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1. Introduction 

Accurate load forecasting is a fundamental requirement for operating power systems in a reliable, 

flexible, and economical manner. Core operational decisions-such as unit commitment, day-ahead 

scheduling, market dispatch, and capacity planning-depend heavily on the quality of forecasting. 

Because electricity demand varies across multiple time scales (daily, weekly, and seasonal cycles) and 

is also affected by irregular events (such as holidays and sudden demand spikes), practical forecasting 
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 Accurate short-term electricity load forecasting is crucial for secure and 

economical power system operation; however, deep forecasting models 

can degrade markedly when hyperparameters are poorly chosen. This paper 

presents a systematic and reproducible hyperparameter-optimization 

framework for the N-BEATS (Neural Basis Expansion Analysis for Time 

Series) model to improve one-day-ahead load forecasting under a fixed 

experimental setup. A unified tuning protocol-using the same objective, 

search space, and evaluation budget-optimizes key N-BEATS 

hyperparameters (stack_types, n_blocks, mlp_units, and learning_rate). 

Three strategies are compared fairly: Random Search, Tree-structured 

Parzen Estimator (TPE) Bayesian optimization, and a Genetic Algorithm 

(GA), each with 100 evaluations (100 trials). Experiments use two 

Australian National Electricity Market regional datasets (New South Wales 

and Queensland), each with 122,735 half-hourly demand records; the most 

recent 28 days are used for training and the final day for testing, with a 7-

day input window (336 points) forecasting 48 steps (24 hours) ahead 

(max_steps = 1000). Performance is assessed using MSE, RMSE, MAE, 

and MAPE. All tuned configurations outperform the default N-BEATS 

baseline. Using MAPE as the optimization objective, TPE performs best in 

both regions. In NSW, MAPE decreases from 2.56% to 1.29% (49.6% 

reduction), and MAE decreases from 180.0 MW to 88.7 MW (50.7% 

reduction). In QLD, MAPE decreases from 2.80% to 1.79% (36.1% 

reduction), while also yielding the lowest MSE/RMSE/MAE. These results 

confirm the value of standardized hyperparameter tuning for N-BEATS 

and suggest that the most effective strategy can be region- and metric-

dependent. 
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models must capture multi-scale temporal patterns while remaining robust to distribution shifts across 

different regions. 

Load forecasting methods have evolved through three major “generations,” reflecting differences 

in modeling assumptions, nonlinear representation capacity, and the degree of automated feature 

extraction. In the first generation, statistical approaches such as ARIMA [1]-[4] and SARIMA [5]-[8] 

models utilize autoregressive and moving-average structures, which can be effective for stationary 

series (or series rendered stationary through differencing) and provide interpretable trend/seasonal 

components. Related methods, such as Holt–Winters/ETS, seasonal regression, and state-space 

formulations, are often adopted to capture periodicities with low computational cost and 

straightforward deployment. However, their linearity assumptions and limited flexibility can restrict 

their ability to represent complex nonlinear relationships, and performance may degrade under abrupt 

variations or when regional demand characteristics differ. 

In the second generation, machine learning methods improve nonlinear modeling by learning 

mappings from input features to target demand values. Representative models include Support Vector 

Regression (SVR/SVM) [9]-[10], Random Forest regression [11]-[13], and gradient-boosting families 

such as Gradient Boosting [14]-[17], XGBoost [18], [19], LightGBM [20]-[23], and CatBoost [24]-

[27]. These approaches can outperform purely statistical baselines and can incorporate diverse 

features; nevertheless, their effectiveness typically depends on feature engineering and careful 

hyperparameter tuning. This reliance often increases deployment effort and can introduce sensitivity 

to task configurations and regional differences. 

In the third generation, deep learning architectures aim to learn temporal representations directly 

from raw time series. Sequential models such as RNN [28], LSTM [29]-[33], and GRU [34]-[38] are 

designed to model long-range dependencies, while convolutional architectures such as 1D-CNN [39]-

[41] and Temporal Convolutional Networks (TCN) [42]-[45] exploit time-domain receptive fields 

with parallel training advantages. Attention-based sequence models, including Transformers [46]-

[49], further strengthen long-range dependency modeling and multi-periodic representation. Although 

deep models can achieve strong accuracy, they are often sensitive to architectural choices and 

hyperparameters, which motivates the development of standardized optimization and evaluation 

protocols to attain stable performance in real-world deployments. 

Among modern deep forecasting architectures, N-BEATS [50]-[53] has attracted considerable 

attention due to its deep fully connected block design, backward–forward forecasting mechanism, and 

its capability to represent trend and seasonality components. However, N-BEATS performance can 

vary substantially across datasets and regions when hyperparameters are not selected appropriately. 

Key factors, such as stack composition, architectural depth, MLP width, and learning rate, directly 

influence model capacity and optimization dynamics. Suboptimal settings may lead to degraded peak 

tracking and higher percentage errors. Despite the potential of N-BEATS [50]-[53], standardized and 

reproducible hyperparameter optimization procedures explicitly tailored to short-term load forecasting 

remain limited; consequently, many studies still rely on default configurations or manual tuning, 

which can yield unstable accuracy across regions and forecasting setups. In contrast to ad-hoc or 

model-agnostic tuning practices, this work emphasizes a unified and reproducible tuning protocol for 

N-BEATS in short-term load forecasting, enabling fair comparison across optimization strategies 

under the same experimental setup. 

To address this gap, this study proposes an optimization-oriented framework to systematically 

tune N-BEATS using three complementary hyperparameter search strategies: Random Search (RS) 

[54]-[57], the Tree-structured Parzen Estimator (TPE) [58], and the Genetic Algorithm (GA) [59]-

[62]. The tuning process focuses on four influential hyperparameters-stack_types, n_blocks, 

mlp_units, and learning_rate-while keeping the remaining settings fixed to ensure fair comparison. 

Experiments are conducted on Australian regional load datasets from New South Wales (NSW) and 

Queensland (QLD), using MAPE, MAE, MSE, and RMSE as evaluation metrics, along with forecast 

plots to assess peak tracking and stability. The research contributions are summarized as follows: 
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• We propose a systematic N-BEATS tuning procedure for load forecasting that focuses on four 

influential hyperparameters (stack_types, n_blocks, mlp_units, and learning_rate). 

• We conduct a fair and comprehensive comparison of three hyperparameter optimization 

strategies (RS, TPE, GA) under a unified evaluation protocol and the same evaluation budget. 

• We establish a standardized experimental setup to ensure reproducibility across optimization 

strategies and datasets. 

• We demonstrate that hyperparameter optimization significantly reduces forecasting errors 

compared with the default N-BEATS configuration, and that the best-performing strategy can be 

region- and metric-dependent. 

• We provide practical insights to support real-world deployment of the proposed tuning 

framework in power system operation. 

2. Method 

2.1. NBEAT Model 

N-BEATS (Neural Basis Expansion Analysis for Time Series) is a deep neural architecture for 

time-series forecasting built as a sequence of forecasting blocks. Each block is implemented as a 

Multi-Layer Perceptron (MLP) and produces two outputs: a backcast, which explains part of the input 

window and is subtracted to form a residual for the next block, and a forecast, which is accumulated 

to generate the final prediction. This backcast–forecast residual mechanism enables progressive 

refinement of the input signal across blocks without requiring explicit feature engineering. N-BEATS 

can be configured in Generic mode, where basis functions are learned from data, or Interpretable 

mode, where blocks are organized to represent trend and seasonality components. 

Backcast and forecast estimation for each block: 

 (𝑦̂𝑡
𝑏,(𝑖)

, 𝑦̂𝑡
𝑓,(𝑖)

) = 𝑓𝜃𝑖
(𝑥𝑡

(𝑖)
) (1) 

Residual update for the next block: 

 𝑥𝑡
(𝑖+1)

= 𝑥𝑡
(𝑖)

− 𝑦̂𝑡
𝑏,(𝑖)

 (2) 

Final forecast aggregated across all blocks: 
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𝑓
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𝐾
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 (3) 

Training loss (Mean Squared Error): 

 

𝐿(𝜃) =
1

𝑁
∑(𝑦𝑡 − 𝑦̂𝑡)2

𝑁

𝑡=1

 (4) 

These equations describe the sequential residual learning mechanism through which N-BEATS 

refines the remaining error at each block and constructs the final forecast via backcast–forecast 

decomposition. In practice, forecasting performance is sensitive to architectural and training 

hyperparameters that control model capacity and optimization dynamics. In this study, we focus on 

four influential hyperparameters-stack_types, n_blocks, mlp_units, and learning_rate-because they 

directly determine stack composition, model depth, MLP width, and training stability. The remaining 

settings (max_steps, batch size, and dropout) are kept fixed to ensure fair comparison across 

optimization strategies. 
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According to the default configuration in Nixtla’s NeuralForecast library, N-BEATS typically 

uses 512 units per hidden layer, a learning rate of 0.001, a maximum of 1000 training steps, and 3–4 

blocks, depending on the model mode. However, these default settings may be suboptimal for electric 

load forecasting, where daily–weekly periodicity and seasonal peak variations require tailored 

hyperparameters. Therefore, systematic hyperparameter tuning is crucial for reliable and accurate 

forecasting performance. Table 1 presents the default hyperparameters used as the baseline 

configuration before applying hyperparameter optimization in this study. 

Table 1. Default hyperparameters of the model 

Hyperparameter Description Default Value 
MLP units Number of neurons in hidden layers 512 

Learning rate Weight update step size 0.001 

Max steps Maximum training iterations 1000 

Batch size Samples per batch 32 

Dropout rate Dropout to mitigate overfitting 0.1 

Number of blocks Depth of the N-BEATS architecture 3 

Stack expansion Width expansion factor 2 

2.2. Hyperparameter Optimization Algorithms 

This study evaluates three widely used hyperparameter optimization strategies-Random Search 

(RS), Tree-structured Parzen Estimator (TPE) Bayesian optimization, and a Genetic Algorithm (GA)-

under a unified and reproducible tuning protocol. All strategies are optimized over the same search 

space and constraints to ensure a fair comparison. Random Search (RS). RS randomly samples 

hyperparameter configurations from a predefined search space. It is simple to implement, easy to 

parallelize, and can be effective when only a small subset of hyperparameters strongly influences 

forecasting accuracy. However, RS does not exploit information from previous trials and may require 

a larger evaluation budget to locate high-quality regions of the search space. 

Tree-structured Parzen Estimator (TPE). TPE is a Bayesian optimization approach that uses 

outcomes from previous trials to guide subsequent sampling. It models promising and non-promising 

regions of the search space using Parzen estimators and proposes new configurations with greater 

expected improvement. Compared with purely random exploration, TPE typically improves sampling 

efficiency by concentrating evaluations in regions that are more likely to reduce the objective value. 

Genetic Algorithm (GA). GA is a population-based evolutionary method that searches for high-quality 

hyperparameter settings through selection, crossover, and mutation. In each generation, each 

individual represents one hyperparameter configuration. Individuals are evaluated using a fitness 

function (validation error), and the best-performing candidates are retained as parents to generate 

offspring for the next generation. This mechanism encourages exploration and helps reduce the risk 

of premature convergence to suboptimal regions. 

To ensure fairness and direct comparability, all methods were executed under identical 

experimental constraints, including the same optimization objective (minimizing validation MAPE), 

a fixed random seed (42), and an equal evaluation budget of 100 evaluations (100 trials). All 

optimizers tune the same four influential N-BEATS hyperparameters-stack_types, n_blocks, 

mlp_units, and learning_rate-while keeping the remaining settings fixed (max_steps = 1000) to isolate 

the effect of the search strategy. Importantly, MAPE is computed on the validation set during tuning, 

and the test set is reserved only for final performance reporting, thereby preventing data leakage. The 

learning rate is explored using a log-uniform range of [1e−4, 5e−3] to balance stable training 

convergence and sufficient adaptation capacity for deep MLP-based forecasting. Overall, RS provides 

a strong, assumption-free baseline; TPE enables informed sampling via probabilistic modeling; and 

GA offers population-based exploration through elitism, crossover, and mutation. Table 2 summarizes 

the experimental configurations of the three hyperparameter optimization methods-RS, TPE, and GA-

applied to the N-BEATS model. All methods use the same stopping rule and training configuration to 

ensure that performance differences reflect search efficiency rather than training cost. 
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Table 2. Configuration summary of hyperparameter optimization methods for the N-BEATS model 

Configuration RS TPE GA 
Trials 100 100 100(10×10) 

Objective Minimize MAPE Minimize MAPE Minimize MAPE 

Seed 42 42 42 

Search space 
stack_types, n_blocks, 

mlp_units, learning_rate 

stack_types, n_blocks, 

mlp_units, learning_rate 

stack_types, n_blocks, 

mlp_units, learning_rate 

LR range log-uniform 1e−4 → 5e−3 log-uniform 1e−4 → 5e−3 log-uniform 1e−4 → 5e−3 

Algorithm Random sampling TPE sampler 
GA (pop=10, gen=2, 

elite=2, pc=0.9, pm=0.2) 

2.3. Flowchart of the Proposed Method Evaluation 

Fig. 1 illustrates the complete workflow of the proposed hyperparameter optimization framework 

for the N-BEATS model, integrating three optimization strategies: Random Search (RS), Tree-

structured Parzen Estimator (TPE), and Genetic Algorithm (GA).  

Input data:

Y1, Y2,    Yn

Input data 

processing

Testting Data:

X_test Y_test

Training Data:

X_train, Y_train

Start

NBEAT 

Parametter
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Hyperparameters

n_inter =100

All Parameters and 

MAPE of Trial

Search Space of 

Hyperparameter 

Configuration with 

the lowest MAPE

Optimization

Randon, TPE, GA
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Make predictions
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performance MAPE, 

MAE, MSE, RMSE
 

Fig. 1. NBEATS model optimization and evaluation flow 
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The process begins with the input load time series Y1, Y2, ..., Yn. The data are then processed 

and transformed into supervised learning samples, and subsequently split chronologically into a 

training/development set (X_train, Y_train) and a test set (X_test, Y_test). This chronological split 

preserves the temporal structure of the load series, ensuring that the model is evaluated on unseen 

data. Next, the hyperparameter search space is defined consistently with Table 2, focusing on four key 

hyperparameters that strongly influence the representational capacity and learning dynamics of N-

BEATS: stack_types, n_blocks, mlp_units, and learning_rate. The remaining settings are kept fixed 

(max_steps = 1000) to ensure a fair comparison. Under the same experimental constraints and 

evaluation budget, RS, TPE, and GA independently generate candidate configurations and train the 

N-BEATS model accordingly. For each trial, model performance is assessed using time-series cross-

validation (cv = 3) on (X_train, Y_train), and the objective is defined as the mean CV MAPE across 

the three folds. The process is repeated until 100 trials (n_iter = 100) are completed, after which the 

configuration with the lowest mean CV MAPE is selected as the optimal hyperparameter set. 

Finally, the N-BEATS model is retrained from scratch using the selected hyperparameters on the 

whole training/development set, and forecasts are generated for the test period. The final test 

performance is reported using multiple evaluation metrics, including MAPE, MAE, MSE, and RMSE, 

which provide a comprehensive assessment of both relative and absolute forecasting errors. Overall, 

Fig. 1 encapsulates a systematic and reproducible workflow that enables a fair comparison of RS, 

TPE, and GA for tuning N-BEATS in short-term load forecasting, while ensuring that the test set is 

used only for final reporting to prevent data leakage. 

2.4. General Optimization Procedure for NBEATS Tuning 

INPUT: time-series df, H, INPUT_SIZE, TRAIN_SIZE, TEST_SIZE, search space S (conditional), 

optimizer OPT∈{RS,TPE,GA}, budget B 

1) Data preparation (common) 

- Sort df by time 

- Split: train = last TRAIN_SIZE points, test = last TEST_SIZE points 

- Convert to NeuralForecast format: (unique_id, ds, y) 

2) Define search space S (standard) 

- stack_types ∈ {A, B, C} 

- n_blocks, mlp_units depend on stack_types 

- learning_rate ~ log-uniform 

- dropout fixed (not optimized) 

3) Optimization loop (standard) 

- Initialize OPT_state, best_score=+∞, best_params=None 

- For k = 1..B: 

        params = PROPOSE(OPT, OPT_state, S)          # differs by RS/TPE/GA 

        Train NBEATS(params) on train 

        Predict on the test horizon 

        score = MAPE(y_true, y_pred) 

        Update best if score improves 

        OPT_state = UPDATE(OPT, OPT_state, params, score) 

OUTPUT: best_params, best_score 
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3. Experimental Setup 

3.1. Dataset Description 

The experimental analysis in this study utilizes two regional electricity demand datasets from 

Australia’s National Electricity Market (NEM), specifically those corresponding to New South Wales 

(NSW) and Queensland (QLD). Each dataset contains 122,735 records with two main fields: 

SETTLEMENTDATE, representing the timestamp of demand measurements sampled at 30-minute 

intervals starting from January 1, 2015, and TOTALDEMAND, representing the aggregated electrical 

load in megawatts (MW). The 30-minute resolution (48 observations per day) provides high-

granularity temporal information suitable for one-day-ahead short-term load forecasting under the 

fixed forecasting setup used in this study. Table 3 summarizes the datasets. 

Table 3. Dataset summary for NSW and QLD 

Region Number of Records Variables Time Interval Target Variable 
NSW 122,735 Settlement date, total demand 30 minutes Totaldemand 

QLD 122,735 Settlement date, total demand 30 minutes Totaldemand 

 

In preprocessing, the raw CSV files are imported, and the SETTLEMENTDATE field is parsed 

into a standard datetime format. The data is then sorted chronologically to preserve the integrity of the 

time series. Because each entry represents a 30-minute interval, the data form a high-resolution daily 

load profile with 48 points per day. 

For model development and evaluation, the data are split chronologically to prevent information 

leakage. Specifically, the most recent 28 days are used as the development window (X_train, Y_train), 

and the final day is reserved as the held-out test set (X_test, Y_test). During hyperparameter tuning, 

model performance is assessed using time-series cross-validation with cv = 3 within the 28-day 

development window (an expanding-window split, with no shuffling). For each trial, the model is 

trained on earlier segments and validated on subsequent segments, and the objective value is defined 

as the mean CV MAPE across the three folds. After identifying the best configuration, the N-BEATS 

model is retrained from scratch on the whole 28-day development window and evaluated once on the 

held-out test day, ensuring that the test set is used only for final reporting. 

Fig. 2 and Fig. 3 display the NSW and QLD electricity demand series at a 30-minute resolution, 

along with the chronological boundary between the 28-day development window and the final-day 

test period. The separation confirms that the test set is entirely unseen during model selection and 

tuning. Overall, both regions exhibit clear daily periodic patterns, with the amplitude and variability 

differing across areas, which supports a meaningful cross-regional evaluation under the same 

forecasting protocol (48-step, one-day-ahead prediction at 30-minute sampling). 

 

Fig. 2. NSW electricity demand series with chronological development–test split 
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Fig. 3. QLD electricity demand series with chronological development–test split 

Regarding data characteristics, Fig. 2 (NSW) exhibits a clear daily periodic pattern, while several 

pronounced demand spikes appear around mid-December, indicating substantial temporal variability 

and potential short-term influences. In contrast, Fig. 3 (QLD) also shows a distinct daily cycle with 

relatively more regular oscillations, where peak-trough patterns repeat more consistently throughout 

the 28-day development window. The held-out test segment remains fully separated after the split 

boundary, ensuring that evaluation is performed on unseen data. Overall, the two figures confirm that 

the chronological split is consistent with the experimental design: the model is developed using the 

most recent 28 days and evaluated on the final day, matching the forecasting setup of predicting 48 

steps (one day) under a 30-minute sampling interval. During hyperparameter tuning, performance is 

assessed within the 28-day development window using time-series cross-validation (cv = 3), while the 

test day is reserved only for final reporting to prevent data leakage. 

3.2. NBEAT Model Configuration 

In this study, the N-BEATS model is implemented using the NeuralForecast library under a 

controlled and reproducible experimental setup. To ensure a fair and consistent basis for subsequent 

comparisons, the baseline N-BEATS model follows the library’s default configuration, which is 

summarized in Table 1. In other words, before applying any hyperparameter optimization, the internal 

model architecture and training settings are kept at their default values, and only the task-specific 

parameters required by the dataset characteristics and forecasting objective are explicitly specified. 

Given that the electricity demand data are sampled every 30 minutes, the data frequency is set to 

freq = '30min'. Under this sampling interval, one day corresponds to 48 time steps; therefore, the 

forecasting horizon is defined as h = 48, which represents a one-day-ahead (24-hour) multi-step 

forecast. To provide sufficient historical context and capture weekly temporal patterns that commonly 

appear in electricity demand (weekday–weekend differences), the input window is set to input_size = 

48 × 7 = 336. This setting means that, at each forecast origin, the model receives the previous seven 

days (336 points) as input and produces the following 48 points as output, matching the fixed 

forecasting protocol used throughout the experiments. 

To support reproducibility and enable direct comparison across repeated runs and across 

optimization strategies, the random seed is fixed at random_seed = 42. This ensures that any stochastic 

components in training (parameter initialization and mini-batch sampling) are controlled as much as 

possible under the same experimental conditions. Overall, this configuration establishes a 

standardized baseline aligned with the default N-BEATS setup (Table 1), while explicitly defining the 

forecasting-task parameters (freq, h, and input_size) according to the 30-minute resolution data and 

the one-day-ahead forecasting target. This baseline is then used as the reference point for evaluating 

the impact of hyperparameter optimization in the subsequent sections. 
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3.3. Hyperparameter Range 

The hyperparameter search space was constructed to investigate four influential N-BEATS 

parameters that directly affect forecasting accuracy and training dynamics: stack_types, n_blocks, 

mlp_units, and learning_rate. These four parameters were selected because they control (i) the stack 

composition (identity/trend/seasonality), (ii) the model depth through the block configuration, (iii) the 

representational capacity of the MLP blocks, and (iv) the convergence behavior during optimization. 

All remaining settings (batch size, max_steps, optimizer, and other NeuralForecast defaults) were kept 

fixed to isolate the effect of the tuned parameters and to maintain a controlled comparison across 

optimization strategies. To address reproducibility and prevent data leakage during tuning, all 

strategies (RS, TPE, and GA) optimize the same search space under the same evaluation budget (100 

trials) and the same objective, defined as minimizing mean validation MAPE computed using time-

series cross-validation (cv = 3) on the development window. At the same time, the held-out test day 

is reserved only for final reporting. The candidate values/ranges in Table 4 were chosen to cover 

practical configurations of N-BEATS while maintaining stable training under the fixed setup (freq = 

'30min', h = 48, input_size = 336, max_steps = 1000). Table 4 summarizes the unified search space 

used consistently in the N-BEATS code for RS, TPE, and GA. 

This search space (Table 4) was designed to quantify the contribution of each tuned 

hyperparameter while ensuring a fair and stable training setup by keeping all remaining settings at 

their default values. The candidate stack_types configurations were selected to compare different 

degrees of decomposition (identity only, trend–seasonality, and their combination), which directly 

affects how N-BEATS represents daily and weekly structures in electricity demand. The n_blocks 

candidates were restricted to a small set of shallow-to-moderate depths to examine the effect of model 

depth and block granularity without introducing excessive complexity under the fixed development 

window. The mlp_units range (256–1024) was chosen to cover moderate to high representational 

capacity for the MLP blocks, enabling an explicit comparison of under-parameterized versus higher-

capacity settings while remaining computationally feasible. Finally, the learning rate was sampled 

from a log-uniform range of [1e-4, 5e-3] to balance stable convergence (smaller steps) and sufficient 

adaptation speed (larger steps) for deep MLP-based optimization. Overall, these choices provide a 

controlled yet representative search space for evaluating RS, TPE, and GA under identical constraints. 

3.4. Evaluation Metrics 

To quantitatively assess the forecasting performance of the NBEATS model, four widely used 

statistical error metrics were employed: Mean Absolute Percentage Error (MAPE), Mean Absolute 

Error (MAE), Mean Squared Error (MSE), and Root Mean Squared Error (RMSE). These metrics 

offer complementary insights into model accuracy, robustness, and sensitivity to large deviations. The 

formulas for each metric are defined as follows:  

 
𝑀𝐴𝐸 =  

1

𝑛
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑛
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Where 𝑦𝑡 denotes the actual load value t, end sub, is the corresponding forecasted value, and 𝑁 is the 

total number of test samples. 

The MAPE expresses the average relative prediction error in percentage form, making it easily 

interpretable and suitable for comparing across datasets. The MAE captures the average magnitude of 

prediction errors, disregarding their direction, and provides a robust measure against outliers. The 

MSE penalizes large deviations more heavily due to the squaring operation. At the same time, the 

RMSE, as its square root, retains the same unit as the target variable, allowing for an intuitive 

interpretation of forecast deviations in megawatts (MW). Together, these metrics ensure a 

comprehensive and balanced evaluation of model accuracy and stability in electric load forecasting. 

Table 4. Hyperparameter search space for N-BEATS optimization 

Hyperparameter Search Space Type 
stack_types {identity, trend+seasonality, identity+trend+seasonality} Categorical 

n_blocks 
Structured block settings depending on stack type ([1], [2], [3], [4]; [1,1], [2,2], 

[3,3]; [1,1,1], [2,2,2], [3,3,3]) 
Discrete 

mlp_units Predefined MLP configurations for each stack type (256–1024 neurons per layer) Discrete 

learning_rate 1e−4 to 5e−3 (log-uniform) Continuous 

3.5. Experimental Environment 

All experiments were conducted on Google Colab, a cloud-based platform that provides a flexible 

environment for developing and evaluating deep learning models. The runtime was configured with 

Python 3 using the standard Colab environment. All computations were performed on the CPU, with 

a clock speed of 1.71 GHz and a high-RAM mode enabled to ensure sufficient memory for model 

training and data processing, thereby maintaining consistency and reproducibility across runs. 

Although Colab provides optional GPU/TPU acceleration, this study intentionally used the CPU 

setting to ensure that the reported results can be reproduced under a consistent and widely accessible 

configuration. The main software libraries employed in the experiments included NeuralForecast (for 

implementing NBEATS and managing the training and forecasting pipeline), NumPy and Pandas (for 

data preprocessing and manipulation), Matplotlib (for visualization), and Scikit-learn (for computing 

evaluation metrics such as MAPE, MAE, MSE, and RMSE). This configuration ensured a stable and 

reproducible computational environment for all experiments in this study. 

4. Results and Discussion 

Table 5 presents the default and optimized hyperparameter configurations of the N-BEATS 

model for the NSW and QLD datasets, corresponding to the three optimization methods Random 

Search (RS), Tree-structured Parzen Estimator (TPE), and Genetic Algorithm (GA). 

Table 5 presents the default and optimized N-BEATS hyperparameter configurations for the 

NSW and QLD datasets, obtained through Random Search (RS), Tree-structured Parzen Estimator 

(TPE), and Genetic Algorithm (GA) methods. Following the reviewers’ requests for clarity and 

reproducibility, the table focuses only on the tuned architectural and training parameters (stack_types, 

n_blocks, mlp_units, learning_rate) together with max_steps. At the same time, all other settings are 

kept at their NeuralForecast defaults to isolate the effect of hyperparameter tuning. Additionally, the 

optimized configurations are selected under the revised tuning protocol, utilizing 100 trials per 

optimizer with validation-based model selection (time-series cross-validation with cv = 3). The held-

out test day is reserved only for final reporting to avoid data leakage. 

For NSW, the default configuration uses two stacks, ['trend', 'seasonality'], with n_blocks = [3, 

3], mlp_units = 512, learning_rate = 0.00100, and max_steps = 1000. After optimization, RS selects 

a three-stack configuration ['identity', 'trend', 'seasonality'] with n_blocks = [2, 2, 2] and two-layer 

MLPs for each stack (mlp_units = [[512, 512], [512, 512], [512, 512]]), together with a lower 

learning_rate of 0.00014. TPE maintains the two-stack trend–seasonality structure but reduces the 

depth to n_blocks = [1, 1] with mlp_units = [[512, 512], [512, 512]] and a learning rate of 0.00025. 
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GA selects a single-stack identity configuration ['identity'] with n_blocks = [4], increases the MLP 

width to mlp_units = [[1024, 1024]], and uses learning_rate = 0.00057, while max_steps remains fixed 

at 1000 for all methods. 

Table 5. Default and optimized hyperparameters across optimization methods (N-BEATS) 

Region Method stack_types n_blocks mlp_units learning_rate max_steps 

 

 

 

NSW 

Default ['trend', 'seasonality'] [3,3] 512 0.00100 1000 

RS 
['identity', 'trend', 

'seasonality'] 
[2, 2, 2] 

[[512, 512], [512, 

512], [512, 512]] 
0.00014 1000 

TPE [“trend”, “seasonality”] [1, 1] 
[[512, 512], [512, 

512]] 
0.00025 1000 

GA ['identity'] [4] [[1024, 1024]] 0.00057 1000 

 

 

 

QLD 

Default ['trend','seasonality'] [3,3] 512 0.00100 1000 

RS ['trend', 'seasonality'] [2, 2] 
[[512, 512], [512, 

512]] 
0.00124  1000 

TPE 

[“identity”, “trend”, 

“seasonality”] 

 

[2, 2, 2] 

 

[[256, 256], [256, 

256], [256, 256]] 
0.00070 1000 

GA 
['identity', 'trend', 

'seasonality'] 
[1, 1, 1] 

[[512, 512], [512, 

512], [512, 512]] 
0.00043 1000 

 

For QLD, the default configuration is again ['trend', 'seasonality'] with n_blocks = [3, 3], 

mlp_units = 512, learning_rate = 0.00100, and max_steps = 1000. After optimization, RS retains the 

trend–seasonality stacks and reduces depth to n_blocks = [2, 2] with mlp_units = [[512, 512], [512, 

512]], and selects a learning rate of 0.00124. TPE selects the three-stack configuration ['identity', 

'trend', 'seasonality'] with n_blocks = [2, 2, 2] and smaller MLP widths (mlp_units = [[256, 256], [256, 

256], [256, 256]]), with learning_rate = 0.00070. GA also uses ['identity', 'trend', 'seasonality'] but 

with a shallower depth n_blocks = [1, 1, 1], mlp_units = [[512, 512], [512, 512], [512, 512]], and 

learning_rate = 0.00043. Notably, all optimized configurations in Table 5 are selected from the unified 

search space in Table 4 using the same validation protocol, while the held. The out-of-test day is used 

only for final reporting; the resulting forecasting performance is summarized in Table 6. 

Table 6. Forecasting performance for NSW and QLD 

Data Model MSE RMSE MAE MAPE 

NSW 

Default 47719.7 218.4 180.0 2.56 

RS 21882.6 147.9 110.7 1.58 

TPE 16811.1 129.7 88.7 1.29 

GA 14259.6 119.4 92.0 1.31 

QLD 

Default 44430.0 210.8 162.0 2.80 

RS 21634.1 147.1 108.3 1.84 

TPE 19499.4 139.6 106.6 1.79 

GA 24153.2 155.4 129.3 2.19 

 

Table 6 presents the forecasting performance of the N-BEATS model for both NSW and QLD, 

evaluated using MSE, RMSE, MAE, and MAPE. The default configuration is compared with three 

hyperparameter optimization methods: Random Search (RS), Tree-structured Parzen Estimator 

(TPE), and Genetic Algorithm (GA). For NSW, all optimized configurations outperform the default 

model across all metrics. In particular, TPE achieves the lowest percentage error (MAPE = 1.29) and 

the lowest MAE (88.7 MW), reducing MAPE from 2.56 to 1.29 (approximately 49.6%) and MAE 

from 180.0 to 88.7 MW (approximately 50.7%) compared to the default. GA yields the lowest 

squared-error metrics for NSW (MSE = 14,259.6 and RMSE = 119.4), corresponding to reductions of 

approximately 70.1% in MSE and 45.3% in RMSE compared with the default (MSE = 47,719.7, 

RMSE = 218.4). These results indicate that, for NSW, the best configuration is metric-dependent: 

TPE performs best for MAPE/MAE, whereas GA performs best for MSE/RMSE. 
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For QLD, the optimized models also consistently improve upon the default baseline (MSE = 

44430.0, RMSE = 210.8, MAE = 162.0, MAPE = 2.80). Among the three strategies, TPE delivers the 

best overall performance across all reported metrics (MSE = 19499.4, RMSE = 139.6, MAE = 106.6, 

MAPE = 1.79), reducing MAPE by approximately 36.1% and MSE by approximately 56.1% 

compared to the default. RS achieves competitive improvements (MAPE = 1.84 and MSE = 21634.1), 

while GA exhibits smaller gains for QLD compared to RS and TPE (MAPE = 2.19 and MSE = 

24153.2). Overall, Table 6 confirms that standardized hyperparameter optimization improves N-

BEATS forecasting accuracy in both regions, while the most effective optimization strategy can differ 

across regions and evaluation metrics. The MAPE comparisons for NSW and QLD are further 

visualized in Fig. 4 based on the results reported in Table 6. 

 

Fig. 4. MAPE comparison (NSW vs QLD) 

To better understand how these error reductions manifest over time, Fig. 5 and Fig. 6 zoom in on 

the NSW test period and compare the temporal evolution of the forecasts against the actual load. Fig. 

5 shows the last seven training days together with one test day and the corresponding forecasts for 

NSW. The training segment highlights the strong daily seasonality and variability of the load. In 

contrast, the zoomed test segment reveals that all optimized models (RS, TPE, and GA) track the 

actual test curve more closely than the default N-BEATS configuration. In particular, the optimized 

forecasts better capture both the timing and amplitude of the rising and falling ramps during the test 

period, whereas the default model exhibits visibly larger deviations around the peak and trough 

regions. Fig. 6 further magnifies the 24-hour test day, providing a more precise comparison between 

the actual load and the four forecast trajectories. Throughout the entire day, the RS, TPE, and GA 

curves remain tightly clustered around the ground truth, particularly during the morning and evening 

peak hours. In contrast, the default model tends to either overestimate or underestimate demand in 

these high-load intervals. These plots visually confirm the numerical improvements reported in Table 

6 and indicate that the hyperparameter-optimized configurations not only reduce aggregated error 

metrics but also yield more faithful reconstructions of the intraday load profile for NSW. 

While Fig. 5 and Fig. 6 focus on the NSW test period, Fig. 7 and Fig. 8 present the corresponding 

zoomed views for QLD, allowing a visual assessment of how the different N-BEATS configurations 

behave on this region. 

Fig. 7 illustrates the last seven training days together with one test day and the corresponding 

forecasts for QLD. Similar to NSW, the training segment exhibits clear daily cyclic patterns, but with 

a slightly lower overall demand level. In the zoomed test portion, all optimized models again follow 

the shape of the actual load more closely than the default configuration. The RS, TPE, and GA 

forecasts, in particular, align well with the timing and magnitude of the rapid increase in demand at 

the end of the test day, whereas the default N-BEATS model shows more noticeable deviations around 

the rising ramp and the peak.  
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Fig. 5. NSW forecast zoom 

 

Fig. 6. NSW 24h view 

 

Fig. 7. QLD forecast zoom 
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Fig. 8. QLD 24h view 

Fig. 8 provides a 24-hour view of the QLD test day, enabling a detailed comparison between the 

actual load and the four forecast trajectories. Throughout the day, the optimized models remain closer 

to the ground truth than the default model, with RS generally offering the best match to both the 

morning recovery and the evening peak, consistent with the quantitative results in Table 6. TPE and 

GA also capture the overall intraday pattern but tend to slightly overestimate or underestimate the load 

in some intervals. At the same time, the default model exhibits the most considerable underestimation 

during the midday-to-afternoon ramp. Taken together, Fig. 7 and Fig. 8 visually confirm that the 

hyperparameter-optimized configurations not only reduce aggregate error metrics but also provide 

more realistic reconstructions of the hourly load profile in this region. Next, Fig. 9 presents the runtime 

of RS, TPE, and GA on NSW and QLD, thereby clarifying the computational cost and the accuracy–

runtime trade-off when selecting an optimization strategy. 

 

Fig. 9. Runtime (sec) comparison of RS, TPE, and GA on NSW vs QLD 

Fig. 9 compares the runtime of RS, TPE, and GA on NSW and QLD under the same evaluation 

budget. For NSW, TPE achieves the lowest runtime (1950s), followed by GA (2030s) and RS (2116s). 

In contrast, QLD exhibits a consistent increase in runtime from RS (2070 s) to TPE (2230 s) and GA 
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(2273 s). Overall, the runtime gaps remain moderate (within 166 s for NSW and 203 s for QLD), 

indicating that the three optimization strategies are all computationally feasible in practice. Notably, 

GA tends to require the highest runtime on QLD, whereas TPE is the most time-efficient on NSW, 

suggesting that computational cost may vary with regional data characteristics; nevertheless, the 

observed differences are not significant enough to dominate the choice of optimizer when accuracy is 

the primary objective. 

The results in Table 6 and the forecasting figures indicate that the performance of RS, TPE, and 

GA is both region-dependent (NSW/QLD) and metric-dependent, meaning there is no single 

“universally best” optimizer for all cases. This discrepancy may arise from differences in data 

variability and error distribution across regions, where metrics such as MAPE/MAE emphasize 

relative errors over the entire series, whereas MSE/RMSE are more sensitive to large deviations; 

consequently, the configuration that is optimal under one metric may not be optimal under another. In 

terms of search behavior, Random Search broadly explores the parameter space and can yield 

competitive results when the optimization landscape is not overly complex. In contrast, TPE performs 

guided sampling and therefore tends to be more stable under the same evaluation budget. GA leverages 

evolutionary mechanisms to exploit promising parameter combinations, which may provide 

advantages in specific settings but can also be sensitive to GA configurations and computational cost. 

Therefore, the choice of an optimization method should be aligned with the target metric and the 

regional data characteristics, rather than relying on a single fixed approach. 

5. Conclusion 

This study examined how three hyperparameter optimization strategies-Random Search (RS), 

Tree-structured Parzen Estimator (TPE), and Genetic Algorithm (GA)-affect the one-day-ahead 

forecasting performance of the N-BEATS model on two Australian NEM regions (NSW and QLD). 

Using a unified and reproducible tuning protocol, the optimizers searched key N-BEATS 

hyperparameters (stack_types, n_blocks, mlp_units, and learning_rate) while keeping the remaining 

training settings fixed (max_steps = 1000). The resulting configurations (Table 5) demonstrate that 

competitive performance can be achieved by appropriately balancing stack composition, model depth, 

MLP capacity, and learning rate under the same training budget, highlighting the practical value of 

standardized hyperparameter tuning for N-BEATS load forecasting. 

Across both regions, hyperparameter tuning yields substantial error reductions compared with 

the default baseline (Table 6). For NSW, the best configuration depends on the evaluation metric: TPE 

provides the lowest percentage and absolute errors (MAPE decreases from 2.56% to 1.29% and MAE 

from 180.0 MW to 88.7 MW), while GA achieves the lowest squared-error metrics (MSE decreases 

from 47,719.7 to 14,259.6 and RMSE from 218.4 to 119.4). For QLD, TPE delivers the best overall 

results across all reported metrics, reducing MAPE from 2.80% to 1.79%, MAE from 162.0 MW to 

106.6 MW, and MSE from 44,430.0 to 19,499.4. The zoomed forecast plots (Fig. 5, Fig. 6, Fig. 7, 

Fig. 8) visually support these numerical results, showing that optimized configurations track the 

intraday load profile more closely, particularly around ramping and peak periods. 

Despite these improvements, this study has several limitations. First, the experiments are 

conducted in a univariate setup and with a fixed one-day-ahead horizon under a fixed development 

window, and results are reported for two regions only. Therefore, generalization to other areas, longer 

horizons, and multivariate feature sets requires further investigation. Second, although the tuning 

protocol is standardized, the evaluation budget remains finite, and no formal statistical significance 

testing is included. From a practical standpoint, the results suggest using TPE as a strong default 

choice when the goal is consistent improvements across regions and metrics. At the same time, GA 

may be preferred when minimizing squared-error criteria is prioritized (as observed for NSW). 

Future work will extend this framework to include multivariate inputs (such as weather and 

calendar effects), longer forecasting horizons, and broader regional testing. It will also incorporate 

additional robustness checks, such as repeated runs with uncertainty reporting, runtime–accuracy 
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trade-off analysis, and statistical significance testing, to strengthen reliability for real-world 

deployment. 
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