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Abstract: Precipitation expectation is a pivotal subject for the administration of water, of
hydrological calamities. To make a precipitation forecast and find the essential eleme on, this
study presents a logical profound learning approach in two sections. The initial se system

which could foresee precipitation, while second part the clarification figures
weather conditions elements to evaluate their significance. A contextual inv

attribution esteem.
The review's importance lies in upgrading the giving interpretabili proof of persuasive
variables, which works with long haul arranging of water assets a

climate frameworks.
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istration of water assets and counteraction of hydrological

ation frequently upgrades the flood endanger and prompts death toll and
af precipitation might bring about outrageous dry spell, obliterating the

y of precipitation processes, such actual models are inclined to enormous blunders at the
2 information driven models, on the other hand, depend on authentic meteorological information
future precipitation through measurable or computerized reasoning artificial intelligence (Al) approaches,
been demonstrated to have better exhibitions than the actual models in specific cases [2].

Various exalvinations have exhibited the abilities of machine learning (ML) for expectations in hydrology, e.qg., for
anticipating precipitation in view of its relationship with meteorological drivers [3]. Profound learning applied to
precipitation forecast has begun acquiring prominence in light of the advancement accomplished by data-driven models
[4]. Lately, with the improvement of profound learning procedures, various neural network models have been created
and used in this area. The neural networks are equipped for recognizing unsurprising decadal conditions of the
environment framework that are valuable for making sure, precise sub seasonal precipitation forecasts in reality [5].

Explainable Al (XAl) is a method for making sense of the effect of highlights inside each model on the model's result.
XAl expects to make a method for making sense of the internal decision making of explicit results of a ML model.
While corresponded information doesn’t influence model forecasts, they diminish the viability of the logical angles [6].
This is because of the calculation discovering that it can utilize one element to portray exactly the same thing one more
corresponded include depicts, consequently reliably deciding to utilize only that one component and disregarding the
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other one, which slants the general element commitment evaluation. The authentic presentation and actual
interpretability recorded help for more extensive turn of events and utilization of profound learning in environment
downscaling [7]. The expectation cycle of most ML models is dark, bringing about low interpretability of model
forecasts [8]. The XAl considers further developed translation of model forecasts, helping leaders in better
comprehension ML based precipitation expectation and at last supporting relieving unfriendly effects of precipitation
[6]. Another viewpoint on understanding changes in climate and environment outrageous occasions by utilizing logical
ML shows the possibility of future logical disclosures upheld by simulated intelligence [3]. Using the organizations'
certainty and XAl, truly significant wellsprings of consistency related with times of improved ability are distinguished
[5]. The foundation highlights add to the expectation choice to make sense of the internal operations of the
advancement of XAl modules [9].

The approach of XAl has presented scientists with the capacity to figure out a more profound und ing of their

SHAP line up with the actual model understandings, accordingly proposing th
indicators in the expectation model [11]. SHAP values are useful for the relevant j

GRU-based) encoder
module, consideration instrument module, GRU-based decoder module, and ex d-inclination based clarification

proof of persuasive variables, which works with long haul arranfing of water assets and more profound comprehension
of complicated climate frameworks [13]. The two-stage mo i he precipitation force class involving
double or multi-class characterization as the principal stage a ipitation power class data in a relapse
model, to acquire everyday precipitation size [14]. In any cas examinations utilize a solitary stage
regression model disregarding reasonableness. T iews with two-stage models that join
characterization and regression use parallel arrangem need XAl [14].

A moderately straightforward convolutional neural design with painstakingly chosen misfortune

nscaling models in view of different direct relapse with

manual element determination [7]. Utili i strategies, the CNN has been equipped for self-advancing
actually conceivable connections be : e climatic climate and outrageous confined precipitation
occasions [7]. The Integrated G , peen utilized to direct a translation examination on the long
short-term memory (LSTM) i 0 rood occasions and whole spillover gauging [15]. The mix of CNN and
LSTM networks ended u profound learning approach for environment displaying and weather

e component significance for precipitation vulnerability in Indian urban cities.
L model was trained based on the precipitation information with accessible

highlights utilizing SHAP techniques. Section 5 depicts the conclusion on the effect of the
precipitation, and Segment 6 portrays the future work with other ML models and SHAP

1. STUDY AREA AND DATA PREPROCESSING

Precipitation information is a crucial part of meteorological examination, giving significant bits of knowledge into
weather conditions, environment patterns, and hydrological processes. Be that as it may, prior to digging into
investigation or demonstrating attempts, exposing precipitation information to fastidious pre-processing is basic. This
basic step guarantees information tidiness, consistency, and status for significant understanding. We played out the
fundamental pre-processing steps expected to tackle the maximum capacity of precipitation information.

The dataset was chosen by remembering the need of such verifiable climate information locally for top 8 Indian urban
cities according to the populace. The datasets contain hourly climate information from 01-01-2009 to 01-01-2020. The
information of every city is for over 10 years [16]. The fundamental objective of this dataset can be utilized to make
representation which would assist with grasping the effect of precipitation over the different parts of the weather
conditions like wind, dampness, temperature, and so forth. Here, we use this information for dissecting the significance
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of feature importance for precipitation expectation.

As a feature of pre-processing, we cleaned the information to deal with missing qualities, exceptions, and different
peculiarities, any place it is expected prior to utilizing it. To separate noteworthy experiences from precipitation
information, it is vital for engineer applicable elements that catch worldly, spatial, and meteorological attributes.
Changing timestamps into significant highlights like month, year, or season works with pattern examination and pattern
acknowledgment. Applying changes, for example, standardization can redress slanted circulations and guarantee the
homogeneity of element scales as displayed in figure 1. Increasing precipitation information with reciprocal datasets,
like temperature, moistness, or geographic data, improves the examination and uncovers perplexing connections
between meteorological factors.

Imagining pre-processed precipitation information through plots, histograms, or heatmaps gives important experiences
into spatial and fleeting precipitation designs. Perception supports recognizing patterns, peculiaritie clbionships,

track down any huge connection among precipitation and some other component. At long last, ¥
into training and testing sets. Involving a 70-30 split for preparing and testing informatio
[3, 5, 6, 17]. Randomly split dataset into two sections: 70% for preparing and 30% for t

to make expectations on this test set utilizing the trained model.
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Fig. 2: Feature Correlation Fig. 3: XAl with Linear regression

11l. METHODOLOGY

Linear regression is a basic, yet strong procedure used to demonstrate the connection between a dependent variable and
at least one free factor [9, 18, 19]. When joined with XAl procedures, as displayed in figure 3, it turns out to be much
cleverer as it gives clarifications to the expectations made by the model [10]. To quantify the presentation of the linear
regression model, fitting measurements like Mean Squared Error (MSE), Root Mean Squared Error (RMSE), R-
squared, or Mean Absolute Error (MAE) generally utilized.

https://doi.org/10.1051/itmcont/20246503007
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In the wake of training the model, it's significant to comprehend the learned connections between the autonomous and
subordinate factors through the computation of coefficients to decipher the coefficients of the linear regression model.
Positive coefficients show a positive relationship, while negative coefficients demonstrate a negative relationship [20,
21].

To distinguish which elements essentially affect the model's forecasts, SHAP procedures were utilized. The Bee
Swarm Plot assisted with imagining how the anticipated result changes with varieties in a single component while
keeping different highlights consistent [13, 15]. SHAP values were used to make force plots, pixel-level
straightforward clarifications of the models' results [6]. Force Plot assisted with making sense of why a specific
expectation was made for a given set of feature information.
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IV.RESULT
model utilizing proper assessment measurements, for example, MSE, RMSE, R-

ed to quantify a model's capacity to gain from training information and foresee results in
. The assessment measurements give significant insights into the model's exhibition and
3 dlsplayed in Table I. When the modeI is prepared and assessed _we can apply XAl procedures

TABLE |
PERFORMANCE METRICS COMPARISON
City MSE RMSE R? MAE
Bengaluru 0.1454 0.3813 0.1412 0.1569
Bombay 0.1545 0.3931 0.5616 0.1759
Delhi 0.0734 0.2710 0.1669 0.0777
Hyderabad 0.0813 0.2852 0.2209 0.1168
Jaipur 0.0459 0.2143 0.2446 0.0737
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Kanpur 0.0663 0.2575 0.2018 0.0936
Nagpur 0.1946 0.4411 0.2221 0.1748
Pune 0.1213 0.3483 0.1323 0.1414

To be more precise, Fig. 4 shows that while all meteorological elements are associated with rainfall, the effects of the
numerous features are not as great as those of the other main features. WindGustKmph, FeelsLikeC, Humidity,
CloudCover, and WindChillC are the top five desirable qualities that are most important, in that order.
WindSpeedKmph, TempC, Visibility, MaxTempC, and HeatIindexC are the top five unfavourable characteristics that
are most important, in that order.

The attribution value and the feature value of the rainfall show a negative/positive association, indicating that a greater
value will have an inhibitory influence on the impending rainfall and cause it to be lower/high could be
explained by the red hue in Figure 4's SHAP Bee Swarm Plot.

We may better understand how the factors combine to produce the expected target variable by e
SHAP force diagram [11]. The various feature contributions to local level predictions wer
plots. Three crucial features define force plots. Examples of these include: i) base value,
observation of the test dataset; ii) output value, which is the expected value of eac
colours, which indicate which variables push the prediction lower and which push
their variable type [6]. Nevertheless, it deviates from the accepted method of an

higher by the red colour and lower by the blue colour, and vice versa. As
interpret the model output for varying rainfall conditions and to compre g variables leading to
the model output in Figure 5. Using SHAP force plots, a model explanation was pr ed for each city.

significant factors that were
, and MaxTempC and positive features
e across all cities. But Positive feature

discovered [6]. The impact of negative features like WindSpee
like WindGustKmph, FeelsLikeC, and CloudCover on rainfall
WindChillC impact negatively in Bombay and Negative feature
and Bengaluru respectively.

The necessity of a XAl for rainfall prediction was discis idy, and the XAl model SHAP, which reveals the
global feature contributions to rainfall prg d to further confirm the ML model's operation. The SHAP
the key characteristics of eight distinct cities: Bengulure,
Bombay, Delhi, Hyderabad, Jaipur, agr e. The top five negative features that matter the most are
WindSpeedKmph, Temperature and HeatIndexC, in that order; the top five positive features
that matter the most are Wind ; sleeC Humidity, CloudCover, and WindChillC, in that order.
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