two fusion strategies are implemented: a
stacked approach that concatenates kriged spatial
features with temporal sequences supplied to LSTM
or TCN, and a transformer based spatio-temporal
fusion that embeds spatial context and applies
temporal attention. Models are trained using leave
one year out cross validation and parcel level spatial
CV. Evaluation uses RMSE, MAE, R? for regression
and accuracy, precision, recall and Cohen Kappa for
classification tasks such as N application class.

3.1. Study Area and Dataset

The study covers agricultural parcels in the southern
region of India spanning coastal plains and interior
uplands. Climatically the area features a tropical
monsoon with the main rainy season typically from
June to September and a secondary light rainfall
window in  October-December in  some
microclimates. Common crops include paddy,
sugarcane and dryland millets. Field sizes vary from
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5 to 150 ha reflecting smallholder and medium  Composite formula

farms. Soil textures range from sandy loam near the
coast to clay loam inland.

3.1.1. Dataset Description

The [SOUTHERN_INDIA DATASET] comprises
records from 2018 to 2022 and includes

parcel geometry and parcel id with geo
coordinates

EM apparent electrical conductivity
measured at two nominal depths and with
multiple dipole orientations

soil laboratory analyses at 0-30 cm for pH,
organic carbon, available N, P, K and
humus content

Sentinel-2 Level 2A imagery with bands
resampled to 10 m and derived indices
NDVI, SAVI, LCI and BSI with date
stamps

local daily weather station records: rainfall,
minimum and maximum temperature, solar
radiation

management logs: planting date, fertilizer
application events, irrigation events and
harvest yield per parcel

3.1.2. Sampling Protocol and Scaling

EM surveys are performed with transect spacing
intended to produce point densities equivalent to
composite sampling at roughly 3—5 ha. Soil cores are
taken at stratified random locations and cores within
a 3-5 ha block is composited for laboratory analysis.
Sentinel-2 data are processed to 10 m resolution to
align with kriged rasters. Management logs are
matched to parcels using parcel id.

3.2. Data Preprocessing and Spatial
Interpolation

Sentinel-2 scenes are atmospherically corrected and
cloud masked using scene level QA bands and a
temporal median filter for gap filling. We generate
weekly composites by averaging available, cloud
free observations within each week. Vegetation
indices such as NDVI, SAVI and LCI are computed
per scene and then composited as weekly index
values.
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1 N
Vieor =5 ) V1,
i=1

where Vlare cloud free index values within the
week.

EM and soil rasters via ordinary kriging: EM point
observations and soil sample locations are converted
into continuous rasters using ordinary kriging. The
ordinary kriging estimator is

20x) = ) A2 (x)
1

i=
subjectto ),; A; = 1. The variogram y (h)is modelled
using exponential, spherical and Gaussian families
and selected via cross validation. Z denotes
Management zone map with k classes.
Variogram model (exponential)

y(h) = ¢y + c(1 —e~31/a)
where cyis nugget, csill and arange parameter. EM
traces are first normalized to [0,1] per survey to
reduce instrument scale differences. Soil lab values
are adjusted for bulk density where needed and
composited to raster using block kriging with
covariates where helpful.

3.3. Raster Alignment and Normalization

All raster’s are resampled to 10 m grid and
normalized to [0,1] per variable using min—max
scaling. Kriging both smooths and preserves
localized structure. Cross validation of variogram
parameters is essential to avoid over smoothing
small but important patches.

Sentinel-2 indices are computed per scene then
temporally aligned into a regular weekly grid. Each
weekly slot contains a vector of indices such as
NDVI SAVI LCI and BSI. Missing weekly values
from cloud gaps are gap filled using local temporal
interpolation or a short window median. Daily
weather is aggregated to weekly summaries: sum for
rainfall and radiation and mean for temperature. All
inputs are scaled per variable to zero mean and unit
variance using training split statistics.

3.4. Phenology Alignment and Sliding Windows

Planting dates and change point analysis on NDVI
identify phenological boundaries such as emergence
tillering and grain fill. Two windowing strategies are
supported. Fixed weekly windows of length w weeks
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that capture recent memory and seasonal context.
Stage aligned windows where windows are anchored
to phenological stages and may vary in length across
parcels. For each parcel and for each prediction time
t we construct a sequence S = [s_{t-w+1}, ..., s t]
where s i combines weekly Sentinel indices and
aggregated weather. Sequence length w is chosen to
cover the most informative interval typically 8-16
weeks.

3.5. Temporal embeddings
Temporal sequences are transformed into
embeddings using one of two options

learned 1D convolutions that extract local
temporal patterns and reduce sequence
length by strided convolutions

positional encodings plus a small
embedding network where each weekly
vector is projected into a d dimensional
token

For both options we retain a per time step mask to
indicate imputed weeks so the model can ignore
low confidence dates.

3.6. Merging Spatial Rasters and Point Features
Static spatial rasters such as kriged EM conductivity
and soil property maps are aligned to the 10 m grid.
For each parcel we extract a small spatial patch
cantered on the parcel centroid or computing zonal
statistics over the parcel footprint. Patch extraction
uses bilinear interpolation to sample raster values at
the patch grid points which preserves continuous
gradients. Alternately we compute parcel level
summaries including mean variance and percentiles
for each raster.

Two fusion designs

A Stacked fusion with sequence encoder and
aggregator
* Spatial features are summarized per parcel into a
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fixed vector S_spatial via zonal statistics or
flattened patch pooled by average and max.

» Temporal sequence S_time is encoded by an
LSTM or TCN producing a temporal embedding
E time.

* The final input to the prediction head is the
concatenation [S_spatial ; E_time].

* This architecture is simple to train and
interpretable because spatial and temporal
contributions can be ablated independently.

3.7. Transformer Based Spatio Temporal Fusion

Spatial tokens are formed by sampling N spatial
patches or representative spatial points and
projecting them into token space with geo
embeddings that encode coordinates and scale.
Temporal tokens represent weekly embeddings with
positional encodings. A cross-attention block allows
temporal tokens to attend to spatial tokens and vice
versa producing fused representations that capture
interactions  between  where and  when.
A global pooling token aggregates fused information
and feeds task heads. This design excels at long
range dependencies and allows inspection of
attention maps to see which weeks, and which spatial
zones influence a prediction. Figure 1 shows the
spatio-temporal fusion pipeline.

Pseudocode data pipeline

for each parcel:
extract kriged spatial features
build weekly sequence of Sentinel
indices and weekly weather

align sequence with phenology
windows
assemble input X = [spatial |

temporal sequence]
feed X to model -> predict y
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Figure 1 Spatio -Temporal Fusion Pipeline

3.8. Loss Functions and Multitask Objective
For regression targets such as yield we use mean
squared error and report RMSE

LSTM sequence regressor: 3 layers, 128
hidden units, dropout 0.2, learning rate le-
3, Adam optimizer, batch size 32, epochs
up to 150 with early stopping on validation

N loss.
1
MSE = —Z(yi — $:)*RMSE = VMSE e Temporal Convolutional Network: 4
N = residual blocks, kernel size 3, dilation

For classification tasks such as N application class,
We use Cross entropy

N
1 n
N Z Yiclog by
=1

For multitask training the total loss is a weighted
sum

CE

L =aMSE+ CE
Weights a and B are tuned or learned via uncertainty
weighting. For regularization and uncertainty, apply
dropout layer norm and L2 weight decay. Use Monte
Carlo dropout at inference to estimate epistemic

uncertainty and propagate it to advisory confidence
bands.

doubling, dropout 0.2, optimizer Adam,
learning rate 3e-4.

Spatio-temporal ~ Transformer:  spatial
embedding dim 64, 4 attention heads,
temporal attention layers 3, feed forward
dim 256, learning rate 2e-4, batch size 16,
gradient clipping.

Multitask variant: shared encoder with
separate heads for yield regression and N
application classification.

For training regime and validation, the study use
leave one year out temporal cross validation across
five years and a nested parcel based spatial fold for

hyperparameter tuning. Early stopping patience is 10
epochs. Models run with repeated seeds to estimate
variance across folds. Evaluation metrics reported
for regression are RMSE, MAE and R? For
classification we report accuracy, precision, recall,
F1 and Cohen Kappa.

3.9. Models and Training

Baseline Random Forest using aggregated
temporal statistics (mean max min per
season). RF with 500 trees, max depth

tuned. 3.10. Evaluation Protocol

e
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Cross validation: Temporal CV: leave one year out.
Each fold trains on four years and tests on the held-
out year. Spatial CV: repeated parcel holdout to
estimate generalization across fields.

Statistical testing: We use paired Wilcoxon signed
rank test to compare RMSE distributions between
the best model and baseline across folds.
Significance is reported at p < 0.05.

Zonation stability metrics: Cohen Kappa, Jaccard
index and Dice coefficient compare management
zone maps across years. For two maps A and B with
class k, Jaccard for class i is

4. RESULTS
4.1. Dataset Summary and Preprocessing
Outcomes

The dataset includes approximately 1,200 parcels
with EM traces amounting to ~35,000-point
measurements and 1,800 composite soil samples.
Sentinel-2 produced on average 35 usable weekly
composites per year after cloud masking. Kriging
cross validation produced mean absolute errors for
EM interpolation of 0.06 normalized units and
restricted range parameters between 150 and 450 m

depending on  the  variable.  Practically
| A; N B; | high point density in some parcels reduced
i = 1A UB, | interpolation error and improved local advisory
L L .
and Dice is f:onﬁdence. F igure 2 shpws the.map of the study area
in southern india showing outlines.
11° 20"
-
-
- -
11= 40" - -
E= - I:urnbgkonam
11° 10" - o
-
-
o740 Thanjavur -
=3 Field parcels
- Vweather station
2 km Nagapatinam Major roads
FO° 10" ;
10740° T 9T 307 T 507 T°507
Longitude

Figure 2 Manageable Map Of The Study Area In Southern India

4.2. Spatial Patterns and Correlation Structure

Correlation analysis (figure 3) across 25 rasters
shows strong associations between EM conductivity
at depth and clay indicators from BSI and SAVI at

certain growth stages. Cluster analysis highlights
three stable clusters of variables: deep soil
conductivity and nutrient indicators, shallow

conductivity and surface VIs, and weather derived
water stress metrics.

Figure 3 Correlation Matrix Highlighting Synergies Between EM And Multi Date VI Rasters
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4.3. Model Predictive Performance

Across leave one year out CV the spatio-temporal
Transformer achieved the best mean performance:
RMSE = 0.42 t ha!, MAE = 0.31 t ha™ and R? =

Mean RMSE and R2 across models

0.8
. RMSE
mm R?
0.6
]
= 04
p
0.2
0.0
RF LSTM TCN Transformer

0.78. LSTM and TCN performed competitively with
RMSEs of 0.48 and 0.45 respectively. Random
Forest baseline produced RMSE = 0.48 and R? =
0.68. Paired Wilcoxon tests indicate the Transformer
improvement over RF is significant at p = 0.02 is
shown in figure 4.

RMSE and R? distributions across CV folds

0.8
= =
0.7 é é

" Metric
206 B RMSE
> m R

0.5 i i -
04 -

RF LST™M TCN
Model

Transformer

Figure 4 Predictive Performance Across Models And CV Folds

Improved accuracy reduces the uncertainty of yield
forecasts farmers use to plan sales and input
purchases.

4.4. Management Zone Delineation and Stability
The present study compares three zonation methods

(figure 5): fuzzy k means on kriged rasters, Whale

Fuzzy k-means

218

2019

2021

Optimization Algorithm (WOA) based clustering
and a percentile-based method. For 3 class zonation
fuzzy k means produces the most stable maps with
mean Cohen Kappa = 0.72 across adjacent years and
mean Jaccard = 0.64. WOA shows higher
compactness within year but lower inter annual
stability.

OA Percentile

Figure 5 Comparison of Management Zones Produced by Three Methods Across Years
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4.5. Class Count Trade Off Stability metrics plotted (figure 6) across class
counts 2—8 show an optimal trade off at 3 to 4 classes
where Kappa and Dice are maximized while keeping
interpretability for farmers.

0.9
——&— Kappa
—#— Jaccard
§ 0.8 -/}'~ _ { —4— Dice
©
>
£ 0.7
k]
=
Z 0.6
E
5
v 05
0.4
2 3 4 5 6 7 8
Number of classes
Figure 6 Stability metrics versus class count
4.6. Decision Support Mock-Up and Advisory Apply 40 kg N ha™" in zone A at tillering, split 50

percent at tillering and 50 percent at panicle
The study produces a mock-up interface for field initiation. The advisory links to the nearest extension
managers that shows parcel map, recommended N office and includes estimated yield and confidence
application bands and a short advisory text such as: interval as shown in figure 7.

NITROGEN APPLICATION ADVISORY
Field Parcel Management Zones

Predicted Yield: 3.2 0.4 t/ha

10 §
Zone Recommendations:

Zone A (Low): 40 kg N/ha

E2 + 50% at tillering (20 kg)
§ . Medium + 50% at panicle (20 kg)
& Zone B
é 30 Zone B (Medium): 60 kg N/ha
* 40% at tillering (24 kg)
= 60% at panicle (36 kg)
40 ® ;owe A
on ABPE Suithany: 8935S NMRring stage
* 30% at tillering (24 kg)
« 70% at panicle (56 kg)
Contact: Local Extension Office
0 10 20 30 40 50 . oot
Distance (m) 0 +91-XXX-XXX-XXXX | [0 extension@local.gov.in mnmnct
Figure 7 Decision Support Output for A Field Manager
4.7 Error analysis and Case Studies observed yield. Parcel Y with sparse sampling

displayed higher error driven by late season cloud

The study highlights two representative parcels as ~ cover reducing .Sentinel observations. In these cases,
shown in figure 8. Parcel X with dense EM sampling ~ model uncertainty flags are valuable to caution
saw Transformer predictions within 5 percent of  €Xtension officers.
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Distance (m)

Distance (m)

Distance (m)

Figure 8 Normalized EM apparent electrical conductivity at two depths for parcel

X

0.9
Tillering

0.8
*| Planting
0.7

0.6

Panicle
0.5

0.4
Harvest

0.3

0.2

0.1
2018 2019 2020

Figure 9 shows Smoothed NDVI time series for a
representative parcel 2018-2022 with phenological
markers and scene thumbnails.

Tillering
H + - Tillering
Planting anting

Panicle

2021 2022 2023

Figure 9 Multiyear NDVI time series with Selected Phenological Dates

5. DISCUSSION

Time aware fusion of EM, soil, Sentinel-2 and
weather improves predictive accuracy and produces
more stable management zones than static
approaches. The Transformer’s attention mechanism
highlights that certain weeks around tillering, and
grain fill carry most predictive weight. Incorporating
kriged spatial features reduces local bias and helps
the model disambiguate signals that otherwise look
similar in spectral space.

Our multi-source zonation and stability approach
follows the time aware transformer model for
prediction [19]. When focused on static zonation,
this study demonstrates the value of temporal
attention to capture critical windows for advisory
decisions [20].

Limitations include Sentinel cloud gaps that reduce
temporal coverage in monsoon months. Sparse soil
samples in some parcels limit local calibration of
kriging. Transferability to other agroecological
regions requires retraining and validation.

For extension services the pipeline enables
generation of stable zonation maps and short
advisories that can be integrated into existing
advisory channels. Policy makers can support wider
adoption by investing in systematic EM and soil
surveys and publishing management logs to improve
model calibration. Participatory validation with
farmers and extension staff is necessary to refine
advisory language and trust. Integrating low-cost
soil sensors and mobile field capture of management
events will further reduce uncertainty.
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6. CONCLUSION

This study presents a practical, time aware machine
learning pipeline for field scale decision support
using multi source data in southern India. The
combined kriging of EM and soil, weekly Sentinel-
2 indices and aligned weather sequences enable a
spatio-temporal Transformer to outperform classical
baselines in yield prediction and to support stable
management zone delineation. Deliverables include
maps, per parcel N application bands and concise
advisories intended for direct use by extension
services and field managers.

Three concrete recommendations are

with
ensure

implement pilot deployments
participatory  validation  to
advisories are actionable and trusted
invest in routine EM and soil surveys to
improve spatial calibration and reduce
interpolation uncertainty

publish anonymised management logs and
open datasets to accelerate model
refinement and local adaptation
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