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ABSTRACT 

Accurate precipitation forecasting is essential for disaster preparedness and climate-responsive 

urban planning such as drainage designing under increasing climatic variability. This study 

investigates an entropy-guided deep learning framework to improve monthly precipitation 

forecasting by integrating the Maximal Overlap Discrete Wavelet Entropy Transform (MODWET) with 

a Gated Recurrent Unit (GRU) model. Unlike the conventional Maximal Overlap Discrete Wavelet 

Transform (MODWT), MODWET employs entropy to objectively determine the optimal wavelet filter 

and decomposition level, addressing a key limitation in wavelet-based preprocessing related to over- 

or under-decomposition of hydroclimatic signals. While the effectiveness of MODWET has previously 

been demonstrated for streamflow forecasting, its application to precipitation prediction has not yet 

been explored. The proposed framework is evaluated using monthly precipitation data from three 

hydrometeorological case studies close to urbane are, selected from the CAMELS dataset across the 

United States. Model performance is assessed using multiple statistical metrics, including NSE, 

RMSE, percent bias (PBIAS), and correlation coefficient (r2). In addition, the Partial Correlation Index 

(PCI) is employed to identify informative predictors and reduce input redundancy. Results show that 

the hybrid PCI–MODWET–GRU model consistently outperforms the standalone GRU model, 

achieving improved correlation (up to r2 = 0.78 at selected stations) and overall predictive accuracy. 

These findings highlight the potential of combining entropy-based wavelet preprocessing with deep 

learning models to enhance precipitation forecasting reliability, with direct relevance for urban and 

peri-urban water management and climate-responsive design applications. By improving the 

representation of seasonal and nonstationary precipitation behavior at monthly timescales, the 

proposed framework provides more stable and interpretable forecasts that can support early-stage 

urban planning, water-sensitive architectural design, and long-term infrastructure resilience 

assessments under evolving climate conditions. 
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1. Introduction 

Rapid urbanization, climate variability, and the increasing frequency of extreme precipitation events have 

placed unprecedented pressure on urban water systems and infrastructure [1]. Cities are particularly vulnerable 

to rainfall uncertainty due to high impervious surface coverage, limited infiltration capacity, aging drainage 

networks, and growing exposure to flood and waterlogging hazards [2]. As a result, accurate precipitation 

forecasting has become a critical component of urban water management, informing the design and operation of 

stormwater systems, flood mitigation strategies, reservoir regulation, and climate-resilient urban planning [3]. 

Reliable medium- to long-term precipitation predictions enable urban decision-makers to shift from reactive 

responses toward proactive and adaptive management of water-related risks [4, 5]. 

Beyond hydrological risk mitigation, precipitation patterns fundamentally shape the form, performance, and 

resilience of the built environment at multiple spatial scales [6-10]. In urban and architectural design, rainfall 

characteristics influence decisions related to building orientation, roof geometry, façade detailing, surface grading, 

and the allocation of open and permeable spaces within developments [11-13]. At the neighborhood and city 

scale, precipitation variability affects land-use planning, street layout, drainage corridors, and the integration of 

blue–green infrastructure aimed at managing runoff and enhancing urban livability [14-18]. Consequently, reliable 

precipitation information is increasingly viewed not only as an operational input for water management but also 

as a critical design parameter for climate-responsive urban development, particularly under conditions of 

increasing climatic uncertainty. 

Accurate precipitation prediction provides essential decision-support information across multiple layers of 

urban systems and infrastructure. At the planning level, medium- to long-term precipitation forecasts inform the 

design and sizing of stormwater drainage networks, detention and retention facilities, and green infrastructure by 

characterizing expected rainfall variability and extremes [19-21]. At the operational level, forecasted precipitation 

can be used to optimize reservoir releases, regulate urban flood control structures, and improve the timing of 

maintenance and emergency response actions [22, 23]. In addition, reliable precipitation forecasts support urban 

water supply management by aiding demand planning, drought preparedness, and conjunctive surface–

groundwater use strategies. Under climate change and rapid urban expansion, integrating data-driven 

precipitation forecasting into urban decision-making frameworks enables cities to anticipate hydrologic stresses, 

reduce flood risk, and enhance the resilience and sustainability of urban water systems [24-26]. 

Despite significant advances in numerical weather prediction and physically based hydrological models, 

precipitation forecasting remains a challenging task due to the nonlinear, nonstationary, and multi-scale nature of 

rainfall processes—particularly at monthly timescales relevant to urban infrastructure planning and operational 

decision-making [27-29]. These challenges are further exacerbated in urban contexts, where precipitation signals 

are often noisy and influenced by localized climatic effects, including urban heat islands and land-use 

heterogeneity. As a result, data-driven approaches, especially machine learning and deep learning models, have 

gained increasing attention for precipitation forecasting and urban water applications [30, 31]. 

Deep learning models such as recurrent neural networks (RNNs), long short-term memory (LSTM), and gated 

recurrent units (GRU) have demonstrated strong capabilities in capturing complex temporal dependencies in 

hydroclimatic time series [32-35]. Among these, GRU networks offer computationally efficient architecture with 

fewer parameters than LSTM while retaining strong performance in sequence modeling, making them attractive 

for large-scale and operational forecasting applications [36-38]. However, the predictive skill of deep learning 

models is highly dependent on data quality, feature representation, and preprocessing strategies. Without 

effective preprocessing, deep learning models may struggle to extract meaningful information from precipitation 

records characterized by multi-frequency variability and noise [39, 40]. 

Wavelet-based signal decomposition techniques have emerged as powerful preprocessing tools for 

hydrological and climatological forecasting, as they enable simultaneous representation of temporal and 

frequency-domain information [41, 42]. Among these methods, the MODWT has been widely adopted due to its 

ability to preserve temporal alignment and handle nonstationary signals [43-45]. Nevertheless, a persistent 
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limitation of wavelet-based approaches lies in the subjective selection of decomposition levels and wavelet filters, 

which can lead to redundant information or loss of essential signal characteristics [46, 47]. 

To address this limitation, Mazarei Behbahani and Mazarei [47] recently proposed the MODWET, an entropy-

guided preprocessing framework that objectively determines the optimal wavelet filter and decomposition level. 

By minimizing information entropy, MODWET prevents over-decomposition and enhances the representation of 

informative signal components [48, 49]. While the effectiveness of MODWET has been demonstrated for 

streamflow forecasting using traditional machine learning models, its potential for precipitation forecasting—

particularly in combination with deep learning architectures—has not yet been systematically investigated. 

In this study, we address this gap by integrating MODWET with a GRU deep learning model for monthly 

precipitation forecasting. In addition, PCI is employed as a feature selection method to reduce predictor 

redundancy and improve model parsimony [50]. The proposed PCI–MODWET–GRU framework is evaluated using 

three hydrometeorological case studies from the CAMELS dataset, representing diverse climatic conditions [51]. 

Although the case studies are not limited to urban catchments, the proposed framework is directly applicable to 

urban water systems, where accurate precipitation forecasts serve as critical inputs for stormwater modeling, 

flood risk assessment, and climate-resilient infrastructure planning. 

By improving the reliability and interpretability of precipitation forecasts at planning-relevant timescales, this 

research contributes to the development of data-driven tools that support urban water management and 

sustainable city design under increasing climatic uncertainty. 

2. Case Study 

We selected three representative watersheds from the CAMELS dataset to assess the performance of the 

proposed hybrid modeling approach [51]. The spatial locations of these study areas are illustrated in Fig. (1). The 

three case studies were selected based on the closest available gauging stations to nearby cities, towns, and 

villages, ensuring relevance to urban and peri-urban water management while maintaining high-quality 

observational data. Station 11264500 is located approximately 80 km from Merced, California, represents a semi-

arid region where precipitation forecasting is critical for urban water supply planning, reservoir operation, and 

drought preparedness [52]. Station 07083000, located in about 10 km from Leadville, Colorado, reflects a high-

elevation mountain setting where accurate precipitation prediction supports flood mitigation, stormwater 

management, and infrastructure resilience under snow-dominated and rapidly changing hydrologic conditions 

[53]. Station 01013500 located only 2 km from Fort Kent, Maine, represents a cold-region community where 

precipitation variability influences urban drainage performance, flood risk, and seasonal infrastructure stress [54]. 

Although the study basins are not strictly urban, selecting gauging stations near populated areas allows the 

proposed precipitation forecasting framework to be directly transferable to urban and peri-urban applications, 

supporting climate-resilient water management across diverse settlement types. 

Therefore, we will leverage these established case studies to benchmark the results of integrating MODWET 

with deep learning models [47]. The dataset extracted for this analysis spans the period from January 1980 to 

December 2014, yielding 420 monthly time steps. It includes 5 climatological variables (Streamflow, solar radiation, 

maximum/minimum temperature, vapor pressure) as well as 5 large-scale climate indices, each with 12 lagged 

values (Arctic Oscillation (AO), North Atlantic Oscillation (NAO), ENSO indices (Niño 3, Niño 3.4, Niño 4, Niño 1+2), 

Pacific Decadal Oscillation (PDO), Pacific-North American Pattern (PNA)) [55]. Additionally, we incorporated 2 Cyclic 

Seasonal Index (CSI) features to capture the periodic anomalies in the target streamflow data [56].  

The selected variables represent key atmospheric and hydrological processes that directly influence 

precipitation and its impact on urban systems. Precipitation (Prcp.) is the primary driver of urban runoff and 

stormwater infrastructure performance. Solar radiation (Srad.) and air temperature (Tmax, Tmin) control surface 

energy balance and atmospheric stability, influencing convective rainfall and urban heat island effects. Vapor 

pressure (VP) reflects atmospheric moisture availability, a critical factor in precipitation formation. Streamflow 

(Str.Flow) integrates watershed response to precipitation and is essential for understanding urban flood risk and 
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supporting precipitation-driven urban hydrologic and drainage models. Statistical characteristics of all data sets 

are presented in Table 1. 

 
 

Figure 1: Spatial distribution of CAMELS hydrometeorological stations across the conterminous United States, highlighting the 

three target study basins: ST_11264500, ST_07083000, and ST_01013500. Red squares indicate the target gauging stations used 

in this study, while red dots represent other CAMELS stations. Insets show the corresponding watershed boundaries and river 

networks for each target basin. 

Table 1: Summary statistics (maximum, minimum, mean, and standard deviation) of monthly precipitation (Prcp.), 

solar radiation (Srad.), maximum and minimum air temperature (Tmax, Tmin), vapor pressure (VP), and 

streamflow (Str.Flow) for the three CAMELS hydrometeorological stations used in this study. 

Station Variable Prcp (mm/day) Srad (W/m2) Tmax (C) Tmin (C) VP (Pa) StrFlow (m3/s) 

11264500 Max 20.37 731 22.8 11.4 940 3317 

  Min 0.00 212 -2.7 -11.5 196 3 

  Average 2.65 455 9.3 -1.6 423 373 

  SD 3.47 141 6.7 5.6 126 547 

7083000 Max 6.71 731 20.7 5.1 799 247 

  Min 0.00 235 -7.3 -21.8 116 2 

  Average 2.13 467 5.9 -8.3 344 30 

  SD 1.23 130 7.6 7.7 166 43 

1013500 Max 8.79 569 25.7 13.9 1624 8062 

  Min 0.20 118 -12.9 -26.2 87 66 

  Average 3.11 302 9.2 -2.5 670 1543 

  SD 1.38 112 11.2 10.8 430 1506 
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3. Methodology 

3.1. Gated Recurrent Units 

Deep learning models have emerged as powerful tools for precipitation forecasting due to their ability to 

capture complex, nonlinear, and nonstationary relationships inherent in hydroclimatic time series. Unlike 

traditional statistical or physically based models, deep learning architectures can learn temporal dependencies 

directly from data without requiring explicit assumptions about underlying processes. Recurrent neural networks 

and their variants are particularly well suited for precipitation prediction, as they effectively model long-term 

dependencies and multi-scale variability. These capabilities make deep learning models especially valuable for 

forecasting precipitation under changing climatic conditions, where conventional approaches often struggle to 

maintain predictive accuracy [57]. 

GRU is a type of recurrent neural network (RNN) architecture designed to effectively model sequential data and 

improve the traditional RNNs [58]. GRU is particularly adept at capturing long-term dependencies in sequences 

while mitigating the vanishing gradient problem, which is a common issue in traditional RNNs where gradients 

diminish over time, hindering learning. GRUs achieve this through a gating mechanism comprising an update gate 

and a reset gate. The update gate controls the extent to which past information is retained and incorporated into 

the current context, while the reset gate determines the influence of past information on the current hidden state. 

This dual gating mechanism enables GRUs to dynamically adjust their memory, selectively updating or discarding 

information as needed based on the input sequence. Compared to LSTM networks, GRUs have a lower 

computational expense [59, 60]. 

In equations 1-4, 𝑟𝑡 , 𝑢𝑡 , ℎ̑𝑡  and ℎ𝑡  are reset gate, update gate, candidate hidden state and hidden state, 

respectively. Figure 2 presents the architecture of GRU model. 

 𝑟𝑡 = 𝜎(𝑊𝑟,𝑥𝑋𝑡 + 𝑊𝑟,ℎℎ𝑡−1 + 𝑏𝑟)  (1) 

 𝑢𝑡 = 𝜎(𝑊𝑢,𝑥𝑋𝑡 + 𝑊𝑢,ℎℎ𝑡−1 + 𝑏𝑢)  (2) 

 ℎ̑𝑡 = 𝑡𝑎𝑛ℎ( 𝑊𝑔,𝑥𝑋𝑡 + 𝑊𝑔,ℎ(𝑟𝑡 . ℎ𝑡−1) + 𝑏𝑔)  (3) 

 ℎ𝑡 = 𝑢𝑡 . ℎ𝑡−1 + (1 − 𝑢𝑡). ℎ̑𝑡  (4) 

 

Figure 2: Schematic architecture of a Gated Recurrent Unit (GRU) cell, illustrating the update and reset gates that regulate 

information flow between the input 𝑥(𝑡)and the hidden state ℎ(𝑡). The gating mechanisms enable the GRU to capture temporal 

dependencies by selectively retaining or updating past information. 
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3.2. MODWET 

The objective of signal decomposition is to enhance meaningful features while reducing noise contamination in 

time-series data. In practice, traditional preprocessing techniques frequently underperform due to inappropriate 

or heuristic selection of wavelet filters and decomposition levels. MODWET, introduced by, addresses these issues 

by employing an entropy-based approach to optimize wavelet decomposition levels and filter choices [47]. 

Entropy quantifies the degree of uncertainty or information content associated with a random process. Within 

the MODWET framework, entropy serves as an objective criterion for selecting the wavelet filter and 

decomposition level that retain the most informative signal structure while avoiding unnecessary complexity. 

Equation 5 illustrates Shannon Entropy [61], where E represents information entropy, X represents a random 

variable or a time series, N represents the length of time series, and 𝑝(𝑥𝑖) represents the probability of occurrence 

of 𝑥𝑖.  

 𝐸(𝑥) = − ∑ 𝑝(𝑥𝑖) 𝑙𝑜𝑔[𝑝(𝑥𝑖)]𝑛
𝑖=1   (5) 

An event with absolute certainty has an entropy value of zero, while a completely random event has an entropy 

value of one. Within the MODWET framework, this principle is utilized to systematically evaluate multiple wavelet 

filters and decomposition depths, selecting the configuration that yields the lowest entropy. A minimum entropy 

value indicates that additional decomposition does not contribute new or informative signal content. The 

following outlines the MODWT equations (6-8), which incorporate entropy. These equations demonstrate the 

wavelet coefficient, scaling coefficient, and reconstruction coefficient, respectively Here, ( t ) denotes the time 

index, ( j ) represents the decomposition level, ( L ) denotes the length of the wavelet filter, and ( N ) represents the 

length of the recorded data, and ℎ̃𝑙 ( 𝑔̃𝑙) represents the wavelet (scaling) filter [47]. 

 𝑊̃𝑗,𝑡 = ∑ ℎ̃𝑙𝑉̃𝑗−1,(𝑡−2𝑗−1𝑙) 𝑚𝑜𝑑 𝑁
𝐿−1
𝑙=0   (6) 

 𝑉̃𝑗,𝑡 = ∑ 𝑔̃𝑙𝑉̃𝑗−1,(𝑡−2𝑗−1𝑙) 𝑚𝑜𝑑 𝑁
𝐿−1
𝑙=0   (7) 

 𝑉̃𝑗−1,𝑡 = ∑ ℎ̃𝑙𝑊̃𝑗,(𝑡+2𝑗−1𝑙) 𝑚𝑜𝑑 𝑁
𝐿−1
𝑙=0 + ∑ 𝑔̃𝑙𝑉̃𝑗,(𝑡+2𝑗−1𝑙) 𝑚𝑜𝑑 𝑁

𝐿−1
𝑙=0   (8) 

Through iterative processes, the filter and decomposition level with the lowest entropy value for the wavelet 

and scaling coefficients are determined. The appropriate decomposition level and filter are selected based on the 

following conditions (Eq. 10-12): 

Step 1): 𝐿𝐽 << 𝑁 , (UL)  (9) 

 𝐿(𝐽) = (2𝐽 − 1)(𝐿 − 1) + 1 (10) 

Step 2): 𝐸𝑛𝑡𝑟𝑜𝑝𝑦𝑎,𝑑(𝑗) < 𝐸𝑛𝑡𝑟𝑜𝑝𝑦𝑎(𝑗 − 1), (LL)  (11) 

Step 3): 𝑀𝑖𝑛(𝐸𝑛𝑡𝑟𝑜𝑝𝑦 𝑚𝑎𝑥 <𝐽𝑚𝑎𝑥   (12) 

The flowchart depicting the decomposition process using MODWET and its application in precipitation 

forecasting is presented in Fig. (3). MODWET is specifically tailored for streamflow forecasting and involves 

decomposing input data using wavelet transformers. Unlike traditional wavelet transforms, MODWET employs a 

maximal overlap scheme, allowing for a more thorough analysis of the input signal. By calculating discrete wavelet 

entropy on the decomposed components, MODWET captures the complexity and information content of 

streamflow data, enhancing the accuracy and reliability of forecasts by integrating with various machine learning 

models. While the effectiveness of MODWET in streamflow forecasting has been demonstrated, its potential in 

combination with deep learning models remains an area for future research, which is the primary objective of this 

paper [47].  

3.3. Experiment Design 

To forecast precipitation, we utilized data spanning from January 1980 to December 2014. This dataset was 

split into two portions: 70% for training and 30% for testing. A t-test was conducted to ensure that partitioning was 
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appropriate by comparing the training and testing datasets for similarity [62]. The training data was then 

processed using the MODWET, which decomposes the time series data into frequency domain components, as 

detailed in Section 3.2. 

 

Figure 3: Flowchart of the proposed PCI–MODWET–GRU forecasting framework. Predictor variables are first decomposed using 

the Maximal Overlap Discrete Wavelet Entropy Transform (MODWET), where entropy is evaluated iteratively across 

decomposition levels to identify the optimal wavelet representation. The resulting decomposed signals are then subjected to 

input selection, followed by deep learning model training and hyperparameter tuning, leading to the final precipitation (or 

streamflow) forecast. 

PCI feature selection procedure was applied to determine the most informative predictors, including their 12-

month lagged values and wavelet-decomposed components. This method was applied in parallel to assess their 

effectiveness separately [63, 64]. Table 2 lists the features and their lags selected by this method, highlighting that 

solar radiation, precipitation, and vapor pressure—decomposed using MODWET—were chosen by the feature 

selection models. This table indicates that PCI selected fewer datasets, reducing computational load and speeding 

up the forecasting process. It is important to note that long lags can also be useful for forecasting, as shown in 

Table 2. 

Based on the predictors selected by the PCI method, a GRU deep learning model was developed to forecast 

monthly precipitation. Model hyperparameters were optimized during the training stage, with the tuning results 

summarized in Section 4.1. The predictive performance of the GRU model, both with and without MODWET 

preprocessing, was then evaluated using RMSE, PBIAS, NSE, MAE, r2 and standard deviation. Table 3 provides a 

summary of all the elements applied in this study. 

4. Results and Discussion 

4.1. Hyper Parameters Tuning 

in our deep learning models, we optimized several hyperparameters to enhance performance. The parameters 

under consideration are provided in Table 3. We employed a trial-and-error method to optimize each 

hyperparameter sequentially. This approach involved adjusting one parameter at a time while keeping the others 

constant to observe its impact on model performance. The results indicate that each model and case study has an 

individual set of optimal parameters. Moreover, one hidden layer proved to be the best configuration across all 

models and case studies. Notably, the Adam optimizer demonstrated superior performance in 4 out of 6 cases. It 

outperformed particularly in stations with substantial streamflow values. However, for station 07083000, which 

has lower streamflow value, SGD emerged as the definitive best choice. However, the suitable activation function 

for station 07083000 is different from the other stations like optimizer. It seems that MSE suits this station more 

than others. 
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Table 2: Results of PCI-based input selection showing the most influential predictors and their associated lag times 

for Stations 01013500, 07083000, and 11264500. Selected inputs include raw hydroclimatic variables, climate 

indices, and entropy-guided wavelet-decomposed components incorporated into the deep learning model. 

Station 01013500 Station 07083000 Station 11264500 

PCI Lag (Month) PCI Lag (Month) PCI Lag (Month) 

StrFlow 1-2-8-9 vp 1-2-3-4-5-6-7-8-10-11 prcp 1-2-3-4-5-6-7-8-9-10-11 

tmax 3-6-7 StrFlow 1-2-3-4-5-6-7-8-12 StrFlow 1-2-3-4-5-6-7-8 

tmin 4-6 tmin 9-10 srad 9-12 

vp 6-9-10 tmax 10 tmax 13 

PNA 1-6-9-13 PNA 1-2-10-13 tmin 13 

AO 4-7-8-9 NAO 3-4 PNA 1-10-11 

NAO 7-9-12 AO 4-6 AO 7 

PDO 13 PDO 13 NAO 11-13 

srad_fk4_J3_W3 1 prcp_db5_J1_V1 1 PDO 13 

srad_fk4_J3_V3 1 srad_fk4_J3_W1 1 prcp_db5_J1_V1 1 

CSI-S 1 Vp_db1_J1_W1 1 srad_fk4_J3_W1 1 

CSI-C 1 Vp_db1_J1_V1 1 Vp_db1_J1_W1 1 

    CSI-S  1  Vp_db1_J1_V1 1 

    CSI-C 1     

 

Table 3: Optimal hyperparameter configurations obtained through model tuning for the PCI-GRU and MODWET-PCI-

GRU models across the three study stations. Reported parameters include the optimizer, learning rate, batch 

size, loss function, activation function, network depth, number of hidden nodes, and training epochs. 

Station 1013500 7083000 11264500 

Model PCI-GRU MODWET-PCI-GRU PCI-GRU MODWET-PCI-GRU PCI-GRU MODWET-PCI-GRU 

Optimizer Adam Adam SGD SGD Adam Adam 

Learning rate 0.01 0.001 0.1 0.001 0.1 0.1 

Batch size 16 16 32 16 16 16 

Loss function MSE huber_loss MSE MSE huber_loss huber_loss 

Activation function softmax softmax softsign Relu softmax softmax 

Number of hidden layers 1 1 1 1 1 1 

Number of nodes in 

hidden layer 
10 32 32 64 64 64 

Number of epochs 250 350 250 200 350 350 

 

4.2. Model Performance Evaluation 

The findings revealed that MODWET selects different optimal wavelet filters and decomposition levels for 

various datasets as provided in Table 2. For instance, solar radiation was decomposed into three levels using the 

fk4 wavelet filter, whereas vapor pressure and precipitation were each decomposed into one level with the db1 

wavelet filter across all three stations. This diversity indicates that a single wavelet filter and decomposition level 
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cannot be universally applied to all datasets and stations in this study. Instead, MODWET effectively identifies the 

most suitable filter and decomposition level for each specific case. The accuracy results are presented in Table 4. 

Table 4: Statistical performance of the PCI-GRU and PCI-MODWET-GRU models for monthly precipitation forecasting 

across the three study stations during the testing and training periods. Model performance is evaluated 

using RMSE, Nash–Sutcliffe efficiency (NSE), coefficient of determination (r²), mean absolute error (MAE), and 

percent bias (PBIAS). 

Station Model 
Test Train 

RMSE NSE r2 MAE PBIAS RMSE NSE r2 MAE PBIAS 

1013500 PCI-GRU 0.13 0.23 0.48 0.11 2.03 0.15 0.15 0.44 0.11 -9.31 

  PCI-MODWET-GRU 0.12 0.34 0.59 0.1 1.31 0.15 0.15 0.48 0.11 -6.89 

7083000 PCI-GRU 0.16 0.28 0.54 0.13 3.79 0.17 -0.05 0.28 0.14 -15.8 

  PCI-MODWET-GRU 0.15 0.38 0.63 0.12 5.31 0.17 0.06 0.33 0.13 -1.28 

11264500 PCI-GRU 0.12 0.5 0.71 0.08 -3.16 0.16 -0.13 0.47 0.11 48.6 

  PCI-MODWET-GRU 0.11 0.58 0.78 0.08 -13.07 0.14 0.09 0.49 0.1 16.57 

 

In Station 01013500, the PCI-MODWET-GRU model consistently outperforms the PCI-GRU model across all 

metrics, indicating the effectiveness of the MODWET preprocessing in enhancing the model's predictive capability 

(Fig. 4). The PBIAS values show a negative bias for both models, with PCI-MODWET-GRU showing an 

underestimated result, which could be due to down trending precipitation in this station. The PCI-GRU Compared 

to the PCI-MODWET-GRU achieved an NSE of 0.23, the PCI-MODWET-GRU model in this analysis shows a higher 

NSE (0.34). This indicates that the MODWET-GP-GRU model might perform better at this station. The similar RMSE 

and MAE values for the train and test sets suggest no significant overfitting in the PCI-MODWET-GRU model. These 

results are particularly relevant for Fort Kent, a community historically affected by riverine flooding from the Fish 

and St. John Rivers, where flood events have inundated roads and properties in the past and motivated the 

construction of local flood protection projects. Reliable monthly precipitation forecasts around this town can 

support better timing of reservoir releases and flood control operations, inform stormwater and emergency 

response planning, and guide the design of resilient infrastructure and land-use strategies that reduce flood risk 

for residents and protect the local economy [65]. 

In the Station 07083000, the PCI-MODWET-GRU model again shows superior performance compared to the 

PCI-GRU model, especially in terms of NSE and r2. The PBIAS values indicate a stronger negative bias in predictions 

for this station, which is somewhat mitigated by the PCI-MODWET-GRU model. The PCI-GRU Compared to the PCI-

MODWET-GRU achieved an NSE of 0.28, the PCI-MODWET-GRU model in this analysis shows a higher NSE (0.38). 

This indicates that the MODWET-GP-GRU model might have better performance at this station. These results are 

particularly relevant for Leadville, Colorado, a high-elevation mountain town where precipitation variability, 

snowmelt-driven runoff, and seasonal transitions strongly influence urban hydrology. Improved monthly 

precipitation forecasts can support the design of resilient drainage systems, road infrastructure, and snowmelt 

management strategies by informing capacity planning and maintenance scheduling. Such information is valuable 

for climate-responsive urban design and long-term water resource planning in cold-region communities where 

infrastructure must accommodate both rainfall and snowmelt processes. 

In the Station 11264500, the PCI-MODWET-GRU model shows substantial improvement over the PCI-GRU 

model in terms of NSE, r2, PBIAS and MAE, highlighting the effectiveness of MODWET preprocessing. The PCI-GRU 

Compared to the PCI-MODWET-GRU achieved an NSE of 0.50, the PCI-MODWET-GRU model in this analysis shows 

a higher NSE (0.58). This indicates that the MODWET-GP-GRU model have a better performance at this station. 

These performance improvements are particularly relevant for the Merced, California region, where precipitation 

variability influences urban drainage performance, flood risk, and water supply reliability in an agricultural–urban 

setting. More accurate monthly precipitation forecasts can support the design and operation of stormwater 

infrastructure, groundwater recharge facilities, and flood mitigation measures, especially during wet-season 
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events. The enhanced predictive skill demonstrated by the PCI–MODWET–GRU model therefore provides valuable 

information for climate-responsive urban and water infrastructure planning in the Merced area. 

 

 

  

Figure 4: The results of PCI-GRU modeling for train and test. (A and B) station 01013500, (C and D) station 07083000 and (E and 

F) station 11264500. 

Overall, the PCI-MODWET-GRU model consistently outperforms the PCI-GRU model across all stations in terms 

of RMSE, NSE, r2, and MAE, underscoring the benefits of using MODWET for preprocessing. Bias varies across 

stations, with the highest positive bias observed at Station 11264500 and the highest negative bias at Station 
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07083000, it indicates that models like PCI-MODWET-GRU might outperform PCIGRU, especially in terms of NSE 

values. Overfitting or data anomalies are a concern at Station 07083000, as indicated by the disparity in RMSE 

values between the train and test sets.  

Fig. (4) (PCI-GRU) and 5 (MODWET-PCI-GRU) present the plot of precipitation forecasting for all the three 

stations. Fig. (4) illustrates the training and testing results of the PCI-GRU model for monthly precipitation 

forecasting across the three study stations. Overall, the PCI-GRU model can capture the general temporal patterns 

and seasonal variability of precipitation at all stations, with a reasonable agreement between observed and 

simulated values during both the training and testing periods. However, noticeable discrepancies remain, 

particularly during peak precipitation events, where the model tends to smooth extremes and underestimate 

higher magnitudes. These deviations are more pronounced during the testing phase, indicating the limitations of 

the standalone GRU model when trained on raw or partially processed inputs. The figure highlights residual noise 

and reduced accuracy in reproducing sharp fluctuations, underscoring the need for enhanced preprocessing 

strategies to better represent multi-scale precipitation dynamics, which motivates the integration of MODWET in 

the subsequent modeling framework. 

Fig. (5) presents the training and testing results of the MODWET-PCI-GRU model for monthly precipitation 

forecasting at the three study stations. Compared to the standalone PCI-GRU model, the MODWET-enhanced 

framework shows a visibly improved agreement between observed and simulated precipitation, particularly in 

capturing seasonal patterns and reducing high-frequency noise. The incorporation of MODWET leads to smoother 

predictions that more closely follow the observed temporal dynamics, with improved representation of both rising 

and falling precipitation trends. While some underestimation of extreme peaks persists, the MODWET-PCI-GRU 

model demonstrates a clearer ability to preserve dominant signal structures and reduce spurious fluctuations 

during both training and testing periods. These visual improvements are consistent with the quantitative 

performance gains reported in Table 4, confirming the effectiveness of entropy-guided wavelet preprocessing in 

enhancing deep learning-based precipitation forecasting. 

4.3. Implications for Urban Architecture and Climate-Responsive Design 

From an urban architecture and design standpoint, precipitation forecasting plays a fundamental role in 

shaping climate-responsive and resilient built environments [66, 67]. Rainfall patterns directly influence the design 

of building envelopes and site drainage layouts, as well as the integration of green infrastructure such as green 

roofs, permeable pavements, rain gardens, and urban open spaces. At the neighborhood and city scale, 

precipitation projections inform stormwater conveyance capacity, flood-safe building placement, and the spatial 

organization of critical infrastructure. Reliable monthly precipitation forecasts are particularly important during 

early design and planning stages, where long-term climatic tendencies guide material selection, structural 

detailing, and water-sensitive urban design strategies rather than short-term operational decisions. 

Accurate precipitation forecasting also supports adaptive urban design under climate change by enabling 

architects and planners to anticipate shifts in rainfall variability and intensity [68]. As cities face increasing 

exposure to waterlogging, pluvial flooding, and infrastructure overstress, data-driven precipitation forecasts 

provide essential inputs for performance-based design approaches and resilience assessments. In this context, 

models capable of capturing nonstationary precipitation behavior and seasonal variability are especially valuable, 

as they help translate climatic uncertainty into actionable design constraints and opportunities at both building 

and district scales [69, 70]. 

The proposed PCI–MODWET–GRU modeling framework demonstrates performance characteristics that align 

well with these urban architectural needs. By effectively capturing dominant precipitation trends and seasonal 

patterns while reducing noise, the model provides stable and interpretable forecasts suitable for planning-

oriented applications. Although some underestimation of extreme precipitation events remains, the improved 

signal representation achieved through entropy-guided preprocessing enhances reliability at the monthly scale 

most relevant to urban design decisions. This balance between accuracy and stability makes the proposed 

framework particularly suitable for supporting climate-resilient urban architecture and water-sensitive design 

strategies, where understanding long-term precipitation behavior is often more critical than resolving short-
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duration extremes. Section 4.3.1 presents an illustrative example demonstrating how the results of this study can 

be applied in practice. 

 

 

  

Figure 5: The results of MODWET-PCI-GRU modeling for train and test. (A and B) station 01013500, (C and D) station 07083000 

and (E and F) station 11264500. 

4.3.1. Illustrative Application: Planning the Sizing of an Underground Stormwater Conduit 

To directly demonstrate how the proposed monthly precipitation forecasting framework can support urban 

infrastructure planning, we provide a planning-stage example showing how model outputs can be translated into 
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stormwater conveyance capacity and an indicative underground pipe diameter. This example is intentionally 

simplified and is not intended to replace detailed local design procedures (e.g., site-specific IDF curves, time of 

concentration analysis, SWMM modeling, inlet control, surcharge checks). Rather, it provides a transparent link 

between monthly forecasts and a tangible urban design variable (drainage conduit sizing). Station precipitation 

statistics (mean precipitation (mm/day)) are taken from Table 1: Station 11264500 = 2.65, Station 07083000 = 2.13, 

Station 01013500 = 3.11 and model bias (PBIAS, %) is taken from Table 4 (test period). Using the model PBIAS, the 

predicted precipitation is calculated (Eq. 13 and 14).  

 PBIAS = 100 ×
∑(𝑃pred−𝑃obs)

∑ 𝑃obs
  (13) 

 𝑃pred = 𝑃obs (1 +
PBIAS

100
)  (14) 

Because drainage capacity depends on intensity (mm/hr), we convert the predicted mean daily precipitation to 

an average hourly intensity and apply a peaking factor 𝑘 (Eq. 15) as the drainage channels design are based on the 

precipitation peak not the average precipitation [71]: 

 𝑖design = 𝑘 (
𝑃pred

24
)  [mm hr-1]  (15) 

Finally, we convert design intensity to peak discharge (Rational method) (Eq. 16) [72]: 

 𝑄peak = 0.00278 𝐶 𝑖design 𝐴 [m3 s-1]  (16) 

Where A is drainage area in hectare and C is the runoff coefficient. In the final step we determine the size of an 

underground conduit using Manning equation (as a simple model) for full circular pipe (Eq. 17) [72]: 

 𝑄peak =
1

𝑛
 𝐴𝑝  𝑅ℎ

2/3
 𝑆1/2  (17) 

Where 𝑛 is Manning roughness coefficient, 𝐴𝑝 is the wetted cross-sectional area [m2], 𝑅ℎ is hydraulic radius [m] 

and 𝑆  is channel bed slope. By assuming 𝑘 = 20, 𝐴 = 20ha, 𝐶 = 0.70, 𝑛 = 0.013 and 𝑆 = 0.005. The results of 

drainage diameter design for the three cases are provided in Table 5. 

Table 5: Planning-stage underground stormwater conduit sizing derived from predicted precipitation produced by 

the PCI-GRU and PCI–MODWET–GRU models for the three study stations. Predicted mean daily precipitation 

is converted to a design rainfall intensity using a consistent peaking factor, and peak discharge is estimated 

using the Rational method. Indicative conduit diameters are then obtained by solving Manning’s equation 

for full-flow conditions under representative urban drainage assumptions. The results illustrate how 

differences in precipitation forecasts propagate into urban drainage capacity requirements at the planning 

stage. 

Town Station Model 𝑷𝒑𝒓𝒆𝒅(𝒎𝒎/𝒅𝒂𝒚) 𝒊𝒅𝒆𝒔𝒊𝒈𝒏(𝒎𝒎/𝒉𝒓) 𝑸𝒑𝒆𝒂𝒌(𝒎𝟑/𝒔) 𝑷𝒊𝒑𝒆 𝑫 (𝒎) 

Fort Kent 1013500 
PCI-GRU 3.17 2.64 0.10 0.35 

PCI–MODWET–GRU 3.15 2.63 0.10 0.35 

Leadville 7083000 
PCI-GRU 2.21 1.84 0.07 0.31 

PCI–MODWET–GRU 2.24 1.87 0.07 0.31 

Merced 11264500 
PCI-GRU 2.57 2.14 0.08 0.32 

PCI–MODWET–GRU 2.30 1.92 0.07 0.31 

 

This example provides a transparent pathway from monthly precipitation predictions to stormwater 

conveyance design variables. Even modest differences in predicted precipitation between PCI-GRU and PCI–

MODWET–GRU lead to measurable differences in computed peak discharge and indicative pipe diameter. For 
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instance, at Station 11264500, the lower predicted precipitation level implied by PCI–MODWET–GRU yields a 

smaller planning-stage diameter (0.31 m) than PCI-GRU (0.32 m), illustrating how forecast outputs can propagate 

into infrastructure capacity decisions. 

The largest required conduit diameter occurs at Station 01013500 (Fort Kent, Maine), which consistently 

exhibits the highest mean precipitation among the three case studies. This station is in a cold-region hydrologic 

setting where frequent precipitation, combined with seasonal snow accumulation and snowmelt-driven runoff, 

contributes to elevated effective runoff volumes during wet periods. As a result, even under identical urban 

catchment and design assumptions, the higher predicted precipitation levels at Fort Kent translate into larger 

design rainfall intensities and peak discharges, necessitating increased conveyance capacity. This highlights the 

importance of accounting for regional climatic characteristics when translating precipitation forecasts into urban 

drainage design requirements. 

5. Conclusion 

This study investigated the effectiveness of integrating MODWET as a preprocessing framework with a GRU 

deep learning model for monthly precipitation forecasting. In addition, the PCI was employed as an input selection 

method to reduce predictor redundancy and prevent the inclusion of non-informative variables, thereby 

improving model parsimony and computational efficiency. The proposed hybrid framework was evaluated across 

three hydrometeorological stations close to urbane area from the CAMELS dataset to assess its robustness and 

generalizability under different hydroclimatic settings relevant to planning- and design-oriented water 

management applications. 

The results consistently demonstrate that incorporating MODWET into the GRU architecture leads to improved 

predictive performance compared to the standalone GRU model at all three stations. This improvement is evident 

across multiple evaluation metrics, including RMSE, NSE, MAE, and correlation coefficient, confirming that entropy-

guided wavelet decomposition enhances the representation of nonstationary and multi-scale precipitation signals 

prior to deep learning. Among the examined stations, 01013500 and 11264500 exhibited the highest predictive 

skill, with correlation coefficients approaching 0.49, indicating a strong agreement between observed and 

simulated precipitation. These findings suggest that the proposed PCI–MODWET–GRU framework is particularly 

effective in regions where precipitation exhibits pronounced temporal structure and climatic forcing. Despite the 

overall performance gains, the results also reveal a systematic underestimation at two of the three stations, 

particularly during higher-magnitude precipitation events. This behavior suggests that, while MODWET improves 

signal decomposition and noise reduction, challenges remain in fully capturing extreme precipitation dynamics 

using data-driven deep learning models alone. Such underestimation may be attributed to the limited 

representation of extremes in the training data, the smoothing effect of wavelet decomposition, or the inherent 

difficulty of learning rare events in monthly-scale precipitation records. 

Overall, this study presents the first comprehensive evaluation of MODWET applied to precipitation forecasting 

within a deep learning framework. The results demonstrate that entropy-based preprocessing combined with 

targeted input selection can substantially enhance the performance and interpretability of deep learning models 

for hydroclimatic time series. From an urban design and architectural perspective, improved reliability in monthly 

precipitation forecasting supports climate-responsive planning, water-sensitive urban design, and the integration 

of green and blue infrastructure into the built environment. Future research should extend this framework to 

higher temporal resolutions, incorporate physics-informed constraints, and adopt extreme-event-aware loss 

functions to further reduce bias and strengthen robustness under evolving climate conditions. The proposed 

hybrid approach therefore offers a promising pathway toward more dependable precipitation forecasting tools 

that can inform urban infrastructure design, resilient architecture, and long-term water management strategies. 
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