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Abstract 

Accurate macro-administrative water distribution forecasting is essential for infrastructure planning and regional 

governance. While most prior studies focus on short-term urban demand, provincial-scale systems exhibit aggregated 

heterogeneity, structural shifts, and limited annual observations that challenge conventional forecasting approaches. This 

study proposes a Particle Swarm Optimization (PSO)-optimized hybrid ARIMA-LSTM framework designed for cross-

domain robustness in macro-scale infrastructure forecasting. Linear components are modeled using ARIMA, nonlinear 

residuals are learned via LSTM, and PSO jointly optimizes statistical and neural hyperparameters under validation 

constraints. The framework is evaluated across 34 Indonesian provinces using sequential train–validation–test splits and 

recursive multi-step forecasting. Beyond conventional accuracy metrics (RMSE, MAE, MAPE, R²), this study introduces 

cross-provincial RMSE variance and multi-domain Diebold-Mariano statistical testing as robustness indicators. Results 

show that the PSO-optimized hybrid model achieves the lowest average MAPE (21.79%), reduces inter-provincial RMSE 

variance by approximately 15%, dominates in 52.9% of provinces, and demonstrates statistically significant improvement 

in 76.5% of provinces. These findings confirm that optimization-enhanced hybrid decomposition improves structural 

stability and cross-domain generalization in heterogeneous macro-administrative infrastructure systems. 
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1. Introduction 

Accurate forecasting of water distribution demand is essential for infrastructure planning, resource allocation, and 

long-term policy formulation. Reliable projections enable governments and regional agencies to anticipate future 

demand, optimize investment strategies, and improve operational sustainability under evolving socio-economic 

conditions [1, 2]. These challenges become more significant in macro-administrative systems where demand 

characteristics vary substantially across regions. Traditional statistical approaches such as Autoregressive Integrated 

Moving Average (ARIMA) remain widely used in time-series forecasting because of their interpretability and 

effectiveness in modeling linear temporal dynamics [3, 4]. However, ARIMA assumes stationarity and linearity, 

limiting its ability to capture complex nonlinear relationships frequently observed in infrastructure systems. To 

address these limitations, machine learning and deep learning approaches have been increasingly explored in 

forecasting applications [5, 6]. 
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Among deep learning methods, Long Short-Term Memory (LSTM) networks demonstrate strong capability in 

learning nonlinear dependencies and long-term temporal patterns [7, 8]. Nevertheless, LSTM models are often sensitive 

to limited observations and may suffer from instability or overfitting when applied to annual infrastructure datasets 

characterized by relatively small sample sizes. 

Recent studies have therefore explored hybrid forecasting frameworks that combine statistical and deep learning 

models to exploit complementary strengths [9, 10]. In residual-based hybrid architectures, ARIMA is commonly used 

to model linear structures, while LSTM captures nonlinear residual behavior [9, 11]. Such approaches have shown 

promising results in energy, environmental, and urban forecasting applications. However, most existing studies focus 

primarily on localized systems or high-frequency datasets, limiting their applicability to provincial-scale infrastructure 

forecasting characterized by aggregated heterogeneity and structural variability. 

Another important limitation in current forecasting studies concerns optimization and evaluation strategies. Many 

hybrid models rely on manually selected hyperparameters or restricted search procedures, which may not provide stable 

configurations across heterogeneous domains [5, 6]. Particle Swarm Optimization (PSO) has emerged as an efficient 

metaheuristic optimization technique due to its low computational complexity and strong global search capability [12, 

13]. Despite its advantages, the integration of PSO within hybrid ARIMA-LSTM frameworks for macro-administrative 

infrastructure forecasting remains relatively underexplored. 

In addition, forecasting evaluation is commonly restricted to average accuracy indicators such as RMSE, MAE, and 

MAPE [2]. While these metrics provide useful performance information, they do not adequately reflect model robustness 

across heterogeneous regions. Cross-domain consistency and statistical significance are rarely incorporated into 

forecasting assessment, even though they are important for policy-level decision-making in large-scale administrative 

systems. 

Based on these gaps, this study proposes a PSO-optimized hybrid ARIMA-LSTM framework for provincial water 

distribution forecasting. The proposed model integrates linear trend modeling, nonlinear residual learning, and global 

hyperparameter optimization within a unified forecasting architecture. In addition to conventional forecasting metrics, 

this study introduces cross-provincial RMSE variance and Diebold-Mariano statistical testing to evaluate robustness and 

inferential significance across heterogeneous provinces. 

The main contributions of this study are threefold. First, it extends hybrid forecasting approaches to macro-

administrative systems characterized by limited observations and structural heterogeneity. Second, it incorporates PSO-

based joint optimization to improve parameter stability and forecasting consistency. Third, it introduces robustness-

oriented evaluation through variance analysis and formal statistical testing, providing a more comprehensive validation 

framework for infrastructure forecasting models. 

The remainder of this paper is organized as follows. Section 2 reviews related work on statistical forecasting, deep 

learning models, hybrid architectures, and metaheuristic optimization techniques. Section 3 describes the study area and 

dataset. Section 4 presents the proposed methodology. Section 5 explains the experimental setup. Section 6 discusses 

the forecasting results and comparative analysis. Section 7 presents theoretical and policy implications, and Section 8 

concludes the study. 

2. Literature Review 

2.1. Statistical Time-Series Forecasting 

Statistical forecasting methods remain widely used in infrastructure and environmental prediction due to their 

mathematical interpretability and relatively low computational requirements [3, 11]. Among these methods, ARIMA 

has become one of the most established approaches for modeling temporal dependencies in stationary time-series data 

[3]. ARIMA-based forecasting has been successfully applied in water demand prediction, energy consumption analysis, 

and transportation planning because of its effectiveness in capturing linear temporal structures [3, 10]. 

Despite these advantages, ARIMA exhibits limitations when applied to systems characterized by nonlinear 

fluctuations and structural variability. The assumption of linearity restricts its capability to model complex interactions 

frequently observed in large-scale infrastructure systems [14]. As a result, forecasting accuracy may deteriorate under 

heterogeneous or rapidly changing demand conditions.  

2.2. Deep Learning 

Deep learning approaches have gained significant attention in time-series forecasting due to their ability to learn 

nonlinear relationships from sequential data [7, 8]. In particular, LSTM networks are designed to overcome the vanishing 

gradient problem and effectively capture long-term temporal dependencies [15, 16]. These capabilities make LSTM 

suitable for forecasting applications involving nonlinear and dynamic temporal patterns. Recent studies also emphasize 

the importance of explainability and interpretability in water demand forecasting to improve trust and policy usability 

of AI-based systems [17]. 
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Several studies report improved forecasting performance using LSTM-based architectures in water demand, energy 

systems, and environmental prediction [7, 8]. However, deep learning models generally require large training datasets 

to achieve stable generalization. In annual infrastructure datasets with limited observations, LSTM models may become 

sensitive to overfitting and parameter instability [18]. 

2.3. Hybrid Forecasting Approaches 

To overcome the limitations of standalone models, hybrid forecasting frameworks have been increasingly proposed 

[9, 10]. Hybrid approaches attempt to combine complementary modeling strengths by separating linear and nonlinear 

temporal components. In residual-based architectures, ARIMA is commonly used for linear decomposition, while neural 

networks model the remaining nonlinear residual structures [19]. 

Previous studies demonstrate that hybrid models can improve forecasting performance compared with standalone 

statistical or deep learning methods [20, 21]. Nevertheless, most hybrid forecasting applications focus on localized urban 

systems or high-frequency datasets. Limited research investigates hybrid forecasting under macro-administrative 

conditions characterized by aggregated heterogeneity and cross-regional variability. Recent hybrid forecasting studies 

increasingly integrate decomposition strategies and deep learning architectures to improve multi-step water demand 

prediction under nonlinear temporal conditions [22]. 

2.4. Metaheuristic Optimization in Forecasting 

Metaheuristic optimization techniques have been widely applied to improve forecasting model configuration and 

parameter selection [17, 23]. Among these methods, Particle Swarm Optimization (PSO) is recognized for its simple 

implementation, fast convergence, and strong global exploration capability [12, 13]. PSO has been successfully 

integrated into neural networks and hybrid forecasting frameworks to optimize hyperparameters and improve predictive 

stability [24]. 

Compared with alternative approaches such as Genetic Algorithms or Bayesian optimization, PSO requires fewer 

control parameters and demonstrates lower computational complexity in many forecasting applications [25]. These 

characteristics make PSO particularly suitable for annual macro-scale datasets with limited observations. 

2.5. Research Gaps 

The literature review identifies several important research gaps. First, most forecasting studies focus on short-term 

or localized systems rather than provincial-scale infrastructure forecasting characterized by heterogeneous regional 

dynamics. Second, robustness evaluation across administrative regions remains limited, with most studies emphasizing 

average accuracy metrics alone. Third, statistical significance testing is rarely incorporated into hybrid forecasting 

validation. Finally, the integration of PSO-optimized hybrid ARIMA-LSTM frameworks within macro-administrative 

forecasting contexts remains insufficiently explored. 

To address these limitations, this study proposes a PSO-optimized hybrid ARIMA-LSTM framework combined with 

cross-provincial robustness evaluation and Diebold-Mariano statistical testing for provincial water distribution 

forecasting. 

3. Study Area and Data 

3.1. Provincial Context of Indonesia 

Indonesia is an archipelagic country consisting of 34 provinces with substantial heterogeneity in demographic 

distribution, economic structure, infrastructure capacity, and climate conditions. Provincial governments play a central 

role in medium- and long-term infrastructure planning, including clean water distribution systems. 

Unlike city-level water utilities, provincial water distribution aggregates multiple municipal systems, rural supply 

networks, and regional infrastructure projects. Consequently, provincial-level time series exhibit: 

 Aggregated heterogeneous demand patterns; 

 Structural shifts due to infrastructure expansion; 

 Policy-driven growth dynamics; 

 Partial non-stationarity over long horizons. 

Previous studies predominantly examine localized urban or short-term water demand datasets [20, 24, 26], while 

macro-administrative forecasting systems remain comparatively underexplored [17, 21, 25]. Therefore, Indonesia 

provides a suitable empirical context to evaluate forecasting performance under heterogeneous regional conditions.  
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3.2. Dataset Description 

The dataset consists of annual clean water distribution volumes (in cubic meters, m³) for all 34 Indonesian provinces. 

The observation period spans multiple consecutive years (denoted as 𝑡 = 1,2, ⋯ , 𝑇), forming balanced panel time-series 

data. 

Formally, the dataset can be represented as: 

𝐷 = {𝑌𝑝,𝑡|𝑝 = 1,2, ⋯ ,34; 𝑡 = 1,2, ⋯ , 𝑇} (2) 

where, 𝑌𝑝,𝑡 denotes the annual clean water distribution volume in province 𝑝 at time 𝑡; 𝑝 represents provincial index; 𝑡 

represents time index (year). 

The dependent variable 𝑌𝑝,𝑡 is continuous and modeled as a univariate time series. No exogenous covariates are 

included in the baseline modeling framework to isolate intrinsic temporal dynamics, consistent with prior univariate 

forecasting studies [3, 10, 27]. 

3.3. Sample Size and Annual Resolution Justification 

The dataset spans 1995–2023, resulting in 29 annual observations per province and forming a balanced panel time 

series of moderate length. Although annual data provide fewer observations compared to high-frequency urban datasets, 

provincial macro-administrative planning inherently operates on medium- to long-term horizons. To mitigate overfitting 

risks under limited sample conditions: 

 LSTM architecture is restricted to a single hidden layer; 

 Early stopping is applied based on validation loss stabilization; 

 Hyperparameter search space is constrained; 

 Cross-provincial evaluation ensures domain-level robustness. 

The modeling objective is not ultra-high short-term precision but structural stability and generalization across 

heterogeneous administrative units. 

3.4. Statistical Characteristics 

Preliminary descriptive analysis indicates that provincial time series exhibit: 

 Long-term upward trends in high-growth provinces; 

 Intermittent structural breaks; 

 Varying variance across provinces; 

 Non-uniform growth rates. 

Let the mean and variance of each provincial series be defined as: 

𝜇𝑝 =
1

𝑇
∑ 𝑌𝑝,𝑡

𝑇
𝑡=1   (3) 

𝜎𝑝
2 =

1

𝑇−1
∑ (𝑌𝑝,𝑡 − 𝜇𝑝)

2𝑇
𝑡=1   (4) 

The substantial differences in 𝜎𝑝
2 across provinces indicate heterogeneous volatility levels, which justify cross-

provincial robustness evaluation. 

Stationarity is assessed using differencing within ARIMA modeling (Section 4), consistent with conventional time-

series procedures [3].  

3.5. Data Splitting Strategy 

To ensure unbiased performance evaluation and prevent information leakage, the dataset is partitioned into three 

sequential subsets: 

 Training set (70%) 

 Validation set (15%) 

 Testing set (15%) 
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Let total observations per province be 𝑇. Then: 

𝑇𝑡𝑟𝑎𝑖𝑛 = ⌊0.70𝑇⌋ (5) 

𝑇𝑣𝑎𝑙 = ⌊0.15𝑇⌋ (6) 

𝑇𝑡𝑒𝑠𝑡 = 𝑇 − 𝑇𝑡𝑟𝑎𝑖𝑛 − 𝑇𝑣𝑎𝑙  (7) 

The training set is used for parameter estimation, the validation set for PSO-based hyperparameter optimization, and 

the test set for final performance evaluation. 

Sequential splitting preserves temporal order: 

{𝑌𝑝,1, … , 𝑌𝑝,𝑇𝑡𝑟𝑎𝑖𝑛
} → 𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 (8) 

{𝑌𝑝,𝑇𝑡𝑟𝑎𝑖𝑛+1, … , 𝑌𝑝,𝑇𝑡𝑟𝑎𝑖𝑛+𝑇𝑣𝑎𝑙
} → 𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 (9) 

{𝑌𝑝,𝑇−𝑇𝑡𝑒𝑠𝑡+1,⋯,𝑌𝑝,𝑇} → 𝑇𝑒𝑠𝑡𝑖𝑛𝑔 (10) 

This rolling-forward structure aligns with standard forecasting evaluation protocols [15, 28].  

3.6. Forecasting Horizon 

The forecasting framework employs recursive multi-step forecasting for the testing period. For each province 𝑝, 

forecasts are generated iteratively: 

𝑌̂𝑝,𝑡+1, 𝑌̂𝑝,𝑡+2, … , 𝑌̂𝑝,𝑇 (11) 

where predicted values are fed back as inputs for subsequent steps. 

Although recursive forecasting may accumulate error propagation, it reflects realistic multi-year planning scenarios 

at the provincial level. 

3.7. Cross-Provincial Evaluation Framework 

To evaluate model robustness across heterogeneous provinces, performance metrics are computed individually 

for each 𝑝. Let 𝐸𝑝 denote an error metric (e.g., RMSE) for province 𝑝. The cross-provincial average error is defined 

as: 

𝐸 =
1

34
∑ 𝐸𝑝

34
𝑝=1   (12) 

Inter-provincial variance of RMSE is defined as: 

𝑉𝑎𝑟(𝑅𝑀𝑆𝐸) =
1

33
∑ (𝑅𝑀𝑆𝐸𝑝 − 𝑅𝑀𝑆𝐸)

2
34
𝑝=1    (13) 

This cross-domain variance serves as an additional robustness indicator beyond mean accuracy, addressing 

heterogeneity across governance units. 

3.8. Summary 

The dataset represents a macro-administrative panel of annual clean water distribution across 34 heterogeneous 

provinces. The structured train-validation-test split, recursive multi-step forecasting, and cross-provincial robustness 

evaluation framework ensure methodological rigor and are consistent with prior water demand forecasting studies 

[29]. The next section presents the proposed PSO-optimized hybrid ARIMA-LSTM methodology in formal 

mathematical detail. 

4. Methodology 

This section presents the formal mathematical formulation of the proposed PSO-optimized hybrid ARIMA-LSTM 

framework. The modeling architecture consists of four components: (i) ARIMA modeling of linear structure, (ii) LSTM-

based nonlinear residual learning, (iii) hybrid reconstruction, and (iv) Particle Swarm Optimization for joint 

hyperparameter tuning. 
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Figure 1 illustrates the overall workflow of the proposed PSO-optimized hybrid ARIMA-LSTM forecasting 

framework. The process consists of data preprocessing, ARIMA-based linear modeling, LSTM residual learning, PSO-

based hyperparameter optimization, recursive forecasting, and multi-level evaluation across provinces. 

 

Figure 1. Workflow of the proposed PSO-optimized hybrid ARIMA–LSTM forecasting framework 

4.1. ARIMA Modeling of Linear Components 

The Autoregressive Integrated Moving Average ARIMA(p,d,q) model captures linear temporal dependencies [3]. 

Let 𝑌𝑡 denote the original time series. After differencing 𝑑 times: 

𝑌𝑡
(𝑑)

= (1 − 𝐵)𝑑𝑌𝑡  (14) 

where, 𝐵 is the backshift operator such that 𝐵𝑌𝑡 = 𝑌𝑡−1. 

The ARIMA(p,d,q) model is expressed as: 

Փ𝑝(𝐵)𝑌𝑡
(𝑑)

= 𝛩𝑞(𝐵)𝜀𝑡 (15) 

where: 

Փ𝑝(𝐵) = 1 − 𝜙1𝐵 − 𝜙2𝐵2 − ⋯ − 𝜙𝑝𝐵𝑝 (16) 

𝛩𝑞(𝐵) = 1 + 𝜃1𝐵 + 𝜃2𝐵2 + ⋯ + 𝜃𝑞𝐵𝑞  (17) 

and  𝜀𝑡~𝒩(0, 𝜎2) is white noise. 

Parameter estimation is conducted by maximizing the log-likelihood function: 

ℒ(𝜃) = −
𝑇

2
𝐼𝑛(2𝜋𝜎2) −

1

2𝜎2
∑ 𝜀𝑡

2𝑇
𝑡=1   (18) 

Model order selection is based on the Akaike Information Criterion (AIC): 

𝐴𝐼𝐶 = 2𝑘 − 2 𝐼𝑛(ℒ) (19) 

where, 𝑘 is the number of estimated parameters. 

The ARIMA forecast for horizon ℎ is: 

𝑌̂𝑡+ℎ
𝐴𝑅𝐼𝑀𝐴 (20) 

This component captures the deterministic linear structure ℒ𝑡. 

4.2. Residual Extraction 

After ARIMA fitting, residuals are computed as: 

𝑒𝑡 = 𝑌𝑡 − 𝑌̂𝑡
𝐴𝑅𝐼𝑀𝐴 (21) 

The residual sequence {𝑒𝑡} represents nonlinear components not captured by ARIMA, consistent with prior hybrid 

forecasting decomposition approaches [9, 10]. 
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4.3. LSTM Modeling of Nonlinear Residual Dynamics 

The residual sequence is modeled using a Long Short-Term Memory network [15, 30-32]. 

Given input sequence window 𝓌, the LSTM receives: 

𝑋𝑡 = [𝑒𝑡−𝑤 , 𝑒𝑡−𝑤 + 1, … , 𝑒𝑡−1] (22) 

The internal LSTM operations are defined as follows. 

Forget Gate: 

𝑓𝑡 = 𝜎(𝑊𝑓𝑋𝑡 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓) (23) 

Input Gate: 

𝑖𝑡 = 𝜎(𝑊𝑖𝑋𝑡 + 𝑈𝑖ℎ𝑡−1 + 𝑏𝑖) (24) 

Candidate Cell State: 

𝐶̃𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐𝑋𝑡 + 𝑈𝑐ℎ𝑡−1 + 𝑏𝑐) (25) 

Cell State Update: 

𝐶𝑡 = 𝑓𝑡 ⊙ 𝐶𝑡−1 + 𝑖𝑡 ⊙ 𝐶̃𝑡 (26) 

Output Gate: 

𝑂𝑡 = 𝜎(𝑊𝑜𝑋𝑡 + 𝑈𝑜ℎ𝑡−1 + 𝑏𝑜) (27) 

Hidden State: 

ℎ𝑡 = 𝑜𝑡 ⊙ 𝑡𝑎𝑛ℎ(𝐶𝑡) (28) 

The predicted residual is: 

𝑒̂𝑡
𝐿𝑆𝑇𝑀 = 𝑊𝑦ℎ𝑡 + 𝑏𝑦 (29) 

where Wf, Wi, Wc, Wo, Wy and biases are learnable parameters. 

Training minimizes Mean Squared Error: 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑒𝑡 − 𝑒̂𝑡)2𝑛

𝑡=1   (30) 

4.4. Hybrid Reconstruction 

The final hybrid forecast combines linear and nonlinear components: 

𝑌̂𝑡
𝐻𝑦𝑏𝑟𝑖𝑑

= 𝑌̂𝑡
𝐴𝑅𝐼𝑀𝐴 + 𝑒̂𝑡

𝐿𝑆𝑇𝑀 (31) 

For multi-step forecasting: 

𝑌̂𝑡+ℎ
𝐻𝑦𝑏𝑟𝑖𝑑

= 𝑌̂𝑡+ℎ
𝐴𝑅𝐼𝑀𝐴 + 𝑒̂𝑡+ℎ

𝐿𝑆𝑇𝑀 (32) 

This structure balances bias reduction (LSTM) and variance control (ARIMA).  

4.5. Particle Swarm Optimization (PSO) 

To optimize model hyperparameters jointly, Particle Swarm Optimization is employed [12, 13]. 

Let each particle represent a candidate parameter vector: 

𝑋𝑖 = (𝑝, 𝑑, 𝑞, 𝑛𝑛𝑒𝑢𝑟𝑜𝑛𝑠 , 𝜂, 𝑤) (33) 

where, 𝑝, 𝑑, 𝑞: ARIMA orders; 𝑛𝑛𝑒𝑢𝑟𝑜𝑛𝑠: number of LSTM neurons; 𝜂: learning rate; 𝑤: window size. 

Velocity Update: 

𝑣𝑖
𝑘+1 = 𝑤𝑣𝑖

𝑘 + 𝑐1𝑟1(𝑝𝑏𝑒𝑠𝑡 − 𝑥𝑖
𝑘) + 𝑐2𝑟2(𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖

𝑘)                                                                   (34) 
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Position Update: 

𝑥𝑖
𝑘+1 = 𝑥𝑖

𝑘 + 𝑣𝑖
𝑘+1 (35) 

where, 𝑤: inertia weight; 𝑐1, 𝑐2: acceleration coefficients; 𝑟1, 𝑟2~𝑈(0,1). 

The optimization objective minimizes validation RMSE: 

min
𝑥

𝑅𝑀𝑆𝐸𝑣𝑎𝑙  (36) 

where: 

𝑅𝑀𝑆𝐸𝑣𝑎𝑙 = √
1

𝑛
∑ (𝑌𝑡 − 𝑌̂𝑡)

2
𝑡∈𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛   (37) 

4.6. Algorithmic Procedure 

The complete PSO-optimized hybrid ARIMA-LSTM algorithm is summarized as follows: 

Algorithm 1: PSO-Optimized Hybrid Forecasting 

1. Split data into training, validation, and testing sets. 

2. Initialize PSO particles 𝑋𝑖. 

3. For each particle: 

 Fit ARIMA(𝑝, 𝑑, 𝑞) on training data. 

 Compute residuals. 

 Train LSTM with specified neurons, learning rate, and window size. 

 Compute validation RMSE. 

4. Update particle velocity and position using Equations (34)-(35). 

5. Repeat until convergence or maximum iterations. 

6. Select global best parameter vector. 

7. Retrain ARIMA-LSTM hybrid using optimal parameters. 

8. Generate test forecasts and compute evaluation metrics.  

4.7. Model Complexity Consideration 

The computational complexity consists of: 

 ARIMA estimation: 𝑂(𝑇(𝑝 + 𝑞))  

 LSTM training: 𝑂(𝐸 ∙ 𝑇 ∙ 𝑛𝑛𝑒𝑢𝑟𝑜𝑛𝑠)  

 PSO search: 𝑂(𝑃 ∙ 𝐼 ∙ 𝐶) 

where, 𝑃: number of particles; 𝐼: iterations; 𝐶: cost per model evaluation. 

Despite increased computational demand, PSO ensures global exploration and reduces suboptimal convergence risk. 

Empirically, PSO convergence occurs within 15–20 iterations, limiting computational overhead relative to performance 

gains. 

4.8. Summary 

The proposed methodology integrates linear statistical modeling, nonlinear residual learning, and global optimization 

within a unified framework. The next section presents the experimental design, evaluation metrics, and statistical 

validation procedures. 

5. Experimental Design and Evaluation Metrics  

This section describes the experimental setup, evaluation metrics, cross-provincial robustness framework, and 

statistical significance testing procedures used to assess forecasting performance. 

5.1. Experimental Setup 

Experiments are conducted independently for each of the 34 provinces. For each province 𝑝, four models are 

estimated: 

 ARIMA baseline 

 Hybrid ARIMA-LSTM (non-optimized) 
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 PSO-optimized Hybrid ARIMA-LSTM 

 XGBoost (nonlinear benchmark) 

An XGBoost model was implemented as a nonlinear benchmark. While competitive in selected provinces, it does 

not consistently outperform the PSO-optimized hybrid model in cross-provincial robustness or statistical dominance 

frequency. 

All models follow the same sequential train-validation-test split defined in Section 3. 

Hyperparameter search ranges are defined as: 

𝑝 ∈ [0, 3],      𝑑 ∈ [0, 1],      𝑞 ∈ [0, 3] (38) 

𝑛𝑛𝑒𝑢𝑟𝑜𝑛𝑠 ∈ [10, 50] (39) 

𝜂 ∈ [0.001, 0.05] (40) 

𝓌 ∈ [2, 5] (41) 

PSO configuration parameters are: 

𝑃 = 20 particles,      𝐼 = 30 iterations (42) 

These ranges ensure adequate exploration while maintaining computational tractability. 

5.2. Naïve Benchmark Comparison 

To contextualize negative R² values observed across models, a persistence (Naïve) benchmark is included: 

𝑌̂𝑡+1
𝑛𝑎𝑖𝑣𝑒 = 𝑌𝑡 (43) 

The persistence model yields comparable negative R² values, indicating that negative coefficients primarily reflect 

structural volatility rather than systematic model misspecification. Relative error metrics (RMSE and MAPE) therefore 

provide more appropriate performance comparisons at the macro-administrative scale. 

5.3. Hyperparameter Sensitivity Analysis 

To assess robustness, sensitivity analysis was conducted for LSTM neuron size (20–40) and window size (2–5). 

Performance variations remained within ±3% MAPE range, indicating that the model is not excessively sensitive to 

minor hyperparameter perturbations. 

This supports the stability of the PSO-optimized configuration. To mitigate overfitting under limited annual 

observations, LSTM architecture depth was constrained to a single hidden layer and early stopping was applied during 

training based on validation loss stabilization. 

5.4. Forecasting Strategy 

Recursive multi-step forecasting is applied to the test set. Let 𝐻 denote the number of test observations. Forecasts 

are generated sequentially: 

{𝑌̂𝑝,𝑡}
𝑡=𝑇𝑡𝑟𝑎𝑖𝑛+𝑇𝑣𝑎𝑙+1

𝑇
 (44) 

Predicted values are recursively fed into subsequent steps. 

5.5. Evaluation Metrics  

Forecasting accuracy is assessed using four metrics. 

 Root Mean Square Error (RMSE) 

𝑅𝑀𝑆𝐸𝑝 = √
1

𝐻
∑ (𝑌𝑝,𝑡 − 𝑌̂𝑝,𝑡)

2𝐻
𝑡=1   (45) 

RMSE penalizes large deviations and is scale-sensitive. 

 Mean Absolute Error (MAE) 

𝑀𝐴𝐸𝑝 =
1

𝐻
∑ |𝑌𝑝,𝑡 − 𝑌̂𝑝,𝑡|𝐻

𝑡=1   (46) 

MAE provides a scale-consistent measure of absolute deviation. 
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 Mean Absolute Percentage Error (MAPE) 

𝑀𝐴𝑃𝐸𝑝 =
100

𝐻
∑ |

𝑌𝑝,𝑡−𝑌̂𝑝,𝑡

𝑌𝑝,𝑡
|𝐻

𝑡=1   (47) 

MAPE expresses relative forecasting accuracy. 

 Coefficient of Determination (R²) 

𝑅𝑝
2 = 1 −

∑ (𝑌𝑝,𝑡−𝑌̂𝑝,𝑡)
2𝐻

𝑡=1

∑ (𝑌𝑝,𝑡−𝑌̂𝑝)
2𝐻

𝑡=1

  (48) 

where, 𝑌̂𝑝 is the mean of actual test values. 

5.6. Cross-Provincial Aggregation  

To evaluate robustness across heterogeneous provinces, aggregate metrics are computed: 

Mean Performance 

𝑅𝑀𝑆𝐸 =
1

34
∑ 𝑅𝑀𝑆𝐸𝑃

34
𝑃=1   (49) 

𝑀𝐴𝑃𝐸 =
1

34
∑ 𝑀𝐴𝑃𝐸𝑃

34
𝑃=1   (50) 

Inter-Provincial Variance 

𝑉𝑎𝑟(𝑅𝑀𝑆𝐸) =
1

33
∑ (𝑅𝑀𝑆𝐸𝑝 − 𝑅𝑀𝑆𝐸)

2
34
𝑃=1   (51) 

Variance reduction serves as an indicator of cross-domain stability. 

5.7. Model Dominance Frequency  

𝐹𝑚 = ∑ 𝐼 (𝑅𝑀𝑆𝐸𝑝,𝑚 = 𝑚𝑖𝑛(𝑅𝑀𝑆𝐸𝑝))34
𝑃=1   (52) 

where, 𝐼(∙) is the indicator function. 

5.8. Diebold-Mariano (DM) Statistical Test  

To determine whether performance differences between two models are statistically significant, the Diebold-

Mariano test is applied [28, 33]. 

Let forecasting errors of model 𝐴 and model 𝐵 be: 

𝑒𝐴,𝑡 = 𝑌𝑡 − 𝑌̂𝐴,𝑡 (53) 

𝑒𝐵,𝑡 = 𝑌𝑡 − 𝑌̂𝐵,𝑡 (54) 

Define loss differential: 

𝑑𝑡 = 𝑒𝐴,𝑡
2 − 𝑒𝐵,𝑡

2  (55) 

Mean differential: 

𝑑 =
1

𝐻
∑ 𝑑𝑡

𝐻
𝑡=1   (56) 

where, t denotes the forecasting horizon index, and H represents the forecasting horizon length. 

Variance: 

𝑉𝑎𝑟(𝑑) =
1

𝐻−1
∑ (𝑑𝑡 − 𝑑)

2
𝐻
𝑡=1   (57) 

The DM statistic is: 

𝐷𝑀 =
𝑑

√𝑉𝑎𝑟(𝑑) 𝐻⁄
  (58) 
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Under the null hypothesis: 

𝐻0 ∶ 𝐸[𝑑𝑡] = 0  (59) 

the DM statistic asymptotically follows a standard normal distribution. 

A model is considered significantly superior if: 

|𝐷𝑀| > 𝑧𝛼 2⁄   (60) 

with 𝛼 = 0.05 

The Diebold-Mariano statistic is computed using heteroskedasticity and autocorrelation-consistent (HAC) variance 

estimation to account for serial correlation in multi-step forecast errors. Lag truncation follows standard small-sample 

correction procedures. This ensures statistical validity under limited annual observations. 

5.9. Cross-Provincial Significance Ratio  

Let 𝑆𝑝 denote whether improvement is significant in province 𝑝: 

𝑆𝑝 = {
1,            𝑝⎼𝑣𝑎𝑙𝑢𝑒 < 0.05
0,                  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒     

 (61) 

The proportion of significant improvements is: 

𝑅 =
1

34
∑ 𝑆𝑝

34
𝑝=1   (62) 

In empirical results: 

𝑅 =
26

34
= 0.76 (63) 

indicating statistically significant improvement in 76.5% of provinces. 

5.10. Robustness Considerations  

The evaluation framework incorporates: 

 Multiple accuracy metrics 

 Cross-domain aggregation 

 Variance stability assessment 

 Statistical hypothesis testing 

This multi-layer evaluation ensures that model superiority is not merely based on average error reduction but also 

validated through geographical consistency and formal statistical inference. 

5.11. PSO Convergence Analysis 

Validation RMSE stabilizes within 15–20 iterations, after which improvements are marginal. This indicates stable 

global search behavior and low risk of premature convergence in the joint ARIMA-LSTM hyperparameter space. 

The convergence pattern confirms that PSO effectively navigates the joint hyperparameter space of ARIMA and 

LSTM components. 

5.12. Summary 

The experimental design integrates model-level, provincial-level, and cross-provincial evaluation criteria. The next 

section presents empirical results, comparative tables, graphical analysis, and statistical interpretation. 

6. Results and Discussion 

6.1. National Average Forecasting Performance 

Table 1 summarizes the average forecasting performance across 34 provinces using multiple evaluation metrics. 

The results indicate that model behavior varies substantially depending on whether scale-dependent or proportional 

accuracy metrics are considered. This observation is consistent with large-scale benchmarking studies showing that 

forecasting superiority often depends on dataset heterogeneity and evaluation criteria rather than absolute model 

complexity alone [25]. 
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ARIMA achieves relatively competitive RMSE values due to its ability to model dominant linear temporal structures 

in provinces with high water distribution volumes. However, RMSE is sensitive to absolute scale differences and may 

disproportionately favor large-volume provinces. In heterogeneous macro-administrative systems, proportional metrics 

such as MAPE provide a more balanced comparison across regions with varying demand magnitudes. 

The proposed PSO-optimized hybrid ARIMA-LSTM model achieves the lowest average MAPE (21.79%) among 

model-based forecasting approaches. This result suggests improved proportional forecasting consistency across 

provinces with heterogeneous temporal patterns. More importantly, the hybrid framework reduces inter-provincial 

RMSE variance by approximately 15% compared to standalone ARIMA, indicating stronger cross-domain robustness 

and more stable performance across administrative regions. 

The improvement can be attributed to the complementary integration of linear trend modeling and nonlinear residual 

learning. ARIMA captures dominant temporal structures, while LSTM models residual nonlinearities that cannot be 

adequately represented through linear assumptions alone. The incorporation of PSO further improves parameter stability 

by reducing dependency on manually selected hyperparameters. 

XGBoost demonstrates moderate improvement over standalone ARIMA in proportional accuracy, but exhibits higher 

variability across provinces. This finding indicates that nonlinear ensemble learning alone does not necessarily ensure 

stable forecasting behavior under aggregated regional heterogeneity. Meanwhile, standalone LSTM models show greater 

sensitivity to limited annual observations, which may contribute to instability and overfitting in several provinces. 

Overall, the findings indicate that the proposed hybrid framework achieves a more balanced trade-off between 

predictive accuracy, robustness, and structural generalization. Such characteristics are particularly important in macro-

administrative forecasting environments where policy decisions require stable performance across heterogeneous 

regions rather than isolated improvements in specific provinces. 

The naïve benchmark is presented separately because its relatively low proportional error primarily reflects strong 

temporal persistence in aggregated annual provincial data rather than structural predictive capability. Although 

persistence-based forecasting can yield low short-term MAPE values under stable continuity, it lacks the ability to model 

nonlinear transitions, structural shifts, and evolving infrastructure demand dynamics (see Table 2). 

RMSE variance is not reported for the naïve benchmark because the metric is intended to evaluate robustness among 

structurally modeled forecasting frameworks under heterogeneous regional dynamics. 

Table 1. Average performance of structurally modeled forecasting approaches 

Model RMSE MAE MAPE (%) R² RMSE Variance 

ARIMA 27,490.80 25,268.84 22.55 -11.54 2.66 × 109 

ARIMA+LSTM 28,328.54 26,081.03 23.20 -12.25 2.62 × 109 

ARIMA+LSTM+PSO 27,711.67 25,658.86 21.79 -11.70 2.27 × 109 

XGBoost 27,980.45 25,842.91 22.18 -11.88 2.54 × 109 

Table 2. Persistence-based benchmark forecasting performance 

Benchmark Model RMSE MAE MAPE R² 

Naïve 19,266.44 15,897.27 7.64 -2.79 

6.2. Model Dominance Frequency 

Table 3 summarizes the number of provinces where each model achieves the lowest RMSE. 

Table 3. Model dominance frequency 

Model Number of Provinces 

ARIMA+LSTM+PSO 18 

ARIMA 7 

ARIMA+LSTM 3 

XGBoost 6 



HighTech and Innovation Journal         Vol. 7, No. 2, June, 2026 

525 

 

The PSO-optimized hybrid model outperforms other models in 18 out of 34 provinces (52.9%), indicating systematic 

geographic superiority rather than isolated performance gains. XGBoost achieves the lowest RMSE in 6 provinces 

(17.6%), primarily in moderately volatile regions. ARIMA remains competitive in 7 provinces characterized by smoother 

growth trajectories, while the non-optimized hybrid model dominates in only 3 provinces, confirming that 

hyperparameter optimization structurally enhances hybrid effectiveness. 

6.3. Statistical Significance: Diebold-Mariano Test 

To evaluate whether observed improvements are statistically meaningful, Diebold-Mariano tests were 

conducted comparing ARIMA and PSO-hybrid forecasts for each province. Results indicate statistically 

significant improvement in 26 of 34 provinces (76.5%) at α = 0.05. Dominance frequency measures absolute 

lowest RMSE occurrence, whereas the Diebold-Mariano test evaluates statistical significance of mean loss 

differential, even when absolute dominance is marginal. When compared against XGBoost, the PSO-optimized 

hybrid model demonstrates statistically significant improvement in 20 out of 34 provinces (58.8%), confirming 

that integrating linear decomposition and global optimization yields systematic advantages over standalone 

nonlinear ensemble methods. 

6.4. Residual Diagnostic 

Model adequacy was evaluated using the Ljung-Box statistic: 

Q = 𝑇(𝑇 + 2) ∑
𝑝𝑘

2

𝑇−𝑘

𝑚
𝑘=1   (64) 

Across provinces, p-values at lag 10 exceed 0.05 in the majority of cases, indicating no significant residual 

autocorrelation. 31 out of 34 provinces exhibit Ljung-Box p-values > 0.05. Complete province-level diagnostic results 

are available in supplementary computation records (see Table 4). 

Table 4. Summary of Ljung-Box Residual Diagnostic Results 

Province Ljung-Box p-value (lag 10) 

Aceh 0.12 

Jawa Barat 0.18 

Jawa Tengah 0.09 

Jawa Timur 0.15 

Papua 0.21 

… … 

Note: All reported p-values exceed 0.05, indicating no 

statistically significant residual autocorrelation. 

Residual distributions approximate zero mean without systematic clustering, confirming that the hybrid structure 

adequately captures linear and nonlinear dependencies. These diagnostic results strengthen the statistical validity of the 

proposed framework. 

6.5. Interpretation of Negative R2 Values 

Negative R² values arise because recursive multi-step forecasting over heterogeneous annual series often 

produces residual variance exceeding explained variance, particularly under structural breaks. Since similar 

negative R² values are observed across all competing models, including the Naïve benchmark, model comparison 

prioritizes scale-sensitive (RMSE) and proportional (MAPE) metrics alongside cross-provincial variance reduction 

and statistical testing. 

6.6. Structural Behavior Across Provincial Types 

Based on graphical analysis (Figures 2 to 4), provinces can be categorized into three behavioral types: 
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High-Demand Provinces 

Examples: Jawa Timur, Jawa Barat, Sumatera Utara. 

Observed pattern: Strong upward trend with occasional structural jumps. 

Finding: PSO-hybrid adapts better to post-shift level changes than ARIMA. 

 

Figure 2. Forecasting behavior in high-demand provinces: (a) Jawa Timur, (b) Jawa Barat, (c) Sumatera Utara 

Volatile Provinces 

Examples: DKI Jakarta, Banten, Bali. 

Observed pattern: Higher variance and irregular growth. 

Finding: Hybrid residual learning captures nonlinear fluctuations more effectively. 

 

Figure 3. Volatile Provinces: (a) DKI Jakarta, (b) Banten, (c) Bali 

Stable or Low-Scale Provinces 

Examples: Nusa Tenggara Timur, Maluku, Papua. 

Observed pattern: Smoother trajectories. 

Finding: ARIMA remains competitive. 
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Figure 4. Stable or Low-Scale Provinces: (a) Nusa Tenggara Timur, (b) Maluku, (c) Papua 

This heterogeneity explains why improvements are not uniformly 100% yet remain statistically dominant in most 

provinces. These graphical patterns are consistent with province-level error rankings reported in Tables 1 and 3. 

6.7. Bias-Variance Perspective 

From a bias–variance perspective, ARIMA stabilizes linear trend estimation but may incur bias under nonlinear 

regime transitions. LSTM reduces nonlinear bias but increases variance under limited observations. PSO-based joint 

optimization acts as a variance stabilization mechanism by constraining hyperparameter space exploration. The observed 

15% reduction in cross-provincial RMSE variance empirically supports this stabilization hypothesis. 

6.8. Practical Implications of Empirical Results 

The empirical findings indicate that hybrid decomposition improves adaptability under structural shifts, while PSO-

based optimization enhances forecasting generalization across heterogeneous provinces. Furthermore, statistical 

validation confirms that the observed improvements are not limited to descriptive accuracy differences alone but also 

demonstrate inferential robustness across administrative regions. 

6.9. Summary of Empirical Findings 

The key empirical findings are: 

 Lowest average MAPE achieved by PSO-hybrid (21.79%); 

 Approximately 15% reduction in inter-provincial RMSE variance; 

 Dominance in 18 of 34 provinces (52.9%); 

 Statistically significant improvement in 26 provinces (76.5%). 

These results confirm the effectiveness of integrating ARIMA, LSTM, and PSO within a unified forecasting 

framework for macro-administrative clean water systems. 

6.10. Comparison with Previous Studies 

Previous forecasting studies on water demand and infrastructure systems generally focus on urban-scale prediction 

or high-frequency temporal data [7, 34]. In such contexts, deep learning and ensemble approaches often achieve strong 

point-wise accuracy due to the availability of large training datasets and short-term temporal continuity. However, these 

conditions differ substantially from macro-administrative forecasting environments characterized by annual 

observations, aggregated heterogeneity, and limited sample sizes. 

Compared with prior standalone ARIMA studies, the proposed hybrid framework demonstrates improved 

proportional consistency and stronger robustness across provinces. While ARIMA effectively captures dominant linear 

structures, its forecasting performance becomes less stable under heterogeneous regional dynamics. The integration of 

LSTM-based residual learning enables the proposed model to better accommodate nonlinear temporal deviations that 

emerge across provinces with different growth patterns. 

Several previous hybrid forecasting studies also report improved predictive accuracy through statistical-deep learning 

integration [29, 35]. Nevertheless, most existing works evaluate forecasting performance primarily through average error 

metrics without considering cross-domain robustness or inferential statistical validation. In contrast, the present study 

incorporates inter-provincial RMSE variance and Diebold-Mariano statistical testing to evaluate forecasting consistency 

and significance across heterogeneous administrative regions. 
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Furthermore, unlike studies relying on manually selected hyperparameters or exhaustive grid search procedures, this 

research employs PSO-based joint optimization to improve parameter stability under limited annual observations. The 

findings suggest that in macro-scale forecasting environments, robustness and generalization may be more important 

than isolated improvements in point accuracy alone 

7. Theoretical and Policy Implications 

7.1. Theoretical Implications 

The proposed framework contributes to forecasting research by extending hybrid statistical–deep learning 

architectures to macro-administrative systems characterized by limited observations and aggregated heterogeneity. 

Unlike conventional forecasting studies that primarily emphasize point accuracy, this study incorporates cross-domain 

robustness evaluation through inter-provincial RMSE variance and formal statistical significance testing. 

The findings demonstrate that optimization-enhanced hybrid decomposition can improve forecasting consistency 

across heterogeneous administrative regions. The integration of PSO-based parameter optimization further highlights 

the importance of stability-oriented hyperparameter selection in annual small-sample forecasting environments. These 

contributions strengthen methodological rigor in infrastructure forecasting research and support the development of 

more generalizable forecasting frameworks. 

7.2. Policy and Practical Implications 

The findings of this study have important implications for provincial infrastructure planning and policy development. 

In large-scale administrative systems, forecasting accuracy alone is insufficient if model performance varies 

substantially across regions. Policymakers require forecasting frameworks that provide stable and interpretable outputs 

under heterogeneous demand conditions. 

The proposed PSO-optimized hybrid framework contributes to this requirement by improving forecasting consistency 

across provinces with different growth trajectories and demand characteristics. The reduction in cross-provincial RMSE 

variance indicates that the model produces more balanced performance across regions, which is particularly relevant for 

national-level infrastructure planning and resource allocation. 

From a practical perspective, the forecasting outputs may support medium-term planning decisions related to water 

distribution expansion, infrastructure investment prioritization, and regional demand management. The decomposition 

structure of the hybrid framework also improves interpretability by separating dominant linear trends from nonlinear 

residual fluctuations, enabling policymakers to distinguish between structural growth behavior and irregular temporal 

deviations. 

Unlike persistence-based forecasting approaches, the proposed framework is more capable of capturing evolving 

temporal dynamics and structural variability. This capability is important in policy environments characterized by 

demographic changes, regional development disparities, and long-term infrastructure transition requirements. 

More broadly, the robustness-oriented evaluation strategy introduced in this study may also be transferable to other 

macro-administrative forecasting domains such as energy systems, transportation demand, and regional resource 

planning, where stable cross-domain forecasting performance is essential for strategic decision-making.  

Prior studies also demonstrate that forecasting effectiveness may depend more on contextual system characteristics 

than on isolated model complexity [36]. 

7.3. Limitations  

Despite the promising empirical results, several limitations should be acknowledged. First, the proposed framework 

is based on univariate time-series modeling and does not incorporate exogenous socio-economic, demographic, or 

climatic variables that may influence long-term water demand dynamics. Second, the use of annual observations limits 

the ability to capture intra-year variability and short-term seasonal fluctuations. Third, the recursive multi-step 

forecasting strategy may accumulate prediction errors over extended forecasting horizons, particularly under structural 

regime shifts. Finally, the current framework does not implement probabilistic prediction intervals or uncertainty 

quantification mechanisms, which may be important for risk-sensitive infrastructure planning and policy decision-

making. 

Future research may integrate multivariate covariates, structural break modeling, probabilistic forecasting, or regime-

switching architectures to further enhance macro-administrative stability. Previous studies also report that standalone 

machine learning approaches may exhibit instability under heterogeneous water demand conditions and limited 

observations [37]. Future extensions may incorporate exogenous socio-economic and climate-related variables that 

influence long-term infrastructure demand dynamics [38]. 
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8. Conclusion 

This study proposes a PSO-optimized hybrid ARIMA-LSTM framework for provincial-scale clean water distribution 

forecasting in Indonesia. Unlike prior research focused on short-term urban demand, this work addresses heterogeneous 

macro-administrative systems operating under multi-year planning horizons. 

Empirical evaluation across 34 provinces demonstrates that the proposed model achieves the lowest average MAPE 

(21.79%) among structurally modeled approaches, reduces inter-provincial RMSE variance by approximately 15%, 

dominates in 52.9% of provinces, and shows statistically significant improvement in 76.5% of provinces according to 

the Diebold-Mariano test. 

These findings confirm that optimization-enhanced hybrid decomposition improves cross-domain robustness and 

macro-scale generalization under aggregated heterogeneity and structural volatility. By incorporating cross-provincial 

variance analysis and formal statistical validation, this study advances methodological rigor in macro-administrative 

infrastructure forecasting. 

The proposed framework offers a scalable and statistically validated template for provincial infrastructure planning 

under structural demand variability. Although evaluated in Indonesia, the methodological structure is transferable to 

other aggregated governance systems facing heterogeneous infrastructure dynamics. The findings highlight the 

importance of robustness-oriented forecasting evaluation in heterogeneous governance systems, where stable cross-

domain performance may be more valuable than isolated improvements in point accuracy. 

The proposed framework therefore provides a scalable and robustness-oriented forecasting architecture for long-term 

infrastructure planning under heterogeneous governance conditions. Future studies may further explore spatio-temporal 

graph-based forecasting architectures for modeling inter-provincial dependency structures [39]. Uncertainty-aware 

forecasting frameworks may also improve robustness assessment in macro-administrative infrastructure systems [40]. 
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