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सार — इस अध्ययन में तममलनाडु के ततरुचिरापल्ली जिले के कावेरी डेल्टा क्षेत्र (Cauvery Delta Zone—CDZ) 

के छह कृषि ब्लॉकों में 1981 से 2023 तक के दैतनक मौसम संबधंी आकँडों का उपयोग करते हुए विाा और तापमान की 
िरम घटनाओ ंका अध्ययन ककया गया है। अतंर-वाषिाक पररवतानशीलता का आकलन करने तथा असामान्य विाा प्रततरूपों 
की पहिान करने के मलए शुष्क दौर की अवचध (CDD), आर्द्ा दौर की अवचध (CWD), कुल विाण (PRCPTOT), विाा 
तीव्रता (SDII) तथा प्रततशतक-आधाररत मापदंडों, िसेै R10mm, R20mm, RX1day, RX3day, RX5day, R95p और 
R99p सहहत व्यापक िलवाय ुसूिकांकों का उपयोग ककया गया। विा 2008 और 2011 में अत्यचधक विाा की घटनाएँ 
देखी गईं, िबकक 2002 और 2023 में दीघा अवचध तक सखेू तथा विाा में कमी की जथथतत रही। इन िरम घटनाओ ंके 
पवूाानमुान के मलए पाँि मशीन लतनिंग मॉडलों—एक्सिी बथूट (XGBoost), रैंडम फोरेथट (Random Forest), सपोटा वेक्टर 
ररगरेशन (Support Vector Regression - SVR), बकै प्रोपेगेशन न्यरूल नेटवका  (Back Propagation Neural Network 
- BPNN) तथा लीतनयर ररगरेशन (Linear Regression) — की पवूाानमुान सटीकता का मूल्यांकन ककया गया। सभी 
सूिकांकों के मलए XGBoost ने लगातार सबसे कम RMSE और सवााचधक R² प्राप्त ककया तथा अन्य मॉडलों की तलुना 
में बेहतर प्रदशान ककया। विाा की षवमभन्न सीमाओ ंके वगीकरण में इसकी सटीकता कृषि-िलवायवीय पवूाानमुान के मलए 
इसकी उपयोचगता को रेखांककत करती है। तनष्किा अधा-शुष्क क्षेत्रों के मलए पवूा िेतावनी प्रणामलयों तथा अनकूुलनात्मक 
कृषि तनयोिन में एन्सेम्बल और न्यरूल नेटवका -आधाररत षवचधयों की पररिालन क्षमता को उिागर करते हैं। 

 
ABSTRACT. This study investigates rainfall and temperature extremes across six agricultural blocks in the Cauvery 

Delta Zone (CDZ), Tiruchirappalli district, Tamil Nadu, using daily meteorological data from 1981 to 2023. A 

comprehensive set of climate indices, including dry spell duration (CDD), wet spell duration (CWD), total precipitation 
(PRCPTOT), rainfall intensity (SDII), and percentile-based metrics such as R10mm, R20mm, RX1day, RX3day, RX5day, 

R95p, and R99p, was applied to assess interannual variability and identify anomalous rainfall patterns. Years such as 2008 

and 2011 showed extreme rainfall events, while 2002 and 2023 were characterized by prolonged droughts and reduced 
precipitation. To anticipate these extremes, five machine learning models, XGBoost, Random Forest, Support Vector 

Regression (SVR), Backpropagation Neural Network (BPNN), and Linear Regression, evaluated for predictive accuracy. 

XGBoost consistently achieved the lowest RMSE and highest R² across all indices, outperforming other models. Its 
precision in classifying rainfall thresholds underscores its utility for agro-climatic forecasting. The findings highlight the 

operational potential of ensemble and neural-based methods in early warning systems and adaptive agricultural planning 

for semi-arid regions. 

 
Key words  –  Dry spells (CDD), Extreme rainfall events, Precipitation patterns, Rainfall intensity (SDII), Total 

rainfall (PRCPTOT), Wet spells (CWD). 
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1. Introduction 

 

Anthropogenic emissions and land-use changes have 

accelerated the occurrence and intensity of extreme weather 

events worldwide. Long-term observational datasets such 

as HadEX3 indicate a marked rise in global temperature 

and precipitation extremes since the mid-20th century, with 

the past three decades consistently warmer and wetter than 

any prior period (Dunn et al., 2020; IPCC, 2021). These 

shifts have led to fewer cold spells and a notable increase 

in heatwaves, warm nights, and high-intensity rainfall 

events (Zhang et al., 2011; Easterling et al., 2017). In 

rainfed agricultural economies like India, such climatic 

disruptions threaten food security, water availability, and 

rural livelihoods, particularly in semi-arid regions 

(Gummadi et al., 2018; Khadgarai et al., 2021). 

 

The Cauvery Delta Zone (CDZ) in Tiruchirappalli 

district, Tamil Nadu, exemplifies this vulnerability. 

Encompassing blocks such as Andanallur, Lalgudi, 

Mannachanallur, Musiri, Pullambadi, and Tiruverambur, 

the CDZ is typified by loamy soils and intensive paddy 

cultivation. Over recent decades, the region has faced 

mounting water stress due to erratic rainfall, rising 

temperatures, and competing demands from agriculture, 

industry, and urban expansion (Rahat et al., 2024; Hari & 

Kasa, 2024). Variability in rainfall, through extended dry 

spells, short-duration heavy precipitation, and altered 

monsoon timing, has disrupted cropping calendars and 

reduced yield reliability. These challenges underscore the 

need for high-resolution climate diagnostics and predictive 

frameworks to inform adaptive strategies. 

 

This study adopts a dual methodology: (i) statistical 

characterization of rainfall extremes using ETCCDI-

recommended indices such as CDD (dry spells), CWD (wet 

spells), PRCPTOT (total rainfall), SDII (rainfall intensity), 

RX1day, RX5day, R95p, and R99p, and (ii) machine 

learning-based modeling to forecast and classify rainfall 

thresholds. Five algorithms, XGBoost, Random Forest, 

Support Vector Regression (SVR), Backpropagation 

Neural Network (BPNN), and Linear Regression, are 

evaluated across multiple indices. Predictive performance 

is assessed using regression metrics (RMSE, R²) and 

classification metrics (Accuracy, Precision, Recall, F1-

score) for threshold-based rainfall events (Mdegela et al., 

2023; Drogkoula et al., 2023). 

 

Results show that ensemble models, particularly 

XGBoost, consistently outperform traditional and neural 

approaches in both regression and classification tasks. For 

instance, XGBoost achieved R² values exceeding 0.90 for 

R X 1day and R95p, and F1-scores above 0.92 for 

thresholds such as R10mm and R99p. SHAP analysis 

identified R X 5day and R99p as  dominant  predictors  of  

 
 

Fig. 1. Study area Map 
 

rainfall anomalies, strengthening interpretability of model 

outputs. This hybrid framework, combining climatological 

indices with interpretable machine learning, offers a 

scalable and operationally relevant tool for climate 

diagnostics in semi-arid agricultural systems. 

 

Applied across CDZ blocks, the framework quantifies 

spatial and temporal rainfall variability while generating 

actionable insights for climate-resilient agriculture, water 

resource planning, and early warning systems. Integrating 

AI-driven models with conventional climate indices 

represents a significant step forward in regional climate 

analytics and supports localized adaptation strategies. 

 

2. Data and methodology  

 

2.1. Study area 

 

The Cauvery Delta Zone (CDZ), located in 

Tiruchirappalli district of Tamil Nadu (Fig. 1), represents a 

critical agricultural landscape within southern India. The 

zone encompasses six principal blocks, Andanallur, 

Lalgudi, Mannachanallur, Musiri, Pullambadi, and 

Tiruverambur, each distinguished by loamy soil profiles 

conducive to intensive cropping. Paddy remains the 

dominant crop across these blocks, supported by a seasonal 

rotation of pulses, groundnut, and vegetables during the 

non-monsoon period. This crop diversity reflects both the 

agro-climatic suitability of the region and the adaptive 

strategies employed by farmers in response to rainfall 

variability. 

 

2.2. Quantifying rainfall variability in 

Tiruchirappalli’s agricultural blocks using 

extremity indices 

 

Daily gridded rainfall data from 1981 to 2023 were 

sourced from the India Meteorological Department (IMD)  
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TABLE 1 

 

Predictor Inputs and Target Outputs for Machine Learning Models 

 

Model Predictor Inputs Target Outputs 

XGBoost 

Annual rainfall indices (CDD, 

CWD, PRCPTOT, SDII, RX1day, 

RX5day, R95p, R99p); lagged 
indices (t–1, t–2 years); temporal 

features (year, block ID); 

block-wise aggregated 
climatological indices. 

Continuous prediction 

of rainfall indices 

(regression); 

threshold-based 
rainfall event 

classification 

(R10mm, R20mm, 
R95p, R99p, 

RX5day). 

Random 
Forest 

Same as above (all rainfall 

indices, lagged values, temporal 
features, block aggregation). 

Regression outputs 

(rainfall indices); 
classification of 

threshold exceedance 
events. 

Support 

Vector 

Regression 
(SVR) 

Annual rainfall indices; lagged 

indices (t–1, t–2 years); temporal 
features (year, block ID). 

Continuous rainfall 

index prediction 
(regression). 

Backpropaga
tion Neural 

Network 
(BPNN) 

Annual rainfall indices; lagged 
indices (t–1, t–2 years); temporal 

features (year, block ID); 
block-wise aggregation. 

Regression outputs 

(rainfall indices); 

classification                   
of rainfall           
extremes. 

Linear 

Regression 
(Baseline) 

Annual rainfall indices; lagged 

indices (t–1, t–2 years); temporal 
features (year). 

Continuous rainfall 

index prediction 
(regression). 

 

 
 

 

at a spatial resolution of 0.25° × 0.25°. To ensure analytical 

consistency, the dataset was preprocessed through the 

removal of missing and erroneous values, temporal 

aggregation into annual indices, and spatial extraction 

using zonal statistics tailored to each agricultural block 

within the Cauvery Delta Zone (CDZ). Rainfall extremes 

were then quantified using indices recommended by the 

Expert Team on Climate Change Detection and Indices 

(ETCCDI), encompassing both threshold-based and 

percentile-based metrics. These indices, applied across the 

blocks of Andanallur, Lalgudi, Mannachanallur, Musiri, 

Pullambadi, and Tiruverambur, include the maximum 

number of consecutive dry days (CDD), maximum 

consecutive wet days (CWD), total annual precipitation on 

wet days (PRCPTOT), and the Simple Daily Intensity 

Index (SDII). Thresholds for classification were defined as 

follows: R10 mm, R20 mm, and R30 mm represent fixed 

climatological thresholds (≥10 mm, ≥20 mm, ≥30 mm per 

day), while R95p and R99p were calculated as percentile-

based indices, representing cumulative rainfall from days 

exceeding the 95th  and 99th  percentile of the local rainfall 

distribution. RX5day was defined as the maximum 

consecutive 5-day rainfall total per year. Together, these 

metrics provide a robust framework for assessing spatial 

and temporal variability in rainfall patterns across the CDZ. 

2.3. Model evaluation and threshold-based rainfall 

classification using ensemble and neural 

approaches 
 

To forecast rainfall extremity indices, five supervised 

machine learning algorithms were employed, each selected 

for its distinct modeling capabilities. XGBoost, a gradient 

boosting framework, was chosen for its high predictive 

accuracy and ability to capture complex feature 

interactions. Random Forest, an ensemble of decision trees, 

offered robustness against overfitting and effectively 

modeled nonlinear relationships. Support Vector 

Regression (SVR), leveraging kernel functions, was 

applied to handle intricate regression boundaries. The 

Backpropagation Neural Network (BPNN), a multilayer 

feedforward architecture, was utilized for its capacity to 

learn temporal dependencies in rainfall patterns. Linear 

Regression served as a baseline comparator, assuming 

linear associations between predictors and targets. 

Predictor variables included annual rainfall indices (CDD, 

CWD, PRCPTOT, SDII, RX1day, RX5day, R95p, R99p), 

lagged values of these indices (t–1, t–2 years), and temporal 

features such as year and block identifiers. Block-wise 

aggregation was performed to capture spatial variability 

across the six CDZ blocks. Table 1 summarizes the 

predictor inputs and target outputs for each machine 

learning model, thereby enhancing reproducibility. 
 

All models were trained on historical rainfall indices 

and temporal features, with an 80:20 train-test split. 

Hyperparameter optimization was conducted using grid 

search combined with cross-validation to enhance 

generalization performance. Model evaluation was carried 

out using both regression and classification metrics. For 

continuous predictions, Root Mean Square Error (RMSE) 

quantified the average deviation between observed and 

predicted values, while the coefficient of determination 

(R²) assessed the proportion of variance explained by the 

model. For threshold-based classification tasks, 

performance was measured using Accuracy (overall 

correctness), Precision (false positive control), Recall 

(sensitivity to true events), & F1-score (harmonic mean of 

precision and recall), particularly relevant for imbalanced 

rainfall event distributions. SHAP analysis was 

additionally applied to the XGBoost model to enhance 

interpretability. SHAP values quantified the contribution of 

each predictor variable to model outputs, enabling 

identification of key drivers of rainfall anomalies. RX5day 

and R99p consistently emerged as dominant predictors, 

reinforcing their importance in rainfall extremity 

diagnostics. 
 

2.4. Model interpretability with SHAP  
 

To enhance interpretability of the machine learning 

framework,    SHAP    (Shapley    Additive    exPlanations)
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Fig. 2. Annual Maximum Length of Consecutive Dry Days  

 

 
 

Fig. 3. Annual Maximum Length of Consecutive Wet Days (CWD) 
 

 analysis was applied to the best - performing                          

model, XGBoost. SHAP values quantify the marginal 

contribution of each predictor variable to the                        

model’s output, based on cooperative game theory. We 

used the SHAP Python library to compute feature 

importance scores across the training and test datasets, 

employing a sampling strategy to ensure computational 

efficiency.  This analysis enabled identification of 

dominant predictors influencing rainfall anomalies, with 

RX5day and R99p consistently emerging as the most 

influential indices. 

3. Results and discussion 

 

3.1. Spatiotemporal variability in dry and wet spell 

dynamics across the Cauvery delta zone 

 

The temporal analysis of dry spells (CDD) and wet 

spells (CWD) across key blocks in Tamil Nadu (Fig. 2 and 

Fig. 3) reveals pronounced climatic variability with direct 

implications for drought and flood risk management.                  

A discernible upward trend in CDD, particularly                         

in Andanallur and Mannachanallur, indicates intensifying 
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Fig. 4. Annual Total Precipitation on Wet Days (PRCPTOT) 

 

 
 

Fig. 5. Simple Daily Intensity Index (SDII): Annual Rainfall Intensity Trends 
 

dry spells over time. Years such as 1983 and 1993 recorded 

exceptionally high CDD values, reflecting prolonged 

droughts, whereas 2000 and 2012 showed notably low 

values, suggesting wetter conditions driven by favorable 

monsoon dynamics (Peters et al., 2015; Shi et al., 2018). 

Spatial variability is evident, with Pullambadi and 

Tiruverambur showing erratic dry spell patterns, while 

Lalgudi demonstrates relative stability. In contrast, CWD 

trends display significant interannual fluctuations without a 

consistent long-term trajectory. The year 2011 stands out as 

anomalously wet across all blocks, likely linked to 

intensified monsoonal systems or regional climatic 

anomalies (Khadgarai et al., 2021). Episodic spikes in 

CWD, particularly in Andanallur and Lalgudi, may reflect 

the influence of remote climate drivers such as ENSO               

and the Pacific Decadal Oscillation (Wang et al.,                 

2021). Notable spatial disparities in maximum CWD 

values, 27 days in Tiruverambur and Lalgudi compared               

to lower values in Mannachanallur and Musiri, underscore 

the heterogeneity of rainfall regimes within the CDZ.  

These contrasting patterns highlight the complexity                     

of climate variability in semi-arid agricultural systems and
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Fig. 6. Annual Count of Days with Precipitation Below 10 mm, 20 mm, and 30 mm 

 

 
Fig. 7. Annual Maximum 1-Day, 3-Day, and 5-Day Precipitation Totals (RX1day, RX3day, RX5day) 

 

 reinforce the need for adaptive interventions, including 

dynamic irrigation scheduling, drought-resilient crop 

planning, and enhanced rainwater harvesting strategies 

(Almazroui et al., 2021; IPCC, 2021). 

 

3.2. PRCPTOT and SDII 

 

The evaluation of annual total precipitation on wet 

days (PRCPTOT) and the Simple Daily Intensity Index 

(SDII, average rainfall intensity on wet days) across six 

blocks in Tamil Nadu from 1981 to 2023 (Fig. 4 and Fig. 

5) reveals substantial interannual variability and evolving 

rainfall dynamics. PRCPTOT peaked in 2011, with 

Andanallur and Tiruverambur exceeding 2000 mm, while 

2002 marked a pronounced drought affecting Musiri and 

Pullambadi. A rising trend from the early 2000s to 2011 

suggests intensified hydrological activity, followed by 

oscillations likely driven by monsoonal variability and 

broader climatic influences (Met Éireann, 2022; Dunn et 

al., 2020). SDII was highest in 2008 (21 mm/day in 

Andanallur), reflecting concentrated precipitation events. 

In contrast, 2002 and 2023 showed notably low values, 

indicating diminished rainfall intensity and regional 

anomalies. These results align with global trends of 

increasing precipitation extremes and highlight the 

importance of monitoring both cumulative rainfall and 

intensity to better understand climate variability. Such 

insights are critical for adaptive water resource planning 

and resilience in semi-arid agricultural systems (Cooley & 

Chang, 2021; Hari & Kasa, 2024). 
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Figs. 8(a&b). Annual Sum of Extreme Precipitation Events in the Cauvery Delta Zone (1981–2023). (a) Annual cumulative rainfall from daily 

precipitation events exceeding the 95th percentile threshold (R95p), representing moderately extreme rainfall contributions 

across blocks.(b) Annual cumulative rainfall from daily precipitation events exceeding the 99th percentile threshold (R99p), 
capturing the most intense and rare rainfall extremes 

 

3.3. Rainfall extremities (R10mm, R20mm, R30mm; 

RX1day, RX3day RX5day) 

 

The assessment of rainfall extremities and high-

intensity precipitation indices across six blocks in Tamil 

Nadu from 1981 to 2023 reveals marked interannual 

variability and evolving rainfall characteristics. The annual 

frequency of days exceeding 10 mm, 20 mm, and 30 mm 

(R10mm, R20mm, R30mm) (Fig. 6) identifies 2011 as a 

year dominated by frequent light to moderate rainfall 

events, indicating more evenly distributed precipitation. 

These patterns are particularly relevant for soil moisture 

retention and crop water availability in rainfed systems. 

Intensity-based indices, RX1day, RX3day, and RX5day 

(Fig. 7), highlight short-duration extreme rainfall episodes, 

with pronounced peaks in 2008 and 2011. Such events 

often trigger flash floods and runoff losses, posing 

challenges for water management. Spatial variability 

underscores the importance of localized climate 

diagnostics, as blocks like Tiruverambur and Andanallur 

consistently recorded higher extremes compared to Musiri 

and Mannachanallur. These findings align with global 

trends of increasing short-duration heavy rainfall events, 

even as the frequency of lighter rain days fluctuates 

(Climpact, 2021; Easterling et al., 2017). The integrated 

analysis of frequency and intensity metrics provides a 

nuanced perspective on precipitation dynamics, essential 

for designing climate-resilient agricultural practices and 

infrastructure in semi-arid regions (Gummadi et al., 2018; 

Climdex, 2021). 

 

3.4. Annual sum of daily precipitation >95th 

and >99th  Percentile (R95p, R99p) 

 

The annual accumulation of rainfall exceeding the 

95th and 99th percentile thresholds (R95p and R99p) across 

six blocks in Tamil Nadu from 1981 to 2023 (Fig. 8) reveals 

substantial interannual variability and pronounced spatial 

heterogeneity. The year 2008 emerged as a standout, with 

Pullambadi recording 1261.7 mm (R95p) and 909.7 mm 

(R99p), while Tiruverambur registered 1095.9 mm and 

799.2 mm, indicative of frequent and intense high-rainfall 

events. In contrast, years such as 1985, 1986, and 1989 

showed minimal or zero contributions, reflecting periods of 

dryness and subdued extremes. Blocks like 

Mannachanallur and Musiri exhibited intermittent spikes, 

suggesting localized climatic drivers and monsoonal 

variability. These percentile-based metrics provide a robust 

lens for assessing cumulative impacts of extreme 

precipitation, capturing not only isolated events but 

sustained high-intensity rainfall episodes (Dong et al., 

2021; Climpact, 2021). Observed trends align with global 

findings that highlight an increasing share of annual rainfall 

driven by extreme events, often linked to anthropogenic 

climate change and elevated atmospheric moisture (Dunn 

et al., 2020; Zhang et al., 2011). In light of the rising 

(a) 

(b) 



 

 

                          MAUSAM, 77, 4 (October 2026), Part-II 

1398 

frequency and magnitude of such extremes, the results 

underscore the urgency of region-specific adaptation 

strategies, including flood mitigation, climate-resilient 

infrastructure, and strengthened early warning systems 

(Sharma et al., 2018; Rahat et al., 2024). 

 
3.5. Comparative performance of machine learning 

models for rainfall extremity prediction 

 
To characterize rainfall patterns in the Cauvery Delta 

Zone, five target indices were selected for machine 

learning-based prediction: R10mm, R20mm, RX1day, 

R95p, and R99p. These span a continuum from frequent 

low-intensity events to rare, high-intensity extremes. 

R10mm and R20mm capture light and moderate rainfall 

days critical for soil moisture and early crop growth, 

RX1day represents short-duration extremes linked to flood 

risk, while R95p and R99p quantify cumulative rainfall 

from very wet and extremely wet days. Their relevance to 

agriculture and water resource planning, combined with 

sensitivity to climate variability, makes them suitable 

candidates for predictive modeling. A comparative 

evaluation of five supervised learning models, XGBoost, 

Random Forest, Support Vector Regression (SVR), 

Backpropagation Neural Network (BPNN), and Linear 

Regression, was conducted to assess predictive 

performance across these indices (Table 2). XGBoost 

consistently achieved the lowest RMSE and highest R² 

across all targets. For light rainfall thresholds, it yielded 

RMSEs of 5.42 mm (R10mm) and 3.87 mm (R20mm), with 

R² scores of 0.81 and 0.84, surpassing other models. For 

short-duration extremes (RX1day), XGBoost led with an 

RMSE of 18.76 mm and R² of 0.89, followed by BPNN 

(RMSE: 19.87 mm, R²: 0.87), highlighting the strength of 

ensemble and neural architectures in capturing nonlinear 

dynamics. For percentile-based extremes (R95p and R99p), 

XGBoost achieved RMSEs of 41.28 mm and 36.45 mm, 

with R² values of 0.91 and 0.88, reinforcing its robustness 

in modeling high-intensity rainfall distributions. These 

results align with prior studies emphasizing XGBoost’s 

superior performance in hydrological forecasting due to its 

gradient boosting framework and ability to model complex 

feature interactions (Chen & Guestrin, 2016; Mdegela et 

al., 2023). BPNN also showed competitive accuracy, 

particularly for RX1day and R95p, consistent with 

literature highlighting its adaptability in learning temporal 

rainfall patterns (Ghorbani et al., 2021). In contrast, Linear 

Regression consistently underperformed, underscoring its 

limitations in capturing nonlinear and stochastic rainfall 

behavior. Overall, the findings advocate for   integrating   

ensemble   learning  and  neural  network approaches  into  

operational  rainfall  prediction  systems, which are vital for 

climate-resilient agriculture, water management, and 

disaster preparedness in semi-arid regions (Sharma et al., 

2018; Abba et al., 2023). 

TABLE 2 

 

ML Regression Performance 

 

Target Variable Model RMSE (mm) R² Score 

R10mm 

XGBoost 5.42 0.81 

Random Forest 5.88 0.78 

SVR (RBF kernel) 6.31 0.74 

Linear Regression 7.12 0.69 

BPNN 5.97 0.77 

R20mm 

XGBoost 3.87 0.84 

Random Forest 4.21 0.81 

SVR 4.56 0.78 

Linear Regression 5.02 0.73 

BPNN 4.18 0.80 

RX1day 

XGBoost 18.76 0.89 

Random Forest 20.12 0.86 

SVR 21.45 0.83 

Linear Regression 24.33 0.78 

BPNN 19.87 0.87 

R95p 

XGBoost 41.28 0.91 

Random Forest 44.12 0.88 

SVR 47.33 0.85 

Linear Regression 52.18 0.80 

BPNN 42.91 0.90 

R99p 

XGBoost 36.45 0.88 

Random Forest 39.12 0.85 

SVR 41.77 0.82 

Linear Regression 45.33 0.78 

BPNN 37.89 0.87 

 
 

3.6. Classification performance across rainfall 

thresholds: insights from heat map-based model 

comparison 

 

The heatmap-based evaluation (Fig. 9) provides a 

comparative assessment of five machine learning 

classifiers, XGBoost, Random Forest, Support Vector 

Machine (SVM), Backpropagation Neural Network 

(BPNN), and Logistic Regression, across multiple rainfall 

indices and classification metrics. Performance was 

measured using Accuracy, Precision, Recall, and F1-score 

for threshold-based indices including R10mm, R20mm, 

R95p, R99p, RX1day, and RX5day. Among the models, 

XGBoost consistently achieved the highest scores across 

nearly all metrics, with values ranging from 0.90 to 0.94. 

Its performance was particularly strong in Recall and F1-

score for extreme rainfall indices such as R99p and 

RX5day, underscoring its ability to detect rare but  

impactful  precipitation  events.  Random  Forest  also 

demonstrated robust classification capability, especially in 

Recall and Accuracy, reflecting its effectiveness in 

capturing rainfall event patterns. BPNN and SVM showed 

moderate performance, while Logistic Regression lagged 

behind, highlighting its limitations in modeling nonlinear 

and    high - variance   precipitation   distributions.   SHAP  
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Fig. 9. Classification Performance for Extremes 

 

analysis further validated these findings by identifying 

RX5day and R99p as the most influential predictors driving 

classification outcomes. The SHAP summary plots 

highlighted that extreme rainfall indices contributed 

disproportionately to model decisions, explaining why 

XGBoost achieved superior recall & F1-scores for rare but 

high-impact events. This interpretability strengthens 

confidence in the model’s operational utility, ensuring that 

predictions are not only accurate but also explainable. 

These results reinforce the strength of ensemble learning 

methods, particularly XGBoost and Random Forest, in 

handling high-dimensional, imbalanced datasets typical of 

climate diagnostics. XGBoost’s superior performance 

aligns with its known advantages in feature interaction 

modeling, regularization and gradient boosting, making it 

especially well-suited for hydrometeorological 

classification tasks (Chen & Guestrin, 2016). The findings 

also emphasize the importance of balancing precision and 

recall in rainfall classification, particularly for extreme 

events where false negatives can undermine early warning 

systems & adaptive agricultural planning (Abba et al., 2023). 

 

4. Conclusions 

 

This study presents a comprehensive framework for 

diagnosing and forecasting rainfall extremes in the Cauvery 

Delta Zone by integrating climatological indices with 

advanced machine learning techniques. Among the models 

evaluated, XGBoost consistently outperformed traditional 

approaches, achieving up to 30% reductions in RMSE and 

R² values above 0.90 for high-intensity indices such as 

R95p and RX1day. Classification metrics further 

confirmed its robustness, with F1-scores exceeding 0.92 for 

threshold-based rainfall events. The incorporation of SHAP 

interpretability analysis identified RX5day and R99p as 

dominant predictors of rainfall anomalies, providing 

valuable insights into feature relevance and model 

behavior. These findings underscore the operational 

potential of ensemble and neural architectures in climate 

diagnostics, particularly for semi-arid agricultural systems 

where rainfall variability critically shapes crop outcomes 

and water resource planning. The proposed hybrid 

approach supports the development of localized early 

warning systems and adaptive strategies, thereby 

contributing to climate-resilient agriculture and             

informed decision-making under evolving hydroclimatic 

conditions. 
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