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ABSTRACT: The rapid development of technology has led to an ever-increasing demand for electrical energy. In
the context of Timor-Leste, which still relies on fossil energy sources with high operational costs and significant
environmental impacts, electricity load forecasting is a strategic measure to support the energy transition towards the
Net Zero Emission (NZE) target by 2050. This study aims to utilize historical electricity load data for the period 2013–
2024, as well as data on external factors affecting electricity consumption, to forecast electricity load in Timor-Leste in
the next 10 years (2025–2035). The forecasting results are expected to support efforts in energy distribution efficiency,
reduce operational costs, and inform decisions related to the sustainable energy transition. The method used in this
study consists of two main approaches: the causality method, represented by the econometric Principal Component
Analysis (PCA) model, which involves external factors in the data processing process, and the time series method,
utilizing the LSTM, XGBoost, and hybrid (LSTM+XGBoost) models. In the time series method, data processing is
combined with two approaches: the sliding window and the rolling recursive forecast. The performance of each model
is evaluated using the Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage
Error (MAPE). The model with the lowest MAPE (<10%) is considered the best-performing model, indicating the
highest accuracy. Additionally, a Monte Carlo simulation with 50,000 iterations was used to process the data and
measure the prediction uncertainty, as well as test the calibration of the electricity load projection data. The results
showed that the hybrid model (LSTM+XGBoost) with a rolling forecast recursive approach is the best-performing
model in predicting electricity load in Timor-Leste. This model yields an RMSE of 75.76 MW, an MAE of 55.76 MW,
and an MAPE of 5.27%, indicating a high level of accuracy. In addition, the model is also indicated as one that fits the
characteristics of electricity load in Timor-Leste, as it produces the lowest percentage of forecasting error in predicting
electricity load. The integration of the best model with Monte Carlo Simulation, which yields a p-value of 0.565,
suggests that the results of electricity load projections for the period 2025–2035 are well-calibrated, reliable, accurate,
and unbiased.

KEYWORDS: Load forecasting; econometric PCA; LSTM; XGBoost; Monte Carlo; sliding window; rolling forecast;
recursive; retraining; Timor-Leste

1 Introduction
In recent decades, electricity demand has increased including Timor-Leste. This rise is due to factors

such as economic growth, population growth, climate change, and rapid technological development within
the country [1]. According to the International Energy Agency (IEA), global electricity demand is expected
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to continue to increase at a faster rate, growing 3.4% per year through 2026 [2]. Meanwhile, according to Our
World in Data, the growth in electrical energy demand in 2023 is 183,230 TWh, with fossil energy accounting
for 140,231 TWh of the total use [3].

With the increasing consumption of electrical energy, forecasting electrical energy plays a crucial role, as
it enables the utilization of historical data to predict future energy demand. The results of this forecasting can
assist utilities and governments in planning energy transitions and deploying efficient energy distribution
strategies, as well as ensuring that the supply of electrical energy remains in line with the demand for electrical
loads in a developing country. If correlated with Timor-Leste, which is still dependent on fossil fuels as its
primary energy source, it results in relatively high operating costs and harms the environment. According
to a government report [4], the allocation of funds for the electricity sector is the highest compared to
other sectors. This fact suggests that electricity load forecasting plays a crucial role. In this study, the results
of electricity load forecasting can help utilities and the government to plan for more optimal and efficient
electricity distribution, thereby reducing or limiting government funding allocations for the electricity sector.
With a high potential for renewable energy sources [5], the results of electricity load forecasting can provide
a parameter for the government and Electricidade De Timor-Leste (EDTL) as a utility in supporting Timor-
Leste’s energy transition roadmap, which targets 50% clean energy use by 2030 [6]. Furthermore, this effort
will contribute to the acceleration of achieving the NZE roadmap globally by 2050 [7].

Electricity load forecasting plays an important role in planning the distribution of electrical energy, both
for the short-term [8], medium-term, and long-term. In the context of Timor-Leste, which relies heavily on
fossil-based energy sources such as diesel, electricity load forecasting with a daily [9], monthly, or annual
time frequency is also very important because it can help EDTL to plan efficient and optimal distribution
of electrical energy while reducing the cost of operating very expensive diesel power plants. As Timor-Leste
consists of several districts and enclaves with highly fluctuating economic growth, spatial electricity load
forecasting for each region [10] is important. It is possible to assist the utility in planning the allocation of
electrical energy effectively in each region, so that energy distribution can be done optimally and efficiently.

Given the urgency of electricity load forecasting, which is crucial for Timor-Leste, the development and
novelty of this research are notable. It is the first time that LSTM, XGBoost, and hybrid (LSTM+XGBoost)
models, as well as econometric PCA models, are used to consider various external variables and predict
electrical energy consumption in Timor-Leste. With a long-term time horizon of the next 10 years. Addi-
tionally, using Monte Carlo can generate a probabilistic forecast with a 5% confidence threshold for the
lower bound and a 95% confidence threshold for the upper bound. It can offer various scenarios to utilities
and governments as a parameter to plan efficient energy distribution, ensuring the supply of electrical
energy remains in accordance with load demand in the country’s sustainable development. The purpose of
integrating various models in predicting electricity load in this research is to provide accurate forecasting
results for use in real applications, such as energy distribution planning and considerations for energy
transition. It can produce a forecasting model that is suitable for the characteristics of the electricity load in
Timor-Leste. Additionally, PCA can identify factors that influence changes in electrical energy consumption
in Timor-Leste.

Various studies have been conducted in predicting electrical energy consumption using different
methods with applications in various contexts and using various dataset dimensions, so the following Table 1
is added to compare the methods, contributions, and limitations of these studies to define innovation in the
research to be carried out:
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Table 1: Current status of literature research

Literature Methods Contribution Limitation
Zhang and
Jánošík [11]

CatBoost and
XGBoost

Integrating various machine
learning models to predict
short-term electricity load

Exclude external factors and
refrain from performing in a

country context, poor
generalization.

Almuhaini and
Sultana [12]

ARIMA, ARIMAX,
SVR, NARX with
BOA optimization

Integrating various load
forecasting models with an
optimization algorithm to

predict long-term electricity
load in the country context

Include external factors that
affect the increase in electricity

demand, but do not perform the
PCA to extract the data, and do

not investigate other models.

Rofiqi et al. [13] Trend (linear and
quadratic) and Monte

Carlo

Integrating a forecasting model
to predict electricity load in a

small context

Exclude external factors and
refrain from performing in a

country context, as this leads to
poor generalization.

Semmelmann
et al. [14]

LSTM-XGBoost Introducing the integration of
forecasting models to predict
electricity load using a dataset

from a smart meter

Exclude external factors, avoid
datasets from conventional

electrical systems, and refrain
from performing in a country

context.

Edoka et al. [15] LSTM Developing a forecasting model
from a deep learning algorithm

to predict electricity in a city
with short-term load forecasting

Does not investigate other
models, the frequency dataset
used is relatively small, and it
excludes the external factors

that affect the increase in
electricity demand.

Sasmono
et al. [16]

Qualitative and
quantitative
approaches

Introduced a forecasting
method by integrating a

quantitative and qualitative
approach to predict electricity

load growth spatially by
identifying various customer

sectors with each different
variables that contribute to the

increase in electricity load
usage.

Does not perform well in a
country context, has poor

generalizability, and fails to
investigate and integrate with

other models.

(Continued)
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Table 1 (continued)

Literature Methods Contribution Limitation
This study Econometric PCA,

LSTM, XGBoost,
hybrid

(LSTM+XGBoost),
and Monte Carlo

Integrating various forecasting
models of causality method and

time series method to predict
long-term electricity load in the

context of the country
(Timor-Leste)

The complexity of integrating
various forecasting models with

multiple stages of data
processing (discussed later)

Referring to the relevant research in the previous table, which describes the limitations of each study,
such as the model used in study [11] with a short-term forecasting time horizon, it is inadequate for long-
term planning, such as the transition of electrical energy in contributing to NZE. The lack of involvement
of external factors that are considered to affect electric energy consumption, such as economic growth,
population growth, and others, in the forecasting process, as in the study [11–15], cannot determine the
causes of load changes. Load forecasting is done in a smaller context [11,13,14], meaning not in the context
of a country, which allows for a narrower generalization of model application. Using data characteristic of
modern electricity systems, as in the study [14], will produce data with high resolution and more detail. This
system is not used in Timor-Leste, which is a developing country whose electricity system still relies on a
conventional system that can only produce data with low resolution.

Due to the lack of uncertainty analysis as in the study [11–16], it is not possible to ensure the reliability of
load projection with fluctuating energy consumption demand. From the limitations and weaknesses of each
study described in the literature research table, the placement of this research is to integrate various models,
such as econometric PCA, LSTM, XGBoost, and hybrid (LSTM+XGBoost), to predict electricity load in
the context of a country with a long-term time horizon and consider external factors that affect electricity
consumption. In addition, the use of Monte Carlo with a 5% confidence threshold for the lower bound and
95% for the upper bound in this study can ensure accurate load projection and provide various scenarios to
the utility for long-term energy distribution planning.

The contributions from this research fill the identified gaps both in practice and academia:

(a) It offers direct solutions to real-world problems, such as better energy distribution planning, improved
plant cost efficiency, and guidance on energy transition decisions.

(b) It creates a new forecasting model and analytical framework to enhance scientific literature.
(c) It gives new insight into integrating different forecasting models, including sliding window and rolling

forecast recursive approaches, to predict electricity load for a country over the long term.

2 Methods
In this study, we aim to predict electrical energy consumption in Timor-Leste using an objective,

quantitative approach that employs two methods: causality and the time series method. The research utilizes
quantitative data, including historical electricity load data and external factors data that influence the
electrical energy consumption, covering the period from 2013 to 2024. Historical data are analyzed with
causality and time series methods, each represented by forecasting models such as econometric PCA, LSTM,
XGBoost, and a hybrid (LSTM+XGBoost). The study’s proposed prediction model is illustrated in the
research block diagram shown in Fig. 1 below:
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Figure 1: Research block diagram

The historical data on electrical energy consumption used in this study were obtained directly from
the utility and came from existing plants. External data factors comprise 8 variables considered to influence
electrical energy consumption in Timor-Leste. These variables are: GDP per capita, GDP growth, population
growth, electricity access, number of tourists, temperature, and import and export activities. The data for
each variable is sourced from international official websites related to Timor-Leste, such as the World Bank,
government reports, and other sources [17–19].

This study forecasts electricity load using various models that represent causality and the time series
method. For the causality method, data preprocessing starts with extracting 8 external variables using PCA.
This step identifies the factors that contribute most to changes in electricity consumption in Timor-Leste.
For the time series method, data preprocessing involves cleaning and normalizing data to ensure a uniform
scale and facilitate processing.

Identified external factors with the highest percentage contribution coefficient will be integrated with an
econometric model. This model uses multiple linear regression to predict electricity load with the following
equation:

Y ′ = β0 + (β1 .X1) + (β2.X2) + (β3.X3) . . . (βn .Xn) (1)

For the timeseries method, the preprocessed data will be further processed by forming a sequence
according to the predetermined window size of 365 data points. In this research, only one window size is
used, as the primary objective is to produce load forecasting with a long-term time horizon. Then, divide the
data into training data (80%) and testing data (20%) to train the model and learn from the data. The model
training process in data processing refers to the model architecture and feature engineering for each model
approach, as illustrated in Table 2.

Table 2 below shows the feature engineering of LSTM, XGBoost, and hybrid (LSTM+XGBoost) models
for each approach, as below:
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Table 2: Feature engineering parameters

Feature engineering Sliding window recursive Rolling forecast recursive

LSTM XGBoost Hybrid LSTM XGBoost Hybrid
Number of layers 2 × 64 – 2 × 64 2 × 64 – 2 × 64

Activation function Tanh – ReLu Tanh – ReLu
Batch size 32 – 32 32 – 32

Epoch 100 – 100 100 – 100
Dropout 0.1 – 0.1 0.1 – 0.2

N estimator – 500 100 – 500 100
Col sample – 0.8 0.8 – 0.8 0.8
Sub sample – 0.8 0.8 – 0.8 0.8
Max depth – 5 5 – 5 5

GPU tree method – – – –
√ √

From the feature engineering for each forecasting model that represents the timeseries method in the
previous table. For the LSTM forecasting model, the architecture consists of two layers, each with 64 neurons.
The regularization parameters of the LSTM model for each layer use dropouts of 0.1 and 0.2. As for forecasting
models that employ a rolling forecast approach, particularly for XGBoost and hybrid (LSTM+XGBoost)
models in this study, the GPU tree method is utilized to enhance the computation time of the XGBoost model
during the data processing process.

Hyperparameter tuning is performed on each forecasting model for each approach, with the aim of
increasing the model’s accuracy in predicting electricity loads, thereby providing more robust and accurate
results. The forecasting model, with its engineering features as outlined in the feature engineering table
for both approaches, is a feature engineering parameter that yields the most optimal forecasting results for
each model. For the hybrid model (LSTM+XGBoost) itself in this study, the data processing mechanism is
residual-based, meaning that the input timestep data will be processed first using the LSTM model, then
the residual prediction from the LSTM will be improved and further processed by the XGBoost model to
produce the final prediction results.

The results of data processing from each forecasting model will be evaluated based on the model’s
performance in predicting electrical energy consumption in Timor-Leste. The performance metrics used to
evaluate the forecasting models in this research are based on the following three metrics:

RMSE =
√

1
n∑(yi − y′i)2 (2)

MAE = 1
n∑(yi − y′i) (3)

MAPE = 100
n ∑

(yi − y′i)
yi

(4)

The evaluation results of each forecasting model will be validated based on the criteria established in
this study, as illustrated in Table 3 [10,16,20,21]. The performance of a model in predicting electricity load
that produces a percentage error <10% indicates that the model is accurate, and the model with the best
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performance in forecasting electricity load. The parameter criteria to validate the model performance are
as follows:

Table 3: Validation parameters

Mean average percentage error Meaning of value
<10% Excellent forecasting model capability

10%–20% Good forecasting model capability
20%–50% Reasonable forecasting model capability
>50% Poor forecasting model capability

We will evaluate electricity load predictions for Timor-Leste based on the performance of each model
in handling data. Each model’s results will be validated using the criteria in the validation parameters table.
The best-performing and most accurate model will be selected to project Timor-Leste’s electricity load for
the next 10 years.

To predict electrical energy consumption over the next 10 years, this study employs the causality method,
focusing on external factors that contribute the most to the increase in energy use in Timor-Leste. PCA
results define the contribution coefficient of each factor. After defining the external factor data, it is integrated
with the econometric model using the formula in Eq. (1) to project the future electricity load. The highest-
contribution coefficient external factor values used for prediction were obtained from the Timor-Leste
government projections [18,22].

Meanwhile, the time series forecasting model, consisting of LSTM, XGBoost, and a hybrid model
(LSTM+XGBoost), is used in this study to predict electrical energy consumption in Timor-Leste over the
next 10 years. The three models are combined using a sliding window and a rolling forecast recursive
approach. The electricity load prediction process is performed gradually using a sliding window or rolling
forward approach. The prediction results are then used again as input to perform the next prediction, and
the process repeats until the forecasting time horizon is complete.

This research also involves data retraining scenarios, with two data retraining scenarios for each
approach. For the sliding window approach, the data retraining process is performed only once, by retraining
all historical data (2013–2024). Then, the data is used according to the size of the window, which is 365
data points, to perform future forecasting until the forecasting time horizon is complete, namely until 2035.
Meanwhile, the rolling forecast approach re-trains the data repeatedly for each period. For example, the
model uses 365 data points according to the size of the window, then predicts the first period of 2025. After
the prediction process for the 2025 period is complete, the model will retrain the data, incorporating the
latest prediction results, and then predict for the next period. This process is repeated until the forecasting
time horizon is complete, namely, 2035.

The data retraining scenario in the rolling forecast approach involves repeated retraining; therefore, the
rolling forecast model utilizes the GPU tree method to increase computation time in data processing. This
retraining scenario is carried out in research, especially for time series forecasting models, with the aim of
keeping the model consistent in learning data patterns and remaining adaptive to changes in data trends, so
that the forecasting results obtained are also more robust.

The results of electricity load projections for the next 10 years from each forecasting model, integrated
with Monte Carlo, refer to the validated model performance based on the criteria in Table 3. The results of
the identified best performance model integrated with Monte Carlo will be processed using 50,000 iterations
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with a confidence threshold of 5% for the lower bound and 95% for the upper bound. The objective in
using Monte Carlo is to obtain a probabilistic forecast resulting from a simulation of 50,000 iterations with
a 90% confidence level. It can offer various scenarios for utilities, energy policy makers, and the Timor-
Leste government in planning a more efficient and optimal distribution of electrical energy. In addition
to ensuring that the supply of electrical energy continues to meet the country’s needs in the context of
sustainable development. It can also be used as a parameter to transition electrical energy from fossil-based
to clean energy in accordance with the roadmap for the use of electrical energy in Timor-Leste, which is to
use 50% clean energy by 2030 [6].

3 Result and Discussion

3.1 Data Description
The historical electricity load data used in this study covers the period January 2013 to December 2024.

For a description of the historical data of electrical energy consumption in Timor-Leste from 2013 to 2024,
see Table 4 below:

Table 4: Description of historical electricity load data

Parameter Value
Minimum 345.408 MW

Mean 388.518 MW
Maximum 485.958 MW

Standard deviation 45.438 MW

Based on the data of electrical energy consumption in Timor-Leste for 12 years (2013–2024), the average
annual increase in electricity load is 1.65%. Fig. 2 below illustrates how electrical energy consumption
changes in Timor-Leste from 2013 to 2024:

Figure 2: Historical data of electrical load

The performance evaluation results of each forecasting model used in this study to predict electrical
energy consumption in Timor-Leste are illustrated in Table 5 below:
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Table 5: Forecasting model evaluation result

No. Forecasting model Evaluation parameter Training time
(second)

RMSE (MW) MAE (MW) MAPE (%)
1 Econometric PCA 123.18 93.47 8.46 –
2 LSTM sliding window

recursive
80.80 59.50 5.54 112.60

3 XGBoost sliding window
recursive

90.62 68.49 6.33 10.24

4 Hybrid
(LSTM+XGBoost)

sliding window recursive

78.14 57.94 5.46 514.20

5 LSTM rolling forecast
recursive

80.84 59.42 5.57 107.08

6 XGBoost rolling forecast
recursive

89.34 66.52 6.16 3.0

7 Hybrid
(LSTM+XGBoost) rolling

forecast recursive

75.76 55.76 5.27 450.10

3.2 Causality Method
In this research, the causality method in the data processing process involves 8 variables as external

factors that are considered to affect the consumption of electrical energy in Timor-Leste, which are then
extracted using PCA to identify the percentage contribution of each external variable to the consumption of
electrical energy in Timor-Leste. The extraction results obtained are as shown in Fig. 3 below:

Figure 3: Variance of external factors
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Based on the results of data extraction of 8 external factors using PCA, the factors with the highest
contribution to changes in electrical energy consumption in Timor-Leste were identified, as illustrated in
previous figure, so this study decided to involve only three external factors with the highest percentage
contribution to the increase in consumption of electrical energy in Timor-Leste, namely: GDP per capita,
GDP growth and population growth. The underlying reason for focusing on only these three factors is that
they are important parameters as indicators of a country’s development.

Involving these three important factors in the data processing process, it can provide a basis or parameter
for the utility to plan the optimal distribution of electrical energy in accordance with the load demand,
thereby supporting the country’s sustainable development, as indicated by these three factors. The three
factors identified as having the highest contribution will be integrated with an econometric model that uses
multiple linear regression to predict electricity load. The value for each external factor involved in the data
processing process in predicting the electricity load is obtained from the projections of the Timor-Leste
government report [18,22]. For the econometric model that represents the causality method, which involves
three important factors such as GDP per capita, GDP growth, and population growth in projecting electricity
load, the projection results are as illustrated in Fig. 4 below:

Figure 4: Projection results from the econometric PCA model

The electricity load projection for Timor-Leste over the next 10 years, generated from the PCA econo-
metric model, considers three main external factors that most significantly influence electricity consumption:
GDP per capita, GDP growth, and population growth. The projection results shown in Fig. 4 indicate an
increase in electricity consumption during the forecast period, although the growth is fluctuating and not
very significant. This pattern suggests that future electricity load growth will be relatively more consistent
than historical patterns, although a downward trend in electricity consumption is still expected during
certain periods.

3.3 Timeseries Method
For time series methods represented by various models, such as LSTM, XGBoost, and hybrid

(LSTM+XGBoost) models, combined with a sliding window approach and rolling recursive forecast, to
process data and predict electricity load in Timor-Leste. By using the engineering features of each approach
presented in Table 2, and based on the performance evaluation of each forecasting model in handling data,
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as shown in Table 5, the load projection results of each forecasting model from the time series method are as
illustrated in Fig. 5 below:

Figure 5: Projection results of all models representing the time series method

The results of electricity load projections for the next 10 years, as projected by each forecasting model
represented the time series method, are illustrated in Fig. 5. For both the sliding window and rolling recursive
forecasting approaches, it is shown that models like LSTM and hybrid (LSTM+XGBoost) capture the general
pattern of electricity load growth, but their long-term projections vary significantly. However, the XGBoost
model generates distinct electricity load projections for both approaches, as illustrated in Fig. 5. These
results differ from those of other models. XGBoost struggles to learn the electricity load data patterns
from Timor-Leste. Table 5 confirms this with higher error percentages compared to the LSTM and hybrid
(LSTM+XGBoost) models.

Electricity load projections for Timor-Leste over the next 10 years, derived from causality and time
series methods using their respective forecasting models, including econometric PCA, LSTM, XGBoost, and
hybrid (LSTM+XGBoost). The projection results are as illustrated in Fig. 6 below:

The combined graph in Fig. 6 shows that each model provides different projection results for the next
10-year horizon. The econometric PCA model exhibits a moderate and relatively stable growth pattern, with
lower projected values. A similar pattern is also produced by LSTM, both with the sliding window recursive
and rolling forecast recursive approaches, although the LSTM projection values are higher than those of the
PCA econometric model.

The XGBoost model generates projections with greater variability and demonstrates lower consistency
with historical trends. The hybrid (LSTM+XGBoost) model, which employs the recursive sliding window
approach, produces a relatively higher pattern and tends to stagnate at a certain level, making it less adaptable
to historical changes. In contrast, the hybrid model employing the recursive rolling forecast approach yields
the most stable and consistent results relative to historical growth patterns and produces realistic projection
levels. These findings align with the quantitative evaluation results in Table 5, which identify the recursive
rolling forecast hybrid model as the most effective approach.
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Figure 6: Projection results of all models representing causality and time series methods

These results of the best performance model projection, namely the hybrid model (LSTM+XGBoost)
with a rolling forecast approach, show a continuing upward trend in electricity growth, indicating that
Timor-Leste’s development prospects are progressing positively. This is supported by government plans to
develop infrastructure, such as upgrading airport capacity [23], building a FIFA-standard stadium [24], and
facilitating foreign investment in natural resources [25], all of which are expected to encourage economic
growth and future electricity consumption. These initiatives also reflect the government’s preparation for
becoming a full member of ASEAN [26].

3.4 Monte Carlo Method
Based on the research block diagram in Fig. 1, the forecasting model integrated with Monte Carlo

was selected because it demonstrated the best performance among all models evaluated. This selection was
supported by its validation results, with a forecasting error of less than 10%. As the top-performing model, it
was used to project Timor-Leste’s electricity load for the next 10 years, and those projections were reprocessed
using Monte Carlo simulation with 50,000 iterations to provide a probabilistic forecast at the 5% lower and
95% upper confidence bounds.

The probabilistic forecast from the best-performing model and Monte Carlo integration presents
various scenarios. These scenarios can be used for efficient and optimal planning of electrical energy
distribution. They are also useful for planning the energy transition to accelerate achieving the roadmap goal
of using 50% clean energy by 2030 in Timor-Leste [6]. The evaluation results of each forecasting model are
presented in Table 5. Among these, the hybrid model (LSTM+XGBoost) with a rolling forecast approach is
selected as the best-performing model because it produces the lowest average error percentage in predicting
electricity load in Timor-Leste.

With the best-performing forecasting model identified, its projected electricity load data will be
processed using a Monte Carlo simulation. The simulation will run 50,000 iterations, with a 5% confidence
threshold for the lower limit and a 95% confidence threshold for the upper limit. The results of the 10-year
electricity load projection for Timor-Leste using these Monte Carlo simulations are shown in Table 6 below:
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Table 6: Monte Carlo projection results

Years Percentile 5% (MW) Median 50% (MW) Percentile 95% (MW)
2025 412,324 433,245 478,755
2026 417,406 454,009 491,184
2027 441,750 467,006 521,088
2028 469,991 489,135 555,743
2029 470,373 517,029 557,539
2030 465,775 529,123 553,427
2031 469,501 531,886 559,205
2032 470,802 536,468 562,112
2033 465,258 540,002 556,871
2034 467,645 536,645 561,051
2035 464,330 538,081 558,424

Electricity load projection data generated from a Monte Carlo simulation of 50,000 iterations shows
that the type of distribution that best fits the projection data is the beta distribution, with the lowest value
of β = 0.678 and an α value of 1.305. Meanwhile, the p-value is 0.565 with the Kolmogorov-Smirnov (KS)
statistical test. For the type of distribution shaped is right-skewed, the annual growth rate of the Monte Carlo
projection results is 2.19%. The Monte Carlo projection results in Table 6 show that the growth of electrical
energy consumption in Timor-Leste in the next 10 years is significant. With a stable growth trend. Although
there is a decrease in certain periods, such as the 5% and 95% quartiles, there is a notable decline in 2030,
2033, and 2035. While the median quartile or 50% growth consistently increases, it only decreases in 2034.

Based on the forecasting models offered in this study to predict electrical energy consumption in Timor-
Leste, and considering the evaluation results in Table 5 as well as the Monte Carlo projection in Table 6, the
following interpretations can be made:

(a) The time series method, represented by its forecasting model, outperforms the causality method by
producing the lowest average forecasting error percentage.

(b) Using the causality method with the PCA model, three external factors show the highest contribution
to changes in electrical energy consumption in Timor-Leste: GDP per capita, GDP growth, and
population growth.

(c) The three factors that are important indicators in the development of a country are involved in the data
processing process, with the aim that the forecasting results obtained provide a parameter or foundation
for the utility in planning the distribution of electrical energy that is efficient, optimal, and still answers
the demand for electricity in Timor-Leste in the sustainable development of the country. In addition,
by considering the three main factors, the utility can better identify the causes of changes in electrical
energy consumption.

(d) The use of time series methods in this study, represented by LSTM, XGBoost, and hybrid
(LSTM+XGBoost) models combined with sliding window and rolling forecast recursive approaches,
based on the model evaluation results obtained, indicates that the forecasting model with a rolling
forecast approach outperforms the model with a sliding window approach, by performing proper
hyperparameter tuning as illustrated in Table 2.

(e) The hyperparameter tuning results for each approach, illustrated in Table 2, show that the model
with aggressive regularization using 0.2 dropout for each layer in LSTM, as done in the hybrid model
(LSTM+XGBoost), rolling recursive forecasting. The results are better than those of the other models,
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indicating that the input data processed by the model contains high noise and complex data patterns
that require aggressive model regularization and a complex model architecture, as well as hybrid
models, to process the data effectively. This enables the model to provide robust and accurate forecasting
results. High data noise and complex temporal data patterns of electricity load in Timor-Leste are
caused by the uneven and inefficient distribution of electrical energy in the country. With these
problems, it is expected that the results of electricity load forecasting from this research will provide
insight and parameters for utilities in planning a more efficient distribution of electrical energy in
Timor-Leste.

(f) Referring to the evaluation results of each forecasting model from the timeseries method, the model
that performs best in handling data is identified as a hybrid model (LSTM+XGBoost) with a rolling
forecast approach that produces the lowest evaluation parameter metrics compared to other models.
These results also indicate that the model is the most accurate in predicting electricity load and is
suitable for the characteristics of electricity load in Timor-Leste.

(g) The best performance model projections are processed using Monte Carlo with 50,000 iterations and a
5% to 95% confidence threshold, as shown in Table 6. This approach produces probabilistic forecasting
results with various scenarios. These results help utilities and governments make informed decisions
for efficient electrical energy distribution planning, ensuring that supply meets demand in the country’s
sustainable development.

(h) The Monte Carlo method processes electricity load projections from the best performance model with
50,000 iterations. It produces a p-value of 0.565, which is greater than the null hypothesis value of 0.05
(H0). This means the Monte Carlo results fail to reject hypothesis 0, indicating the projection data are
unbiased and probabilistically valid.

(i) Monte Carlo by defining the beta distribution type as the distribution that best fits the data and produces
the lowest value. Where the value is still within the range of 0 to 1, namely 0.678, it can be interpreted
that the Monte Carlo projection data generated from the 50,000-iteration simulation is well-calibrated
and can be validated that the projection results are reliable and accurate.

(j) Monte Carlo, combined with the best performance model (LSTM+XGBoost) rolling forecast, indicates
that the projected electricity load in Timor-Leste is expected to grow by an average of 2.19% per year
from 2025 to 2035. This is a significant increase compared to the historical 1.65% growth rate from 2013
to 2024.

The use of PCA in extracting data is quite effective in assisting data processing, as it can reduce dimen-
sions by retaining only the most relevant variables. Through this approach, factors that influence changes in
electrical energy consumption can be identified more efficiently [27]. Furthermore, the identified factors can
be integrated with other forecasting models to predict electricity load. As shown in Fig. 2, historical electricity
load data indicate that the COVID-19 pandemic is a significant phenomenon contributing to increased
consumption in Timor-Leste. During the COVID-19 transition period, electrical energy consumption rose
significantly in both Timor-Leste and Indonesia [10].

The results of this study indicate that the hybrid (LSTM+XGBoost) model, combined with a recursive
rolling forecast approach, yields the best model performance, capable of producing high accuracy with
an MAPE value of 5.27% and an RMSE of 75.76 MW for a 10-year long-term horizon. When compared
to previous studies, the (LSTM+XGBoost) [14] and PCA–LSTM [28] models only achieved MAPE of
16.81% and 17.25%, respectively, in the short-term horizon, while studies using CNN–LSTM [29] and LSTM
standalone [15] did achieve MAPE < 10% but were limited to short-term forecasting, making them less
relevant for long-term energy planning needs. Meanwhile, other studies using ARIMA, ARIMAX, SVR,
and NARX with BOA [12], as well as ARIMA, regression, and hybrid CST–LSTM [30] in the context of
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countries show higher RMSE values than the model proposed in this study. These differences confirm that the
integration of econometric PCA, LSTM, XGBoost, hybrid (LSTM+XGBoost), and Monte Carlo simulation
in this study not only yields a higher level of accuracy but also provides calibrated and unbiased projections.

Thus, these results are more relevant to the context of Timor-Leste’s electricity system, particularly in
supporting EDTL as a utility, energy policy maker, and the government in efficiently planning electricity
distribution, reducing dependence on expensive fossil-based power plants [4], and considering the transition
to 50% clean energy by 2030 [6], and Net Zero Emissions by 2050 [7]. Efforts in energy transition are one
of the concrete actions to utilize and maximize renewable energy sources in Timor-Leste, whose potential
is very high [5]. Referring to the objectives of Timor-Leste’s energy roadmap, the results of electricity load
forecasting from this research can provide a parameter to determine the capacity of renewable energy plants,
such as solar power plants, that will be built [6]. In addition, it can provide a basis for forecasting the solar
energy that will be generated by the solar power plant to adjust to the electricity demand [31]. So that
the distribution of electrical energy produced still meets the needs of the electricity load in Timor-Leste,
supporting the country’s sustainable development.

In terms of academic aspects, the implications of this research can provide a method with a new
analytical framework that can be used to conduct long-term electricity load forecasting within the country’s
context. It can enrich the existing literature and provide a reference base for researchers in the energy
field to predict electrical energy consumption using a new approach. Additionally, it can produce a model
that integrates various forecasting models to predict electrical energy consumption, providing accurate
forecasting results. In discussing the process of forecasting electrical energy consumption in this study, it
was identified that it can still be further developed by considering other external factors, such as government
regulations or utility-related electricity tariffs for each customer sector. So that it can identify the contribution
of electrical energy use from each customer sector more explicitly, such as industry, households, offices,
and others.

4 Conclusion
Based on the results of predicting electricity load in Timor-Leste using forecasting models for causality

and time series methods, the following conclusions can be drawn:

(a) Among the methods tested, the most effective for predicting future electrical energy consumption in
Timor-Leste is the time series method, which is represented by the hybrid (LSTM+XGBoost) rolling
forecast model.

(b) It was identified that the forecasting model that is suitable for the characteristics of electricity load in
Timor-Leste is a hybrid model (LSTM+XGBoost) with a rolling forecast approach. The model is also
identified as the best-performing model because it produces the lowest average error percentage and
is the most accurate in predicting electricity load, as determined by the validation criteria established
in this study.

(c) By using the causality method that involves various external factor variables in the data processing.
This study identifies that the external factors contributing the most to the increase in electrical
energy consumption in Timor-Leste comprise three main variables: GDP per capita, GDP growth, and
population growth, which are key parameters of Timor-Leste’s indicators.

For further research, the forecasting model and approach used in this study can be further developed to
perform electricity load forecasting in a smaller context. It can be further developed by using various window
sizes for short-term electricity load forecasting. Additionally, it can integrate the model with optimization
algorithms to predict electricity load, providing more robust results.
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Nomenclature
Abbreviation
NZE Net Zero Emission
IEA International Energy Agency
EDTL Electricidade De Timor-Leste
GDP Gross Domestic Product
ASEAN Association of Southeast Asian Nations
ARIMA Autoregressive Integrated Moving Average
BOA Bayesian Optimization Algorithm
NARX Nonlinear Autoregressive Exogenous
SVR Support Vector Regressor
PCA Principal Component Analysis
LSTM Long-Short Term Memory
XGBoost eXtreme Gradient Boosting
CatBoost Categorical Boosting
RMSE Root Mean Square Error
MAE Mean Average Error
MAPE Mean Average Percentage Error
GPU Graphics Processing Unit

Symbol
Y ′ Prediction value
β0 Intercept
β Coefficient variable
X Value of the external factor
yi Actual value
yi Prediction value
n Total number of samples
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