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Abstract !
Daily rainfall forecasting in Assam, northeast India, remains challenging
due to strong monsoon variability and complex terrain. This study compares
Multiple Linear Regression (baseline), XGBoost, and LightGBM for daily Article History
precipitation prediction across five hydro-climatic regions of Assam usinga | Received: 08 January 2026
. . . Accepted: 30 March 2026
24-year meteorological dataset (2001-2024) from IMD (India Meteorological
Department) and NASA POWER. Models were trained on 2001-2023 and Keywords
evaluated on an independent 2024 test year. Both gradient boosting models Feature Engineering;
substantially improved prediction accuracy relative to linear regression, LightGBM; )
L _ L Multiple Regression;
achieving R? (Coefficient of Determination) values of 0.775-0.974 and | xGBeost.
reducing mean absolute error by up to 85%. Event-detection skill was also
strong, with CSI (Critical Success Index) values of 0.852—-0.958 at the 5 mm/
day rainfall threshold and consistent detection of heavy rainfall events at 25
mm/day, where linear regression showed very limited skill. Seasonal analysis
indicated higher uncertainty during the peak monsoon season, particularly
in the orographically complex Upper Assam region where LightGBM
monsoon R? declined to 0.687. The analysis is limited by the use of single
representative grid points per region and evaluation on a single test year,
which may not fully capture inter-annual variability. Nevertheless, the results
suggest that gradient boosting models with temporal feature engineering and
strict train—test separation provide a promising framework for operational
rainfall forecasting in monsoon-dominated regions such as Assam.

Introduction water availability. Accurate daily rainfall forecasting
Rainfall is important yet difficult weather variables s therefore crucial for agricultural planning, irrigation
to predict, influencing agriculture, flood risk, and management, food security, and flood disaster
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prevention.' Even after many years of progress in
atmospheric science, predicting daily rainfall is still
very difficult, especially in monsoon regions where
rainfall is heavy, unevenly distributed, and influenced
by complex atmospheric processes.*> One region
where this challenge is particularly relevant is Assam
in northeast India. The state is among the most
flood-prone regions in the world, with nearly 40% of
its land area at risk, compared to a national average
of around 12%. ¢ The 2022 Assam floods caused
extensive agricultural devastation, inundating over
2.45 million hectares of land across multiple districts
and severely impacting rice production, as quantified
through satellite-based monitoring.” For rice-growing
communities in Assam, even a small improvementin
one-day rainfall forecasts can help farmers decide
the right time for sowing and reduce the risk of crop
loss. However, reliable and region-specific daily
rainfall prediction tools for Assam are still limited.

Over the years, machine learning has emerged as
a powerful and flexible alternative to both traditional
statistical approaches and computationally expensive
numerical weather prediction (NWP) models for
precipitation forecasting.*® Multiple Linear Regression
(MLR) has long been used as a basic method because
it is simple and easy to interpret. However, rainfall
processes are highly nonlinear and complex, and
linear models often fail to capture these patterns.
As a result, many studies have shown that machine
learning methods usually perform better than
traditional regression models in predicting rainfall
under complex meteorological conditions.®°

Extreme Gradient Boosting (XGBoost'" has become
one of the most widely applied algorithms for
meteorological prediction. Across South Asia,
benchmarking studies have confirmed that XGBoost
consistently outperforms classical statistical
approaches including ARIMA and regression in
capturing the nonlinear dynamics of monsoon
precipitation.'>'® Hybrid frameworks combining
XGBoost with deep learning have achieved
remarkable accuracy in Bangladesh, with RMSE
as low as 0.65 mm/day,'* while studies across
northern India have similarly found gradient boosting
approaches to outperform linear and regularisation-
based methods for daily rainfall forecasting.®'°
XGBoost has also been successfully applied to
bias-correct NWP precipitation output across

climatically diverse regions of China, substantially
improving short-term forecast skill."® Light Gradient
Boosting Machine (LightGBM) has gained increasing
attention for its computational efficiency and strong
predictive performance. In urban rainfall-runoff
prediction, it has outperformed LSTM networks while
requiring significantly lower computational cost.'®
For extreme precipitation prediction, ensemble
models combining LightGBM with CatBoost have
consistently outperformed linear approaches,"”
and LightGBM has demonstrated strong skill in
probabilistic spatial prediction of precipitation,
particularly at extreme quantiles.'® Comprehensive
assessments of Indian climate trends using both
XGBoost and LightGBM have confirmed that these
models enhance rainfall forecasting accuracy and
provide actionable insights for agricultural and
disaster management planning.'®?

Despite this growing literature, several important
gaps remain. Most machine learning rainfall studies
in India focus on large spatial scales, whereas
region-specific analyses required for flood and
agricultural management, particularly in Northeast
India, remain limited.®?' Second, the vast majority
of studies evaluate models using only continuous
metrics such as RMSE and RZ, without reporting
categorical event-detection performance across
multiple intensity thresholds, information that is
indispensable for flood early warning and crop
scheduling applications.'? Third, few studies
implement strict temporal train-test separation,
raising the risk of data leakage inflating reported
performance figures.9 Finally, systematic seasonal
evaluation of model skill across multiple hydro-
climatic regions is rarely reported.'??

To address these gaps, this study develops and
evaluates Multiple Linear Regression, XGBoost,
and LightGBM for daily rainfall prediction across
five hydro-climatic regions of Assam: Barak Valley,
Central Assam, Lower Assam, Upper Assam, and
North Assam using a 24-year dataset (2001-2024)
and a strict temporal validation protocol. The specific
objectives are to: (i) compare continuous prediction
accuracy across all three models and five regions; (ii)
evaluate categorical event-detection skill at different
rainfall intensity thresholds; (iii) decompose seasonal
model performance.
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Materials and Methods

This study employs a multi-model framework
to forecast daily precipitation across five agro-
climatically distinct regions of Assam — Barak Valley,
Central Assam, Lower Assam, Upper Assam, and
North Assam. Three machine learning and statistical
models were developed and compared: Multiple
Linear Regression (MR), Extreme Gradient Boosting
(XGBoost), and Light Gradient Boosting Machine
(LightGBM). The methodology encompasses five
interconnected phases: (i) study area delineation
and station coverage, (ii) data acquisition and
preprocessing, (iii) feature engineering, (iv) model
development and temporal validation, and (v)
performance evaluation.
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Study Area and Data

This study focuses on rainfall forecasting across
five hydro-climatically distinct sub-regions of Assam,
India: Barak Valley, Central Assam, Lower Assam,
Upper Assam, and North Assam (Figure 1). These
regions represent different physiographic and
climatic regimes within the Brahmaputra—Barak river
basin system, including lowland floodplains, foothill
zones, and areas influenced by complex orographic
effects. For each hydro-climatically distinct region of
Assam, a representative grid point was selected to
extract daily rainfall and meteorological variables.
The geographic coordinates and elevation of these
representative data points are summarized in Table 1.

Table 1: Representative meteorological data points used for each hydro-climatic
region of Assam.

Region Latitude (°N) Longitude (°E) Elevation (m)
Barak Valley 24.83 92.78 26

Lower Assam 26.18 91.73 55

Central Assam 26.35 92.68 60

Upper Assam 26.75 94.20 87

North Assam 27.24 94.10 101
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Fig. 1: Study Area
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Daily meteorological observations were collected for
representative stations located within each region.
The dataset spans January 2001 to December 2024,
providing a continuous 24-year record of rainfall and

290

associated atmospheric variables. Table 2 presents
the variables used in this study along with their
respective sources.

Table 2: Meteorological Variables Used in the Study

Variable Unit Temporal Resolution Source

All Sky Surface Shortwave MJ m2 day™' Daily (accumulated) NASA POWER database
Downward Irradiance

Dew/Frost Point at 2m Celsius Daily (mean) NASA POWER database
Maximum Temperature Celsius Daily (max) IMD

Minimum Temperature Celsius Daily (min) IMD

Specific Humidity g kg™ Daily (mean) NASA POWER database
Precipitation mm day’ Daily (total) IMD

Surface Pressure hPa Daily (mean) NASA POWER database
Wind Speed m s Daily (mean) NASA POWER database
Surface Soil Wetness — (dimensionless) Daily (mean) NASA POWER database

Daily meteorological data for each region were
obtained and stored in Microsoft Excel (.xlsx)
format. Before modelling, the data were carefully
pre-processed to ensure consistency and to avoid
any leakage of information between the training and
testing periods. Column names were cleaned by
removing extra spaces, and checks were performed
to ensure that all variables were present. The dataset
was examined for missing values, and none were
found in the collected data. During feature engineering,
the first few rows were automatically removed because
lag variables create undefined values at the beginning
of the time series. For the Multiple Regression model,
all predictor variables were standardised using
z-score scaling, where the scaling parameters were
calculated only from the training data. In contrast, the
tree-based models (XGBoost and LightGBM) were
used without scaling since they are not sensitive to
the magnitude of input variables. Finally, because
precipitation cannot be negative, any negative
predictions produced by the regression model were
set to zero before calculating the evaluation metrics.

Feature Engineering

Several additional features were created to improve
the predictive performance of the machine learning
models which represented seasonal behaviour and
short-term temporal relationships in rainfall. These
engineered features were used only for the XGBoost

and LightGBM models, while the Multiple Regression
model used only the original meteorological
variables. The base variables included All Sky
Surface Shortwave Downward Irradiance, Dew/
Frost Point, Maximum and Minimum Temperature,
Specific Humidity, Surface Pressure, Wind Speed,
Surface Soil Wetness, and Precipitation.

First, a month variable was extracted from the
date column to represent the seasonal cycle of
rainfall. Because rainfall in Assam follows a strong
monsoon-driven seasonal pattern, this variable
helps the model recognise differences between
months such as pre-monsoon, monsoon, and post-
monsoon periods. To avoid the artificial gap between
December and January, the month variable was
converted into two cyclic variables using sine and
cosine transformations

Month_ = sin (2rm/12), Month_ = cos (21rm/12).

These two variables allow the model to represent
the annual cycle smoothly.

Next, lag features were created for each meteorological
variable to represent conditions from previous days.
Specifically, three lag variables were generated:
the value of the variable on the previous day, two
days earlier , and three days earlier. For example,
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the lag feature temperature_lag_1 represents the
temperature recorded one day before the current
prediction day. These lag variables were generated
using a simple time-shift operation on the dataset.
Including these variables allows the models to learn
how recent weather conditions influence rainfall on
the current day.

Moreover, rolling statistics were also created to
capture short-term trends in atmospheric conditions.
For each meteorological variable, a three-day rolling
mean was calculated using the current day and the
two preceding days. This rolling average smooths
short-term fluctuations and captures the recent
overall atmospheric conditions. For example, the
rolling mean of temperature represents the average
temperature over the last three days.

These engineered variables were then included
as input features for the XGBoost and LightGBM
models, allowing them to capture both seasonal
patterns and short-term persistence in meteorological
conditions. However, the Multiple Regression model
did not use these engineered features, because
including many correlated lag variables could
introduce multicollinearity and reduce the stability
of the regression coefficients.

Model Development and Temporal Validation
Temporal Train/Test Split Strategy

Special care was taken to prevent any information
from the test period from influencing model training.
The dataset was first arranged in strict chronological
order so that all lag and rolling features were created
using only past observations.?® The data were then
divided based on time, with records from 2001-2023
used for model training and the independent
year 2024 reserved for testing. Hyperparameter
optimization was carried out exclusively on the
training data using GridSearchCV with three-fold
cross-validation. The dataset was partitioned into
three equal segments, where in each iteration
two segments were utilized for training and the
remaining segment for validation.?* This process
was repeated three times, allowing each segment
to function as the validation set once. The optimal
hyperparameters were then determined based on
the average validation error across all folds. This
approach helps reduce overfitting and improves
model generalisation. For the Multiple Regression
model, predictor variables were standardised using

parameters calculated only from the training data,
which were then applied to the test data without
recalculation. Because lag and rolling features were
generated using only previous time steps, no future
information was included.? These steps ensured
that the modelling process remained realistic and
free from information leakage.

Multiple Regression Model

Multiple Linear Regression was used as a statistical
baseline model. The relationship between rainfall
and meteorological predictors is expressed as:

p
y=Po+ ) Pixi+e 1)
=1

Where y represents daily rainfall, xiare predictor
variables, Bi are regression coefficients, and

€ represents model error. The regression coefficients
were estimated using ordinary least squares after
standardizing predictor variables.

XGBoost Model

Rainfall forecasting was performed using Extreme
Gradient Boosting (XGBoost) regression, an
ensemble learning technique that constructs an
additive model of decision trees optimized via
gradient descent.'3%

Let {(x,y)} "=1 denote the training dataset, where

x_iis the feature vector and y, is the observed rainfall.
The predicted rainfall y, is given by:

K
=) fe) fEF
k=1 (2)

where each f, represents a regression tree and F
denotes the space of all possible trees.

The objective function minimized by XGBoost is:

N K
L= 1)+ ) 00
i=1 k=1

where I(-) is the loss function and Q(f,) is a
regularization term controlling model complexity.

.(3)
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For this study, the squared error loss was adopted:

Ly, ) = i — 91)*

and the regularization term is defined as:

(4)

1 <
Q) = yT+§lz w;
=1

...(5)
where Tis the number of leaves in atree, W, represents
the leaf weights, and y and A are regularization
parameters penalizing model complexity.?® This
formulation enables XGBoost to control overfitting
while efficiently capturing nonlinear interactions
among meteorological variables.'*'®

LightGBM

In addition to XGBoost, rainfall forecasting was
also performed using the Light Gradient Boosting
Machine (LightGBM) algorithm. LightGBM is
a gradient boosting framework developed by
Microsoft that builds an ensemble of decision trees
in a sequential manner to minimize prediction
error. Similar to XGBoost, LightGBM optimizes an
objective function consisting of a loss function and
a regularization term, allowing the model to learn
complex nonlinear relationships between predictor
variables and the target variable.?”

LightGBM incorporates several methodological
enhancements that improve its computational
efficiency, particularly when handling large datasets.
To begin with, it adopts a leaf-wise tree growth
strategy, in which the leaf contributing the highest
reduction in loss is split, rather than expanding
the tree level by level. This enables the model
to attain higher predictive performance with
fewer boosting iterations. Additionally, LightGBM
utilizes a histogram-based approach for decision
tree construction, where continuous features
are discretized into bins, leading to substantial
reductions in both memory consumption and training
time. Furthermore, it integrates Gradient-based One-
Side Sampling (GOSS), which focuses on instances
with larger gradient values, and Exclusive Feature

Bundling (EFB), which combines mutually exclusive
sparse features to effectively reduce dimensionality.?®

These characteristics enable LightGBM to efficiently
model complex nonlinear relationships in meteoro-
-logical data while maintaining high computational
efficiency. In this study, the LightGBM model was
trained using the same predictor variables and
evaluation framework as the XGBoost model to allow
a fair comparison of rainfall prediction performance.

Hyperparameter Optimisation

For both XGBoost and LightGBM, optimal
hyperparameters were identified through exhaustive
grid search cross-validation (GridSearchCV, sklearn)
with 3-fold cross-validation on the training partition,
using negative mean squared error as the scoring
criterion.In 3-fold cross-validation, the training data
were split into three subsets, with two folds used for
training and one for validation in each iteration, and
the average validation error across folds was used
for hyperparameter selection.?® The hyperparameter
grids are summarised below.

XGBoost search grid: learning_rate € {0.1, 0.2, 0.5,
1}, max_depth € {3, 5, 8}, n_estimators € {50, 100,
200}, subsample ={1.0}. The objective function was
set to reg:squarederror, and random_state =42 was
fixed throughout.

LightGBM search grid: learning_rate € {0.05, 0.1,
0.2, 0.5}, max_depth € {3, 5, 8}, n_estimators €
{50, 100, 200}, num_leaves € {31, 63}, subsample
€ {0.8, 1.0}. The objective was set to regression
and random_state = 42 was fixed throughout. The
wider num_leaves parameter specifically leverages
LightGBM's leaf-wise tree growth, which can achieve
lower bias than the level-wise strategy used by
XGBoost for equivalent tree depth.

Seasonal Decomposition of Results

Beyond overall annual performance on the 2024
test year, results were disaggregated into four
meteorological seasons relevant to the northeast
Indian climate: Winter (December—February; DJF),
Pre-Monsoon (March—May; MAM), Monsoon (June—
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September; JJAS), and Post-Monsoon (October—
November; ON). This seasonal stratification allows
examination of model skill across low-precipitation
and high-precipitation regimes and reveals whether
model accuracy degrades during the climatologically
challenging peak monsoon period.

Model Evaluation and Skill Metrics

Model performance was evaluated using both
continuous and categorical metrics, ensuring
alignment with the Results section.

Continuous Metrics

Coefficient of Determination (R?): R-squared, also
known as the coefficient of determination, is used
to measure the proportion of the variance in the
dependent variable that can be predicted from the
independent variables.® It is defined as

, . X —9)?
R?=1-2F—=

2 —¥)? ..(6)
Mean Absolute Error (MAE): Itrepresents the average
absolute difference between predicted and actual
values, offering a clear measure of typical prediction
error in the same units. It is given by:

1 )
MAE == 1y =9 o

Root Mean Squared Error (RMSE): It calculates the
square root of the mean squared deviations between
predictions and observations, placing greateremphasis
on larger errors and indicating model accuracy. It is
given by:

RMSE =

1
=2 — 9:)?
N .(8)

Event-Based Metrics

Daily precipitation data usually contain many zero-
rainfall days, and important rainfall events occur at
different intensity levels. Therefore, relying only on

continuous evaluation metrics is not sufficient to
assess the performance of rainfall prediction models.
To better evaluate the ability of models to detect
rainfall events, categorical metrics—Probability of
Detection (POD), False Alarm Ratio (FAR), and
Critical Success Index (CSl)—were calculated.

These metrics were evaluated at seven rainfall
thresholds: 0.1, 0.5, 1.0, 2.5, 5.0, 10.0, and 25.0 mm/
day. These thresholds were selected to represent
progressively increasing rainfall intensities—
from very light precipitation to heavy rainfall
events, allowing evaluation of model performance
across different meteorological and hydrological
impact levels. For each threshold, observed and
predicted rainfall values were converted into binary
events, where rainfall exceeding the threshold was
considered an event, and otherwise a non-event.
Using the resulting contingency table counts (True
Positives, False Positives, and False Negatives),
POD, FAR, and CSI were calculated separately for
each region and model.

Probability of Detection (POD): It assesses the
model’s sensitivity to rainfall events by measuring
its ability to capture observed occurrences. We write

TP

POD = ————
TP +FN -(9)

False Alarm Ratio (FAR): It is crucial for evaluating
the reliability of the model and defined as

FP

FAR =5~ p

..(10)

Critical Success Index (CSI): Itis used to evaluate
the accuracy of rainfall forecasts, it is defined as

Tp

CSI=rp TFP+FN

(1)

The complete methodological workflow adopted in
this study is summarised in Figure 2.
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Fig. 2: Methodological workflow for daily rainfall forecasting across five hydro-climatic regions of
Assam.

Results

This section presents the performance of the Multiple
Regression (MR), XGBoost, and LightGBM, evaluated
onthe testyear 2024 across five hydro-climatic regions
of Assam. Results are reported using continuous metrics
(R?, MAE, RMSE), categorical detection metrics at
multiple rainfall thresholds (CSI, POD, FAR), and
seasonal decomposition of model accuracy.

Overall Continuous Performance

Table 3 summarises overall performance of all
three models across the five regions. The gradient
boosting models substantially outperformed Multiple
Regression across every region and every metric,
which clearly shows that the nonlinear relationships
between meteorological variables and daily rainfall
cannot be adequately captured by a linear framework.

Table 3: Comparative performance of Multiple Regression, XGBoost, and LightGBM models for
daily rainfall prediction across the hydro-climatic regions of Assam (2024 test year).

Region Model R? MAE (mm) RMSE (mm)
Barak Valley Multiple Regression 0.51 6.534 11.792
XGBoost 0.891 1.902 7.222
LightGBM 0.891 1.873 7.206
Central Assam Multiple Regression 0.479 3.622 5.602
XGBoost 0.933 0.738 2.396
LightGBM 0.931 0.756 2.444
Lower Assam Multiple Regression 0.414 4.646 8.616
XGBoost 0.973 0.791 1.943
LightGBM 0.974 0.827 1.931
Upper Assam Multiple Regression 0.422 5.498 10.088
XGBoost 0.853 1.366 5.757
LightGBM 0.775 1.464 7.129
North Assam Multiple Regression 0.432 3.631 6.262
XGBoost 0.892 0.840 3.359
LightGBM 0.886 0.903 3.449
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Multiple Regression produced weak R? values
ranging from 0.41 (Lower Assam) to 0.51 (Barak
Valley), with high errors that reflect its inability to
model the sharp intensity peaks typical of monsoon
rainfall. In contrast, XGBoost and LightGBM
achieved R? values between 0.78 and 0.97, reducing
MAE by 60-85% and RMSE by 30-78% compared
to the linear baseline, depending on region.

Lower Assam stood out as the region where both
gradient boosting models performed best, with XG
Boost reaching R? = 0.973, MAE = 0.791 mm, and
RMSE = 1.943 mm, while LightGBM achieved near
-identical scores (R? = 0.974). Central Assam also
showed strong performance, with both models attaining
R2 above 0.93 and MAE well below 1 mm. Upper
Assam proved most challenging: XGBoost achieved
R? = 0.853 while LightGBM reached only 0.775,
with LightGBM showing considerably higher RMSE
(7.129 mmyvs. 5.757 mm), suggesting that LightGBM's
leaf-wise growth strategy may overfit to training
patterns in this orographically complex region.
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The temporal agreement between observed and
predicted rainfall is illustrated visually in Figure
3 for XGBoost in Barak Valley, representing the
overall model behaviour across the 2024 test year.
Equivalent time-series plots for LightGBM and
all remaining regions are provided in Appendix B
(Figures B1-B9).

Categorical Detection Performance

To assess how well the models can identify
the occurrence of rainfall events at practically
meaningful intensity levels, categorical metrics: CSI,
POD and FAR were calculated at seven thresholds:
0.1,0.5,1.0,2.5,5.0, 10.0, and 25.0 mm/day. Table
4 presents the results at the 5.0 mm/day threshold,
which represents a meteorologically relevant
boundary between light and moderate rainfall and is
commonly used in operational hydro-meteorological
applications. Results at all remaining thresholds are
provided in Appendix A (Tables A1-AB).

Actual vs Predicted Precipitation - Barak Valley (XGBoost)

Precipitation

e I
| e ﬂ%m oM

—— Actual
-~ Predicted

2024-01 2024-03 2024-05

2024-07
Cate

2024-09 2024-11 2025-0L

Fig. 3: Time series of observed (solid blue) and XGBoost-predicted (dashed red) daily
precipitation for Barak Valley during the 2024 test year

Table 4: Categorical detection performance of rainfall prediction models at the 5.0 mm/day
threshold across the hydro-climatic regions of Assam (2024 test year)

Region Model csi POD FAR
Barak Valley Multiple Regression 0.631 0.919 0.332
XGBoost 0.883 0.960 0.083
LightGBM 0.908 0.987 0.081
Central Assam Multiple Regression 0.577 0.910 0.388
XGBoost 0.958 0.975 0.017
LightGBM 0.919 0.958 0.042
Lower Assam Multiple Regression 0.533 0.938 0.447
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XGBoost
LightGBM
Multiple Regression
XGBoost
LightGBM
Multiple Regression
XGBoost
LightGBM

Upper Assam

North Assam

0.886 0.930 0.051
0.879 0.940 0.069
0.547 0.914 0.423
0.897 0.945 0.055
0.852 0.945 0.103
0.533 0.868 0.421
0.957 0.978 0.022
0.916 0.967 0.054

Note. Higher CSI and POD, and lower FAR, indicate better event detection skill.

Across all regions and thresholds, XGBoost and
LightGBM substantially outperformed Multiple
Regression in categorical detection skill. At the 5
mm/day threshold, gradient boosting CSI values
ranged from 0.852 to 0.958 compared to 0.533—
0.631 for MR — a gain of roughly 0.30 to 0.40
CSI units. POD for both gradient boosting models
consistently exceeded 0.93, meaning the models
correctly identified more than 93% of rainfall events
meeting or exceeding 5 mm/day. FAR was kept
very low, particularly for XGBoost in Central Assam
(FAR = 0.017) and North Assam (FAR = 0.022),
demonstrating minimal false alarms.

As the rainfall threshold increased, all models
experienced a decline in POD and CSI. However,
the gradient boosting models maintained strong
detection capability even at the most demanding
threshold of 25 mm/day, with CSl values reaching as
high as 0.964 (LightGBM, Upper Assam) and 0.943
(LightGBM, Barak Valley). Multiple Regression, by
contrast, collapsed at this threshold, with CSI near
zero in some regions. The threshold-dependent
behaviour of CSI, POD, and FAR is visualised in
Figure 4 for XGBoost in Barak Valley. Equivalent
event-metric profiles for LightGBM and all other
regions are shown in Appendix C (Figures C1-C9).

Event-based Metrics at Different Thresholds for Barak Valley (XGBoost)

o . —I—‘/—'\.\/.
0.8
. Qb —
5 -=- POD
w =a= FAR
0.4 1
0.2 1
i | 1 4
0.1 0.5 10 2.5 5.0 10.0 25.0

Precipitation Threshold (log scale)

Fig. 4: Event-based detection metrics for XGBoost in Barak Valley.
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Seasonal Performance
Table 5 presents the seasonal R? values for
XGBoost and LightGBM disaggregated into four
meteorological seasons.

Both models demonstrated exceptionally high skill
during Winter and Post-Monsoon seasons, with R?

consistently above 0.90 across all regions. Pre-
Monsoon performance was also strong in most
regions, with XGBoost reaching R? = 0.985 in
both Central Assam and Upper Assam. The main
exception was Barak Valley (XGBoost R? = 0.821;
LightGBM R? = 0.796), reflecting the more erratic
convective onset in this southernmost region.

Table 5: Seasonal performance of XGBoost and LightGBM rainfall prediction models across
hydro-climatic regions of Assam (2024 test year).

Region Model Winter R> Pre-Mon- Monsoon R? Post-Monsoon R?
soon R?

Barak Valley XGBoost 0.979 0.821 0.908 0.973
LightGBM 0.991 0.796 0.935 0.943

Central Assam XGBoost 0.988 0.985 0.892 0.987
LightGBM 0.989 0.980 0.889 0.989

Lower Assam XGBoost 0.955 0.983 0.957 0.985
LightGBM 0.972 0.984 0.959 0.970

Upper Assam XGBoost 0.976 0.985 0.796 0.988
LightGBM 0.982 0.979 0.687 0.980

North Assam XGBoost 0.926 0.887 0.851 0.980
LightGBM 0.900 0.840 0.859 0.980

Note. R? values are computed separately for each season over the 2024 test year. Seasonal decomposition
was not computed for Multiple Regression due to its markedly inferior overall performance.

The Monsoon season (June—September) produced
the greatest spread in model performance, which
is expected given that this period accounts for
70-80% of annual rainfall and is characterised by
high temporal variability, intense convective events,
and complex orographic interactions. Central Assam,
Lower Assam, and Barak Valley maintained high
monsoon R?values (0.889-0.959). However, Upper

Assam showed a notable drop in skill, with XGBoost
reaching R? = 0.796 and LightGBM only 0.687,
consistent with the highly localised nature of orogra-
-phic monsoon rainfall in the eastern Brahmaputra
basin. Season-wise time series of observed versus
predicted precipitation for all regions and models
are shown in Figure 5 (Barak Valley, XGBoost) and
in Appendix D (Figures D1-D9).

Season-wise vs Predicted Precipitation for Barak Valley (2024)
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Fig. 5: Season-wise observed versus XGBoost-predicted daily precipitation for Barak Valley
(2024 test year)

Discussion

This study demonstrates that gradient boosting
machine learning models, particularly XGBoost and
LightGBM, provide a strong and promising baseline
framework for daily rainfall forecasting across the
hydro-climatically diverse sub-regions of Assam.
The findings are discussed here in the context of
model capability, regional geography, the role of
feature engineering, and the practical implications
for agro-hydrological decision making.

Superiority of Gradient Boosting Over Linear
Regression

The clear improvement of gradient boosting models
over Multiple Regression confirms an important
principle in rainfall modelling: the relationship
between atmospheric variables and daily rainfall is
highly nonlinear. In monsoon-dominated regions like
Assam, rainfall is influenced by complex processes
such as moisture convergence, convective activity,
and orographic uplift. These interactions are difficult
to represent using simple linear relationships. As
a result, XGBoost and LightGBM achieved much
higher accuracy (R? = 0.775-0.974; MAE = 0.738-
1.902 mm) compared to Multiple Regression, which
produced much lower R? values (0.41-0.51). Similar
improvements of machine learning models over
linear regression have also been reported in other
rainfall studies across South and Southeast Asia.

The diagnostic plots for Multiple Regression (Figure
6) further highlight the model’s limitations. The
observed-versus-predicted scatter, residual plots,
and error distributions show that prediction errors
increase as rainfall intensity increases. This fan-
shaped pattern is typical when linear models are
applied to highly skewed data such as daily rainfall.
The residual distribution is also right-skewed,
indicating that the model tends to underestimate
heavy rainfall events. The event-based metrics
provide similar evidence: the Probability of Detection
(POD) decreases sharply above the 5 mm/day
threshold, showing that the model struggles to detect
stronger rainfall events. Diagnostic plots for the other
regions are provided in Appendix E (Figures E1-E4).

The collapse of Multiple Regression at the 25 mm/
day categorical threshold, reaching CSI = 0 in Central
Assam is particularly revealing. Linear models
cannot extrapolate into the upper tail of the rainfall
distribution because they are structurally constrained
to produce outputs bounded by the training data's
linear response surface. Gradient boosting trees, by
contrast, can partition the input feature space and
assign different response functions to high-intensity
meteorological states, which is precisely what is
needed for extreme event detection.
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Fig. 6: Diagnostic summary for Multiple Regression in Barak Valley (2024 test year). Top row:
observed vs. predicted scatter with 1:1 reference line residual plot against predicted values, and
residual frequency distribution. Bottom row: POD, FAR, and CSI performance

Regional Differences in Model Performance
The noticeable performance difference between
Lower Assam (R? up to 0.974) and Upper Assam
(R? as low as 0.775 for LightGBM) highlights the
influence of regional geography on rainfall prediction.
Lower Assam lies in the wide Brahmaputra floodplain,
where rainfall is mainly controlled by large-scale
weather systems. This makes rainfall patterns
more predictable using grid-based meteorological
variables. In contrast, Upper Assam is located near
the foothills of the eastern Himalayas, where rainfall
is strongly influenced by local terrain and orographic
effects. These processes create highly variable
rainfall patterns that are difficult to capture using
single grid-point predictors.

The relatively weaker monsoon performance of
LightGBM in Upper Assam (R? = 0.687 compared to
XGBoost R? =0.796) may be related to the model's
leaf-wise tree growth strategy, which can sometimes
overfit complex or irregular patterns. The hyper--
parameter search used in this study may also not have
fully explored the optimal settings for such a complex
region. Future studies could improve performance

by applying region-specific hyperparameter tuning
methods, such as Bayesian optimisation, especially
for areas with strong terrain influences.

Barak Valley showed strong overall model
performance, but slightly lower R? values during the
pre-monsoon season (XGBoost 0.821; LightGBM
0.796). This period is dominated by convective
storms that occur more randomly and are less directly
related to the large-scale atmospheric variables used
as predictors. Because of this inherent randomness,
predicting pre-monsoon rainfall remains challenging
for both machine learning and traditional forecasting
methods.

Value of Feature Engineering

The inclusion of lag features (t-1, t-2, t-3 days)
and three-day rolling means for all meteorological
variables gave the gradient boosting models memory
of recent atmospheric states, a critical property for
precipitation prediction. Rainfall in Assam, especially
during the monsoon, exhibits strong temporal
autocorrelation: once a large-scale moisture event
is established, it tends to persist over multiple days.
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The cyclic encoding of month was equally important,
allowing the models to learn the sharp seasonal
transition between the dry winter and the intense
monsoon without introducing an artificial discontinuity
at the December-January boundary.

Practical Implications for Assam's Agro-
Hydrological Sector

Assam faces recurring consequences from both
rainfall deficit and excess. Kharif rice is deeply
sensitive to rainfall timing and intensity during the
June—September monsoon. Flood-prone districts in
the Brahmaputra valley experience inundation cycles
that damage crops, displace populations, and strain
disaster response systems. A CSl of 0.958 at the 5
mm/day threshold (XGBoost, Central Assam) means
that nearly 96% of rainfall events of agronomic or
hydrological significance are correctly classified. A
FAR of 0.022 (XGBoost, North Assam at the 5 mm/
day threshold) indicates a very low false-alarm rate,
meaning that only about 2.2% of predicted rainfall
events were not actually observed.

The weakest performance was observed in Upper
Assam, which is precisely the sub-region most
vulnerable to flash flooding from rapid orographic
enhancement of monsoon rain. This limitation should
be communicated clearly to potential end users,
and the development of ensemble or multi-model
approaches is strongly recommended for this region.

Limitations and Future Directions

Several limitations deserve acknowledgement.
First, all models are trained on data from a single
representative grid point per region, which necessarily
smooths over sub-regional heterogeneity. Second,
the models use same-day meteorological predictors
drawn from the NASA POWER reanalysis, which
act as effectively perfect predictors. In a true
operational setting, predictors would need to come
from a numerical weather prediction (NWP) forecast
for the lead time of interest, and evaluating model
performance when driven by NWP ensemble
output is an important next step. Third, climate
non-stationarity — particularly the observed
intensification of extreme rainfall events in northeast
India under ongoing climate change — means that
models trained on historical data may underperform
as precipitation regimes shift.

Future work should explore atmospheric circulation
indices, convective instability parameters, and
satellite-derived moisture fields as additional
predictors. Deep learning architectures may also
be worth evaluating, particularly for capturing
multi-day persistence structures across stations
simultaneously.

Conclusion

This study evaluated three data-driven models:
Multiple Regression, XGBoost, and LightGBM for
daily rainfall prediction across five agro-climatically
distinct regions of Assam, India, using a strict
temporal validation protocol on the 2024 test year.
Gradient boosting models dramatically outperformed
Multiple Regression across all regions, all continuous
metrics, and all categorical detection thresholds. The
superiority of nonlinear tree-based models over
linear regression is not merely incremental; it is
fundamental, and should be considered a baseline
expectation in any future work on daily rainfall
forecasting in monsoon-dominated climates.

XGBoost and LightGBM delivered high prediction
accuracy (R? = 0.775-0.974), with the best
performance in Lower Assam and Central Assam
and the most challenging conditions in Upper
Assam. The performance difference between the
two gradient boosting models was generally small
but consistent, with XGBoost showing a slight edge
in orographically complex and variable regions. At
the event-detection level, both models achieved
CSI values above 0.85 across most regions and
thresholds, with POD consistently exceeding 0.93
and FAR below 0.10 at the 5 mm/day threshold. Even
at the extreme 25 mm/day threshold, the gradient
boosting models maintained practical detection skill
entirely beyond the reach of linear regression.

Seasonal analysis showed that model performance
was highest during Winter and Post-Monsoon, while
skill was more variable during the Monsoon. The
largest reduction in accuracy occurred in Upper
Assam, where complex terrain and orographic
rainfall processes make prediction more difficult
using large-scale grid-point variables. These
results suggest that machine learning models can
provide useful support for rainfall forecasting in
Assam, particularly for agriculture and flood risk
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management. However, further improvements are
needed, especially in regions and seasons with
highly variable rainfall. Future work should consider
integrating these models with numerical weather
prediction (NWP) forecasts, higher-resolution
observational data, and uncertainty estimation
methods to improve their reliability for operational
forecasting in northeast India.
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models at rainfall thresholds of 0.1, 0.5, 1.0, 2.5,
10.0, and 25.0 mm/day. Results at 5.0 mm/day are
presented in the main text (Table 4).

Table A1: Categorical detection performance at the 0.1 mm/day threshold across
the hydro-climatic regions of Assam (2024 test year).

Region Model csl POD FAR
Barak Valley MR 0.700 0.928 0.259
XGBoost 0.889 0.983 0.097
LightGBM 0.886 0.983 0.100
Central Assam MR 0.709 0.933 0.254
XGBoost 0.897 0.987 0.092
LightGBM 0.856 0.971 0.121
Lower Assam MR 0.674 0.932 0.291
XGBoost 0.886 0.977 0.096
LightGBM 0.873 0.986 0.117
Upper Assam MR 0.682 0.926 0.279
XGBoost 0.813 0.948 0.149
LightGBM 0.786 0.961 0.188
North Assam MR 0.663 0.935 0.306
XGBoost 0.863 0.976 0.119
LightGBM 0.815 0.976 0.169
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Table A2: Categorical detection performance at the 0.5 mm/day threshold across the
hydro-climatic regions of Assam (2024 test year).
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Region Model Csl POD FAR
Barak Valley MR 0.667 0.930 0.298
XGBoost 0.904 0.977 0.077
LightGBM 0.888 0.968 0.085
Central Assam MR 0.661 0.952 0.316
XGBoost 0.895 0.961 0.071
LightGBM 0.892 0.966 0.079
Lower Assam MR 0.629 0.941 0.346
XGBoost 0.883 0.979 0.100
LightGBM 0.870 0.979 0.113
Upper Assam MR 0.634 0.946 0.343
XGBoost 0.860 0.960 0.107
LightGBM 0.846 0.965 0.127
North Assam MR 0.622 0.954 0.359
XGBoost 0.901 0.972 0.075
LightGBM 0.897 0.983 0.089

Table A3: Categorical detection performance at the 1.0 mm/day threshold across the

hydro-climatic regions of Assam (2024 test year).

Region Model csl POD FAR
Barak Valley MR 0.657 0.929 0.309
XGBoost 0.893 0.966 0.078
LightGBM 0.894 0.976 0.086
Central Assam MR 0.624 0.949 0.354
XGBoost 0.928 0.984 0.058
LightGBM 0.922 0.967 0.048
Lower Assam MR 0.617 0.935 0.356
XGBoost 0.906 0.989 0.084
LightGBM 0.891 0.977 0.090
Upper Assam MR 0.596 0.944 0.382
XGBoost 0.858 0.960 0.1
LightGBM 0.844 0.955 0.120
North Assam MR 0.606 0.951 0.375
XGBoost 0.890 0.956 0.073
LightGBM 0.902 0.981 0.082
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Table A4: Categorical detection performance at the 2.5 mm/day threshold across the

hydro-climatic regions of Assam (2024 test year).
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Region Model Csl POD FAR
Barak Valley MR 0.645 0.943 0.329
XGBoost 0.922 0.989 0.068
LightGBM 0.947 0.989 0.043
Central Assam MR 0.617 0.928 0.352
XGBoost 0.925 0.974 0.052
LightGBM 0.924 0.967 0.046
Lower Assam MR 0.592 0.944 0.386
XGBoost 0.910 0.957 0.050
LightGBM 0.897 0.942 0.051
Upper Assam MR 0.591 0.947 0.389
XGBoost 0.881 0.978 0.101
LightGBM 0.829 0.963 0.144
North Assam MR 0.597 0.931 0.376
XGBoost 0.922 0.944 0.025
LightGBM 0.882 0.952 0.077

Table A5: Categorical detection performance at the 10.0 mm/day threshold across

the hydro-climatic regions of Assam (2024 test year).

Region Model csi POD FAR
Barak Valley MR 0.570 0.862 0.373
XGBoost 0.869 0.914 0.054
LightGBM 0.911 0.966 0.059
Central Assam MR 0.472 0.661 0.377
XGBoost 0.884 0.953 0.076
LightGBM 0.910 0.953 0.047
Lower Assam MR 0.443 0.718 0.463
XGBoost 0.969 0.984 0.016
LightGBM 0.969 1.000 0.031
Upper Assam MR 0.546 0.869 0.405
XGBoost 0.933 0.965 0.035
LightGBM 0.911 0.953 0.047
North Assam MR 0.377 0.554 0.458
XGBoost 0.893 0.943 0.057
LightGBM 0.877 0.943 0.074
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Table A6. Categorical detection performance at the 25.0 mm/day threshold
across the hydro-climatic regions of Assam (2024 test year).

Region Model csl POD FAR
Barak Valley MR 0.379 0.478 0.354
XGBoost 0.907 0.961 0.058
LightGBM 0.943 0.980 0.038
Central Assam MR 0.000 0.000 —
XGBoost 0.750 0.882 0.167
LightGBM 0.700 0.824 0.176
Lower Assam MR 0.177 0.179 0.077
XGBoost 0.846 0.917 0.083
LightGBM 0.778 0.875 0.125
Upper Assam MR 0.196 0.212 0.280
XGBoost 0.933 1.000 0.067
LightGBM 0.964 0.964 0.000
North Assam MR 0.091 0.091 0.000
XGBoost 0.760 0.905 0.174
LightGBM 0.818 0.857 0.053

Appendix B. Annual Time Series of Observed vs. Predicted Daily Precipitation

Figures B1-B9 present annual time series of observed versus model-predicted daily precipitation for
XGBoost and LightGBM across all five hydro-climatic regions of Assam. Figure 3 in the main text shows
the equivalent plot for XGBoost in Barak Valley.
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Fig. B1: Time series of observed (solid blue) and XGBoost-predicted (dashed red)
daily precipitation for Central Assam during the 2024 test year



BOTHRA & DEKA, Curr. World Environ., Vol. 21(1) 287-323 (2026) 308
80 Actual vs Predicted Precipitation - Lower Assam (XGBoost)
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Fig. B2: Time series of observed (solid blue) and XGBoost-predicted (dashed red) ]
daily precipitation for Lower Assam during the 2024 test year
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Fig. B3: Time series of observed (solid blue) and XGBoost-predicted (dashed red)
daily precipitation for North Assam during the 2024 test year
Actual vs Predicted Precipitation - Upper Assam (XGBoost)
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Fig. B4: Time series of observed (solid blue) and XGBoost-predicted (dashed red) daily

precipitation for Upper Assam during the 2024 test year
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Actual vs Predicted Precipitation - Barak Valley (LightGBM)
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Fig. B5: Time series of observed (solid blue) and LightGBM-predicted (dashed red)
daily precipitation for Barak Valley during the 2024 test year
Actual vs Predicted Precipitation - Central Assam (LightGBM)
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Fig. B6: Time series of observed (solid blue) and LightGBM-predicted (dashed red)
daily precipitation for Central Assam during the 2024 test year
Actual vs Predicted Precipitation - Lower Assam (LightGBM)
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Fig. B7: Time series of observed (solid blue) and LightGBM-predicted (dashed red)

daily precipitation for Lower Assam during the 2024 test year
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Actual vs Predicted Precipitation - North Assam (LightGBM)
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Fig. B8: Time series of observed (solid blue) and LightGBM-predicted (dashed red)
daily precipitation for North Assam during the 2024 test year
Actual vs Predicted Precipitation - Upper Assam (LightGBM)
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Fig. B9: Time series of observed (solid blue) and LightGBM-predicted (dashed red)
daily precipitation for Upper Assam during the 2024 test year

Appendix C. Event-Based Detection Metrics Across Thresholds
Figures C1-C9 display the CSI, POD, and FAR as a function of rainfall at different threshold for XGBoost and
LightGBM across all regions. Figure 4 in the main text shows the equivalent plot for XGBoost in Barak Valley.
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Event-based Metrics at Different Thresholds for Central Assam (XGBoost)
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Fig. C1: Event-based detection metrics for XGBoost in Central Assam.

Event-based Metrics at Different Thresholds for Lower Assam (XGBoost)
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Fig. C2: Event-based detection metrics for XGBoost in Lower Assam.



Score

Score

BOTHRA & DEKA, Curr. World Environ., Vol. 21(1) 287-323 (2026) 312

Event-based Metrics at Different Thresholds for North Assam (XGBoost)
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Fig. C3: Event-based detection metrics for XGBoost in North Assam.
Event-based Metrics at Different Thresholds for Upper Assam (XGBoost)
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Fig. C4: Event-based detection metrics for XGBoost in Upper Assam.



Score

Score

1.0 1

0.8 1

0.6 1

0.4 4

0.2 1

0.0

1.0

0.8

0.6 4

0.4 1

0.2 1

0.0

BOTHRA & DEKA, Curr. World Environ., Vol. 21(1) 287-323 (2026) 313

Event-based Metrics at Different Thresholds for Barak Valley (LightGBM)
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Fig. C5: Event-based detection metrics for LightGBM in Barak Valley.
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Fig. C6: Event-based detection metrics for LightGBM in Central Assam.
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Event-based Metrics at Different Thresholds for Lower Assam (LightGBM)
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Fig. C7: Event-based detection metrics for LightGBM in Lower Assam.
Event-based Metrics at Different Thresholds for North Assam (LightGBM)
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Fig. C8: Event-based detection metrics for LightGBM in North Assam.
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Event-based Metrics at Different Thresholds for Upper Assam (LightGBM)
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Fig. C9: Event-based detection metrics for LightGBM in Upper Assam.

Appendix D. Season-Wise Observed vs. Predicted Precipitation
Figures D1-D9 present the season-wise disaggregated time series of observed versus predicted daily
precipitation for XGBoost and LightGBM across all regions. Figure 5 in the main text shows the equivalent

plot for XGBoost in Barak Valley.
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Fig. D1: Season-wise observed versus XGBoost-predicted daily precipitation
for Central Assam (2024 test year)
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Season-wise Actual vs Predicted Precipitation for Lower Assam (2024)
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Fig. D2: Season-wise observed versus XGBoost-predicted daily
precipitation for Lower Assam (2024 test year)
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Fig. D3: Season-wise observed versus XGBoost-predicted daily
precipitation for North Assam (2024 test year)
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Season-wise Actual vs Predicted Precipitation for Upper Assam (2024)
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Fig. D4: Season-wise observed versus XGBoost-predicted daily
precipitation for Upper Assam (2024 test year)
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Season-wise: Actual vs Predicted Precipitation - Barak Valley (LightGBM)
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Fig. D5: Season-wise observed versus LightGBM-predicted daily
precipitation for Barak Valley (2024 test year)
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Fig. D6: Season-wise observed versus LightGBM-predicted daily
precipitation for Central Assam (2024 test year)
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Season-wise: Actual vs Predicted Precipitation - Lower Assam (LightGBM)
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Fig. D7: Season-wise observed versus LightGBM-predicted daily
precipitation for Lower Assam (2024 test year)
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Fig. D8: Season-wise observed versus LightGBM-predicted daily
precipitation for North Assam (2024 test year)
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Season-wise: Actual vs Predicted Precipitation - Upper Assam (LightGBM)
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Fig. D9: Season-wise observed versus LightGBM-predicted daily
precipitation for Upper Assam (2024 test year)

Appendix E. Multiple Regression Diagnostic Plots

Figures E1-E4 present the full diagnostic summary plots (observed vs. predicted scatter, residual plot,
residual distribution, and categorical metric profiles) for Multiple Regression across the four remaining
hydro-climatic regions. Figure 5 in the main text shows the equivalent diagnostic for Barak Valley.
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Fig. E1: Diagnostic summary for Multiple Regression in Central Assam (2024 test year).
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Fig. E2: Diagnostic summary for Multiple Regression in Lower Assam (2024 test year).
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Fig. E3: Diagnostic summary for Multiple Regression in North Assam (2024 test year).
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Fig. E4: Diagnostic summary for Multiple Regression in Upper Assam (2024 test year).



