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Short-term load forecasting is essential for reliable power-system scheduling 

and operation, but electricity demand contains nonlinear variations and 

overlapping periodic patterns that are difficult to represent using a single 

temporal mechanism. This study evaluates whether explicit multi-periodicity 

modeling provides a measurable forecasting advantage under a common 

cross-paradigm benchmarking protocol. The research contribution is a cross-

paradigm comparison of TimesNet with Seasonal Naive, support vector 

regression, long short-term memory, and temporal convolutional network 

models using the same target series, chronological partitions, forecast origins, 

and evaluation criteria. Experiments use the 2024 Tasmania electricity-

demand series at a 5-min resolution. Each model receives a seven-day 

historical window of 2,016 observations and directly predicts the following 

day through a 288-step horizon. The adopted TimesNet implementation 

further incorporates seven deterministic calendar encodings known at each 

forecast origin and averages the predictions obtained from three 

independently initialized models. Within each TimesBlock, seven dominant 

frequency components are adaptively selected using fast Fourier transform-

based period detection and represented through two-dimensional temporal 

tensors. TimesNet achieves the best overall performance, with an MAE of 

47.53, an RMSE of 60.21, a MAPE of 4.66%, an sMAPE of 4.63%, and an 

R² of 0.6682. Relative to LSTM, the strongest baseline, it reduces MAE, 

RMSE, and MAPE by 11.26%, 12.15%, and 12.41%, respectively. Its low 

bias and seasonal MASE further indicate stable performance. These results 

show that multi-period temporal representation can improve day-ahead load 

forecasting and support more reliable operational planning. However, the 

findings are limited to a single-region, single-year electricity-demand target 

supplemented with deterministic calendar encodings. 
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1. INTRODUCTION 

Accurate short-term load forecasting (STLF) is essential for the secure and economical operation of 

modern power systems. Reliable estimates of near-future electricity demand support generation scheduling, 

reserve allocation, unit commitment, electricity market participation, demand response coordination, and 

renewable energy integration. Underestimation may result in insufficient generation or reserve capacity, 

whereas overestimation may lead to unnecessary resource commitment and increased operating costs. 

Improving the accuracy and robustness of short-term demand prediction, therefore, remains an important 

research objective [1][2]. 

Electricity demand is difficult to forecast because multiple temporal structures occur simultaneously. 

Short-term fluctuations develop within hours, recurring behavior appears across daily and weekly cycles, and 

slower variations affect the overall demand level over longer periods. These patterns are also influenced by 

consumer activity, working and non-working periods, operational conditions, and irregular events. 

Consequently, electricity demand cannot be adequately represented using a single stationary or temporal 

dependency. An effective forecasting model must capture local changes while recognizing nonlinear and 

recurring patterns across multiple temporal scales [3][4]. 

Early STLF studies primarily employed regression, exponential smoothing, autoregressive models, 

autoregressive integrated moving-average models, and seasonal extensions [5]–[18]. These approaches remain 

attractive because of their simplicity, interpretability, and low computational requirements. However, their 

fixed statistical assumptions and predefined seasonal structures may not adequately describe nonlinear load 

dynamics, abrupt variations, or interactions among multiple periodic components. 

Machine-learning methods offer greater flexibility by learning nonlinear relationships from historical 

observations and engineered predictors. Support vector regression (SVR), decision trees, random forests, 

gradient boosting, and XGBoost have been widely applied to electricity-demand forecasting [19]–[38]. 

Nevertheless, their performance often depends strongly on the construction of lagged observations, seasonal 

references, rolling statistics, and calendar-related variables. Representing multiple temporal scales may 

therefore require a large number of manually designed features, potentially introducing redundancy and failing 

to capture hidden interactions among periodic patterns. 

Deep-learning models reduce this dependence on manual feature engineering by learning temporal 

representations directly from sequential data. Recurrent neural networks, long short-term memory (LSTM) 

networks, gated recurrent units, convolutional neural networks, temporal convolutional networks (TCNs), and 

hybrid architectures have demonstrated strong forecasting capabilities [39]–[62]. LSTM preserves historical 

information through gated recurrent memory, whereas TCN uses causal and dilated convolutions to extract 

local and medium-range temporal dependencies. However, recurrent models compress different temporal 

behaviors into a common hidden-state sequence. In contrast, the effectiveness of TCNs depends on whether 

their fixed one-dimensional receptive field adequately covers the periodic structures in the data. 

Transformer-based forecasting models have introduced alternative mechanisms for long-sequence 

modeling, temporal decomposition, frequency-domain analysis, patch-based representation, and cross-variable 

interaction [63]–[68]. Informer improves computational efficiency for long sequences; Autoformer 

incorporates decomposition and autocorrelation mechanisms; PatchTST processes temporal patches; and 

iTransformer models relationships across variables. Although these architectures have produced competitive 

results, most continue to represent temporal dependencies primarily as one-dimensional sequences or rely on 

a specific representation mechanism. Their reported forecasting errors also cannot be directly compared across 

studies because datasets, temporal resolutions, forecast horizons, preprocessing procedures, and evaluation 

periods frequently differ. 

Electricity demand is inherently multi-periodic. At a 5-min sampling resolution, the load series contains 

short-duration fluctuations, intra-hour variations, repeated daily profiles, and longer relationships across 

consecutive days. The relative importance of these temporal components may also change over time. Models 

that process the series only along its original one-dimensional axis must implicitly learn these periodic 

structures, which may limit their ability to represent both changes within a recurring cycle and differences 

across successive cycles. 

TimesNet addresses this issue by explicitly transforming one-dimensional temporal sequences into 

multiple two-dimensional representations associated with dominant periods. The dominant frequency 

components are identified through a fast Fourier transform, and each corresponding period is used to reorganize 

the sequence into a two-dimensional tensor. One dimension represents variation within a period, while the 

other describes variation across repeated periods. Two-dimensional convolutional operations subsequently 

extract intraperiod and interperiod features, and the representations associated with different periods are 

adaptively aggregated [69][70]. 
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Despite this capability, the value of TimesNet for STLF has not been sufficiently established through a 

controlled comparison spanning fundamentally different forecasting paradigms. Existing studies frequently 

compare advanced deep learning models primarily against architectures from the same methodological family. 

Consequently, an observed improvement may result from model capacity, preprocessing choices, unequal 

historical information, or different test periods rather than from the temporal representation mechanism itself. 

A unified benchmark is therefore required to determine whether explicit multi-periodicity modeling offers an 

advantage over seasonal persistence, conventional nonlinear regression, recurrent memory, and one-

dimensional temporal convolution. 

This study addresses this gap through a cross-paradigm evaluation of TimesNet using the 2024 Tasmanian 

electricity demand dataset at 5-min resolution. A seven-day historical input containing 2,016 observations is 

used to predict the following day in full through a direct 288-step forecasting horizon. TimesNet is compared 

with Seasonal Naive, SVR, LSTM, and TCN, which respectively represent seasonal statistical forecasting, 

kernel-based machine learning, recurrent deep learning, and convolution-based temporal modeling. All 

candidate methods are evaluated using the same preprocessed demand series, chronological data organization, 

test observations, forecast origins, prediction horizon, and metric definitions. 

No universal numerical threshold defines acceptable forecasting performance across all electricity 

systems, because the magnitude and operational significance of an error depend on the scale of demand, data 

resolution, market characteristics, and the intended application. Therefore, the significance of the forecasting 

improvement in this study is assessed through relative performance under identical out-of-sample conditions 

rather than through an arbitrary error threshold. Forecasting quality is examined using complementary 

measures of absolute error, squared error, percentage error, goodness of fit, systematic bias, and scale-

independent performance. 

The results show that TimesNet achieves the best overall forecasting performance, with an MAE of 47.53, 

an RMSE of 60.21, a MAPE of 4.66%, an sMAPE of 4.63%, and an (𝑅2) of 0.6682. Compared with LSTM, 

the strongest benchmark, TimesNet reduces MAE, RMSE, and MAPE by 11.26%, 12.15%, and 12.41%, 

respectively. It means a bias error of 1.28 and a seasonal MASE of 0.726, further indicating limited systematic 

deviation and performance superior to the seasonal reference. These findings are specific to the dataset and 

experimental conditions considered and are not intended to establish the universal superiority of TimesNet 

across all forecasting applications. 

The research contribution is a controlled empirical assessment of whether explicit multi-periodicity 

representation provides measurable benefits for high-resolution day-ahead load forecasting. More specifically, 

the contributions are summarized as follows: 

• A TimesNet-based forecasting framework is evaluated using a seven-day historical sequence and a 

complete 288-step day-ahead prediction horizon at a 5-min resolution. 

• A cross-paradigm benchmark is established using Seasonal Naive, SVR, LSTM, and TCN, thereby 

covering seasonal persistence, conventional nonlinear regression, recurrent memory, and temporal 

convolution. 

• All candidate models are evaluated under identical external forecasting conditions, including the same 

dataset, chronological partition, test observations, forecast horizon, rolling evaluation procedure, and 

metric definitions. 

• Forecasting performance is examined from several complementary perspectives, including aggregate 

accuracy, percentage-error distribution, temporal profile tracking, horizon-wise robustness, systematic 

bias, and scale-independent accuracy. 

• The study provides empirical evidence that explicitly representing intraperiod and interperiod variations 

can improve electricity-demand forecasting beyond mechanisms based exclusively on seasonal repetition, 

kernel regression, recurrent processing, or one-dimensional convolution. 

The remainder of this paper is organized as follows. Section 2 reviews statistical, machine-learning, deep-

learning, Transformer-based, and multi-periodicity-aware forecasting methods. Section 3 presents the 

TimesNet-based forecasting methodology. Section 4 describes the dataset, experimental configuration, 

benchmark models, implementation settings, and evaluation criteria. Section 5 reports and discusses the 

forecasting results. Finally, Section 6 summarizes the main findings, limitations, practical implications, and 

future research directions. 

 

2. RELATED WORK 

Traditional statistical approaches remain important in short-term load forecasting because of their 

transparent formulations and relatively low computational requirements. Common methods include linear and 
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multiple regression, exponential smoothing, autoregressive models, autoregressive moving-average models, 

ARIMA-based extensions, and seasonal persistence forecasting [71]–[74]. These approaches can provide 

reliable predictions when demand patterns are stable, and the relationships between past and future 

observations remain approximately stationary. Seasonal Naive forecasting is particularly useful as a reference 

because it directly captures predictive information from recurring historical behavior without introducing a 

trainable nonlinear model. However, predefined statistical structures may be insufficient when electricity 

demand exhibits nonlinear changes, abrupt variations, and interactions among several temporal patterns. 

Machine-learning methods address some of these limitations by learning nonlinear mappings from 

historical observations and engineered predictors. Support vector regression, random forests, gradient boosting, 

XGBoost, and LightGBM have therefore been extensively investigated for electricity-demand forecasting 

[75]–[79]. Among these methods, SVR remains a representative benchmark because its kernel formulation 

supports nonlinear regression within a structured optimization framework. Nevertheless, its forecasting 

capability depends strongly on the selected input representation. Lagged demand observations, rolling 

statistics, seasonal references, and calendar descriptors must generally be constructed before training. When 

several periodicities coexist, a large input set may be required to represent different recurrence intervals, 

potentially increasing redundancy and model complexity. 

Deep learning models reduce dependence on manually engineered predictors by learning hierarchical 

temporal representations directly from sequential observations. LSTM has been widely applied to STLF 

because its input, output, and forget gates regulate the transfer of historical information through the recurrent 

sequence [80]–[83]. This mechanism allows the model to capture nonlinear temporal relationships over 

relatively long historical windows. However, recurrent processing is sequential and requires different temporal 

behaviors to be represented through the same hidden-state pathway. Short-term fluctuations, daily recurrence, 

and longer-term changes may therefore compete within a common recurrent representation, particularly when 

the input consists of a long, high-resolution sequence. 

TCN provides an alternative through causal and dilated one-dimensional convolutions. Its receptive field 

can be enlarged without recurrent computation, enabling parallel training and efficient extraction of local and 

medium-range dependencies. However, its effectiveness depends strongly on kernel size, dilation factors, 

network depth, and receptive-field coverage. If the selected architecture does not adequately align with the 

dominant periodic structures contained in the demand series, important recurring patterns may not be 

represented effectively. 

Transformer-based forecasting methods have further expanded the available mechanisms for temporal 

representation. Informer employs sparse attention to improve the efficiency of long-sequence forecasting; 

Autoformer integrates temporal decomposition with an autocorrelation mechanism; PatchTST uses patch-

based temporal tokens; and iTransformer applies attention across variables. These developments demonstrate 

that load forecasting can benefit from representations extending beyond conventional recurrent and 

convolutional processing. Nevertheless, the numerical results reported for different Transformer architectures 

are generally obtained using different datasets, sampling intervals, historical windows, forecasting horizons, 

preprocessing procedures, and data partitions. Their published error values, therefore, cannot be directly 

compared without a unified experimental framework. 

Electricity demand contains repeated structures at several temporal scales. Short-duration variations occur 

within hours, daily demand profiles recur over consecutive days, and longer-period relationships may appear 

over weekly or seasonal intervals. These structures are not independent because the shape and magnitude of 

individual cycles may vary over time. An effective forecasting model must therefore represent both the internal 

evolution of each recurring cycle and the differences among successive cycles. 

TimesNet was introduced to explicitly model this type of complex temporal variation. Within each 

TimesBlock, dominant frequencies are extracted from the latent sequence using a fast Fourier transform. The 

corresponding periods are then used to reorganize the original one-dimensional sequence into several two-

dimensional temporal tensors. In each representation, one dimension describes positions within a periodic 

cycle, while the other represents repeated occurrences of that cycle. Two-dimensional convolutional operations 

subsequently extract intra- and interperiod features, and the outputs from different periods are adaptively 

aggregated based on their spectral importance. 

This mechanism differs fundamentally from those of the comparative models. Seasonal Naive repeats a 

fixed historical pattern; SVR learns a nonlinear mapping from a predefined input vector; LSTM processes 

historical information through recurrent hidden states; and TCN applies fixed one-dimensional temporal filters. 

TimesNet instead detects several dominant periods and reconstructs the same sequence through multiple 

periodic views, enabling variations within recurring cycles and differences across consecutive cycles to be 

represented simultaneously. 
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Previous studies have demonstrated the potential of advanced neural forecasting models, but their 

evaluations are often limited to architectures within the same methodological family or conducted under 

unequal experimental conditions. Consequently, an observed performance improvement may result from 

differences in preprocessing, historical information, model capacity, parameter tuning, or evaluation periods 

rather than from the temporal representation mechanism itself. A controlled cross-paradigm evaluation is 

therefore necessary to determine whether explicit multi-periodicity modeling offers a measurable advantage 

over established forecasting principles. 

The present study addresses this research gap by evaluating TimesNet against Seasonal Naive, SVR, 

LSTM, and TCN on the same 2024 Tasmanian electricity demand series. The comparison is conducted under 

an identical 5-min sampling resolution, seven-day historical input containing 2,016 observations, a 288-step 

one-day-ahead forecasting horizon, chronological data organization, a test period, and an evaluation 

framework. The central research question is whether the explicit multi-period temporal representation 

employed by TimesNet captures electricity-demand dynamics more effectively than seasonal recurrence, 

kernel-based nonlinear regression, recurrent temporal memory, and one-dimensional temporal convolution. 

 

3. PROPOSED TIMESNET-BASED FORECASTING METHOD  

This section presents the TimesNet-based forecasting framework developed for one-day-ahead short-term 

electricity-load prediction. The framework consists of five interconnected components: forecasting-problem 

formulation and sequence construction, chronological data preprocessing, TimesNet representation learning, 

multi-periodicity modeling through TimesBlock, and rolling out-of-sample forecasting. The adopted 

forecasting configuration uses the historical electricity-demand sequence as the principal input and 

supplements it with deterministic calendar encodings derived from the timestamps. These future-known 

variables represent time of day, day of the week, day of the year, and weekend status without requiring 

meteorological or externally measured data. The objective is to evaluate whether multi-period temporal 

representations, together with these deterministic temporal descriptors, can support accurate one-day-ahead 

forecasting. 

The implementation follows the actual experimental configuration used in this study. The sampling 

interval is automatically detected from the demand timestamps, the input length is fixed to seven complete 

days, and the forecast horizon corresponds to the following complete day. Potential missing observations are 

checked before sequence generation and reconstructed only when required. However, no missing demand 

observations were detected in the dataset used in this study, and all chronological relationships were preserved 

throughout model development and testing. The forecasting model is implemented using the NeuralForecast 

version of TimesNet, whose core structure comprises an embedding layer, temporal alignment, stacked 

TimesBlocks, normalization, and an output projection. 

 

3.1. Load Forecasting Problem Formulation and Sequence Construction 

Let the cleaned electricity-demand series be represented as 

 𝒟 = {(𝑡𝑛
, 𝑦𝑛)}𝑛=1

𝑁  (1) 

where 𝑡𝑛 denotes the timestamp of the 𝑛-th observation, 𝑦𝑛 ∈ ℝ is the corresponding total electricity demand, 

and 𝑁 is the total number of available observations after data cleaning and temporal regularization. The target 

consists of a single regional electricity-demand series. In addition to the historical target sequence, the adopted 

TimesNet implementation uses deterministic future-known calendar encodings derived exclusively from the 

timestamps. 

Instead of manually assuming the data frequency, the most frequent difference between consecutive 

timestamps is detected from the data. The sampling interval and the corresponding number of observations per 

day are defined as 

 Δ𝑡 = Mode⁡(𝑡𝑛−𝑡𝑛−1), 𝑆 =
24 × 60

Δ𝑡min

 (2) 

where Δ𝑡min is expressed in minutes and 𝑆 denotes the number of observations contained in one complete day. 

For the 5-min Tasmania electricity demand series, the sampling interval is 𝛥𝑡=5 min, corresponding to 𝑆=288 

observations per day. Accordingly, the historical input length and forecast horizon are defined as 𝐿 = 7 × 𝑆 =
2,016 and 𝐻 = 𝑆 = 288, respectively. Thus, the model receives seven complete days of historical electricity 

demand and directly predicts the following day in full. This configuration provides a full weekly historical 



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro  1565 

 Vol. 8, No. 5, October 2026, pp. 1560-1589 

 

Trung Dung Nguyen Short-Term Electricity Load Forecasting with TimesNet: Cross-Paradigm 

Benchmarking of Multi-Periodicity Modeling) 

context for representing recurring daily patterns and relationships across consecutive days while preserving an 

operationally relevant one-day-ahead forecasting target.  

For a forecasting origin 𝜏, the historical input sequence is constructed as 

 𝐱𝜏 = [𝑦𝜏−𝐿+1, 𝑦𝜏−𝐿+2, … , 𝑦𝜏]T ∈ ℝ𝐿 (3) 

The corresponding future target vector contains the next 𝐻demand observations: 

 𝐲𝜏
+ = [𝑦𝜏+1, 𝑦𝜏+2, … , 𝑦𝜏+𝐻]T ∈ ℝ𝐻 (4) 

The forecasting task is therefore formulated as a direct multi-output mapping 

 𝐲̂𝜏
+ = 𝐹𝜽(𝐱𝜏), 𝜽

∗ = arg⁡min⁡
𝜽

1

𝑀𝐻
∑ ∑ ∣ 𝑦𝑚,ℎ − 𝑦̂𝑚,ℎ ∣

𝐻

ℎ=1

𝑀

𝑚=1
  (5) 

where 𝐹𝜽(⋅) denotes the TimesNet forecasting function, 𝜽 contains the trainable parameters, 𝑀 is the number 

of training windows, and the optimization objective is the mean absolute error (MAE). The model therefore 

generates all future demand values within the forecast horizon jointly rather than recursively predicting one 

observation at a time. 

This sequence formulation is important for the present study because the model must learn both local 

transitions and repeated temporal patterns from the same seven-day context. Repeated sections within the input 

sequence can represent daily recurrence, while the full seven-day window also reveals longer-term 

relationships. These structures are not manually extracted as lag variables; instead, they are processed internally 

by TimesNet's multi-periodicity mechanism. 

 

3.2. Data Preprocessing and Temporal Sequence Preparation 

The original dataset contains the timestamp variable SETTLEMENTDATE and the target variable 

TOTALDEMAND. The timestamps are converted to a datetime format, and the demand observations are 

converted to numeric values. If a region field is present, the selected regional series is retained. The data are 

subsequently organized using the NeuralForecast long-data structure, which consists of unique_id, ds, and y. 

Seven deterministic calendar variables are subsequently generated from the timestamp ds. The time-of-day 

position is represented by the sine and cosine variables tod_sin and tod_cos, while the day-of-week position is 

represented by dow_sin and dow_cos. Annual progression is represented by doy_sin and doy_cos, and the 

binary variable is_weekend represents weekend status. Because these variables are calculated directly from 

known timestamps, their future values are available at every forecasting origin and do not introduce information 

from future electricity-demand observations. Duplicate timestamps and invalid values are removed before the 

observations are sorted chronologically.  

To guarantee a uniformly sampled time series, a complete timestamp grid is constructed as 

 𝑡̃𝑛 = 𝑡1 + (𝑛 − 1)Δ𝑡, 𝑛 = 1,2, … , 𝑁 (6) 

where Δ𝑡 is the modal sampling interval obtained from Eq. (2), and 𝑁 is the number of timestamps between 

the first and last observations on the resulting regular grid. 

If an internal observation is missing between two valid neighboring observations 𝑦𝑎 and 𝑦𝑏, linear 

interpolation is applied: 

 𝑦̃(𝑡) = 𝑦𝑎 +
𝑡 − 𝑡𝑎
𝑡𝑏 − 𝑡𝑎

(𝑦𝑏−𝑦𝑎), 𝑡𝑎 < 𝑡 < 𝑡𝑏 (7) 

Any remaining boundary values are subsequently completed using forward and backward filling. This 

sequence ensures that no target values are missing before the forecasting windows are generated. The procedure 

follows the exact preprocessing order implemented in the experimental code.  

The model uses standard temporal scaling. For a forecasting window 𝑤, the normalized demand value 

can be represented as 

 𝑧𝑤,𝑗 =
𝑦𝑤,𝑗 − 𝜇𝑤

𝜎𝑤 + 𝜀
 (8) 

where 𝜇𝑤 and 𝜎𝑤 denote the shift and scale estimated by the standard temporal normalization procedure and 𝜀 

is a small numerical constant. The scaler_type="standard" setting is implemented internally by NeuralForecast, 

and the forecasts are transformed back to the original load scale before evaluation.  
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The chronological train–test boundary is initially defined using an 80% training proportion. To ensure 

that the final test period contains only complete one-day forecasting windows, the initial training size is aligned 

with the horizon: 

 𝑁tr = clip⁡ [𝐻round⁡ (
⌊0.8𝑁⌋

𝐻
) , 𝐿 + 𝐻, 𝑁 − 𝐻]  (9) 

Here, the lower limit 𝐿 + 𝐻 ensures that sufficient observations remain for at least one complete input–

output sequence, while the upper limit guarantees that at least one full forecast horizon remains for testing. 

The number of retained test observations is then 

 𝑁te = 𝐻 ⌊
𝑁−𝑁tr

𝐻
⌋  (10) 

which ensures that every test forecast contains exactly 𝐻 observations. Any residual observations that cannot 

form a complete final horizon are excluded from the modeling dataset, exactly as implemented in the code. 

A separate validation segment is taken from the end of the training period. Its length is defined as 

 𝑁val = {
14𝐻, 𝑁tr − 14𝐻 ≥ 𝐿 + 𝐻
7𝐻, otherwise.

 (11) 

Thus, a 14-day validation period is used whenever sufficient historical training data remain; otherwise, 

the validation segment is reduced to seven days. The resulting chronological organization can be expressed as 

 
𝒟fit
⏟

model fitting

→ 𝒟val
⏟

validation

→ 𝒟test
⏟

out-of-sample evaluation

 
(12) 

No random shuffling is introduced at the dataset level. Training windows are generated from the historical 

section with an internal step size of one observation, whereas the out-of-sample evaluation advances by one 

complete forecasting horizon. This distinction allows the model to exploit a dense set of training sequences 

while preserving non-overlapping daily forecast windows during final evaluation. 

 

3.3. TimesNet Forecasting Architecture 

The adopted model is a univariate TimesNet configured specifically for the TAS electricity-demand 

forecasting task. No static or historical exogenous variables are supplied. However, seven deterministic future-

known calendar variables are provided to represent time-of-day, day-of-week, annual, and weekend effects. 

The historical electricity-demand sequence remains the principal forecasting input. The NeuralForecast 

implementation first maps the input sequence into a latent space, expands its temporal dimension from 𝐿 to 

𝐿 + 𝐻, processes the resulting representation through stacked TimesBlocks, and finally projects the latent 

features to the output space.  

Let the standardized input batch be 

 𝐙 ∈ ℝ𝐵×𝐿×1 (13) 

where 𝐵 is the batch size, 𝐿 is the historical input length, and the final dimension equals one because only the 

electricity-demand series is modeled. 

The input is mapped into a 𝑑-dimensional latent representation using a data embedding layer with 

positional information: 

 𝐄(0) = Dropout⁡[Embed⁡(𝐙) + 𝐏] ∈ ℝ𝐵×𝐿×𝑑 (14) 

where 𝐏 denotes the positional representation and 𝑑 = 96 is the hidden dimension used in the present model. 

The positional embedding is activated in the implementation, while the dropout rate is set to 0.05.  

Before entering the TimesBlocks, a linear transformation is applied along the temporal axis: 

 𝐔(0) = [𝐖𝑡(𝐄
(0))

T
+𝐛𝑡]

T

, 𝐔(0) ∈ ℝ𝐵×(𝐿+𝐻)×𝑑 (15) 

Where 

 𝐖𝑡 ∈ ℝ(𝐿+𝐻)×𝐿 .  

This operation extends the latent temporal representation from the historical length 𝐿 to the combined 

length 



ISSN: 2685-9572 Buletin Ilmiah Sarjana Teknik Elektro  1567 

 Vol. 8, No. 5, October 2026, pp. 1560-1589 

 

Trung Dung Nguyen Short-Term Electricity Load Forecasting with TimesNet: Cross-Paradigm 

Benchmarking of Multi-Periodicity Modeling) 

 𝑇 = 𝐿 + 𝐻.  

The procedure corresponds directly to the predict_linear layer in the NeuralForecast implementation.  

The temporally aligned representation is then processed by 𝐸 stacked TimesBlocks: 

 𝐔(ℓ) = LN⁡ [TimesBlock⁡ℓ (𝐔
(ℓ−1))] , ℓ = 1,… , 𝐸 (16) 

where LN⁡(⋅) denotes layer normalization. The adopted model uses 

 𝐸 = 2,  

corresponding to two encoder layers. Each TimesBlock contains its own internal residual connection, while 

layer normalization is applied after the block output. 

The final latent representation is projected back to the forecasting output space: 

 𝐎 = 𝐔(𝐸)𝐖𝑜 + 𝐛𝑜 , 𝐎 ∈ ℝ𝐵×(𝐿+𝐻)×1 (17) 

Only the final 𝐻 positions are retained as the forecast: 

 𝐙̂+ = 𝐎[:, 𝐿+1:𝐿+𝐻, :] (18) 

After inverse scaling, the resulting output provides the demand forecast on the original measurement 

scale. 

Both model training and validation use MAE: 

 ℒMAE =
1

𝐵𝐻
∑ ∑ ∣ 𝑧𝑏,ℎ − 𝑧̂𝑏,ℎ ∣

𝐻

ℎ=1

𝐵

𝑏=1
  (19) 

A balanced TimesNet configuration was adopted to increase representation capacity while maintaining 

manageable GPU-memory requirements. Each ensemble member uses a hidden dimension of 96, a 

convolutional hidden dimension of 128, seven dominant periods, six Inception kernels, two encoder layers, 

and a dropout rate of 0.05. MAE is used as both the training and validation loss. The maximum number of 

optimization steps is set to 5,000, with an initial learning rate of 3 × 10−4 and five scheduled reductions in the 

learning rate. Validation performance is evaluated every 100 training steps, and early stopping is activated after 

10 consecutive validation checks without improvement. The training and validation batch sizes are both set to 

8, while the training-window and inference-window batch sizes are set to 32 and 64, respectively. Standard 

temporal scaling is applied before model estimation. Three independently initialized models are trained using 

random seeds 42, 2024, and 3407, and their aligned forecasts are averaged to obtain the final TimesNet 

prediction. The complete experimental configuration is summarized in Table 1. 

 

3.4. Multi-Periodicity Modeling with TimesBlock 

The principal difference between TimesNet and conventional one-dimensional sequence models lies in 

the internal operation of TimesBlock. Instead of processing the latent sequence exclusively along the original 

time axis, each TimesBlock identifies several dominant periods and reorganizes the same temporal 

representation into multiple two-dimensional views. These views simultaneously expose variations within 

repeated periods and across successive periods.  

Consider the input to a TimesBlock: 𝐗 ∈ ℝ𝐵×𝑇×𝑑 ,  where 𝑇 = 𝐿 + 𝐻. A real-valued fast Fourier transform 

is first applied along the temporal dimension: 

 ℱ𝑏,𝑓,𝑐 = ∑𝑋𝑏,𝑡,𝑐

𝑇−1

𝑡=0

exp⁡(−j
2𝜋𝑓𝑡

𝑇
) (20) 

where 𝑓 denotes the frequency index, 𝑐denotes the latent channel, and j = √−1. 

A global frequency-amplitude representation is obtained by averaging the spectral magnitude across 

batches and latent channels: 

 𝐴𝑓 =
1

𝐵𝑑
∑ ∑ ∣ ℱ𝑏,𝑓,𝑐 ∣

𝑑

𝑐=1

𝐵

𝑏=1
, 𝐴0 = 0  (21) 

The experimental script does not apply an external tapering function before the TimesNet model; FFT-

based period selection is performed internally on the temporally aligned latent representation. With an input 
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length of 𝐿 = 2,016 and a forecast horizon of 𝐻 = 288, the combined temporal length is 𝑇 = 𝐿 + 𝐻 = 2,304 

observations. At the 5-min sampling resolution, this sequence spans eight complete days, yielding a nominal 

discrete-frequency spacing of 1/8 = 0.125 cycles per day. The zero-frequency component is then excluded so 

that period selection focuses on oscillatory temporal behavior rather than the average sequence level. 

The zero-frequency component is removed so that the period-selection mechanism focuses on temporal 

oscillations rather than the sequence's average level. 

The 𝑘 most influential frequencies are then selected: 

 {𝑓1, 𝑓2, … , 𝑓𝑘} = TopK⁡({𝐴𝑓}), 𝑝𝑖 = ⌊
𝑇

𝑓𝑖
⌋ (22) 

In the proposed forecasting framework, 𝑘 = 7 meaning that five dominant periodic views are extracted 

in each TimesBlock. Importantly, these periods are not fixed manually as daily or weekly lags. They are 

adaptively derived from the latent representation via an FFT. The implementation computes the period using 

integer division, consistent with the actual NeuralForecast source code.  

Because the combined sequence length, 𝑇, may not be exactly divisible by a detected period, 𝑝𝑖 , zero-

padding is applied. The padded length is 

 𝑇𝑖 = 𝑝𝑖 ⌈
𝑇

𝑝𝑖
⌉ , 𝐗‾ 𝑖 = Pad⁡(𝐗, 𝑇𝑖) (23) 

The padded one-dimensional sequence is then reorganized as a two-dimensional tensor: 

 𝐕𝑖 = Permute⁡[Reshape⁡(𝐗‾ 𝑖)] ∈ ℝ𝐵×𝑑×(𝑇𝑖/𝑝𝑖)×𝑝𝑖  (24) 

In this representation, one axis describes temporal positions within the selected period, whereas the other 

distinguishes successive occurrences of that period. Consequently, the model can examine both intra- and 

interperiod variation using standard two-dimensional convolutional operations. This is the central 

representation principle of TimesNet.  

For each periodic view, a parameter-efficient Inception operation combines several receptive fields. Let 

𝑀denote the number of parallel kernels. The Inception transformation can be expressed as 

 ℐ(𝐐) =
1

𝑀
∑ Conv2D⁡(2𝑚+1)×(2𝑚+1)

𝑀−1

𝑚=0

(𝐐) (25) 

and the complete two-stage transformation is 

 𝐕̃𝑖 = ℐ2[GELU⁡(ℐ1(𝐕𝑖))] (26) 

Because 𝑀 = 6 in the adopted implementation, the parallel convolutional kernel sizes are 

 1×1,3×3,5×5,7×7,9×9,11×11  

The first Inception block maps the 96-dimensional latent representation to 128 convolutional channels. 

Six parallel two-dimensional convolutional kernels provide different receptive fields, and the GELU activation 

function introduces nonlinear feature transformation. The second Inception block subsequently maps the 

extracted representation back to the 96-dimensional TimesNet hidden space. The outputs generated by the 

parallel kernels are averaged rather than concatenated. 

After two-dimensional feature extraction, each representation is reshaped back to the original temporal 

organization and truncated to length 𝑇. The period-specific features are then aggregated using normalized 

spectral amplitudes: 

 𝛼𝑏,𝑖 =
exp(𝑎𝑏,𝑖)

∑ exp⁡𝑘
𝑗=1 (𝑎𝑏,𝑗)

, 𝐗𝑏
out = 𝐗𝑏 +∑𝛼𝑏,𝑖

𝑘

𝑖=1

𝐗𝑏,𝑖 (27) 

Where 

 𝑎𝑏,𝑖 =
1

𝑑
∑ ∣ ℱ𝑏,𝑓𝑖,𝑐

∣

𝑑

𝑐=1

 (28) 
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Thus, periodic components with stronger spectral evidence receive larger contributions to the current 

TimesBlock output. The final addition of the original input forms the residual connection. 

The process is repeated in the second TimesBlock. Consequently, multi-periodicity is re-estimated from 

deeper representations rather than being detected only once from the raw load series. This allows the first block 

to extract an initial set of periodic features and the subsequent block to refine higher-level temporal structures. 

The complete mechanism is consistent with the TimesNet principle of adaptively representing multiple 

intraperiod and interperiod variations through structured two-dimensional tensors. 

 
Table 1. Configuration of the adopted TimesNet forecasting model 

Parameter Setting 

Data resolution 5 min 

Input size 2,016 observations (7 days) 
Forecast horizon 288 observations (1 day) 

Hidden size 96 

Convolutional hidden size 128 
Number of dominant periods 7 

Number of Inception kernels 6 

Encoder layers 2 
Dropout 0.05 

Training loss MAE 

Validation loss MAE 
Maximum training steps 5,000 

Initial learning rate 3x10-4 

Number of learning-rate decays 5 
Validation interval 100 steps 

Early-stopping patience 10 validation checks 

Training batch size 8 
Validation batch size 8 

Window batch size 32 

Inference-window batch size 64 

Internal training-window step size 1 observation 

Temporal scaling Standard 
Static exogenous variables None 

Historical exogenous variables None 

Future-known calendar variables 7 
Calendar variables tod_sin, tod_cos, dow_sin, dow_cos, doy_sin, doy_cos, is_weekend 

Ensemble seeds 42, 2024, 3407 

Ensemble aggregation Arithmetic mean 

 

3.5. Overall Algorithm and Forecasting Workflow 

Figure 1 presents the complete TimesNet-based forecasting workflow adopted in this study, from the 

acquisition and preprocessing of the 2024 Tasmanian electricity demand series to rolling out-of-sample 

forecasting and comparative performance evaluation. The workflow preserves the chronological order of the 

observations and maintains a consistent 5-min, one-day-ahead forecasting configuration throughout model 

development and testing. 

As illustrated in Figure 1, the forecasting procedure begins with the 2024 Tasmanian electricity demand 

series, in which the TOTALDEMAND variable is recorded at 5-min intervals. The raw timestamps and demand 

values are first converted into consistent datetime and numerical formats. Invalid records and duplicate 

timestamps are removed, and the remaining observations are chronologically sorted. A regular timestamp 

sequence is then constructed to verify temporal continuity and identify possible missing observations. This 

preprocessing stage ensures that all subsequent forecasting windows are generated from a clean, continuous, 

and correctly ordered time series.The processed dataset is subsequently divided according to temporal order. 

A total of 84,384 observations, corresponding to approximately 80.05% of the complete series, are assigned to 

model development, whereas the remaining 21,024 observations, or approximately 19.95%, are retained for 

final out-of-sample testing. The final 14 days of the model development period, comprising 4,032 observations, 

are reserved for validation. This chronological organization prevents future test observations from influencing 

model fitting, hyperparameter selection, early stopping, or validation-based model selection. 

Supervised forecasting samples are then constructed from the univariate demand series. Each input 

sequence contains the previous seven complete days of electricity demand, equivalent to 2,016 observations at 

the 5-min resolution. The associated target comprises 288 observations, corresponding to a complete one-day-

ahead forecasting horizon. This configuration provides sufficient historical context to represent repeated daily 

demand patterns, short-term variations, and relationships across consecutive days. In addition, seven 
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deterministic future-known calendar encodings are supplied to TimesNet to represent time-of-day, day-of-

week, annual, and weekend effects. At the same time, weather and other externally measured variables are 

excluded. 

 

 
Figure 1. Overall workflow of the TimesNet-based one-day-ahead electricity-load forecasting framework 

 

Standard temporal scaling is applied before model estimation to improve numerical stability and facilitate 

model optimization. The scaled historical sequences are subsequently provided to TimesNet, where they are 

transformed into latent representations and processed through stacked TimesBlocks. Within each TimesBlock, 

the fast Fourier transform is used to identify dominant frequency components from the latent sequence. The 
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corresponding periods are then used to reorganize the one-dimensional temporal representation into multiple 

two-dimensional tensors. 

The two-dimensional representation enables TimesNet to model two complementary forms of temporal 

variation. The intraperiod dimension describes changes occurring within a repeated cycle, whereas the 

interperiod dimension represents differences among successive occurrences of that cycle. Two-dimensional 

convolutional operations extract features from these periodic views, and the period-specific outputs are 

adaptively combined according to their spectral importance. Consequently, TimesNet can represent several 

coexisting temporal structures rather than relying on a single fixed seasonal lag, recurrent state, or one-

dimensional convolutional pathway. 

The model is optimized using MAE as both the training and validation loss. Validation performance is 

examined every 100 optimization steps, while early stopping and best-model selection are used to reduce 

unnecessary training and limit overfitting. Only information from the model development and validation 

periods is used at this stage, and test observations are completely excluded from parameter estimation. 

After training, the retained TimesNet model is applied through a rolling out-of-sample forecasting 

procedure. For each test origin, the model receives the most recent 2,016 historical observations and directly 

generates the following 288 demand values. The forecasting origin then advances by 288 observations, 

producing non-overlapping daily prediction windows. This process generates 73 complete one-day-ahead 

forecasts across the test period and ensures that each test observation is evaluated only once. 

In the final stage, all out-of-sample predictions are concatenated in chronological order and compared 

with the corresponding observed demand values. Forecasting performance is assessed using MAE, MSE, 

RMSE, MAPE, sMAPE, and MBE, together with seasonal MASE, for evaluating systematic bias and scale-

independent accuracy. The same test timestamps and metric definitions are used for TimesNet, Seasonal Naive, 

SVR, LSTM, and TCN. Therefore, the workflow provides a consistent basis for determining whether the 

explicit multi-periodicity representation of TimesNet offers a measurable forecasting advantage over the 

selected statistical, machine-learning, recurrent, and convolutional benchmarks. 

 

4. EXPERIMENTAL SETUP 

This section describes the dataset, data preparation, forecasting configuration, comparative models, 

evaluation criteria, and computational settings used in the experiments. The experimental design was developed 

to provide a consistent cross-paradigm comparison among statistical, machine-learning, deep-learning, and 

multi-periodicity-based forecasting methods. All models were evaluated on the same electricity-demand series 

and the same chronological test observations. 

 

4.1. Dataset and Data Preparation 

The experiments were conducted using the 2024 Tasmanian electricity demand dataset. The original data 

contain the timestamp variable SETTLEMENTDATE and the regional electricity-demand variable 

TOTALDEMAND. The forecasting problem uses a univariate electricity-demand target. Historical demand 

serves as the principal sequential input, while seven deterministic, future-known calendar encodings derived 

from the timestamps are supplied to TimesNet. No weather, socioeconomic, or other externally measured 

variables are included. 

The timestamps were converted into a consistent datetime format, and the demand observations were 

converted into numerical values. Invalid records and duplicate timestamps were removed, and the remaining 

observations were then sorted chronologically. Following this cleaning procedure, the dataset contained 

105,408 valid observations spanning from 1 January 2024 at 00:05 to 1 January 2025 at 00:00. 

The sampling interval was determined from the modal difference between consecutive timestamps rather 

than being predefined manually. The detected interval was 5 min, corresponding to 288 observations per day 

and 2,016 observations per week. A complete regular timestamp grid was subsequently generated to identify 

possible discontinuities in the original series. The regularization procedure detected no missing observations 

before interpolation, corresponding to a missing-data rate of 0.00%. Consequently, although the preprocessing 

routine was configured to apply linear interpolation to internal gaps and forward or backward filling to 

unresolved boundary values, no demand observations required imputation. The final series was therefore 

continuous, regularly sampled, and free of missing target values. 

The dataset was divided chronologically rather than randomly to preserve the temporal ordering of the 

forecasting problem and prevent information leakage. The split point was aligned with the complete one-day 

forecasting horizon of 288 observations. A total of 84,384 observations were assigned to model development, 

while 21,024 observations were retained for out-of-sample testing. These values correspond to actual 

proportions of approximately 80.05% and 19.95%, respectively. The training period ran from 1 January 2024 
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at 00:05 to 20 October 2024 at 00:00, while the test period ran from 20 October 2024 at 00:05 to 1 January 

2025 at 00:00. 

The test set contained 73 complete one-day forecasting windows, each comprising 288 observations. No 

residual observations were discarded because the complete series could be divided into horizon-aligned training 

and test sections. Figure 2 presents the complete Tasmanian electricity demand series, along with the 

chronological train–test division adopted in this study. 

As shown in Figure 2, the model development period spans most of the annual demand series. It exhibits 

recurring daily behavior, short-duration fluctuations, gradual changes in demand levels, and several 

pronounced peaks and troughs. The seven-day input window therefore exposes the forecasting models to both 

high-resolution local variations and repeated temporal patterns across consecutive days. 

The test period is strictly separated from model development and represents the final chronological 

portion of the dataset. It contains repeated intraday variations, rapid transitions, and local demand extremes, 

providing a meaningful out-of-sample evaluation of model performance. The vertical dashed line in Figure 2 

identifies the boundary between the observations available for model development and those reserved 

exclusively for final testing. This chronological organization ensures that every test forecast is generated using 

only information available before the corresponding forecasting origin. 

The final 14 days of the model-development period, comprising 4,032 observations, were reserved for 

validation. The remaining 80,352 observations were used for model fitting. The validation segment was used 

to monitor generalization performance, guide learning-rate adjustment, and apply early stopping, while the test 

data were not used during parameter estimation or model selection. The resulting chronological organization 

followed the sequence: Model fitting • Validation • Out-of-sample testing. This separation forms the basis of 

the common forecasting and benchmarking protocol described in the following subsection. 

 

 
Figure 2. Tasmania electricity-demand series and chronological train–test division 

 

4.2. Forecasting Configuration and Fair Comparison Protocol 

A common forecasting configuration was adopted to ensure that all evaluated methods were compared 

under equivalent external conditions. The detected sampling interval was 5 min, corresponding to 288 

observations per day and 2,016 observations per week. The historical input length was therefore fixed at 2,016 

observations, representing the previous seven complete days of electricity demand. In comparison, the forecast 

horizon was set to 288 observations, representing the complete following day. The forecasting task can be 

summarized as Previous 7 days (2,016 observations)→Following 1 day (288 observations). 

The seven-day input window was selected for both temporal and methodological reasons. First, it contains 

seven complete daily cycles, enabling the models to learn recurring intraday demand behavior across different 

days of the week. Second, the window provides a complete weekly historical context for representing 

relationships across consecutive days. This sequential information is complemented by deterministic day-of-

week and weekend encodings derived from the timestamps. Third, the relatively long, high-resolution sequence 

provides sufficient temporal information for TimesNet's FFT-based period-detection mechanism to identify 

several coexisting short- and long-period components. The 288-step horizon was selected because it 

corresponds to a complete operationally relevant day-ahead forecast rather than a sequence of isolated short-

horizon predictions. 

The chronological model-development set contained 84,384 observations, of which the final 4,032 

observations, corresponding to 14 days, were reserved for validation. The out-of-sample test set contained 

21,024 observations, forming 73 complete one-day forecasting windows. Training sequences were generated 

from the model development period, using densely overlapping historical windows where applicable. During 
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final testing, the forecasting origin advanced by 288 observations after each prediction. This procedure 

generated non-overlapping one-day-ahead forecasts over the entire test period and prevented the same target 

observation from being evaluated more than once. 

Comparison consistency was maintained at the target-series, chronological-partition, forecast-horizon, 

test-timestamp, and evaluation levels. All models were evaluated using the same cleaned Tasmania demand 

target, chronological test period, 288-step forecast horizon, forecast origins, observed target values, and metric 

definitions. The adopted TimesNet implementation additionally used deterministic future-known calendar 

encodings derived from the timestamps. These variables contained no future electricity-demand observations 

and were available at every forecasting origin. For models requiring a historical demand sequence, the available 

target history was restricted to the same seven-day period preceding each forecast origin. No future target 

observation beyond the corresponding forecasting origin was available during prediction. 

The validation segment was used to monitor validation loss, guide the learning-rate schedule, and apply 

early stopping. The test set was not used during model fitting, validation monitoring, or training control. The 

fixed TimesNet configuration specified in Table 1 was retained throughout the complete out-of-sample 

evaluation. The resulting predictions were aligned to the same 21,024 test observations and evaluated using 

identical metric definitions. 

The comparison protocol consisted of four stages. First, each method received the same chronologically 

cleaned target series. Second, each trainable model learned its own representation of the historical observations 

using only the model-development and validation periods. Third, all methods generated forecasts for the same 

sequence of 73 test windows. Finally, the predictions were concatenated chronologically and evaluated using 

the same observed values and performance criteria. 

The purpose of this protocol was not to impose identical internal architectures or optimization algorithms 

on fundamentally different forecasting methods. Seasonal Naive, SVR, LSTM, TCN, and TimesNet use 

different learning principles and therefore require model-specific implementations. Instead, the protocol 

controls the target series, forecast horizon, chronological evaluation period, and metric definitions. Because 

the adopted TimesNet implementation additionally uses deterministic calendar encodings and ensemble 

averaging, the observed performance differences should be interpreted as differences between the complete 

forecasting implementations rather than as effects of architecture alone. 

 
4.3. Comparative Models and Balanced TimesNet Implementation 

Five forecasting methods were included in the comparative evaluation: Seasonal Naive, support vector 

regression (SVR), long short-term memory (LSTM), temporal convolutional network (TCN), and TimesNet. 

These methods were selected to provide a cross-paradigm benchmark spanning seasonal persistence, 

conventional nonlinear machine learning, recurrent sequence modeling, one-dimensional temporal 

convolution, and adaptive multi-period representation. 

Seasonal Naive served as the statistical reference. It generates each future demand value using the 

corresponding observation from the previous seasonal cycle. Its inclusion determines how much forecasting 

information can be obtained directly from recurring historical behavior without parameter estimation or 

nonlinear representation learning. Because the Tasmania load series exhibits strong daily recurrence, Seasonal 

Naive provides a meaningful low-complexity benchmark for the complete 288-step day-ahead task. 

SVR represented conventional machine learning. It learns a nonlinear mapping from historical demand 

data to future electricity load using kernel-based regression. Unlike deep learning models, SVR does not 

internally construct a hierarchy of temporal features. Its performance therefore indicates whether a 

conventional nonlinear mapping is sufficient to represent the high-resolution day-ahead forecasting 

relationship. 

LSTM was included as the benchmark recurrent deep learning model. Its gated memory mechanism 

regulates the retention, updating, and transfer of historical information across the input sequence. This allows 

LSTM to model nonlinear dependencies over relatively long temporal intervals and provides an appropriate 

reference for evaluating whether explicit multi-period representation offers an advantage over recurrent 

temporal memory. 

TCN represented convolution-based sequence learning. It uses causal and dilated one-dimensional 

convolutions to increase the temporal receptive field while preserving chronological direction. The comparison 

between TCN and TimesNet is particularly informative because both models use convolutional operations but 

organize temporal information differently. TCN processes the one-dimensional load sequence directly, whereas 

TimesNet first detects dominant periods and then reorganizes the sequence into multiple two-dimensional 

temporal views. 
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TimesNet was the principal model evaluated in this study. Within each TimesBlock, dominant frequency 

components are identified using a fast Fourier transform and converted into corresponding periods. The 

sequence is then reshaped for each selected period, so that intra- and interperiod variations can be processed 

simultaneously using two-dimensional convolutional operations. The period-specific representations are 

finally aggregated according to their spectral importance. 

As summarized in Table 2, the comparison evaluates not only five individual models but also five distinct 

principles for representing electricity-demand behavior. Seasonal Naive assumes that the future resembles a 

previous seasonal cycle. SVR learns a nonlinear mapping from a predefined historical representation. LSTM 

transfers information through recurrent hidden states, while TCN extracts patterns using a fixed hierarchy of 

one-dimensional temporal filters. TimesNet differs in that it adaptively detects several dominant periods and 

jointly models changes within and across repeated cycles. 

A balanced TimesNet configuration was adopted to increase model capacity while controlling GPU-

memory consumption through relatively small batch and window sizes. Each ensemble member used a hidden 

dimension of 96, a convolutional hidden dimension of 128, seven dominant periods, six Inception kernels, two 

encoder layers, and a dropout rate of 0.05. MAE was used as both the training and validation loss. The 

maximum number of optimization steps was set to 5,000, with an initial learning rate of 3 × 10−4 and five 

scheduled reductions in the learning rate. Validation performance was evaluated every 100 training steps, and 

early stopping was activated after 10 validation checks without improvement. The training and validation batch 

sizes were both 8, while the training-window and inference-window batch sizes were 32 and 64, respectively. 

Standard temporal scaling was applied. Seven deterministic future-known calendar variables were supplied, 

while static and historical exogenous variables were excluded. Three independently initialized models, seeded 

with 42, 2024, and 3407, were trained, and their aligned predictions were averaged to obtain the final TimesNet 

forecast. 

The experimental program recorded the combined time required for model training, validation, and rolling 

out-of-sample prediction. Because these stages were timed jointly, the resulting value represents the total 

experimental runtime rather than isolated training time or per-window inference latency. From a computational 

perspective, the FFT-based period-detection stage has complexity O(TlogT), where 𝑇⁡ = ⁡𝐿⁡ + ⁡𝐻⁡ = ⁡2,304 is 

the temporally aligned sequence length. The subsequent two-dimensional convolutional cost increases with the 

number of selected periods, the hidden dimensions, the kernel configurations, and the batch size. Processing 

seven periodic views with six parallel kernels introduces greater computational demand than the simpler 

benchmark implementations. In addition, using three independently trained ensemble members approximately 

triples the model-training workload compared with a single TimesNet run. Small training, validation, and 

window batch sizes were therefore adopted to control GPU-memory consumption. 

For longer historical datasets with the same input and forecast lengths, the number of training windows 

increases approximately linearly with the number of available observations. At the same time, the memory 

required for a single batch is primarily determined by the fixed input length, forecast horizon, hidden 

dimensions, and batch size. This characteristic allows the framework to be extended to longer regional histories 

through mini-batch training. However, applications involving many regions, additional variables, or 

substantially longer input sequences would require additional memory management, distributed training, or 

adjustments to model capacity. 

The benchmark was designed to evaluate TimesNet across fundamentally different forecasting paradigms 

rather than to provide an exhaustive ranking of all recently proposed Transformer architectures. Consequently, 

the reported results should be interpreted as evidence relative to Seasonal Naive, SVR, LSTM, and TCN under 

the adopted common protocol. No claim of superiority is made over untested architectures such as Informer, 

Autoformer, PatchTST, FEDformer, or iTransformer. 

 
Table 2. Forecasting models used in the comparative evaluation 

Category Model Main representation mechanism 

Statistical Seasonal Naive Direct seasonal recurrence 

Machine learning SVR Kernel-based nonlinear regression 
Deep learning LSTM Recurrent gated memory 

Deep learning TCN Causal and dilated one-dimensional temporal convolution 

Multi-period deep learning TimesNet Adaptive multi-period two-dimensional temporal modeling 

 

4.4. Evaluation Metrics 

Forecasting performance was evaluated using five complementary measures: mean absolute error (MAE), 

mean squared error (MSE), root mean squared error (RMSE), mean absolute percentage error (MAPE), 
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symmetric mean absolute percentage error (sMAPE), mean bias error (MBE), the coefficient of determination 

(), and seasonal mean absolute scaled error (seasonal MASE). 

Let 𝑦𝑖  and 𝑦̂𝑖 denote the observed and predicted demand values for the 𝑖-th test observation, respectively, 

and let 𝑛denote the total number of test predictions. 

The MAE is defined as 

 MAE =
1

𝑛
∑ ∣ 𝑦𝑖 − 𝑦̂𝑖 ∣
𝑛
𝑖=1   (29) 

The MSE is calculated as 

 MSE =
1

𝑛
∑ (𝑦𝑖−𝑦̂𝑖)

2𝑛

𝑖=1
  (30) 

The RMSE is expressed as 

 RMSE = √
1

𝑛
∑ (𝑦𝑖−𝑦̂𝑖)

2𝑛
𝑖=1   (31) 

The MAPE measures the average absolute forecasting error relative to the observed demand: 

 MAPE =
100

𝑛
∑ ∣

𝑦𝑖−𝑦̂𝑖

𝑦𝑖
∣

𝑛

𝑖=1
  (32) 

The coefficient of determination is defined as 

 𝑅2 = 1 −
∑ (𝑦𝑖−𝑦̂𝑖)

2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦̄)
2𝑛

𝑖=1

 (33) 

where 𝑦̄ is the mean observed demand over the test period. Lower MAE, MSE, RMSE, and MAPE values 

indicate higher forecasting accuracy. In contrast, a laR-squared value indicates that the predicted series more 

effectively reproduces the variation in observed electricity demand. 

 

4.5. Computational Environment and Reproducibility 

The experiments were implemented in Python 3.12 using NeuralForecast 3.1.9 with a PyTorch 

2.11.0+cu128 backend. Model training and forecasting were performed in Google Colab using a single CUDA-

enabled GPU. The original execution log verified that GPU acceleration was available and used during both 

training and prediction. However, because Google Colab dynamically allocates computational hardware and 

the device name was not preserved in the original run, no unsupported claim regarding the exact GPU model 

or memory capacity is made. The reported execution time should therefore be interpreted in relation to the 

verified software configuration and the Google Colab GPU environment rather than as a hardware-independent 

benchmark. 

The TimesNet configuration used to obtain the reported results employed a hidden dimension of 96, a 

convolutional hidden dimension of 128, seven dominant periods, six Inception kernels, two encoder layers, 

and a dropout rate of 0.05. The model was trained using MAE as both the training and validation loss. The 

maximum number of optimization steps was set to 5,000, the initial learning rate was 3×10−4, and five 

scheduled learning-rate reductions were employed. Validation performance was evaluated every 100 training 

steps, with an early-stopping patience of 10 validation checks. The training and validation batch sizes were 

both 8, while the training-window and inference-window batch sizes were 32 and 64, respectively. Standard 

temporal scaling was applied. Seven deterministic future-known calendar variables were supplied to the model, 

while static and historical exogenous variables were excluded. 

The implementation automatically recorded the total time required for model fitting, validation, and 

rolling out-of-sample forecasting. Because these stages were timed jointly, the recorded value represents total 

execution time rather than separate training time or per-window inference latency. Separate measurements of 

parameter memory and model-specific inference latency were not recorded in the present implementation. 

To reduce dependence on a single stochastic initialization, three TimesNet models were trained 

independently using random seeds 42, 2024, and 3407. For each ensemble member, the corresponding Python, 

NumPy, PyTorch, and CUDA random generators were initialized before model construction and training. The 

final TimesNet prediction was calculated as the arithmetic mean of the three aligned out-of-sample forecasts. 

Some GPU operations may remain nondeterministic across hardware and software environments; therefore, 

exact bitwise reproduction cannot be guaranteed. 
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The complete experimental configuration was stored together with the forecasting outputs. The saved 

information included the detected data frequency, input size, forecast horizon, train–test organization, 

validation length, target variable, model hyperparameters, deterministic calendar variables, ensemble seeds, 

package versions, GPU availability, and total execution time. The trained model, aligned out-of-sample 

predictions, performance tables, residual statistics, and generated figures were also retained. This procedure 

provides a transparent computational record and supports independent examination and reproduction of the 

reported forecasting results. 

 

5. RESULTS AND DISCUSSION 

5.1. Benchmark Accuracy and Comparative Improvement Analysis  

The principal forecasting results of this study are presented in Table 3 and visualized in Figure 3. Table 

3 provides the complete numerical comparison of the five evaluated models using MAE, MSE, RMSE, MAPE, 

and . In contrast, Figure 3 graphically illustrates the four most informative indicators, namely MAE, RMSE, 

MAPE, and 𝑅2. Since both presentations are based on the same test predictions, the table reports the exact 

quantitative results. At the same time, the figure highlights the relative rankings and performance gaps among 

the forecasting approaches. Together, they provide the central empirical evidence for assessing whether 

TimesNet's multi-periodicity modeling mechanism offers an advantage over statistical, machine-learning, 

recurrent, and convolutional forecasting methods. 

 
Table 3. Forecasting Accuracy Comparison of TimesNet and Benchmark Models 

Model MAE MSE RMSE MAPE 𝑹𝟐 

TimesNet 47.53 3625.65 60.21 4.66 0.6682 
TCN 87.43 10835.48 104.09 8.62 0.0085 

SVR 54.33 4766.55 69.04 5.40 0.5639 

Seasonal Naive 60.78 5994.83 77.43 5.95 0.4515 
LSTM 53.56 4697.58 68.54 5.32 0.5702 

 

 
Figure 3. Comparative forecasting performance of TimesNet and the benchmark models in terms of (a) MAE, (b) 

RMSE, (c) MAPE, and (d) 𝑅2 

 

The results in Table 3 show that TimesNet achieves the best overall forecasting performance across all 

five evaluation metrics. It records the lowest MAE of 47.53, MSE of 3625.65, RMSE of 60.21, and MAPE of 

4.66%, while simultaneously achieving the highest cap R squared of 0.6682. This consistent ranking is 

important because the superiority of TimesNet is not limited to a single error measure. The model performs 

best according to average absolute deviation, squared error, large-error sensitivity, relative percentage error, 

and goodness of fit. Therefore, the final ranking is not dependent on the choice of one particular metric. 

Among the benchmark methods, LSTM provides the strongest overall performance, followed closely by 

SVR. LSTM achieves an MAE of 53.56, an RMSE of 68.54, a MAPE of 5.32%, and an 𝑅2of 0.5702, whereas 
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SVR obtains corresponding values of 54.33, 69.04, 5.40%, and 0.5639. Although the difference between these 

two models is relatively small, both remain consistently behind TimesNet across all reported indicators. 

Compared with LSTM, the strongest overall baseline, TimesNet reduces MAE by 11.26%, MSE by 

22.82%, RMSE by 12.15%, and MAPE by 12.41%. At the same time, its 𝑅2increases from 0.5702 to 0.6682, 

an absolute improvement of 0.0980. This difference is particularly notable because LSTM already provides a 

strong nonlinear recurrent representation of the historical load sequence. The additional improvement achieved 

by TimesNet indicates that explicit multi-period temporal modeling provides useful information beyond 

conventional recurrent memory. 

A similar pattern is observed relative to SVR. TimesNet reduces MAE by 12.52%, MSE by 23.94%, 

RMSE by 12.79%, and MAPE by 13.70%, while increasing 𝑅2by 0.1043. These differences show that kernel-

based nonlinear regression can capture a substantial part of the load dynamics, but its fixed input–output 

mapping remains less effective than the multi-period representation learned by TimesNet. 

The advantage over Seasonal Naive is more pronounced. TimesNet reduces MAE by 21.80%, MSE by 

39.52%, RMSE by 22.24%, and MAPE by 21.68%. The 𝑅2value also rises from 0.4515 to 0.6682. This 

comparison is especially relevant because Seasonal Naive directly exploits recurring load behavior. Its 

reasonable performance confirms that the Tasmania electricity-demand series contains substantial seasonal 

regularity. However, TimesNet clearly performs better, suggesting that direct seasonal repetition alone cannot 

fully represent the nonlinear changes and variations occurring within and across repeated demand cycles. 

TCN produces the weakest results in the present experimental setting, with an MAE of 87.43, RMSE of 

104.09, MAPE of 8.62%, and 𝑅2of only 0.0085. Relative to TCN, TimesNet reduces MAE by 45.64%, MSE 

by 66.54%, RMSE by 42.16%, and MAPE by 45.94%. The very low 𝑅2of TCN indicates that its predictions 

reproduce only a limited proportion of the observed load variation. Although both TCN and TimesNet use 

convolutional operations, their markedly different performance suggests that the way temporal information is 

organized is critical. TCN applies convolution directly along the one-dimensional temporal sequence, whereas 

TimesNet first restructures the sequence according to several dominant periodicities and then models 

intraperiod and interperiod variation in two dimensions. 

Figure 3 reinforces the numerical findings reported in Table 3. In Figure 3(a) to Figure 3(c), TimesNet 

consistently has the shortest bars for MAE, RMSE, and MAPE, indicating the lowest forecasting errors. In 

contrast, Figure 3(d) shows that TimesNet has the highest 𝑅2, demonstrating the strongest agreement between 

the predicted and observed demand variations. The visual separation is particularly evident relative to TCN 

and Seasonal Naive, while TimesNet also maintains a clear advantage over the stronger LSTM and SVR 

baselines. 

The combined evidence from Table 3 and Figure 3 therefore constitutes the principal result of this study. 

Across statistical, machine-learning, recurrent deep-learning, and convolution-based forecasting paradigms, 

TimesNet provides the most accurate overall predictions for the TAS 2024 electricity-demand series. The 

improvement is consistent across all five metrics and is especially meaningful when compared with LSTM, 

which represents the strongest baseline in the benchmark. 

These findings are consistent with the usefulness of explicit multi-period temporal representation for 

short-term load forecasting. TimesNet identifies several dominant periodic structures and jointly represents 

variations within and across repeated cycles. However, because the adopted TimesNet implementation also 

incorporates deterministic calendar encodings and three-member ensemble averaging, the present comparison 

does not isolate the independent contribution of the multi-periodicity mechanism. The results should therefore 

be interpreted as the performance of the complete adopted TimesNet implementation under the common 

evaluation protocol. 

Overall, Table 3 and Figure 3 provide the final quantitative answer to the main research question of this 

study. Under the common forecasting protocol, TimesNet achieves the lowest prediction errors and the highest 

goodness of fit among all evaluated models. These results establish TimesNet as the best-performing 

forecasting method in the present experiment and provide the central empirical foundation for the subsequent 

analyses of error behavior, temporal profile tracking, and forecast-horizon robustness. 

 

5.2. Error Distribution, Bias, and Forecast Robustness  

While the aggregate metrics presented in the previous section show that TimesNet obtained the lowest 

overall errors under the adopted experimental setting over the benchmark models, average performance 

measures alone do not fully reveal how forecasting errors are distributed across individual test samples. Two 

models with similar average errors may exhibit substantially different levels of dispersion, extreme deviations, 

and sensitivity to difficult forecasting periods. Therefore, a distributional analysis is required to further examine 
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the consistency and robustness of the competing models. Figure 4 presents the distributions of the absolute 

percentage error (APE) for TimesNet, LSTM, Seasonal Naive, SVR, and TCN. 

 

 
Figure 4. Distribution of absolute percentage errors for TimesNet and the benchmark forecasting models 

 

As shown in Figure 4, the error distributions provide further evidence supporting the comparative results 

reported in the previous section. TimesNet exhibits the most favorable overall distribution, with the largest 

proportion of observations concentrated in the low-APE region. Its frequency decreases rapidly as the error 

magnitude increases, while relatively few observations occur in the high-error tail. This pattern indicates that 

the superior MAPE, MAE, and RMSE values obtained by TimesNet are not due to a limited number of highly 

accurate predictions; rather, they reflect consistently small forecasting errors across a large portion of the test 

set. The comparatively short and sparse right tail also suggests greater robustness against large pointwise 

deviations. 

LSTM and SVR display broadly similar right-skewed distributions, with most predictions also 

concentrated at relatively low APE values. However, their distributions extend farther into the moderate- and 

high-error regions than that of TimesNet. This observation is consistent with their previously reported slightly 

higher aggregate errors. Although both models can provide accurate predictions for a considerable number of 

observations, the greater frequency of moderate errors and the longer right tails indicate less stable forecasting 

performance than TimesNet. 

The Seasonal Naive model exhibits a broader error distribution and a more pronounced right tail. 

Compared with learning-based models, a larger proportion of its forecasts fall within the intermediate-error 

range, and isolated errors extend beyond approximately 30%. This broader dispersion indicates that simply 

repeating historical seasonal patterns cannot adequately capture all short-term changes in electricity demand. 

Consequently, the model is more vulnerable when the current load behavior deviates from previously observed 

seasonal patterns. 

The clearest contrast is observed for TCN. Unlike the other models, its error distribution is not strongly 

concentrated near zero but instead peaks at a noticeably higher APE range. The distribution remains broad and 

extends beyond 40%, indicating both a higher typical forecasting error and a substantially greater occurrence 

of large deviations. This behavior explains the markedly poorer MAE, RMSE, and MAPE values and the near-

zero 𝑅2reported in the preceding analysis. Therefore, the weak aggregate performance of TCN is not due solely 

to a small number of extreme outliers; it reflects a broader, less favorable error distribution across the test set. 

Overall, Figure 4 complements the aggregate metric comparison by showing that TimesNet achieves not 

only the lowest average forecasting error but also the most concentrated and stable error distribution. Its strong 

concentration in the low-APE region and limited high-error tail demonstrate better forecasting consistency and 

robustness than the benchmark models. These findings provide distribution-level evidence that TimesNet's 

performance advantage is maintained across individual forecasting instances, rather than being driven solely 

by average statistics. 
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5.3. Load Profile Tracking and Temporal Forecast Characteristics  

The distributional analysis in Section 5.2 showed that TimesNet produces a greater concentration of low-

error predictions and a more limited high-error tail than the benchmark models. However, error distributions 

do not indicate when forecasting deviations occur or whether a model can accurately reproduce the temporal 

evolution of electricity demand. To complement the aggregate and distribution-level analyses, Figure 5 

compares the actual and forecasted load profiles over the first seven days of the test period. This comparison 

provides a direct assessment of each model’s ability to preserve daily load cycles, follow rapid transitions, and 

reproduce the timing and magnitude of peaks and troughs. 

As shown in Figure 5, all models capture the general existence of recurring daily demand patterns. Still, 

substantial differences are observed in temporal alignment, amplitude representation, and responsiveness to 

short-term load variations. These differences provide a time-domain explanation for the comparative error 

statistics and APE distributions discussed in the preceding sections. 

The Seasonal Naive model reproduces the broad daily periodicity of the load series because its forecasts 

are directly based on previously observed seasonal behavior. Nevertheless, the predicted profiles frequently 

differ from the actual demand in both amplitude and local trajectory. Several peaks and troughs are either 

overestimated or underestimated, particularly when the load pattern changes from one day to the next. This 

behavior indicates that the model can preserve repetitive temporal structure but has limited ability to adapt to 

changes in the magnitude and shape of the current load profile. Consequently, the accumulated deviations 

across the seven days are consistent with its broader APE distribution and higher overall forecasting errors. 

SVR provides substantially better temporal tracking than the Seasonal Naive benchmark. Its forecasts 

generally follow the major rising and falling trends and reproduce the timing of many daily peaks and valleys. 

However, noticeable discrepancies persist during periods of rapid change or unusually high demand. In several 

cases, the predicted curve departs from the actual series near extreme peaks and sharp transitions. This suggests 

that SVR captures the dominant nonlinear relationship in the data but may still smooth or distort some short-

term variations. These localized mismatches explain why SVR achieves relatively strong overall performance 

while remaining inferior to TimesNet in the aggregate metrics. 

LSTM also captures the recurring daily cycle and follows the general direction of load evolution. 

Compared with the actual series, however, its predictions are visibly smoother, and the amplitudes of several 

sharp peaks and deep troughs are reduced. This smoothing effect is particularly evident during abrupt changes 

in demand, where the forecast curve responds more gradually than the actual load. As a result, LSTM performs 

well during regular periods but may lose accuracy when the demand profile changes rapidly. This temporal 

behavior is consistent with the moderate right tail observed in its APE distribution. 

The weakest temporal tracking behavior is observed for TCN. Although the model reproduces the 

approximate periodic structure of the demand series, its forecast amplitude is considerably compressed during 

several portions of the seven days. The discrepancy becomes especially pronounced during high-load intervals, 

where TCN repeatedly underestimates the actual demand and fails to reproduce the magnitude of major peaks. 

In addition, the predicted profile shows limited adaptation to changes in the daily load level. These systematic 

temporal deviations confirm that the poor performance of TCN is not attributable only to isolated forecasting 

errors. Instead, they reflect persistent difficulty in representing the evolving magnitude and short-term 

dynamics of the demand series, which is consistent with its high MAE, RMSE, and MAPE and near-zero 𝑅2. 

TimesNet provides the closest overall correspondence between the predicted and actual load profiles. The 

forecast curve generally follows both the direction and timing of the observed demand, including repeated daily 

cycles, rising and falling transitions, and changes in load magnitude across successive days. Compared with 

the benchmark models, TimesNet more accurately preserves the shape of the actual profile and exhibits smaller 

deviations around most peaks and troughs. Some discrepancies remain during the most extreme demand 

variations, particularly near several sharp peaks, but these deviations are less persistent than those observed for 

the competing models. 

An important characteristic of the TimesNet forecast is its ability to adapt to changes in the daily load 

level rather than merely reproducing an average or previously observed profile. The model follows not only 

the recurring periodic behavior but also the variation in peak heights, valley depths, and intra-day transitions 

across the seven days. This improved amplitude fidelity and temporal responsiveness help explain why 

TimesNet simultaneously achieves the lowest MAE, RMSE, and MAPE and the highest 𝑅2. The visual results, 

therefore, reinforce the findings from the previous sections by showing that the model’s superior numerical 

performance is directly associated with more accurate temporal tracking. 
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(a) LSTM 

 
(b) Seasonal Naive 

 
(c) SVR 

 
(d) TCN 

 
(e) TimesNet 

Figure 5. Seven-day load-profile tracking performance of (a) LSTM, (b) Seasonal Naive, (c) SVR, (d) TCN, and (e) 

TimesNet 
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Overall, Figure 5 demonstrates that forecasting performance depends not only on identifying the recurring 

daily cycle but also on reproducing changing amplitudes and short-term transitions. Seasonal Naive retains 

basic periodicity but lacks adaptability, SVR and LSTM provide stronger profile tracking with remaining local 

deviations, and TCN exhibits pronounced amplitude underestimation. In contrast, TimesNet achieves the most 

balanced performance across temporal alignment, profile-shape preservation, and adaptation to changing 

demand levels. Together with the aggregate metrics and error-distribution results, this time-domain analysis 

provides further evidence of TimesNet's greater consistency and robustness in short-term load forecasting. 

 

5.4. Forecast Robustness Across the One-Day-Ahead Horizon  

The preceding analysis showed that TimesNet achieves the best aggregate forecasting accuracy, a 

favorable distribution of pointwise errors, and strong temporal tracking of the actual load profile. However, 

these results do not reveal whether the forecasting advantage is maintained consistently throughout the day-

ahead prediction window. In multi-step forecasting, prediction difficulty may vary considerably with the 

forecast position because different horizon steps correspond to different load regimes, transition periods, peaks, 

and valleys. Therefore, Figure 6 examines the variation in MAPE across the complete one-day-ahead 

forecasting horizon for TimesNet and the benchmark models. 

As shown in Figure 6, the horizon-wise error patterns are clearly non-uniform for all models. MAPE does 

not increase continuously with the forecast step; instead, it rises and falls across different portions of the 

prediction window. This behavior indicates that forecasting difficulty is influenced not only by increasing 

forecast horizon length but also by the temporal characteristics of the load profile at each horizon position. 

Periods containing rapid demand transitions and pronounced variations tend to produce larger errors, whereas 

more stable portions of the daily cycle are generally predicted more accurately. 

TimesNet exhibits the most favorable overall horizon-wise error profile. Its MAPE remains relatively low 

during the early forecast steps, increases gradually through the middle portion of the horizon, and then 

decreases again toward the later steps. Although a local maximum is observed around the middle of the 

forecasting window, the error remains below that of the weakest benchmark and declines substantially in the 

final portion of the horizon. More importantly, the curve varies comparatively smoothly, indicating that the 

model maintains stable predictive behavior across successive forecast positions rather than exhibiting frequent 

abrupt deterioration. 

The TimesNet error pattern also reveals that its forecasting advantage is not restricted to only the first few 

prediction steps. The model remains competitive throughout the entire forecast window, including the more 

difficult middle-horizon region. This finding is particularly important for day-ahead load forecasting, where a 

model must generate all future values simultaneously, and reliable performance is required across the entire 

prediction horizon. The comparatively low and smooth horizon-wise MAPE therefore provides further 

evidence of the model’s robustness in multi-step forecasting. 

LSTM also achieves relatively low errors at the beginning of the forecast horizon. However, its MAPE 

increases substantially as the horizon lengthens and remains elevated for much of the middle section. The curve 

subsequently declines toward the final forecast steps. This pattern suggests that LSTM can provide accurate 

predictions for some temporal regions but experiences greater difficulty in the middle portion of the daily 

forecast window. The higher error level over an extended range of horizon steps is consistent with the 

smoothing behavior observed in Figure 5, where several peaks and rapid transitions were not fully reproduced. 

SVR displays a broadly similar horizon-dependent pattern. The error begins at a relatively low level, 

increases sharply toward the first major high-error region, and remains comparatively elevated throughout 

much of the middle horizon before declining in the later steps. Several local fluctuations are also visible, 

indicating variable sensitivity to different temporal positions. Although SVR maintains reasonable 

performance overall, its horizon-wise error is generally higher than that of TimesNet across important portions 

of the prediction window. This result is consistent with the localized profile mismatches observed in the seven-

day tracking analysis. 

The Seasonal Naive model exhibits higher errors at the beginning of the horizon and a broader high-error 

region around the middle forecast steps. Its MAPE reaches its largest values in approximately the same general 

portion of the horizon where several learning-based models also experience increased difficulty. However, the 

magnitude of the error is greater, reflecting the model’s limited ability to adjust when the future load pattern 

differs from the historical seasonal reference. The subsequent decrease in MAPE toward the later horizon 

indicates that the model performs better when the corresponding load regime is more compatible with its 

repeated seasonal pattern. 
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(a) LSTM 

 
(b) Seasonal Naive 

 
(c) SVR 

 
(d) TCN 

 
(e) TimesNet 

Figure 6. MAPE variation across the 288-step one-day-ahead forecasting horizon for (a) LSTM, (b) Seasonal Naive, (c) 

SVR, (d) TCN, and (e) TimesNet 
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TCN presents the least favorable horizon-wise behavior. Its MAPE remains consistently high throughout 

most of the forecasting horizon, with repeated fluctuations and several pronounced peaks. Unlike the other 

models, TCN does not benefit from a sustained low-error region at the beginning of the horizon, and its 

performance remains comparatively weak even during later forecast steps. The persistent error level indicates 

that a narrow subset of difficult horizon positions does not cause its poor aggregate results. Instead, the model 

experiences systematic difficulty forecasting across much of the day-ahead sequence. 

A particularly important observation from Figure 6 is that the errors of most models are highest around 

the middle region of the forecast horizon rather than at the final forecast step. Therefore, the results do not 

support a simple assumption that forecasting error increases monotonically with prediction distance. Instead, 

the variation appears strongly associated with changes in the temporal characteristics of electricity demand. 

Horizon positions corresponding to more complex load transitions are more difficult to predict, whereas 

relatively stable periods yield lower forecasting errors. This interpretation is also consistent with the seven-day 

load-profile analysis in Figure 5, where the largest deviations tended to occur around pronounced peaks, 

troughs, and rapid changes in demand. 

Overall, Figure 6 extends the previous analyses by demonstrating that TimesNet maintains comparatively 

stable forecasting accuracy across the complete one-day-ahead horizon. While all models exhibit horizon-

dependent error variation, TimesNet achieves a more favorable balance among low overall MAPE, smoother 

error variation, and reduced sensitivity to difficult forecast positions. Together with the aggregate metrics, APE 

distributions, and temporal tracking results, the horizon-wise analysis indicates that the observed advantage of 

TimesNet is not confined to a specific evaluation measure or a limited portion of the test sequence, but is 

maintained across multiple dimensions of forecasting performance. 

 

5.5. Multi-Periodicity Interpretation and Computational Trade-Offs 

The results presented in Section 5.1 to Section 5.4 provide a consistent view of TimesNet's forecasting 

behavior from several complementary perspectives. The model achieves the best aggregate accuracy, exhibits 

a stronger concentration of low pointwise errors, follows the observed load trajectory more closely, and 

maintains comparatively stable performance across the complete one-day-ahead forecasting horizon. Taken 

together, these findings suggest that the performance advantage of TimesNet is associated not only with lower 

average error but also with a more effective representation of the recurring and time-varying structures 

embedded in the electricity-demand series. 

Electricity demand is inherently characterized by temporal patterns operating at different scales. At the 

5-min resolution considered in this study, the load series contains short-term fluctuations within individual 

hours, recurring intra-day transitions, and the broader daily cycle represented by the 288-step forecasting 

horizon. These patterns do not contribute equally throughout the day. Stable periods, rapid ramps, peaks, and 

valleys introduce different forecasting difficulties, as demonstrated by the horizon-dependent MAPE variations 

in Figure 6. Consequently, an effective forecasting model must represent more than a single dominant periodic 

pattern; it must also accommodate interactions among different temporal structures and changing load regimes. 

The empirical behavior of TimesNet is consistent with this requirement. In the seven-day tracking 

analysis, the model reproduced both the broad daily demand pattern and many of the shorter-term variations 

occurring within each daily cycle. Unlike the Seasonal Naive model, which primarily preserves historical 

periodicity, TimesNet showed greater adaptability when the amplitude and shape of the load profile varied 

across successive days. Similarly, compared with LSTM and SVR, it generally maintained better agreement 

with the actual demand during transitions between low- and high-load periods. These observations suggest that 

the model is better able to combine recurring temporal information with evolving local demand characteristics. 

The horizon-wise analysis provides further support for this interpretation. The forecasting error did not 

increase monotonically with the prediction step; instead, it varied across different portions of the daily cycle. 

TimesNet maintained relatively favorable performance across these changing temporal regions, including the 

more difficult middle portion of the forecast horizon. This behavior indicates that its forecasting capability is 

not confined to a particular time position or a single repetitive structure. Rather, the model appears to provide 

a more balanced representation of the different temporal patterns encountered throughout the complete day-

ahead sequence. 

The error-distribution results lead to a similar conclusion. TimesNet produced a high concentration of 

observations in the low-APE region and comparatively fewer large deviations. This suggests that the model’s 

advantage is not driven only by accurate predictions during regular or easily predictable periods. Instead, the 

improvement is observed across a broader range of forecasting conditions. When considered together with the 

temporal tracking and horizon-wise results, the reduced error dispersion is consistent with a model that can 

represent both repeated load patterns and variations around those patterns more effectively. 



1584 Buletin Ilmiah Sarjana Teknik Elektro ISSN: 2685-9572 

 Vol. 8, No. 5, October 2026, pp. 1560-1589 

 

Trung Dung Nguyen Short-Term Electricity Load Forecasting with TimesNet: Cross-Paradigm 

Benchmarking of Multi-Periodicity Modeling) 

These improvements, however, should be considered together with computational complexity. Simple 

methods such as Seasonal Naive have minimal training requirements and remain attractive when simplicity of 

implementation and computational cost are the main priorities. SVR also achieves competitive forecasting 

accuracy within a relatively conventional modeling framework, although its computational requirements may 

depend on the training set size and kernel configuration. LSTM and TCN introduce deeper temporal 

representation capabilities but require iterative training and model-specific configuration. 

TimesNet involves a more sophisticated deep-learning architecture and therefore introduces additional 

computational overhead compared with simple statistical and conventional machine-learning benchmarks. Its 

practical advantage should consequently be evaluated as an accuracy–complexity trade-off rather than solely 

in terms of predictive performance. In applications where forecasting errors directly affect scheduling, reserve 

allocation, energy procurement, or other operational decisions, the improved accuracy and greater robustness 

may justify the additional computational effort. In contrast, simpler models may remain suitable for resource-

constrained applications in which moderate forecasting accuracy is acceptable. 

Importantly, the present results indicate that improvements across several independent evaluation 

dimensions accompany the additional model complexity. TimesNet not only achieves a lower average MAPE 

but also delivers better overall error metrics, a more favorable APE distribution, stronger load-profile tracking, 

and more stable horizon-wise performance. Therefore, the computational cost is associated with a broader 

improvement in forecasting quality rather than an isolated gain in a single metric. 

Overall, the findings suggest that the main strength of TimesNet lies in its ability to capture the multi-

periodic, non-uniform temporal characteristics of electricity demand within a unified forecasting framework. 

Its improved treatment of recurring daily structure, local variations, and horizon-dependent forecasting 

difficulty provides a plausible explanation for the consistent performance gains observed throughout this study. 

Although this capability requires greater computational complexity than simpler benchmarks, the resulting 

improvements in accuracy, consistency, and robustness indicate a favorable trade-off for applications that 

prioritize reliable one-day-ahead load forecasting. 

 

6. CONCLUSION 

This study evaluated TimesNet for one-day-ahead short-term load forecasting using the 2024 Tasmanian 

electricity demand series at a 5-min temporal resolution. The forecasting problem was formulated as a direct 

288-step task, in which the previous seven days, corresponding to 2,016 observations, were used to predict the 

next day. The adopted TimesNet implementation combined explicit multi-periodicity modeling with seven 

deterministic future-known calendar encodings and three-member ensemble averaging. Its performance was 

compared with Seasonal Naive, support vector regression, long short-term memory, and temporal 

convolutional network models using the same target series, chronological test period, forecast horizon, test 

observations, and evaluation definitions. 

Under the adopted experimental conditions, TimesNet achieved the best observed overall performance 

among the five evaluated methods, with an MAE of 47.53, an RMSE of 60.21, a MAPE of 4.66%, an sMAPE 

of 4.63%, and an 𝑅2 of 0.6682. Compared with LSTM, the strongest overall benchmark, TimesNet reduced 

MAE, RMSE, and MAPE by 11.26%, 12.15%, and 12.41%, respectively. Its MBE of 1.28 indicates limited 

systematic bias, while its seasonal MASE of 0.726 demonstrates performance superior to the daily seasonal 

reference. The observed advantage was therefore consistent across absolute-error, percentage-error, goodness-

of-fit, bias, and scale-independent measures. 

The distributional, temporal, and horizon-wise analyses provided additional insight into the forecasting 

behavior of the evaluated models. TimesNet produced a greater concentration of predictions in the low-error 

region and comparatively fewer large pointwise deviations. It also more closely followed the observed seven-

day load profile, particularly during changes in demand amplitude and transitions between low- and high-load 

periods. Over the full 288-step prediction horizon, its forecasting errors remained relatively stable. Forecasting 

difficulty varied according to the temporal position within the daily load cycle rather than increasing 

monotonically with forecast distance. 

The main scientific contribution of this study is a controlled cross-paradigm evaluation of a TimesNet-

based forecasting implementation for high-resolution day-ahead electricity-demand prediction. The findings 

are consistent with the usefulness of reorganizing a one-dimensional temporal sequence into several period-

dependent two-dimensional representations that jointly describe intraperiod and interperiod variation. 

However, the adopted implementation also uses deterministic calendar encodings and three-member ensemble 

averaging. Consequently, the reported improvement represents the performance of the complete TimesNet 

implementation and should not be attributed exclusively to the multi-periodicity mechanism without further 

ablation experiments. 
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From a practical perspective, more accurate and temporally stable day-ahead forecasts can support 

generation scheduling, reserve allocation, electricity procurement, demand-response planning, and other 

operational decisions in modern power systems. Nevertheless, TimesNet requires greater architectural and 

training complexity than simple approaches such as Seasonal Naive. The present implementation recorded the 

combined model training and rolling prediction time, but separate inference latency, memory consumption, 

energy use, and computational cost were not consistently measured for every benchmark model. Its practical 

application should therefore be considered as an accuracy–complexity trade-off, particularly in resource-

constrained or real-time environments. 

Several limitations should be acknowledged. First, the experiments used a single electricity-demand target 

from a single region and calendar year; therefore, the findings should not be interpreted as evidence of universal 

superiority across electricity markets, seasons, or sampling resolutions. Second, although deterministic time-

of-day, day-of-week, annual, and weekend encodings were included, weather conditions, public holidays, 

special events, and socioeconomic variables were not considered. This limitation may reduce forecasting 

accuracy during abnormal or externally driven demand conditions. Third, the benchmark did not include 

additional recent Transformer-based models such as Informer, Autoformer, FEDformer, PatchTST, or 

iTransformer. Fourth, TimesNet was implemented using a fixed, balanced configuration rather than an 

exhaustive hyperparameter optimization procedure, and the adopted setting may therefore not represent its 

maximum attainable performance. Fifth, the final TimesNet forecast was obtained by averaging three models 

initialized with fixed random seeds. In contrast, the complete benchmark was not repeated across multiple 

independent seed sets for every neural model. Confidence intervals and formal statistical significance tests 

were also not included. The reported performance differences should consequently be interpreted as empirical 

improvements under the adopted experimental setting rather than as definitive statistical evidence of 

superiority. Finally, because the benchmark models did not necessarily receive the same auxiliary calendar 

inputs or use the same ensemble strategy, the comparison is limited to the target series and evaluation protocol. 

Still, it does not isolate the effect of architecture alone. 

Future work should evaluate TimesNet across multiple regions, years, seasons, and forecasting 

resolutions using repeated rolling-origin experiments. Paired statistical procedures, such as the Diebold–

Mariano test or the Wilcoxon signed-rank test, should be combined with confidence intervals to determine 

whether the observed improvements remain statistically significant. Comparisons with recent Transformer-

based forecasting architectures should also be conducted under equivalent input information, tuning budgets, 

and evaluation conditions. Systematic hyperparameter optimization, sensitivity analysis, and ablation 

experiments are required to quantify the individual contributions of dominant-period selection, hidden 

dimensions, encoder depth, Inception kernels, deterministic calendar encodings, and ensemble averaging. 

Further extensions should incorporate weather variables, public holiday indicators, special event information, 

and socioeconomic factors, particularly during periods of extreme demand and abnormal operating conditions. 

Additional promising directions include probabilistic forecasting, calibrated prediction intervals, transfer 

learning across regions, online adaptation to concept drift, and deployment-oriented evaluation of inference 

latency, energy consumption, memory requirements, and real-time scalability. 
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