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Abstract: Precipitation expectation is a pivotal subject for the administration of water assets and counteraction of 

hydrological calamities. To make a precipitation forecast and find the essential elements influencing precipitation, this 

study presents a logical profound learning approach in two sections. The initial segment with a consideration system 

which could foresee precipitation, while second part the clarification figures attribution values for the information 

weather conditions elements to evaluate their significance. A contextual investigation is led on hourly precipitation 

information for India's population wise top eight urban cities. The outcomes predominantly demonstrate that the main 

elements for precipitation whose component esteem is adversely/decidedly corresponded with its attribution esteem. 

The review's importance lies in upgrading the giving interpretability through recognizable proof of persuasive 

variables, which works with long haul arranging of water assets and more profound comprehension of mind-boggling 

climate frameworks. 
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I. INTRODUCTION 

Precipitation is quite possibly of the most fundamental climate peculiarity that influences human exercises in all scales, 

including horticulture, transportation, and metropolitan development, hydroelectric power the executives, and etc. 

precipitation expectation is an urgent subject for the administration of water assets and counteraction of hydrological 

fiascos. As a basic variable depicting precipitation, precipitation isn't simply utilized to check the start, length, and end 

of the stormy season, yet in addition frequently utilized as a huge sign of hydrological catastrophes, including floods 

and dry spells. In particular, serious precipitation frequently upgrades the flood endanger and prompts death toll and 

serious harm to frameworks, while absence of precipitation might bring about outrageous dry spell, obliterating the 

local hydro climatological capabilities and biodiversity. Accordingly, an exact expectation of precipitation will be 

useful to water asset the board as well as hydrological catastrophe control. 

Profound clammy convection is liable for a huge part of precipitation in the jungles, however the communication 

between profound convection and the enormous scope climate remains inadequately comprehended [1]. In the previous 

many years, many methodologies have been created by scientists to estimate precipitation. These prescient models can 

be by and large grouped into two classifications: actual models and information driven models. The actual models 

utilize a progression of geophysical regulations and conditions to depict the important environmental or maritime 

cycles that add to precipitation and, consequently, give a precipitation assessment. Nonetheless, because of the 

irregularity and vulnerability of precipitation processes, such actual models are inclined to enormous blunders at the 

neighborhood scale. The information driven models, on the other hand, depend on authentic meteorological information 

to foresee future precipitation through measurable or computerized reasoning artificial intelligence (AI) approaches, 

which have been demonstrated to have better exhibitions than the actual models in specific cases [2]. 

Various examinations have exhibited the abilities of machine learning (ML) for expectations in hydrology, e.g., 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 AI (XAI) is a method for making sense of the effect of highlights inside each model on the model's result. 

XAI 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 XAI 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 XAI, 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 XAI modules [9]. 

The approach of XAI has presented scientists with the capacity to figure out a more profound understanding of their 

internal operations, guaranteeing the greatest possible level of straightforwardness and unwavering quality of forecasts. 

XAI models are equipped for finding new information and supporting artificial intelligence-based results, which are 

basic for improving the responsibility of man-made intelligence driven expectations [10]. Computer based intelligence 

models can change into XAI models when they are combined with informative techniques like SHapley Additive 

exPlanations (SHAP) or Local Interpretable Model-agnostic Explanations (LIME) [10]. The outcomes acquired from 

SHAP line up with the actual model understandings, accordingly proposing the need to add climatic factors as 

indicators in the expectation model [11]. SHAP values are useful for the relevant investigation of element commitments 

for pixel level expectations [6]. LIME was the least used by researcher in contrast with SHAP, presumably because of 

its considerably lower changeability of clarifications from case to case [12]. 

A reasonable profound learning approach that incorporates the Gated-Recurrent-Unit-based (GRU-based) encoder 

module, consideration instrument module, GRU-based decoder module, and expected-inclination based clarification 

module improves the exactness of multi-step precipitation expectation and gives interpretability through distinguishing 

proof of persuasive variables, which works with long haul arranging of water assets and more profound comprehension 

of complicated climate frameworks [13]. The two-stage model first gauges the precipitation force class involving 

double or multi-class characterization as the principal stage and later uses precipitation power class data in a relapse 

model, to acquire everyday precipitation size [14]. In any case, most existing examinations utilize a solitary stage 

regression model disregarding reasonableness. The modest number of reviews with two-stage models that join 

characterization and regression use parallel arrangement regardless need XAI [14]. 

A moderately straightforward convolutional neural network (CNN) design with painstakingly chosen misfortune 

capabilities can significantly beat existing measurable downscaling models in view of different direct relapse with 

manual element determination [7]. Utilizing interpretable ML strategies, the CNN has been equipped for self-advancing 

actually conceivable connections between the enormous scope climatic climate and outrageous confined precipitation 

occasions [7]. The Integrated Gradient (IG) strategy has been utilized to direct a translation examination on the long 

short-term memory (LSTM) model, including flood occasions and whole spillover gauging [15]. The mix of CNN and 

LSTM networks ended up being an effective profound learning approach for environment displaying and weather 

conditions gauging [4]. 

The point of this study was to evaluate the component significance for precipitation vulnerability in Indian urban cities. 

To accomplish this, a Linear Regression ML model was trained based on the precipitation information with accessible 

elements to recognize the precipitation susceptibility in Indian urban cities. Utilizing the SHAP strategy, the effects of 

the significant elements were utilized to make sense of the precipitation susceptibility. 

This paper is organized as follows: Segment 2 presents the study area and data preprocessing. Segment 3 depicts the 

methodology implemented in this study. Section 4 portrays the results of the precipitation prediction model and made 

sense of the significance of highlights utilizing SHAP techniques. Section 5 depicts the conclusion on the effect of the 

significant elements on precipitation, and Segment 6 portrays the future work with other ML models and SHAP 

techniques to further develop the precipitation expectation for further study. 

II. 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, peculiarities, and relationships, 

directing resulting examination and dynamic cycles as displayed in figure 2. Noticing a correlation of features, we can't 

track down any huge connection among precipitation and some other component. At long last, we split the information 

into training and testing sets. Involving a 70-30 split for preparing and testing information is a typical practice in ML 

[3, 5, 6, 17]. Randomly split dataset into two sections: 70% for preparing and 30% for testing. Train a linear regression 

model utilizing the 70% of the dataset dispensed for training. Utilizing the excess 30% of the dataset utilized for testing 

to make expectations on this test set utilizing the trained model. 

 

 

                                                  (a) Actual Precipitation                                                                (b) Normalized Monthwise Precipitation 

Fig. 1: Precipitation by City 

 

                                  Fig. 2: Feature Correlation                                                                 Fig. 3: XAI with Linear regression 

 

III. 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 XAI 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. 
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                                                                        (h) Pune 

Fig. 4: Feature important shown by Bee Swarm Plot 
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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. 

 

 
 

(a) Bengaluru (b) Bombay 

 

 

 

(c) Delhi 

 

 

 

(d) Hyderabad 

 

 

 

(e) Jaipur 

 

 

 

(f) Kanpur 

 

 

 

(g) Nagpur 

 

 

 

(h) Pune 

Fig. 5: Force Plot for each city 

IV. RESULT 

To assess the performance of the model utilizing proper assessment measurements, for example, MSE, RMSE, R-

squared, MAE, and so on, analyze the consequences of the model's expectations for the genuine qualities in the test set. 

Model measurements are utilized to quantify a model's capacity to gain from training information and foresee results in 

concealed information [6]. The assessment measurements give significant insights into the model's exhibition and 

speculation capacity, as displayed in Table I. When the model is prepared and assessed, we can apply XAI procedures 

to decipher the model's way of behaving and forecasts by dissecting coefficients, highlighting significance, and other 

applicable elements to comprehend the model's dynamic interaction and using representation strategies to convey bits 

of knowledge acquired from the model translation. 

TABLE I 

PERFORMANCE METRICS COMPARISON 

City MSE RMSE R2 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 

5

ITM Web of Conferences 65, 03007 (2024) https://doi.org/10.1051/itmconf/20246503007  
ICMAETM-24

RETRACTED



  

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 HeatIndexC 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/higher. This 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 examining the individual 

SHAP force diagram [11]. The various feature contributions to local level predictions were shown by the SHAP force 

plots. Three crucial features define force plots. Examples of these include: i) base value, which is the average predicted 

observation of the test dataset; ii) output value, which is the expected value of each individual observation; and iii) 

colours, which indicate which variables push the prediction lower and which push the prediction higher, depending on 

their variable type [6]. Nevertheless, it deviates from the accepted method of analysing SHAP plots due to the presence 

of both positive and negative values. When the anticipated value is higher than the base value, the prediction is pushed 

higher by the red colour and lower by the blue colour, and vice versa. As a result, SHAP has been used for each city to 

interpret the model output for varying rainfall conditions and to comprehend the interactions among variables leading to 

the model output in Figure 5. Using SHAP force plots, a model explanation was produced for each city. 

Variations in the research areas are probably the cause of the discrepancies in certain significant factors that were 

discovered [6]. The impact of negative features like WindSpeedKmph, Visibility, and MaxTempC and positive features 

like WindGustKmph, FeelsLikeC, and CloudCover on rainfall forecast is the same across all cities. But Positive feature 

WindChillC impact negatively in Bombay and Negative features TempC and HeatIndexC impact positively in Bombay 

and Bengaluru respectively. 

V. CONCLUSION 

The necessity of a XAI for rainfall prediction was discussed in the study, and the XAI model SHAP, which reveals the 

global feature contributions to rainfall prediction, was used to further confirm the ML model's operation. The SHAP 

Bee Swarm Plot and Force Plot have been used to compare the key characteristics of eight distinct cities: Bengulure, 

Bombay, Delhi, Hyderabad, Jaipur, Kanpur, Nagpur, and Pune. The top five negative features that matter the most are 

WindSpeedKmph, TemperatureC, Visibility, MaxTempC, and HeatIndexC, in that order; the top five positive features 

that matter the most are WindGustKmph, FeelsLikeC, Humidity, CloudCover, and WindChillC, in that order. 

VI. FUTURE WORK 

Going forward, the research will focus on deep learning models such as XGBoost, LightGBM, Bi-LSTM, SVM, CNN, 

RF, and human-machine interaction. By using the SHAP framework, users will be able to find a way to anticipate 

rainfall earlier in the upcoming years. 

REFERENCES 

 
[1] Retsch, M., Jakob, C., Singh, M.: “Identifying relations between deep convection and the large-scale atmosphere using explainable 

artificial intelligence”. Journal of Geophysical Research: Atmospheres 127(3), 2021–035388 (2022) 
[2] Schultz, M.G., Betancourt, C., Gong, B., Kleinert, F., Langguth, M., Leufen, L.H., Mozaffari, A., Stadtler, S.: “Can deep learning beat 

numerical weather prediction?” Philosophical Transactions of the Royal Society A 379(2194), 20200097 (2021) 

[3] Jiang, S., Bevacqua, E., Zscheischler, J.: “River flooding mechanisms and their changes in europe revealed by explainable machine 

learning”. Hydrology and Earth System Sciences 26(24), 6339–6359 (2022) 

[4] Abdellaoui, I.A., Mehrkanoon, S.: “Deep multi-stations weather forecasting: explainable recurrent convolutional neural networks”. arXiv 

preprint arXiv:2009.11239 (2020) 
[5] Arcodia, M.C., Barnes, E.A., Mayer, K.J., Lee, J., Ordonez, A., Ahn, M.S.: “Assessing decadal variability of subseasonal forecasts of 

opportunity using explainable AI”. Environmental Research: Climate 2(4), 045002 (2023) 
[6] Kaspi, M., Kuleshov, Y.: “Flood hazard assessment in australian tropical cycloneprone regions”. Climate 11(11), 229 (2023) 

[7] Rampal, N., Gibson, P.B., Sood, A., Stuart, S., Fauchereau, N.C., Brandolino, C., Noll, B., Meyers, T.: “High resolution downscaling with 

interpretable deep learning: Rainfall extremes over new Zealand”. Weather and Climate Extremes 38, 100525 (2022) 

[8] Wu, J., Wang, Z., Dong, J., Cui, X., Tao, S., Chen, X.: “Robust runoff prediction with explainable artificial intelligence and meteorological 
variables from deep learning ensemble model”. Water Resources Research 59(9), 2023–035676 (2023) 

[9] Prasanth Kadiyala, S., Woo, W.L.: “Flood prediction and analysis on the relevance of features using explainable artificial intelligence”. In: 

2021 2nd Artificial Intelligence and Complex Systems Conference, pp. 1–6 (2021) 
[10] Ba ̧sa ̆gao ̆glu, H., Chakraborty, D., Lago, C.D., Gutierrez, L., S ̧ahinli, M.A., Giacomoni, M., Furl, C., Mirchi, A., Moriasi, D., S ̧eng ̈or, S.S.: 

“A review on interpretable and explainable artificial intelligence in hydroclimatic applications”. Water 14(8), 1230 (2022) 

[11] Dikshit, A., Pradhan, B.: “Interpretable and explainable ai (xai) model for spatial drought prediction”. Science of the Total Environment 
801, 149797 (2021) 

6

ITM Web of Conferences 65, 03007 (2024) https://doi.org/10.1051/itmconf/20246503007  
ICMAETM-24

RETRACTED



  

[12] Jesus, S., Bel ́em, C., Balayan, V., Bento, J., Saleiro, P., Bizarro, P., Gama, J.: “How can i choose an explainer? an application-grounded 

evaluation of post-hoc explanations”. In: Proceedings of the 2021 ACM Conference on Fairness, Accountability, and Transparency, pp. 805–
815 (2021) 

[13] He, R., Zhang, L., Chew, A.W.Z.: “Data-driven multi-step prediction and analysis of monthly rainfall using explainable deep learning”. 

Expert Systems with Applications 235, 121160 (2024)  
[14] Senocak, A.U.G., Yilmaz, M.T., Kalkan, S., Yucel, I., Amjad, M.: “An explainable two-stage machine learning approach for precipitation 

forecast”. Journal of Hydrology 627, 130375 (2023) 

[15] Jing, X., Luo, J., Zuo, G., Yang, X.: “Interpreting runoff forecasting of long short- term memory network: An investigation using the 
integrated gradient method on runoff data from the Han River basin”. Journal of Hydrology: Regional Studies 50, 101549 (2023) 

[16] Prasad, P.S.H., Satyanarayana, A.: “Assessment of outdoor thermal comfort during the last decade using landsat 8 imagery with machine 

learning tools over the three metropolitan cities of India”. Environmental Sciences Proceedings 29(1), 37 (2023) 
[17] Kadiyala, S.P., Woo, W.L.: “Flood prediction and analysis on the relevance of features using explainable artificial intelligence”. arXiv 

preprint arXiv:2201.05046 (2022) 

[18] Ma, S., Zayed, T., Xing, J., Shao, Y.: “A state-of-the-art review for the prediction of overflow in urban sewer systems”. Journal of Cleaner 
Production, 139923 (2023) 

[19] Sun, Z., Sandoval, L., Crystal-Ornelas, R., Mousavi, S.M., Wang, J., Lin, C., Cristea, N., Tong, D., Carande, W.H., Ma, X., et al.: “A review 

of earth artificial intelligence”. Computers & Geosciences 159, 105034 (2022) 
[20] Van Straaten, C., Whan, K., Coumou, D., Hurk, B., Schmeits, M.: “Using explainable machine learning forecasts to discover subseasonal 

drivers of high summer temperatures in western and central Europe”. Monthly Weather Review 150(5), 1115–1134 (2022) 

[21] Sahakyan, M., Aung, Z., Rahwan, T.: “Explainable artificial intelligence for tabular data: A survey”. IEEE access 9, 135392–135422 (2021) 
[22] Vlahek, D., Mongus, D.: “An efficient iterative approach to explainable feature learning”. IEEE Transactions on Neural Networks and 

Learning Systems (2021) 

[23] Aydin, H.E., Iban, M.C.: “Predicting and analyzing flood susceptibility using boosting-based ensemble machine learning algorithms with 
shapley additive explanations”. Natural Hazards 116(3), 2957–2991 (2023) 

7

ITM Web of Conferences 65, 03007 (2024) https://doi.org/10.1051/itmconf/20246503007  
ICMAETM-24

RETRACTED




