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Abstract: With the continuous development of new power systems, the load demand on the user
side is becoming more and more diverse and random, which also brings difficulties in the accurate
prediction of power load. Although the introduction of deep learning algorithms has improved the
prediction accuracy to a certain extent, it also faces problems such as large data requirements and low
computing efficiency. An ultra-short-term load forecasting method based on the windowed XGBoost
model is proposed, which not only reduces the complexity of the model, but also helps the model
to capture the autocorrelation effect of the forecast object. At the same time, the real-time electricity
price is introduced into the model to improve its forecast accuracy. By simulating the load data
of Singapore’s electricity market, it is proved that the proposed model has fewer errors than other
deep learning algorithms, and the introduction of the real-time electricity price helps to improve the
prediction accuracy of the model. Furthermore, the broad applicability of the proposed method is
verified by a sensitivity analysis on data with different sample sizes.

Keywords: window-based XGBoost model; real-time electricity price; ultra-short-term load forecasting

1. Introduction

Power load forecasting is based on the identification of multi-dimensional factors such
as technology, economy, policy, and meteorology, and explores the impact mechanisms and
the internal logical relationships of various related factors on the power load [1]. Combining
the evolutionary trend with the development law of historical power load data, an accurate
and scientific prediction of future power load can be achieved. Power load forecasting can
be further divided into medium- and long-term power load forecasts, short-term power
load forecasts and ultra-short-term power load forecasts [2]. Of these, the time scale of
ultra-short-term power load forecasting is from 15 min to hours. Accurate ultra-short-term
power load forecasting is helpful in solving problems such as real-time dispatching of the
power system and real-time trading in the electricity market [3].

Statistical theory and machine learning methods are commonly used in power load
forecasting. The applied models mainly include the ARIMA [4], the least squares support
vector machine (LSSVM) [5] and the random forest (RF) [6]. With the continuous develop-
ment of new power systems, the power consumption data of users present an exponential
growth trend. The interaction between power sources, power grids, loads and energy stor-
age is further enhanced, which greatly increases the diversity and randomness of user-side
load requirements. Therefore, some scholars have introduced deep learning algorithms
into power load forecasting to improve the forecasting accuracy. Muzaffar and Afshar [7]
proposed a multi-time-scale power load forecasting model based on a long short-term
memory (LSTM) network model. Compared with models such as ARMA, SARIMA and
ARMAX, it has a higher performance and prediction accuracy. Li et al. [8] proposed an
improved sequence-to-sequence gated recurrent unit (GRU) network, which improved the

Energies 2022, 15, 7367. https://doi.org/10.3390/en15197367 https://www.mdpi.com/journal/energies

https://doi.org/10.3390/en15197367
https://doi.org/10.3390/en15197367
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0001-6188-539X
https://doi.org/10.3390/en15197367
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en15197367?type=check_update&version=2


Energies 2022, 15, 7367 2 of 11

problems of recurrent neural network gradient disappearance, gradient descent and long
LSTM calculation time.

However, the superiority of deep learning algorithms often needs to be reflected in
large-capacity and high-volatility sample data. When dealing with small-sample data or
data with relatively weak random volatility, the prediction accuracy does not produce sig-
nificant improvements compared to the traditional statistical methods. Shah and Shroff [9]
sampled financial market data and found that the traditional ARIMA model had higher
prediction accuracy in each dataset by comparing deep learning algorithms such as LSTM
and Transformer. In addition, deep learning models often have a relatively complex spatial
network structure, which means that the computational complexity and processing time
of the model is greatly improved, but the effectiveness of the model is limited. Neverthe-
less, by carefully configuring the parameters and inputs of traditional machine learning
models, their prediction accuracy and computational efficiency are often no less than deep
learning algorithms. Elsayed et al. [10] proposed an improved gradient boosting regression
tree model in 2021. Through the refined configuration of the model input, its prediction
accuracy and generalization ability are significantly better than those of eight deep learn-
ing prediction algorithms proposed at nine top computer conferences such as NeurIPS
from 2016 to 2020.

In addition to the model, the selection of input indicators was also one of the key
factors affecting the accuracy of power load forecasting. In the existing research, scholars
mainly focused on meteorological factors and day-types. Tang et al. [11] proposed an
ultra-short-term power load prediction method based on an attention mechanism and a
convolutional neural network. Meteorological indicators, such as temperature, humidity
and precipitation, were selected as the input variables, which significantly reduced the
prediction error. Zhu et al. [12] proposed a hybrid prediction model based on a pattern
sequence-based matching method and an extreme gradient boosting which significantly
improved the forecasting accuracy through introducing influencing factors such as me-
teorological indicators and day-types. However, with the continuous development of
an electricity spot market, the number of market transaction entities has gradually in-
creased [13]. The introduction of the market-based electricity price mechanism will have a
significant impact on the electricity consumption behavior and habits of users, which will
make it more difficult to deduce the characteristics of the diversified transaction behaviors
of transaction entities, and will increase the difficulty of electricity load forecasting in
the spot market environment [14,15]. Therefore, to improve the accuracy of power load
forecasting, it is necessary to further consider the impact of real-time electricity prices on
power load.

Based on previous research, this paper proposes an ultra-short-term power load fore-
casting method based on the real-time electricity price and a window-based XGBoost model.
On the one hand, by windowing the traditional XGBoost model, the multi-dimensional
input variables are converted into a one-dimensional reconstruction vector, which not only
reduces the complexity of the model, but also helps the model to capture the autocorrela-
tion effect of the predicted object. On the other hand, by introducing real-time electricity
prices, the forecasting accuracy of the ultra-short-term power load forecasting model is
significantly improved. The simulation analysis was carried out using actual data from
the national electricity market of Singapore (NEMS). The superiority and feasibility of
the model proposed in this paper are verified by comparing it with several deep learning
algorithms.

The structure of this study is as follows. Section 2 introduces the methodology applied
in this paper. Section 3 illustrates the model construction and data preprocessing. Section 4
introduces the case study, and the conclusions are given in Section 5.
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2. Methodology
2.1. Traditional XGBoost Model

XGBoost (eXtreme Gradient Boosting) is a boosting learning algorithm proposed by
Chen and Guestrin in 2016 [16]. The main principle of XGBoost is to construct a weak
classifier through a classification and regression tree (CART) and integrate multiple weak
classifiers into a strong classifier [17]. Through multiple iterations, the new tree generated
each time can fit the residual of the previous tree, and then revise the previous weak
classifier to improve the prediction accuracy of the model [18]. The basic principle of the
XGBoost model is shown in Formula (1):

ŷi =
K
∑

k=1
fk(xi) fk ∈ F (1)

where ŷi represents the prediction result; K represents the number of decision trees; fk
contains the structure q and leaf weight ω of the k-th independent tree; xi represents the
i-th input and F represents the function space of the CART regression tree.

The objective function L of the XGBoost model is mainly composed of a loss function
and a regularization term, as shown in Formula (2):L =

n
∑

i=1
l(yi, ŷi) +

K
∑

k=1
Ω( fk)

Ω( fk) = γT + 1
2 λ‖ω‖2

(2)

where l represents the second-order differentiable loss function, which is used to measure
the gap between the actual value yi and the predicted value ŷi; γ and λ represent the
regular term coefficients, which are used to reduce the complexity of the model and prevent
the model from overfitting and T represents the number of leaf nodes in the tree model.

Performing Taylor expansion on Formula (2), as shown in Formula (3):

L ∼=
n
∑

i=1
[gi ft(xi) +

1
2 hi f 2

t (xi)] + γT + 1
2 λ‖ω‖2

∼=
T
∑

j=1
[( ∑

i∈Ij

gi)ωj +
1
2 ( ∑

i∈Ij

hi)ω
2
j ] + γT

(3)

where gi represents the first derivative of xi; hi represents the second derivative of xi; t
represents the number of iterations; ωj represents the output of the j-th leaf node and Ij
represents the data sample of the value for the j-th leaf node.

Solve Formula (3) to obtain the optimal leaf weight ω∗j and objective function value,
as shown in Formula (4): 

ω∗j = − Gj
Hj+λ

L = − 1
2

T
∑

j=1

Gj
Hj+λ + λT

(4)

where Gj = ∑
i∈Ij

gi and Hj = ∑
i∈Ij

hi.

2.2. Window-Based XGBoost Model

The unique tree structure of the XGBoost model makes it perform well when dealing
with structured data, but it often loses a certain flexibility when solving time-series fore-
casting problems. To solve this problem, a window-based XGBoost model (XGBoost(W-b)
is proposed in this paper. The basic principle of an XGBoost(W-b) model is to reconfigure
time series data as windowed input, and train each window separately, so as to obtain
higher prediction accuracy.
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First, define the window size W and use the conversion function φ to convert the
two-dimensional time series input into a one-dimensional vector, as shown in Formula (5):

RW×(L+M) → R(W+M) (5)

where L represents the target channel, which means the number of objects to be predicted.
This paper mainly predicts the short-term power load, so L = 1. M represents the number
of selected influencing factors. When only the historical data of the power load are used for
prediction without considering other influencing factors, M = 0.

Through the conversion function, the target values in the window are connected
in series. Then, the influence factor vector of the previous time is added to realize the
windowed reconstruction of the model inputs. Taking part of the model sample as an
example, Figure 1 introduces the basic principle of the XGBoost(W-b) model:
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As shown in Figure 1, the XGBoost(W-b) model proposed in this paper performs a
structured reconstruction process on the input variables of the model. The reconstruction
can convert the original multi-dimensional matrix into a one-dimensional vector and
convert the multi-input prediction problem into a simple regression problem, which can
help reduce the complexity of the model and improve the computational efficiency.

In addition, the output of traditional machine learning algorithms is mostly single
variable. To obtain prediction results on multiple future time scales, it is often necessary
to introduce a wrapper multi-output regressor (MOR). The basic principle of a MOR is to
introduce a loss function in the process of each output, and to convert the multi-output
regression problem into a single-objective problem by summing the losses of each prediction
result. However, this approach is equivalent to a mechanical repetition of a single-output
regression problem, where the predictions are independent of each other, resulting in
the model not benefiting from the underlying relationship between the target variables.
However, power load always shows a high time series correlation, and the traditional
MOR algorithm will affect the accuracy of the prediction to a certain extent. Through
the windowing process in this paper, the “group prediction” of future power load can be
realized, which helps to capture the autocorrelation effect in the target variable and makes
up for the defect of multi-output independent prediction.

3. Model Construction and Data Preprocessing for Ultra-Short-Term Load Forecasting
3.1. Construction of Ultra-Short-Term Load Forecasting Model Considering Real-Time Electricity Price

First, the raw data of load, real-time electricity price and meteorological factors are
collected and preprocessed.

Second, the window size is set, and the original multi-dimensional data are converted
into a one-dimensional reconstruction vector as the input variable of the XGBoost(W-b) model.

Finally, the predicted results are compared with other machine learning models and
deep learning models to verify the superiority of the XGBoost(W-b) model proposed in this
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paper. Figure 2 shows the framework of the ultra-short-term power load forecasting model
considering real-time electricity prices.
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3.2. Data Description and Normalization

The load data and real-time electricity price data used in this paper are all from the
NEMS market. The time span is from 1 January 2021 to 7 November 2021, with a time
interval of 30 min and a total of 14,925 time points. The descriptive statistics of the data are
listed in Table 1. To ensure the prediction accuracy of the model, meteorological factors
such as temperature and humidity are also used as input indicators of the model, and the
time scale and sample size are the same as the load and electricity price data. All data are
divided into sample set, validation set and prediction set according to the ratio of 60%, 20%
and 20%, where the validation set is used to prevent the model from overfitting.

Table 1. The descriptive statistics of the data.

Indicator Observation Average Min Max Std.

Load (MW) 14,925 6160.19 4616.93 7314.83 600.21
Electricity Price ($) 14,925 154.24 30.36 3811.16 264.65
Temperature (◦C) 14,925 27.74 23.30 31.70 3.50

Humidity (%) 14,925 84.18 82.8 86.9 1.30

To speed up the solution speed and improve the prediction accuracy, the data need to
be normalized. The minmax normalization method is used for data preprocessing. The
formula is as follows:

x∗i =
xi − xmin

xmax − xmin
(6)

where x∗i represents the normalized data; xmin represents the minimum value of the sample
data; xmax represents the maximum value of the sample data.
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3.3. Prediction Accuracy Evaluation Index Selection

To test the prediction accuracy of the model proposed in this paper, mean absolute
error (MAE), mean absolute percentage error (MAPE) and root mean square error (RMSE)
are selected [19]. Three indicators are used as prediction accuracy evaluation indicators,
and the formulae are as follows:

εMAE =
1
n

n

∑
i=1
|yi − ŷi| (7)

εMAPE =
1
n

n

∑
i=1

|yi − ŷi|
yi

∗ 100% (8)

εRMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (9)

4. Case Study
4.1. Parameter Setting

The computer used in the empirical analysis had an i7-1185G7 processor, 32 GB
memory, and the simulation platform was Python 3.10.2. The parameter setting of the
window-based XGBoost model is listed in Table 2 as follows:

Table 2. Parameter setting of Window-based XGBoost model.

Parameter Value Description

W 48 Window size
learning_rate 0.025 Initial learning rate

gamma 0 Minimum value of the loss reduction required to specify leaf nodes for branching
max_depth 2 Maximum tree depth

n_estimators 300 Number of decision trees
min_child_weight 1 Weight of leaf nodes

subsample 0.9 Sub-sample size
colsample_bytree 0.9 Random sampling ratio of features
scale_pos_weight 0.8 Ratio of the number of negative categories to the number of positive categories

seed 27 Random number seed

To reflect the superiority of the ultra-short-term forecasting model proposed in this
paper, two scenarios, “without considering the real-time electricity price” and “considering
the real-time electricity price”, are set up, respectively. In the first scenario, the traditional
load influencing factors such as temperature and humidity are taken into consideration,
while, in the second scenario, we additionally consider the impact of real-time electricity
prices, and use real-time electricity price data as one of the input indicators of the model.
The essential difference between the two scenarios is whether the influencing factors cover
the real-time electricity price, and other parameter settings remain unchanged.

The prediction accuracy of the XGBoost(W-b) model proposed in this paper is verified
by comparing it with several other existing models, including: persistence method, machine
learning models (LSSVM and BP network), advanced deep learning algorithms (LSTM
and GRU) and the original XGBoost model, and the parameters of the compared models
are listed in Table 3. From these, the persistence method is often utilized to establish
reference (baseline) models which can then be used for comparison. Since the power load
often exhibits obvious periodicity and regularity, the model can be used as a baseline for
analysis [20,21]. The persistence method of load forecasting can be described as:

ŷi = yi−∆i (10)
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where yi−∆i represents the actual value at time i − ∆i. Considering the periodic charac-
teristics of the load data, we set ∆i to be 1 day (24 h), 7 days (168 h) and 30 days (720 h),
respectively.

Table 3. The parameters setting of the compared models.

Model Parameter Value

LSSVM [22]
gam [0.01, 5000]
sig2 [0.01, 100]

BP [23] Hidden_neurons 10

LSTM
epoch 300

batch_size 32

GRU [24]
epoch 300

batch_size 32

The parameters of the other compared models are set according to the relevant litera-
ture. Of which, the epoch of LSTM and GRU are set the same as the one of XGBoost, and the
batch_size of LSTM and GRU are set to the same value to ensure consistency (parameters
not mentioned are set to default values).

At the same time, to reflect the wider applicability of the model, a sensitivity analysis
of the model and the three comparative models are carried out to study the changes in
the prediction accuracy of each model when using the sample sizes 5000, 10,000, 20,000
and 30,000.

4.2. Model Prediction Accuracy Based on Persistence Method (Baseline Analysis)

The prediction results and prediction accuracy of persistence method are shown in
Figure 3 and Table 4.
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Figure 3. Load forecasting based on persistence method.

Table 4. The experimental error of persistence method.

MAE MAPE RMSE

∆i = 1d 318.39 3.31% 318.39
∆i = 7d 219.66 2.84% 219.66

∆i = 30d 424.74 5.08% 424.74

As can be seen from Figure 3 and Table 4, load forecasting based on the persistence
method can learn the historical evolution law of power load, which has a relatively good
performance, especially when ∆i = 7d.

4.3. Comparison of Model Prediction Accuracy without Considering Real-Time Electricity Prices

Without considering the real-time electricity price, the prediction results and prediction
accuracy of each model are shown in Figure 4 and Table 5. Too much data can prevent the
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clear visualization of the forecast results, so we display the forecast results for the last 100 h
separately. The load forecasting part considering the real-time electricity price is the same
as the processing method here, and will not be repeated.
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Figure 4. Load forecasting without considering real-time electricity prices.

Table 5. The experimental error of each model (without considering the real-time electricity price).

MAE MAPE RMSE Computation Time

LSSVM 697.24 11.29% 839.58 25.70
BP 729.92 11.82% 872.77 7.63

XGBoost 464.92 7.62% 549.18 40.36
LSTM 194.45 3.16% 255.52 271.56
GRU 186.60 2.97% 232.47 148.10

XGBoost (W-b) 64.18 1.02% 96.11 12.53

It can be seen that, without considering the real-time electricity price, the prediction
accuracy ranking of each model is: XGBoost(W-b) > GRU > LSTM > XGBoost > LSSVM > BP.
From the MAE point of view, the prediction errors of the XGBoost(W-b) model proposed
in this paper are reduced by 90.80%, 91.21%, 86.20%, 67.00% and 65.61%, respectively,
compared with the other five models. Meanwhile, we also find that the prediction effect
of most models is even lower than the persistence method when the real-time electricity
price is not considered. This means that real-time electricity price factors need to be taken
into account. In addition, the proposed model is only slightly longer than BP in terms
of computation time, which is a significant improvement compared to the other deep
learning algorithms.

4.4. Comparison of Model Prediction Accuracy Considering Real-Time Electricity Prices

Considering the real-time electricity price, the prediction results and prediction accu-
racy of each model are shown in Figure 5 and Table 6:

Table 6. The experimental error of each model (considering the real-time electricity price).

MAE MAPE RMSE Computation Time

LSSVM 660.98 10.84% 869.52 34.10
BP 702.11 10.87% 854.37 15.14

XGBoost 178.05 2.82% 200.03 47.28
LSTM 49.67 0.83% 72.93 336.00
GRU 25.69 0.41% 32.95 174.44

XGBoost (W-b) 22.02 0.35% 34.23 11.48
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Figure 5. Load forecasting considering real-time electricity prices.

It can be seen that when considering the real-time electricity price, the prediction accu-
racy ranking of each model is: XGBoost(W-b) > GRU > LSTM > XGBoost > LSSVM > BP
(except that the RMSE of the GRU model is slightly lower than XGBoost(W-b)). From the
MAE point of view, the prediction errors of the XGBoost(W-b) model proposed in this
paper are reduced by 96.67%, 96.98%, 87.63%, 55.66% and 14.28%, respectively, compared
with the other three models. Meanwhile, the computation time of other models is greatly
improved due to the increase in the dimension of the input metrics. However, through the
windowing method in this paper, even if the real-time electricity price is considered, it does
not increase the complexity of the model calculation.

4.5. Sensitivity Analysis

To further verify the applicability of the models proposed in this paper, a sensitivity
analysis of each model was carried out. To simplify the analysis, only the changes in MAPE
of each model after the sample size change is shown. The results are shown in Figure 6:
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Figure 6. Sensitivity analysis.

As can be seen from Figure 6, the XGBoost(W-b) model proposed in this paper has
better performance in most cases. Whether shrinking or expanding the sample size, the
prediction error of the model is smaller than that of the traditional XGBoost model and
the deep learning algorithm LSTM model. In addition, compared with the GRU model,
the model proposed in this paper has a slightly insufficient prediction accuracy when the
sample size is expanded to 20,000, but still maintains a high prediction accuracy under
other sample sizes. In contrast, traditional machine learning models (LSSVM and BP) seem
to perform unsatisfactorily on different sample sizes.
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5. Conclusions

With the continuous construction of new power systems and the continuous access
of various sources and loads on the user side, the accuracy of load forecasting needs to
be further improved. Although deep learning algorithms reduce the prediction error to a
certain extent, they have high requirements on sample capacity and data richness and are
prone to problems such as high model complexity and low computational efficiency. In
this context, this paper proposes a window-based XGBoost model. The effectiveness and
superiority of this proposed model were verified through the simulation analysis of NEMS
market data. The following conclusions are obtained:

(1) The introduction of the real-time electricity price has significantly improved the
prediction accuracy of the model. The prediction errors of the XGBoost(W-b) model
proposed in this paper and the other five comparison models decreased to varying
degrees. Even without considering the real-time electricity price, the prediction effect
of several models was not even as good as the persistence method. Therefore, the
real-time electricity price should be taken into account in the electricity load forecast
under the spot market environment;

(2) Through the windowing transformation of the traditional XGBoost model, the pre-
diction accuracyof this model was significantly improved. In the two scenarios of
“without considering the real-time electricity price” and “considering the real-time
electricity price”, its performance was no less than that of deep learning algorithms
such as LSTM and GRU (commonly used in recent years), and the complexity of
the model and the calculation time were also significantly reduced. Therefore, when
solving the problem of power load forecasting, the complexity of the model should
not be pursued blindly, and a targeted model suitable for the actual problem should
be selected. Better performance may be obtained through the careful configuration of
the traditional model;

(3) In addition to the sample set given in this paper, when the sample size is further
reduced (1/3 or 2/3 times) or expanded (4/3 or 2 times), the XGBoost(W-b) model
proposed in this paper still has a higher prediction accuracy, which reflects the wide
applicability of the prediction model proposed in this paper.

The purpose of this paper is to prove that by carefully configuring the input and
structure of the model, traditional, simple algorithms can achieve prediction accuracy no
less than that of other deep learning algorithms, while simultaneously greatly reducing the
required computing time. In the follow-up research, we will introduce the window-based
processing method into more traditional models such as the LSSVM and the BP neural
network. Meanwhile, we will also try to combine the model algorithm proposed in this
paper with other models [25].
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