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A B S T R A C T

The air conditioning system constitutes more than half of the total energy demand in hub airport
buildings. To enhance the energy efficiency and to enable intelligent energy management, it is vital
to build an accurate cold load prediction model. However, the current models face challenges in
dealing with dispersed load patterns and lack interpretability when black box approaches are adopted.
To tackle these challenges, we propose a novel k-means-Temporal Fusion Transformer (TFT) based
hybrid load prediction model. Specifically, the daily load patterns are grouped using an improved
k-means clustering method that considers both input feature weights and dynamic time warping
(DTW) distances. Additionally, the statistical features of the clustering output are inputted into the
TFT. By further incorporating context information, the integration of data between different schema
categories is achieved, thus reducing errors that may occur during the transition process. As a result,
the prediction performance and interpretability are significantly improved. The Chongqing Jiangbei
Airport T3A terminal is used as a case study, and experiments are conducted using cooling data from
the No.1 energy station, as well as the airport traffic data and the meteorological station data. Results
are compared with other mainstream models, confirming that the proposed day-ahead load forecasting
model achieves improvements in several performance indicators, including MAE, MAPE, CV-RMSE,
and R2, which are 384 kW, 3%, 5%, and 0.058 respectively.

1. Introdouction

China has committed to achieving the carbon neutrality
target by 2060 to tackle climate change and energy security
challenges [1]. Building energy consumption accounts for
approximately 23% of the total energy consumption in China
[2]. With the rapid growth of China’s aviation industry, the
cooling demand in airport terminals increased significantly
[3]. These terminals are large-scale public transportation
buildings with a range of functionality facilities, and air con-
ditioning systems contribute to over 40%-60% of the build-
ing’s total energy consumption [4, 5, 6]. To enhance energy
flexibility, thermal energy storage (TES) systems have been
widely deployed in large-scale building complex. These sys-
tems store cold thermal energy during off-peak hours at night
and provide cooling during peak hours in the day. However,
the system has a time lag in regulating the supply of chilled
water and the temperature of the return water. Accurate
prediction of the cooling load enables system to operate
in a "feed-forward" mode, thereby meeting the building’s
cooling demand in real time. Forecasting the system load for
the next day can guide operators in scheduling the operation
hence optimizing the system performance, and also assist the
planning of the cold thermal storage system and enable the
energy saving techniques like grid peak shaving [7]. Model
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based forecasting also plays an important role in energy man-
agement, for example, the model predictive control (MPC)
is commonly used for the optimal control in the building
energy management system [8]. MPC involves predicting the
future behavior of a system based on a mathematical model,
and then optimizing the control inputs over a specified time
horizon to achieve desired performance [9, 10, 11]. It is
clear that the control performance of MPC is heavily reliant
on the model accuracy [12, 13, 14]. Therefore, accurately
predicting the cooling load in terminal buildings plays a key
role in building intelligent, low-carbon energy systems and
thus achieving sustainable development of modern airports.

1.1. Literature review
Building cooling load forecasting techniques can be

grouped into three categories: physical simulation-based,
data-driven, and hybrid [15]. The physical simulation ap-
proaches require substantial domain knowledge which are
often incorporated into specialized software such as Ener-
gyPlus, TRNSYS, etc [16], and they are often used at the
planning stage of building systems. The hybrid approach can
improve prediction accuracy by combining physical model-
ing and data-driven methods, but it is still time-consuming
and challenging in adapting to complex situations, and
prone to making false assumptions [17]. The data-driven
approach, which simplifies the modeling process by using
a large amount of operational data, has attracted substantial
interests in recent years, including recent uses of machine
learning and deep learning algorithms for predicting cooling
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load [18, 19]. Shallow machine learning models commonly
adopted include Support Vector Regression (SVR) [20],
Random Forests (RF) [21], Auto Regressive Integrated
Moving Average (ARIMA) [22], XGBoost [23], and en-
semble model [24]. Deep learning models include ANN,
DNN, BP, Long Short-Term Memory (LSTM) [25], Con-
volutional Neural Networks (CNN) [26], Gated Recurrent
Units (GRU), seq2seq [27], as well as the hybrid methods
based on these models [28, 19, 29, 30]. Luo et al. [25]
developed and compared twelve data-driven models used for
predicting building heat loads. It was found that XGBoost
and LSTM models yielded the most accurate results among
the two categories of models. While traditional models
like XGBoost are effective in approximating the nonlinear
relationship between inputs and outputs, they do not fully
exploit the inherent dependencies of continuous time series
data. Previous research has demonstrated that several models
can achieve satisfactory results in one-hour-ahead load fore-
casting. However, multi-step forecasting has yet to be fully
researched. Currently, there are three groups of strategies:
recursive, direct, and multi-input and multi-output (MIMO).
The recursive strategy tends to accumulate a large error,
while the direct strategy is computationally intensive and
challenging to implement in practical applications [19].
The MIMO strategy effectively utilizes the dynamic and
time-dependent characteristics of the sequence to directly
generate multi-step prediction vectors. The study by Li et
al. [17] suggests that the seq-seq structure is well-suited
for multi-step prediction using the MIMO strategy. Further-
more, the performance of this structure can be improved
through parameter tuning and the integration of an attention
mechanism. Zhang et al. [12] utilized the seq2seq-LSTM
model to predict the major operating parameters of a solar
heating system. The predicted parameters are then integrated
into a heating system operation model for whole system
simulation to obtain the control signals for MPC, achieving a
significant reduction in the energy consumption of the solar
heating system. In recent years, a wide range of algorithms
have been developed to improve the interpretability of these
models [31]. Liang et al. [32] utilized domain knowledge
analysis to decompose the energy consumption pattern into
a global part and a local part to improve the interpretability
of the model. A deep ensemble model and an ARIMA model
were built for the two parts separately in order to create a
hybrid prediction model. This model demonstrates signifi-
cant robustness, though the model updating performance is
limited. The interpretability of the model is crucial for users
like operators to understand the underlying mechanism [33].
Temporal fusion transformer (TFT) [34], which is a special
sequence-to-sequence model with a multi-head attention
mechanism has shown to have good interpretability and is
also suitable for multi-output prediction.

Furthermore, the load data distribution has significant
impact on the forecasting accuracy, largely due to the com-
plex distribution features embedded in the load data rather
than the algorithms used [35]. The overall accuracy of the

model tends to decrease when trained on heterogeneous se-
quences. Liu et al. [36] employed 1-D k-means clustering to
investigate the gaps between the predicted energy usages and
the actual values, thereby establishing a quantitative energy
evaluation strategy. To improve the performance of predic-
tive models, the utilization of clustering algorithms can be
beneficial [37]. Li et al. [38] used the k-means algorithm to
group thermal zones of a building into several clusters to
identify the typical zones or centroids of the clusters. The
thermal curves for these typical zones are then used as the
basis for cross-scale load prediction. Luo et al. [16] used k-
means clustering to group daily weather profiles and develop
a GA-DNN model for each subgroup in order to enhance the
forecasting accuracy by reducing the mean absolute percent-
age error by 11.9%. Yang et al. [39] employs the k-shape
algorithm to analyze the energy usage patterns of buildings.
This involves clustering the hourly energy consumption data
points for each building and improving the accuracy of the
prediction model by combining it with SVR. Zhang and
Li [40] introduced a closed-loop clustering approach that
utilizes the model fitness signal as the guiding criterion.
This method incorporates a feedback mechanism to achieve
Mean Squared Error guided clustering. The proposed ap-
proach demonstrates promising prediction outcomes on both
simulated and real datasets. In a study conducted by Zhang et
al. [41], the k-means clustering algorithm was employed to
cluster the refrigeration loads of a plant. Furthermore, the k-
nearest neighbor algorithm is used to determine the category
of the forecasted day, resulting in a 10% improvement in
forecasting accuracy. Luo et al. [42] developed a grouping
algorithm for similar weather and day type, and proposed a
the weather similarity index for selecting similar days which
has been shown to improve the forecasting accuracy.

Based on the literature review, the following research
gaps are identified. Firstly, the variability in data resulting
from diverse energy consumption patterns poses challenges
for accurate prediction of building loads. Although cluster-
ing techniques have been widely used in energy prediction
in addressing the diverse energy consumption patterns, the
classic clustering algorithms still have difficulties to the
diversity of patterns in the energy data. Secondly, there
is a lack of comprehensive framework for delivering in-
terpretable model, which demands novel model architec-
tures. Finally, it is still an open question in building energy
forecasting to effectively integrate similar historic energy
consumption patterns into an interpretable model.

1.2. Contributions
To address the aforementioned research gaps, this paper

has made the following contributions:

1. An enhanced clustering algorithm is proposed to group
cooling load data, which enables the extraction and dif-
ferentiation of different patterns, taking into account the
diversity of load patterns as well as the impact of input
features and timing characteristics.

2. The clustering results are then fed into an Temporal Fu-
sion Transformer model, which enables multi-step load
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prediction using the MIMO strategy and producing inter-
pretable result.

3. The proposed framework is evaluated on real-world air-
port cooling load data, and the test results are compared
with the state-of-art approaches against different perfor-
mance metrics, confirming the efficacy and superiority of
the proposed method.

4. For buildings with diverse load patterns, our method
can significantly save computing time and produce more
accurate cool load predictions.

The remainder of the paper is organized as follows. Our
proposed method is detailed in Section 2. The experimental
work is presented in Section 3. Section 4 discusses the results
and findings. Section 5 concludes the paper and future work
is also discussed.

2. Methodology

Fig.1 provides an overview of the proposed framework.
In summary, to deal with the missing values and outliers
in the collected data, data preprocessing techniques were
employed. The influence of key variables on the cold load
was examined using the Pearson correlation coefficient. Ad-
ditionally, an improved clustering method is developed to
identify distinctive load patterns, and an TFT model is built
to establish a multi-step output load prediction model for the
next day. The accuracy of the predictions is then compared
and interpretable results are finally presented.

2.1. Time-series clustering
2.1.1. Weighted-DTW-K-Means

The k-means algorithm was initially introduced by Mac-
Queen in 1967 and has since gained significant popularity
in the field of building energy study [16, 41]. The procedure
involves partitioning the data into 𝐾 groups, selecting 𝐾

objects as the initial clustering centers randomly, and sub-
sequently computing the distance between each object and
each clustering center. Based on this distance calculation,
each object is assigned to the closest clustering center,
effectively forming a cluster. This iterative process continues
until the clustering centers no longer undergo any changes.
The conventional k-means clustering technique classifies
sequences based on the Euclidean distance between individ-
ual data points. However, this method may not accurately
categorize sequences with temporal offsets. To address this
limitation, the Dynamic Time Warping (DTW) algorithm is
introduced to evaluate the dynamic similarity of sequences.
The DTW algorithm adjusts the time series by shortening
or extending it to align different time points and measures
the dynamic similarity between sequences by calculating the
distance between corresponding points [43]. In this study,
the data series are grouped into 24-hour intervals for the
purpose of clustering. Specifically, the distance matrix 𝐷

is a 24x24 matrix, each element 𝐷𝑖,𝑗 in the matrix rep-
resents the distance between the 𝑖-th element of the first
sequence and the 𝑗-th element of the second sequence, using
Eq. (1), where 𝐿c,1 and 𝐿c,2 represent two typical cooling

load series, with 𝐿c,1 = (𝑙𝑐1,1, 𝑙𝑐1,2,… , 𝑙𝑐1,24) and 𝐿c,2 =

(𝑙𝑐2,1, 𝑙𝑐2,2,… , 𝑙𝑐2,24). An improved multidimensional clus-
tering algorithm that takes into account the influence of fea-
ture data is proposed. The algorithm incorporates a weight
factor vector𝑊𝑥, which was derived from the Pearson corre-
lation coefficient shown in Section 3.3.5, a value greater than
0.4 is considered to be most appropriate according to [44]
and hence is adopted in this paper. Thus, the computed value
for𝑊𝑥 in this paper is [1, 0.73, 0.52, 0.45, 0.47], representing
the cold load, temperature, humidity, solar radiation inten-
sity and passenger flow data respectively. The clustering
process utilizes the dynamic time warping (DTW) technique
to define the distance, and objective function of weighted-
DTW-k-means is given as Eq. (2), which aims to minimize
the aggregation of the distance 𝐸 for each sequence 𝑥 in
relation to the central sequence.

𝐷𝑖,𝑗 =

√(
𝐿c1,𝑖 − 𝐿c2,𝑗

)2
+

min
(
𝐷𝑖−1,𝑗 +𝐷𝑖,𝑗−1 +𝐷𝑖−1,𝑗−1

)

1 ⩽ 𝑖 ⩽ 24, 1 ⩽ 𝑗 ⩽ 24

𝐷0,0 = 0

𝐷𝑖,0 = +∞

𝐷0,𝑗 = +∞

(1)

argmin
𝑢

𝐸 =

𝐾∑

𝑖=1

∑

𝑥∈𝐶𝑖

DTW(𝑥, 𝑢𝑖) ⋅𝑊𝑥 (2)

The data set is partitioned into 𝐾 clusters, denoted as 𝐶 ={
𝑐1, 𝑐2⋯ , 𝑐𝑘

}
. For 𝑖-th cluster category of the training

samples 𝑐𝑖, 𝑢𝑖 =
1

|𝐶𝑖|
∑
𝑥∈𝐶𝑖

𝑥 is the center of 𝑐𝑖.

2.1.2. Cluster number k

The Elbow method is a widely used in determining the
optimal number of clusters in k-means clustering [45]. It
involves calculating the sum of squared distances between
the centroid of each cluster and the data points within
that cluster. This measure is referred to as the degree of
distortion. A higher degree of distortion suggests a more
loosely structured cluster. In general, the degree of distortion
decreases as the number of clusters increases. However, for
datasets with a certain level of differentiation, there exists a
critical number of clusters at which the degree of distortion
significantly increases first, and then gradually decreases.
This critical number can be considered as a potential number
of clusters. By plotting the distortion score as a function
of the number of clusters, we can observe the trend of the
curve. At a certain inflection point, known as the elbow, the
decline in the curve becomes less pronounced. Therefore, the
number of clusters at this inflection point is considered to be
the appropriate number of clusters. In this study, we present
the results of applying the Elbow method to our dataset
in Fig.2, where the blue curve illustrates the correlation
between the rationscore of explicit images and the number of
clusters (𝑘), while the yellow curve depicts the relationship
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Fig.1. Overview of the proposed framework.

between fitting time and 𝑘, the optimal number of clusters is
4, as indicated by the elbow point.

2.1.3. Pattern recognition of new data

In the context of predicting future load patterns, the
presence of unknown loads presents a challenge. However,
in the test dataset utilized in this paper, where the loads
are known, it is possible to calculate the distance to the
center of mass in order to accurately classify the loads into
their respective categories. When the method is deployed in
real-world scenarios, it will be imperative to use mapping
techniques such as Support Vector Machines (SVM), k-
Nearest Neighbors (kNN) [41], and others to effectively
handle unknown load patterns.

2.2. Temporal fusion transformer
Transformer-based models have gained significant popu-

larity in the field of time series prediction [46]. These mod-
els utilize a self-attention mechanism to capture important
features in the input vectors by connecting the encoder and
decoder. In our study, we utilize an interpretable temporal
fusion transformer to enhance the performance of cold load
prediction [34]. Unlike traditional deep learning networks
that treat all vectors equally during processing, TFT intro-
duces a specific processing mechanism and network for input
vectors in multivariate temporal prediction. This approach
is advantageous in multi-horizon prediction. Additionally,
TFT offers high interpretability by incorporating a carefully
designed gating method for feature selection and a self-
attention layer to capture both long-term dependencies and
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Fig.2. Distortion score and őt time variation with number of
chosen clusters.

short-term correlations. These features elevate the model
performance in various prediction tasks. The model struc-
ture of TFT is illustrated in Fig.3 and consists of five main
components: a gating mechanism, a variable selection net-
work, a static covariate encoder, an interpretable multi-head
attention, a temporal fusion decoder, and quantile outputs
and loss functions.

2.2.1. Gating mechanisms

As pointed out in [34], the gating mechanism can be used
to skip over unused components in the architecture, thus
enable adaptive adjustment of the depth of the network to
accommodate a wide range of datasets and scenarios. In this
paper, we use a Gated Recurrent Network (GRN) in Fig.3 to
calculate the primary information vector, 𝑝, and the context
information vector, 𝑐, using Eq. (3). The intermediate layers
𝜂1 ∈ ℝ𝑑model in Eq. (4) and 𝜂2 ∈ ℝ𝑑model in Eq. (5)
are utilized, with the shared weights denoted as 𝑤. Here,
𝑑model is the hidden state size. The ELU function serves
as the activation function for the Exponential Linear Unit,
as defined in Eq. (6), where 𝑥 is the input and 𝜕 is a hy-
perparameter. The LayerNorm function is used for standard
layer normalization, while the Gated Linear Units (GLUs),
as shown in Eq. (7), apply a linear transformation to the input
𝛾 using a sigmoid activation function 𝜎(⋅) to achieve adaptive
depth. Here,𝑊 () ∈ ℝ𝑑model×𝑑model represents the weights and
biases, and ⊙ denotes the element-wise Hadamard product.

GRN𝜔(𝑝, 𝑐) = LayerNorm
(
𝑝 + GLU𝜔

(
𝜂1
))

(3)

𝜂1 = 𝑊1,𝜔𝜂2 + 𝑏1,𝜔 (4)

𝜂2 = ELU
(
𝑊2,𝜔𝑝 +𝑊3,𝜔𝑐 + 𝑏2,𝜔

)
(5)

ELU(𝑥) =

{
𝑥, 𝑥 > 0

𝜕 (𝑒𝑥 − 1) , 𝑥 ≤ 0
(6)

GLU𝜔(𝛾) = 𝜎
(
𝑊4,𝜔𝛾 + 𝑏4,𝜔

)
⊙
(
𝑊5,𝜔𝛾 + 𝑏5,𝜔

)
(7)

2.2.2. Variable selection networks

The variable selection network utilizes a gating mech-
anism to identify significant features for vector embedding
and eliminate irrelevant noise, thereby improving the ac-
curacy of predictions. The implementation of this network
involves the following steps:

Step 1: The input consists of the flattened vector of all

past inputs [I]𝑡 =
[
𝜉
(1)𝜏

𝑡
,… , 𝜉

(𝑚𝑥)
𝜏

𝑡

]𝜏
, an external environ-

ment vector 𝑐𝑠. The Gated Recurrent Network (GRN) is used
for feature selection, and the softmax function is utilized to
generate weights V𝑥𝑡, as defined in Eq.(8).

V𝑥𝑡 = Sof tmax
(
GRNV𝑥

(
[I]𝑡, 𝑐𝑠

))
(8)

Step 2: The GRN is used for nonlinear processing to
generate the variable 𝜉(𝑗)

𝑡
, as shown in Eq.(9).

𝜉
(𝑗)
𝑡

= GRN𝜉(𝑗)

(
𝜉
(𝑗)
𝑡

)
(9)

Step 3: The weights obtained in Step 1 are multiplied by
the input data at each moment in Step 2 and then summed.
This process yields the selected data, where the weights
serve to amplify certain inputs and attenuate noise, as de-
fined in Eq.(10).

𝜉𝑡 =

𝑚x∑

𝑗=1

𝑣
(𝑗)
𝑥𝑡
𝜉
(𝑗)
𝑡

(10)

where 𝑣(𝑗)
𝑥𝑡

denotes the 𝑗 th element of the vector V𝑥𝑡.

2.2.3. Interpretable multi-head attention

In machine learning, self-attention is an important mech-
anism to integrate the absolute or relative position infor-
mation in the model structure. In this paper, we employ
an interpretable multi-head attention component to capture
the interdependence and significance of different distinc-
tive subspace of representations. First, the self-attention
mechanism is implemented through the use of query (𝑄 ∈

ℝ𝑁×𝑑atm ), key (𝐾 ∈ ℝ𝑁×𝑑att ), and value (𝑉 ∈ ℝ𝑁×𝑑madel

) mechanisms that scale the values, with their relationship
being as Eq.(11), where𝐴() is a normalization function. The
scaled dot-product attention weights 𝐴(𝑄,𝐾) is a common
choice as defined in Eq.(12).

Attention(𝑄,𝐾, 𝑉 ) = 𝐴(𝑄,𝐾)𝑉 (11)

𝐴(𝑄,𝐾) = Sof tmax
(
𝑄𝐾𝑇 ∕

√
𝑑𝑎𝑡𝑡𝑛

)
(12)

The multi-head attention technique is employed to cap-
ture extended dependencies, with each head representing a
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Fig.3. The model architecture of TFT.

distinct subspace of representations, as shown in Eq.(13) and
(14).

MultiHead(𝑄,𝐾, 𝑉 ) =
[
𝐻1,… ,𝐻𝑚𝐻

]
𝑊𝐻 (13)

𝐻ℎ = Attention
(
𝑄𝑊

(ℎ)

𝑄
, 𝐾𝑊

(ℎ)

𝐾
, 𝑉 𝑊

(ℎ)

𝑉

)
(14)

where 𝑊 (ℎ)

𝑄
∈ ℝ𝑑model ×𝑑attn , 𝑊 (ℎ)

𝐾
∈ ℝ𝑑model ×𝑑attr , and

𝑊
(ℎ)

𝑉
∈ ℝ𝑑madel ×𝑑𝑉 denote head-specific weights for 𝑄, 𝐾 ,

𝑉 , respectively. 𝑊 (ℎ)

𝐻
∈ ℝ(𝑚𝐻 ∙𝑑𝑣)×𝑑model linearly combines

outputs concatenated from all heads 𝐻ℎ.
To enhance interpretability, the TFT introduces addi-

tional weights that indicate the significance of various fea-
tures for each attention head, as defined in Eq.(15) and
Eq.(16), where 𝑾 𝑉 ∈ ℝ𝑑model ×𝑑𝑉 are value weights shared
across all heads, and 𝑾 𝐻 ∈ ℝ𝑑attn ×𝑑model is used for final
linear mapping.

InterpretableMultiHead(𝑄,𝐾, 𝑉 ) = 𝐻̃𝑊𝐻 (15)

𝑯̃ = 𝐴̃(𝑸,𝑲)𝑽 𝑾 𝑉 ,

=

{
1

𝑚𝐻

𝑚𝐻∑

ℎ=1

𝐴

(
𝑸𝑾

(ℎ)

𝑄
,𝑲𝑾

(ℎ)

𝐾

)}
𝑽 𝑾 𝑉

=
1

𝑚𝐻

𝑚𝐻∑

ℎ=1

Attention
(
𝑸𝑾

(ℎ)

𝑄
,𝑲𝑾

(ℎ)

𝐾
,𝑽 𝑾 𝑉

)
(16)

2.2.4. Temporal fusion decoder

(1) Sequence-to-sequence layer
The sequence-to-sequence layer includes encoder and

decoder layers which utilize LSTM units. The encoder uses
feature vectors

{
𝜉𝑡−𝑘,… , 𝜉𝑡

}
that represent past time in-

stances, while fed
{
𝜉𝑡+1,… , 𝜉𝑡 + 𝜏max

}
into decoder. These

vectors are combined through gated jump connections to cre-
ate a coherent set of temporal features𝜙(𝑡, 𝑛) ∈ {𝜙(𝑡,−𝑘),…,
𝜙
(
𝑡, 𝜏max

)}
. This process is formulated in Eq.(17).

𝜙̃(𝑡, 𝑛) = LayerNorm
(
𝜉𝑡+𝑛 + GLU𝜙̃(𝜙(𝑡, 𝑛))

)
(17)

The position index, denoted as 𝑛 ∈
[
−𝑘, 𝜏max

]
, and it

indicates the specific position within the sequence. Addition-
ally, the context vectors 𝑐ℎ and 𝑐𝑐 obtained from the static
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covariant encoder, are used to initialize the first LSTM cell
and hidden state.

(2) Static enrichment layer
The static enrichment layer integrates the 𝑐𝑒 values de-

rived from the static features using GRN and the feature
vectors 𝝓̃(𝑡, 𝑛) abstracted through the LSTM layer. Sub-
sequently, GRN is employed once again to enhance the
features, as shown in Eq.(18).

𝜽(𝑡, 𝑛) = GRN𝜃
(
𝝓̃(𝑡, 𝑛), 𝒄𝑒

)
(18)

(3) Temporal self-attention layer
The temporal self-attention layer combines improved

temporal features and utilizes interpretable multi-head at-
tention to calculate 𝑩(𝑡), as defined in Eq.(19), where Θ(𝑡) =
[𝜃(𝑡,−𝑘),…,𝜽(𝑡, 𝜏)]𝑇 , and𝑩(𝑡) =

[
𝜷(𝑡,−𝑘),… , 𝜷

(
𝑡, 𝜏max

)]
.

In contrast, the TFT includes a gating layer that aids in the
training process, as shown in Eq.(20).

𝑩(𝑡) = InterpretableMultiHead(𝚯(𝑡),𝚯(𝑡),𝚯(𝑡)) (19)

𝛿(𝑡, 𝑛) = LayerNorm
(
𝜃(𝑡, 𝑛) + GLU𝛿(𝛽(𝑡, 𝑛))

)
(20)

(4) Position-wise feed-forward Layer
The position-wise feed-forward layer predicts the result

by applying attention to the previous items for each pre-
diction moment using a GRN with shared weights. This
ensures that the output of each step is not diluted by a
biased GRN, especially in multi-step prediction scenarios.
The implementation is given in Eqs.(21) and (22).

𝜓(𝑡, 𝑛) = GRN𝜓(𝛿(𝑡, 𝑛)) (21)

𝜓̃(𝑡, 𝑛) = LayerNorm
(
𝜙̃(𝑡, 𝑛) + GLU𝜓̃ (𝜓(𝑡, 𝑛))

)
(22)

2.2.5. Quantile outputs and loss functions

The TFT employs quantile prediction, where the output
layer is linearly transformed using the dense layer to generate
percentiles, such as the 10th, 50th, and 90th. During training,
the objective is to minimize both the quantile loss and the
sum of the outputs. The process is formulated in Eqs.(23)
and (24).

ℒ(Ω,𝑊 ) =
∑

𝑦𝑡∈Ω

∑

𝑞∈𝜖

𝜏max∑

𝜏=1

𝑄𝐿(𝑦𝑡, 𝑦̃(𝑞, 𝑡 − 𝜏, 𝜏), 𝑞)

𝑀𝜏max

(23)

QL(𝑦, 𝑦̃, 𝑞) = max(𝑞(𝑦 − 𝑦̃), (1 − 𝑞)(𝑦̃ − 𝑦)) (24)

where Ω is the domain of training data containing 𝑀
samples, 𝑄 is the set of output quantiles, 𝑊 is the weights
of TFT.

2.3. Algorithm summary
The prediction of cooling load is not only related to date

characteristics such as hour, day type, month and weekend
but also to meteorological station data like outdoor tempera-
ture, relative humidity, solar radiation intensity and passen-
ger number. To incorporate clustering results into the TFT
model, we assign each cluster category, 𝐶𝑖, corresponding
cluster center, 𝑢𝑖 and statistical features of cooling load
at the same historical time of the same category, and use
them to construct the model input 𝐹 . In this study, we
categorize the inputs for the TFT model into three types as
Fig.3: static metadata, past inputs, and known future inputs,
denoted as 𝐹𝑆 , 𝐹𝑃 , and 𝐹𝐾 , respectively. 𝐹𝑆 contains 𝐶𝑖,
the encoder length, which is 168 as a time sliding window,
𝐹𝑃 includes cooling load and passenger number, and 𝐹𝐾
encompasses the date characteristics, meteorological data,
clustering tatistical features and 𝑢𝑖. The interpretable outputs
of the model in Section 4.3. also provide a comprehensive
view of the model inputs. The algorithm flow is presented in
the Algorithm 1.

3. A Case Study

3.1. Site description
The historical cooling load data used in this study was

obtained from Energy Station No.1 at Chongqing Jiangbei
International Airport. The station utilizes a TES system,
consisting of two cold energy storage tanks and six re-
frigeration units with a rated power of 8500 kWth (kW).
The system has a capacity of 43447 RT.H and operates as
a closed-loop, two-pipe control system with a three-stage
pump variable-flow system, as depicted in Fig. 4, where the
upper part is the physical diagram of the pipeline, and the
arrow below represents the main flow direction. The energy
station provides cooling to T3A Terminal with a building
height of 48 meters and a total floor area of approximately
537,000 square meters.

3.2. Dataset description
The cooling data was collected from the TES system

and is used as input for the empirical formula Eq. (25) to
calculate the cooling load, shown as Fig. 5.

𝑄(𝑖) = 𝜌𝑐𝑞(𝑖)Δ𝑇 (𝑖) (25)

where 𝑄(𝑖) represents the value of the cold load at time
period 𝑖, measured in kW, 𝜌 denotes the density of water in
the cooling system pipeline, measured in kg/m3, 𝑐 represents
the specific heat capacity of water, measured in J/(kg⋅◦C),
𝑞(𝑖) indicates the flow rate of chilled water during time
period 𝑖, measured in m3/h,Δ𝑇 (𝑖) represents the temperature
difference between the return water and supply water, mea-
sured in ◦C. For the terminal building, meteorological data
such as temperature, humidity, solar radiation, wind speed,
and other relevant information for the same period of time
outside are provided by the Open-Meteo. com Weather API
[47]. Passenger flow data is counted by the airport operations
system. Overall, the data was recorded at 1-hour interval
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Algorithm 1 Cooling load forecasting by k-means-TFT
1: Data preprocessing

2: Construct data set 𝑫= {cooling load data, meteorolog-
ical data, airport traffic data} as Section 3.2.

3: Detect outliers and remove them as Section 3.3.2.
4: Fill missing data as Section 3.3.1.
5: Obtain 𝑊𝑥 from Pearson correlation coefficient as Sec-

tion 3.3.5.
6: Split the 𝑫 into {𝑫𝑡𝑟𝑎𝑖𝑛, 𝑫𝑣𝑎𝑙𝑖𝑑 , 𝑫𝑡𝑒𝑠𝑡 } as Section 3.2,

and normalize each set separately as Section 3.3.3.
7: Training process

8: Obtain cluster center 𝑢𝑖 and cluster category 𝐶𝑖 by
applying improved k-means for 𝑫𝑡𝑟𝑎𝑖𝑛 as Section 2.1,
𝑖 = 0, , ..., 𝐾 , cluster target as Eq. (2).

9: Then construct model inputs 𝐹={𝐹𝑆 , 𝐹𝑃 , 𝐹𝐾}.
10: for all 𝑗 = 1, 2,… , len(𝑫 train) do

11: if 𝑫 train𝑗
.𝐶𝑖 == 𝑫 train𝑗_𝑝𝑟𝑒

.𝐶𝑖 then

12: compute statistical_features𝑗 .
13: 𝐹𝑗 = {𝐹𝑆𝑗 , 𝐹𝑃𝑗 , 𝐹𝐾𝑗}

14: end if

15: end for

16: Train TFT model using 𝐹 , 𝑫𝑣𝑎𝑙𝑖𝑑 for monitoring train-
ing process.

17: Testing process

18: Apply improved k-means for 𝑫𝑡𝑒𝑠𝑡.
19: for all 𝑗 = 1, 2,… , len(𝑫 test) do

20: for all 𝑖 = 1, 2,⋯ , 𝐾 do

21: Solve all distance 𝑑𝑗𝑖 = DTW(𝑫 test𝑗
−𝑢𝑖) ⋅𝑊𝑥 and

let 𝑫 test𝑗
with the minimum 𝑑𝑗𝑖 belong to 𝐶𝑖.

22: Choose 𝐶𝑖 as the current cluster category.
23: end for

24: end for

25: Then construct model inputs like Training process.
26: for all 𝑖 = 1, 2,… , len(𝑫 test)∕24 do

27: 𝑄̂𝑖=TFT (𝐹 ).
28: end for

29: return Evaluation metrics using (𝑄𝑖, 𝑄̂𝑖) as Section 3.4.

and covered two cooling seasons: June-September 2020 and
May-September 2021. This resulted in a total of 6576 entries
over 274 days as 𝑫. Out of these, 200 days are used as
the training set 𝑫 train, 60 days for validtion 𝑫valid and 14
days are used as the test set 𝑫 test. The proposed algorithms
are implemented using Python 3.8, and the experiments are
performed on a computer with 16GB of RAM and an Intel
(R) Core (TM) i5-7400 CPU @ 3. 00GHz processor. The
deep learning model was implemented on the Google Colab
Pro platform using a high-performance GPU (NVIDIA Tesla
P100 PCIe 16G) to accelerate the computation [48]. The
PyTorch framework 2.0.1 was utilized.

3.3. Data prepossessing
3.3.1. Missing data

In the process of measurement, individual data points
may be absent due to various factors such as equipment
failures or electromagnetic interference. In cases where there

Fig.4. Chilled water pipe (upper) and Layout Plan (below) of
Chongqing Jiangbei T3A District Cooling System.

Fig.5. Historical cooling load data in T3A terminal.

are data points available both before and after the missing
values, a method known as linear interpolation can be used to
estimate and replace the missing values [49], as represented
by Eq. (26).

𝑄 =
𝑄𝑖−1 +𝑄𝑖+1

2
(26)

In cases where a substantial amount of data is missing,
the missing values can be replaced using the method of
averaging the values of neighboring points [50]. This method
relies on two variables: 𝑘, which represents the number of
days of the same type, and 𝑚, which represents the selected
number of days of the same type. These variables are defined
in Eq. (27).

𝑄 =
𝑄𝑘

1
+𝑄𝑘

2
+ ... +𝑄𝑘

𝑛

𝑚
(27)
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3.3.2. Outlier detection

In order to reduce the impact of abnormal noise on the
accuracy of future predictions, it is necessary to smooth
out data points that deviate significantly from the actual
data. Quartiles, which divide the data into four equal parts
based on their values, can be used to evaluate statistical
dispersion and variability. The quartile spacing, also known
as the interquartile range (IQR), is defined as the difference
between the third quartile and the first quartile, serves as a
measure of data variability. In this context, a global outlier is
typically identified as an observation that satisfies Eq. (28),
as specified below.

outlier > 𝑄3+1.5×IQR, outlier < 𝑄1−1.5×IQR (28)

3.3.3. Data normalization

In this study, the input features of the model exhibit
variations in unit and range of values. Additionally, the cold
load, which ranges from a few kilowatts to tens of thousands
of kilowatts, requires separate normalization for the training
and test sets. To address this, min-max normalization is
employed to normalize the input features, shown in Eq. (29).

𝑄norm =
𝑄 −𝑄min

𝑄max −𝑄min
(29)

where 𝑄𝑛𝑜𝑟𝑚 represents normalized data, 𝑄 represents
data before normalization, 𝑄𝑚𝑖𝑛 represents the minimum
value of the data, and 𝑄𝑚𝑎𝑥 represents the maximum value
of the data.

3.3.4. Passenger number

The correlation between airport passenger flow and cold
load is a significant factor to consider [51, 52]. We examine
the passenger flow data of T3A, as illustrated in the accom-
panying Fig. 6. The data demonstrates a consistent peak in
the morning hours, specifically between 6-9am, followed by
a relatively stable period from 9am to 11pm. During the late
night rest period, there is a significant decrease in passenger
traffic. This observed pattern aligns with both the empirical
data and the practical functioning of the terminal building.
As a result, it effectively characterizes the operational status
of the building, mirroring the daily fluctuations in load at the
terminal building.

3.3.5. Pearson correlation analysis

The cooling load of an airport terminal building ex-
hibits nonlinear dynamics and is influenced by various fac-
tors, such as meteorological changes and indoor personnel
movement [53, 52, 54]. Pearson correlation analysis helps
identify the interrelationships between variables and allows
for the exclusion of data that is not significantly correlated,
thereby reducing the dimensionality of the input data. In this
study, we focus on the outdoor temperature (AT), humidity
(AH), solar radiation intensity (SI), wind speed (WS), wind
direction (WD), and passenger flow data of the T3A terminal
building (ON). A correlation heat map is constructed to visu-
alize the correlations between each variable and the cooling

Fig.6. Number of indoor occupants in the T3A terminal over
a 24-hour period.

load (CL) over a 24-hour period (Fig. 7). It is worth noting
that wind speed and wind direction, which exhibit a low
correlation, are excluded from the analysis. Furthermore,
correlation curves are plotted to examine the relationship
between physical quantities and cooling loads at various
delay times ranging from 0 to 24 hours (Fig. 8). These curves
reveal that certain delay features also impact the cooling
load. The moments that exhibit the highest correlation are
highlighted with blue boxes.

Fig.7. Correlation heatmap between physical quantity and
cooling load.

3.4. Evaluation metrics
Various metrics were employed to assess the perfor-

mance of model, including Mean Absolute Error (MAE),
Mean Absolute Percentage Error (MAPE), Cross-Validated
Root Mean Square Error (CV-RMSE), and Coefficient of
Determination (R2) [55]. These metrics are commonly used
to measure the difference between observed and true values.
A smaller value for MAE, CV-RMSE, and MAPE indicates a
higher level of accuracy in the performance of the predictive
model. R2, on the other hand, determines the extent to which
the model aligns with the data. The R2 value ranges from 0 to
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Fig.8. Correlation between physical quantity and cooling load
at different historical time.

1, with a higher value indicating a stronger fit. These metrics
are defined as follows:

MAE =
1

𝑛

𝑛∑

𝑖=1

|𝑄̂𝑖 −𝑄𝑖| (30)

MAPE =
1

𝑛

𝑛∑

𝑖=1

|||||

𝑄̂𝑖 −𝑄𝑖

𝑄𝑖

|||||
(31)

CV−RMSE =

√
1

𝑛

∑𝑛

𝑖=1
(𝑄̂𝑖 −𝑄𝑖)

2

1

𝑛

∑𝑛

𝑖=1
𝑄𝑖

(32)

𝑅2 = 1 −

∑𝑛

𝑖=1
(𝑄̂𝑖 −𝑄𝑖)

2

∑𝑛

𝑖=1
(𝑄𝑖 − 𝑄̄)

2
(33)

In the above equations (30)-(33), n represents the quan-
tity of predicted moment points, 𝑄𝑖 denotes the actual cold
load, 𝑄̂𝑖 represents the predicted cold load, and 𝑄̄ signifies
the average value of the actual load.

3.5. XGBoost and LSTM
XGBoost is an enhanced algorithm derived from gradi-

ent boosting trees. It utilizes decision tree sub-models and
guides the training process of these sub-models through neg-
ative gradients to achieve highly accurate integrated mod-
els. It possesses a robust capability for nonlinear fitting
and rank high in energy forecasting competitions such as
ASHRAE Great Energy Predictor III. The XGBoost model
is implemented using sklearn API [56]. And LSTM, a spe-
cialized form of recurrent neural network (RNN) [57], in-
troduces three gates to regulate the flow of information
and address the issue of vanishing or exploding gradients
that arise when the RNN time step is too large. The in-
put gate determines the inclusion of new information, the

Table 1
Hyper-parameters of four models Using Optuna API

Hyperparameters Search ranges Selected
LSTM
Learning rate [0.001, 0.005, 0.01] 0.005
Batch size [16, 32, 64] 16
Hidden size of LSTM [32, 64, 128, 160] 64
Num layers [1, 2, 3, 5] 2
Dropout [0.2, 0.3, 0.5] 0.2
XGBoost
Max depth [1, 10] 5
N estimators [50, 2000] 200
Min child weight [1, 10] 3
Colsample bytree [0.1, 1] 0.733
Subsample [0.1, 1] 0.355
Eta [0.01, 0.3] 0.07
Transformer
d_ff [512,1024,2048] 2048
d_model [128,512,1024] 512
n_heads [4,6,8] 8
Learning rate [0.001,0.005,0.1] 0.001
Batch size [16,32,64] 16
Dropout [0.1,0.2,0.3] 0.1
TFT
Gradient clip val [0.01, 0.1, 1.0] 0.1
Hidden size of LSTM [64, 128, 160] 128
Hidde continuous size [64, 128, 160] 128
Attention head size [1, 4, 6] 4
Learning rate [0.001, 0.005, 0.1] 0.005
Batch size [16, 32, 64] 16
Dropout [0.1, 0.2, 0.3] 0.2

forget gate determines whether the previous information
is retained, and the output gate determines the output in-
formation. LSTM is widely used in time series modeling
tasks. In order to incorporate weather forecast data, the
LSTM model is designed with multiple inputs [35]. The
Optuna API is adopted to search for hyperparameters [58],
which employs the Bayesian optimization to explore various
parameter combinations, demonstrating notable efficiency.
All the model parameters optimized by the Optuna API are
listed in Table 1.

4. Results and discussions

4.1. Persistent model prediction
Persistent daily and weekly algorithms, also referred to

as "naïve" forecasts, have demonstrated deterministic prop-
erties in various competitions [25, 35, 59]. To assess the ef-
fectiveness of these models and evaluate the performance for
24-hour-ahead forecasts, four baseline models are proposed.
These models are based on previous statistical data. The first
model, namely the last day (LD), directly utilizes the load
data from the previous day as a 24-hour forecast, assuming
the presence of a daily pattern in the load data. Similarly,
last week (LW) uses the load data from the same day and
time of the previous week as the predicted value, assuming
a weekly periodicity in the load data. Hour mean (HM)
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Fig.9. Forecasting performance of naive persistent model with
or without k-means.

calculates the average value of the corresponding hour, while
our k-means last day (KLD) applies our clustering algorithm
to identify the closest day in the same type. Our k-means
hour mean (KHM) uses its load pattern to predict the mean
value for the corresponding moment in the same cluster,
shown in Eq. (34). These models rely on expert knowledge
and past similar circumstances to make weighted average
decisions, which have been shown to be reasonably accurate.
The results, as shown in Fig.9, indicate that the KHM model
achieves the highest performance, with an R2 score of 0.885
and a CV-RMSE of 13.590%. Consequently, this model will
serve as a baseline for future comparisons. The heuristic
baseline model is characterized by its simplicity, data effi-
ciency, ease of implementation, and maintenance, making it
suitable for small scale projects with limited budgets.

𝐶𝐿𝑛+1,𝑡 =
𝐶𝐿1,𝑡 + 𝐶𝐿2,𝑡 +…+ 𝐶𝐿𝑛,𝑡

𝑛
(34)

4.2. Clustering results of load modes
The data is subjected to clustering using the improved

k-means method, as described in the current study. The
outcomes of the data clustering process are graphically
represented in Fig.10, revealing the existence of four dis-
tinct load patterns observed in the T3A terminal during the
cooling season. It is noteworthy that the peak stabilized
load values differ significantly among these load patterns.
Fig.11 illustrates the original heatmap before clustering,
while Fig.12 displays the heatmap organized by category
after clustering, similar data is effectively clustered together.
Furthermore, the clustering algorithm will be used on the
Hour mean model to evaluate the accuracy of the subsequent
24-hour cooling load predictions and assess the effectiveness
of the k-means approach. The findings of this investigation
demonstrate that the clustering algorithm, specifically when
employing weight-based DTW distances, yields superior
outcomes, as presented in Table 2.

Table 2
Hour mean model performance

Previous Hour mean CV-RMSE (%) R2

Origin 22.906 0.673
k-means-navie 15.843 0.844
Weighted-DTW-k-means 13.590 0.885

4.3. Model based prediction
To evaluate the performance of the enhanced k-means

method when combined with the model, as well as the
model’s performance using only raw data without making
predictions, the results in test set are presented, we selected
4 days for presentation. Fig.13 demonstrates that TFT and
XGBoost achieve superior results without using k-means,
outperforming the baseline model. On the other hand, Fig.14
illustrates that our proposed model yields the best prediction
among all the results. Furthermore, the introduction of our k-
means improves the performance of all the models compared
to the initial model without clustering. Detailed results of the
comparisons can be found in Table 5. To ensure statistically
significant results, the data in the table represent the means
of 10 experiments. The TFT model produces easily under-
standable results by incorporating clustering labels as static
enhancement vectors. These vectors enhance the temporal
self-attention layer’s capability to capture overall loading
patterns, as illustrated in Fig.15. Moreover, the model in-
corporates exogenous variables into the clustering centers
namely ClusterCenterHourFeature and like-mean features
namely MA_Predictlon, with the variable selection weights
offering valuable insights. The clustering features are found
to play a significant role, as illustrated in Fig.16 and Fig.17.
Furthermore, Fig.18 displays the relationship between the
time step and attention, revealing a stronger attention near
the predicted date, this also demonstrates the model’s capa-
bility to recall long-term inputs. Further, an early stopping
strategy was adopted in the training of each model and was
repeated for 10 times. The results including the mean and
standard deviation are shown in Table 3. While the time
of conducting the clustering algorithm is 3.977 seconds. It
is shown that the training time of the proposed algorithm
after employing k-means was shorter, which implies that the
adoption of the improved k-means helped the acceleration of
the training convergence. The inference time of the model is
also listed in the table 4. It is revealed that while XGBoost
demonstrates strong competitiveness, k-means TFT exhibits
superior accuracy within the context of deep modeling, and
its processing time is also deemed satisfactory.

4.4. Discussions
In order to address the contradiction between the chang-

ing cold load pattern and the accuracy of prediction caused
by the diverse energy use behavior in large spaces, this study
collects cold load data from the main pipeline of an air-
port refrigeration station, as well as relevant meteorological
data. Previous clustering algorithms have not simultaneously
taken into account the time characteristics of the clustering
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Fig.10. Typical load patterns by weight-DTW-k-means.

Fig.11. Heat map for load proőles of the original data.

Table 3
Training time of different models

Algorithm Time (s) Algorithm-k Time (s)

XGBoost 4.510 ± 0.108 XGBoost-k 3.264 ± 0.092

LSTM 48.777 ± 7.352 LSTM-k 47.533 ± 4.579

Transformer 217.829 ± 3.729 Transformer-k 217.230 ± 4.235

TFT 536.331 ± 32.599 TFT-k 486.943 ± 8.860

object and the influence of feature weight. Therefore, this
paper proposes the use of Dynamic Time Warping distance
as the clustering metric and Pearson’s correlation coefficient
as a weighting factor for data clustering. Furthermore, the in-
terpretability of the TFT is utilized to showcase the efficacy

Fig.12. Heat maps for cluster by weighted-DTW-k-means.

Table 4
Inference time of different models

Algorithm Time (s) Algorithm-k Time (s)

XGBoost 0.016 ± 0.001 XGBoost-k 0.019 ± 0.004

LSTM 0.027 ± 0.003 LSTM-k 0.031 ± 0.005

Transformer 7.844 ± 1.98 Transformer-k 7.588 ± 1.055

TFT 8.292 ± 1.394 TFT-k 8.875 ± 0.500

of statistical features derived from k-means clustering, lead-
ing to enhanced prediction outcomes. This has significant
implications for predicting various modes of refrigeration
load and for regulating and controlling chillers. Furthermore,
for projects with limited budgets, it is suggested that good
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Fig.13. KHM, XGBoost, LSTM ,Transformer, TFT model for CL(kW) prediction without k-means.

Fig.14. KHM, XGBoost, LSTM ,Transformer,TFT model for CL(kW) prediction with improved k-means.

results can still be achieved by using a simplified model
after clustering. However, it is important to note that when
new energy use patterns and behaviors emerge, the clus-
tering algorithm will need to be recalculated. This process

is considered as an offline approach. Therefore, future re-
search should focus on developing methods for differentiat-
ing online patterns and automatically detecting new patterns.
For public buildings with advanced building intelligence,
dividing the functional partitions to create a more detailed
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Fig.15. Static covariates importance.

Fig.16. Importance of exogenous variables in the encoder.

Fig.17. Importance of exogenous variables in the decoder.

partitioning model can significantly improve the model’s
accuracy. Additionally, in buildings with more consistent
energy usage patterns and fewer scattered load patterns,
clustering algorithms may increase computational demands
without significantly enhancing accuracy. Therefore, it is

Fig.18. Attention weight patterns. Attention at previous time
steps.

necessary to evaluate the data before redesigning the model.

5. Conclusions and future work

In many engineering applications of building energy
forecasting, the accuracy of predictions is compromised due
to the variability of the patterns of cold loads which makes
forecasting cooling loads in large public buildings more
challenging. This paper proposes an enhanced version of the
k-means algorithm for clustering load data. It introduces the
evaluation distance Dynamic Time Warping, which is better
suited for temporal sequences. Additionally, it incorporates
a weighting factor that considers the influence of feature
variables. This allows the assessment of different loading
patterns using a single model. To incorporate the clustering
results into TFT and capture both long and short-term depen-
dencies, cluster labels are embedded as static variables, and
the statistical characteristics of similar data are embedded in
TFT, utilizing a multi-head attention mechanism to achieve
improved and interpretable results. The proposed approach
is compared to the best baseline model, as well as the
machine learning model XGBoost and the deep learning
model LSTM, all of which incorporate clustering results.
However, unlike these models, the proposed approach does
not group the results in order to avoid reducing the size of the
dataset. Instead, the clustering results are used in the form
of feature vectors to assess the effectiveness of the model.
Experimental results demonstrate that this method effec-
tively enhances prediction accuracy, supports the scheduling
of chiller units, and reduces unnecessary energy waste. Al-
though the experimental results demonstrate the superiority
of the method, there are a few issues to be addressed as the
future work:

• The influence of passenger behavior on energy con-
sumption is considered, yet the uncertainty regarding
passenger numbers on the second day poses a chal-
lenge for load forecasting. Treating it as a predictive
variable for load forecasting, prior to using it as an
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Table 5
Comparison of quality performance indicators for cooling load prediction of different prediction models.

Day-ahead Model Our k-means
Performance index

MAPE CV-RMSE (%) MAE (kW) 𝑅2

Best Baseline (LD) 0.1719 18.712 1442 0.782
LSTM [35] 0.1717 16.251 1353 0.835
XGBoost [56] 0.1682 15.607 1291 0.864
Transformer [60] 0.3380 19.515 1603 0.845
TFT [34] 0.1567 13.915 1139 0.879
BestBaseline (KHM) ✓ 0.1540 13.590 1020 0.885
LSTM-k-means ✓ 0.1468 14.506 1213 0.868
XGBoost-k-means ✓ 0.1372 11.642 923 0.915
Transformer-k-means ✓ 0.2049 13.981 1148 0.891
k-means-TFT (Ours) ✓ 0.1201 10.873 917 0.922

input, deserves further research. Further, to assess the
impact of such uncertainties on the forecast results of
the proposed approach in this paper warrants further
investigation [61].

• While the proposed model has exhibited highly desir-
able performance, to maximize its potential in support
building energy management, one of the future re-
search directions would be integrate the model into the
control and optimization framework to enhance the
operational efficiency and energy saving in the airport
air-conditioning system [62].
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