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Abstract. With global warming, energy saving and emission reduction has gradually
become the consensus of various industries. Building energy consumption is a huge en-
ergy expense in China’s construction field, and improving energy consumption prediction
capability is a significant technical measure to enhance the level of fine management of
building energy consumption. The data-driven energy consumption forecasting model has
good prediction performance. Thus, this article designs a building energy consumption
prediction method based on Deep Support Vector Machine (DSVM) in data-driven mode.
Firstly, a multivariate linear regression model is adopted to analyze the intrinsic and
extrinsic factors of the building energy system, and then a load model is constructed
relied on the analysis results, and the inputs in the load model are taken as the influenc-
ing factors of energy consumption. Secondly, the historical building energy consumption
data are processed with outliers, and then the influencing factor features are downscaled
using Principal Component Analysis (PCA), and finally the downscaled feature vectors
are divided into a number of DSVM segments, which are inputted into each sub-SVM
for learning to obtain the deep-level features, and the feature vectors in each segment are
assigned with the weights and reorganized into segments, so as to achieve the optimized
SVM classifier, and the forecasting outcome of the energy consumption of the historical
building are outputted. The experimental outcome implies that the suggested method has
a small relative error in prediction, and the dispersion between the actual value and the
predicted value of the energy consumption is also more desirable, so the prediction accu-
racy has a significant advantage.
Keywords: Data-driven model; Deep support vector machine; Energy consumption
prediction; Multivariate linear regression; Principal component analysis

1. Introduction. Recently, with the growth of the economy and the improvement of the
living standard of the residents, the energy consumption of the building has been increas-
ing. Accurate forecasting of building energy consumption is conducive to more reasonable
energy planning, which is of great significance for strengthening the construction of energy
monitoring system, promoting energy conservation and emission reduction in the field of
building, and realizing the goal of carbon peaking as scheduled [1, 2]. Undoubtedly, the
world is in the era of big data, the application of big data provides new opportunities for
the development of the building energy efficiency industry, through the use of big data
technology for in-depth intelligent analysis of building energy consumption and predictive
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modelling can deepen the understanding of the building energy consumption and thus im-
prove the level of energy management, and contribute to the early realization of China’s
carbon peak [3]. At present, research on building energy consumption has the following
problems: first, for a long time, China’s energy statistics are mainly aimed at the indus-
trial aspect, and there is a problem of poor data quality in building energy consumption
data [4]; second, although in recent years, China has already established a part of the en-
ergy consumption monitoring system [5], which has accumulated a large amount of data,
most of the energy consumption data are not sorted out and made public. Therefore,
how to improve the performance of energy consumption prediction in buildings under
data-limited scenarios deserves further research.

1.1. Related work. With the increase in available data on building energy consumption,
the field of building energy prediction has widely started to use data-driven models for
prediction [6]. Data-driven models can be classified into two main categories: statistical
models and machine learning models. Jahanshahi [7] used integrated moving average
autoregression to predict building energy consumption and found that the ARIMA model
was the best predictor. Nepal et al. [8] proposed a hybrid building energy prediction
model combining clustering and ARIMA. Fumo and Biswas [9] developed a multivariate
linear regression model to predict hourly and daily energy consumption of a research
institute. Amber et al. [10] developed a multiple linear regression model to forecast the
electricity consumption of a school building by using six environmental variables, and the
results showed that the temperature and working day factors have a significant effect on
the energy consumption of the building.

Due to the limitations of traditional data-driven prediction methods to deal with non-
linear problems, most researchers nowadays prefer to use machine learning methods for
prediction. Support Vector Machine (SVM) is a widely used machine learning method,
which is suitable for solving the problem of insufficient sample data and nonlinear prob-
lems. Mohandes [11] used SVMmodel to predict the energy consumption of buildings, and
the study shows that the performance of SVM is better than autoregressive model. Dong
[12] established SVM model to predict the energy consumption of commercial buildings,
and the prediction results are more accurate and stable. Massana et al. [13] used a deci-
sion tree to predict the electrical energy consumption of buildings, and the performance
of the prediction was low.

As the deep learning rapidly growing, Ekici and Aksoy [14] suggested a building energy
consumption prediction model relied on Artificial Neural Networks (ANN). Zhang et al.
[15] offered a PSO-RBFNN combinatorial model to predict the energy consumption of a
building, but the prediction accuracy is not high. Li and Yin [?] suggested a building
energy consumption prediction model relied on LM algorithm optimized BP network. Li
and Su [16] developed a combined model of neural network and fuzzy inference system,
and verified the effectiveness of the model in the prediction of energy consumption of
buildings. Zhao et al. [17] developed an LSTM network model, which is used for the
time-by-time energy consumption prediction of air conditioning systems. Khan et al.
[18] constructed a CNN-based building energy consumption prediction model, which can
accurately predict the value of building electricity consumption, but the prediction error
is large. Yin et al. [19] analyzed the advantages and disadvantages of the three prediction
models of BP neural network, support vector machine, and autoregression, and found that
the prediction model based on SVM is more effective. DSVM is derived from traditional
SVM, which maintains the advantages of SVM and the advantages of learning from neural
network at the same time. Savi and Olivadese [20] proposed a deep learning algorithm
based on SVM and applied it to the field of building energy prediction. Pallonetto et
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al. [21] used the DSN architecture to organize the linear classifiers of the SVM for deep
learning and used it for building energy prediction with good results.

1.2. Contribution. From the above analysis, it can be seen that the existing data-
driven prediction methods have poor prediction efficiency. To enhance the prediction
performance of building energy consumption, this article firstly adopts a multivariate
linear regression model to analyze the intrinsic and extrinsic factors of the building energy
use system, and constructs a load model based on the results of the analysis, and the
inputs in the load model are taken as the influencing factors of energy consumption.
Secondly, the historical building energy consumption data are preprocessed to eliminate
abnormal data, and then the influencing factor features are downgraded using Principal
Component Analysis (PCA) to remove data with low contribution rate. Finally, the
downscaled feature vector is divided into many small DSVM segments, and multiple
SVMs are used to learn different feature vector segments to obtain deep features, and the
feature vectors in each segment are assigned weights and reorganized to the segments, to
obtain the optimized SVM classifier, which outputs the prediction of historical building
energy consumption.

2. Theoretical analysis.

2.1. Deep support vector machine. SVM is a single-layer learning machine, which
maps the sample features in the original space to a new space by kernel function, and
then constructs a linear discriminant function for classification. Multi-layer SVM is the
basic theory of DSVM, and the new features established by mapping are used as inputs
to train a new SVM to solve the classification problem [22].

DSVM has a total of k layers, the kernel function used in each layer is Lj, and s
support vectors rl (0 < l ≤ s) are obtained by solving the SVM. The deep level features
of a sample are determined by the inner product relationship between itself and all the
feature vectors projected into the new space by the kernel function. Each element in the
deep level feature C = {c1, c2, ..., cs} (0 < i ≤ k, 0 < j ≤ m) is as follows.

clij = βlylLi(rl, C(j−1)i) (1)

where βl is the Lagrange multiplier, yl is the label value corresponding to rl, and C(j−1)i is
the deep feature generated in the previous level. The feature dimension of each obscured
level is the number of its support vectors.

Each node in the input level represents a corresponding element in the set X =
{X1, X2, ..., Xn} of original sample feature vectors. The output level is the final SVM
classifier trained with the k-th level of deep features, which is adopted to classify the
unknown target with the following equation.F (x) =

sf∑
l=1

βlylLf (rl, Dk(x)) + a

y = sign(F (x))

(2)

where sf and Lf are the number of classifier feature vectors and kernel function, and
Ck(x) is the deep-level features extracted by the k-level DSVM network after training the
target feature vector x to be classified.
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2.2. Principal component analysis. PCA [23] can achieve dimensionality reduction
by mapping the original high-dimensional eigen-set to a low-dimensional space through
transformations. Assuming that the original sample is implied in Equation (3) and can
be expressed as a linear combination of D variables as indicated in Equation (4).

X = [X(1), X(2), ..., X(n)]
T = [X1, X2, ..., Xn] (3)

where Xi is the feature vector and X(i) is the sample.
Y1 = a11X1 + a12X2 + ...+ a1DXD

Y2 = a21X1 + a22X2 + ...+ a2DXD

...
Yd = aD1X1 + aD2X2 + ...+ aDDXD

(4)

where Yi denotes the i-th principal component, the principal components are uncorrelated
and have the highest data variance in each direction.

Then the covariance matrix Σ is obtained and diagonalized. The sum of the contribution
rates of the first m principal components with larger variance can be expressed as η =∑m

i=1 λi/
∑D

i=1 λi. Then the feature vectors are extracted according to the contribution
rates to complete the dimensionality reduction.

3. Analysis of factors affecting building energy systems. Real-time energy fore-
casting for buildings focuses on load analysis of energy-using systems as controllable loads.
Building energy-using systems mainly include lighting systems, heating, ventilation and
air-conditioning systems. In this paper, their loads are analyzed using a multivariate lin-
ear regression model [24], including the loads of the energy-using systems at that moment
in time as affected by scattering, total radiation and outdoor temperature.

WZt = s1Yt + s2TYt + s3TDt + ε (5)

where WZt describes the load generated by the energy-using system in the colour building
at time t; s1, s2 and s3 represent the variables in the multivariate linear regression model;
TYt represents the total radiation generated by the energy-using system at time t; TDt

represents the corresponding scattering value of the energy-using system at time t; and ε
represents the error term in the linear regression equation.

The energy system consists of two typical manoeuvres, the off-compressor manoeuvre
and the on-compressor manoeuvre, which are indicated by the numbers 0 and 1, respec-
tively. Denote by wair the specific heat capacity of air and let Q(i)(t) represent the heat
exchange that exists between the outdoor air and the building’s energy system, which can
be obtained from Equation (6).

Q(i)(t) =

{
vair q

(i)
flow [Y

(i)
out(t)− Y

(i)
room(t)], control(i)(t) = 1

0, control(i)(t) = 0
(6)

where Y
(i)
out(t) describes the actual outdoor temperature at time t; Y

(i)
room(t) describes the

actual indoor temperature at time t; control(i)(t) represents the control variable of the

building’s energy system at time t; q
(i)
flow describes the total mass of air heated or cooled

by the energy system in the building per unit of time, which can be calculated by the
following equation.

q
(i)
flow = ρairFlow(i)S

(i)
t = ρairB

(i)
air (7)

where ρair describes the air density, Flow(i) describes the ventilation of building i, S
(i)
t

represents the area corresponding to the vents, and B(i) represents the volume of air
flowing through the building’s vents per unit time.



Building Energy Consumption SVM Prediction 1755

Let Q(i)(t) represent the amount of cooling/heating generated in the building by the
energy system per unit of time, as implied in Equation (8).

Q(i)(t) =

{
vair q

(i)
heat [Y

(i)
H (t)− Y

(i)
room(t)], control(i)(t) = 1

0, control(i)(t) = 0
(8)

where Y
(i)
H (t) represents the outlet temperature of the energy system in the building.

Based on the results of the above calculations, the electrical power P (i) of the energy-
using system in the building is obtained, and its expression is as bellow.

P (i)(t) =
Q(i)(t)

EER(i)
(9)

where EER(i) stands for energy efficiency ratio.
Based on the results of the calculation of the electric power P (i), the electricity consump-

tion C(i) of the energy-using system in the green building during T hours is calculated.

C(i) =

∫ H

0

P (i)(t)c(i)dt (10)

where c(i) represents the price of electricity.
The effect of the current moment load on the historical load is the internal factor.

WZt = n1WZt−1 + n2WZt−2 + · · ·+ nnWZt−n + nn+1 (11)

where n1, n2, and nn represent historical load factors; nn+1 describes the error term;
WZt−1 represents the load generated by the energy system at the time t − 1; WZt−2

represents the load generated by the energy system at the time t−2; andWZt−n represents
the load generated by the building energy system at the time t− n.

Thus, the load analysis model of the building energy system is constructed by combining
the external factor model and the internal factor model.

V Zt = x1Yt + x2TYt + x3TDt + x4WZt−1 + · · ·+ xnWZt−n + ε (12)

where ε describes the error term; x1, x2, ..., xn both represent the input variables, i.e., the
factors influencing the energy consumption system.

4. Deep support vector machine-based building energy consumption predic-
tion in a data-driven model.

4.1. Pre-processing of building energy consumption data. Intending to the issue
of poor prediction effect of existing building energy consumption prediction methods, this
article suggests a building energy consumption prediction method based on DSVM in
data-driven mode. Firstly, outlier processing is implemented on historical building energy
consumption data, and then PCA is used to downscale the features of the influencing
factors of energy consumption and remove feature redundancy, and finally, the feature
vectors of the DSVM segmentation are input into all the sub-SVMs for learning, and the
feature vectors in the pairwise segments are reorganized for segmentation, so as to obtain
the optimized SVM classifier, and the outputs are obtained as the prediction results of
the historical building energy consumption. The entire model of the designed method is
implied in Figure 1.

Before building energy consumption prediction, it is necessary to pre-process the histor-
ical energy consumption data to ensure its completeness and accuracy. Input parameters
such as outdoor meteorological parameters are highly uncertain and complex. Random
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Figure 1. The entire model of the designed method

interferences such as system and equipment failures, as well as human errors in the opera-
tion of the energy-use system can easily generate erroneous historical energy consumption
records, so abnormal data should be eliminated.

(1) Enter the historical energy consumption data set, denoted A = {a1, a2, · · · , an}.
(2) A data ai is randomly selected in A = {a1, a2, · · · , an}.
(3) Calculate the Euclidean distance between ai and the rest of the data in dataset A =
{a1, a2, · · · , an}, denoted as dij, using the following equation.

dij =

√ ∑
ai,aj∈A

(ai − aj)
2 (13)

(4) Sort dij from smallest to largest and select the top k nearest neighbours close to ai,
denoted as bl, l = 1, 2, . . . , K.
(5) Calculate the degree of isolation Bi =

∑k
l=1 dil of ai, where dil represents the sum of

the Euclidean distances between ai and the k nearest neighbour points.
(6) Calculate the sum of the internal distances of the k nearest neighbours of ai, denoted

as B̂i =
∑n

i=1 dij.
(7) Calculate the mean value of the distance from ai to the k nearest neighbours B̄ai =

Bai

/
(

√
k · B̂ai).

(8) Repeat the above process to iterate through each energy consumption data point to
obtain B̄ai for each energy consumption data, and determine whether Bi is greater than
the set distance threshold; if it is greater, the corresponding energy consumption data is
considered to be an anomaly; otherwise, it is a normal value, which is noted as y.

After the above steps, the processing of the historical energy consumption data of the
building is completed and the values of the output variables of the prediction model are
obtained.

4.2. PCA downscaling of factors influencing building energy consumption. In
addition to the output variables mentioned above, input variables are indispensable for the
establishment of the model, so the acquisition of input variables is crucial. To accurately
forecast the energy consumption of buildings, this article performs PCA to reduce the
dimensionality of the influencing factors of the building energy system analyzed in Section
3, the principle of which is implied in Figure 2.
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Figure 2. Schematic diagram of PCA downscaling model for energy consumption
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It is assumed that there are m samples and n characteristics in the factors affecting
building energy consumption, which can be expressed as bellow.{

x(1), x(2), ..., x(m)

x(1) = [x
(1)
1 , x

(1)
2 , · · · , x(1)

n ]T
(14)

During the whole process, it should be ensured that each feature has the same scale,
otherwise the whole downscaling effect will be affected. The dimensionality reduction
from 3D to 2D can be understood as finding two vectors x1 and x2, constructing a new
feature by these two vectors, and corresponding it to the original sampling points. The
projection of the sampling points of the three features onto the two-dimensional plane is
subject to errors, which must be measured accurately. The formula for calculating the
magnitude of the error is implied below.

e =
1

m

m∑
n=1

||x(m)
n − x(m)

a ||2 (15)

where x(n) denotes the mapped coordinate. If the coordinates are represented in the
current sampling space, then the dimensions of the downscaling matrix correspond to the
sampling values, and a downscaling matrix is constructed based on this.

x =


(
x(1)

)T
...(

x(m)
)T

 =


x(1) x(1) · · · x(1)

x(2) x(2) · · · x(2)

...
...

...
...

x(m) x(m) · · · x(m)

 (16)

After obtaining the downscaling results, the model is mapped onto a lower dimensional
space using a downscaling matrix. The downscaling formula is implied below.

x′ = (n× c)T · (n× 1) (17)

where c denotes the dimensionality of data reduction, the larger the value of c, the more
feature vectors in the low dimensional space, the smaller the error of dimensionality
reduction and the preservation of the original feature characteristics.
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4.3. DSVM-based building energy consumption prediction in a data-driven
model. Based on the preparation of the above two chapters, the DSVM model is used to
predict building energy consumption with historical energy consumption data y as output
and energy consumption influence factors of dimension reduction as input. Firstly, the
fractal idea [25] is used to input the segmentation feature vectors into all sub-SVMs for
learning to obtain deep features. Then, the idea of feature selection [26] is used to assign
weights to the feature vectors in each segment and reorganize the segments to obtain the
optimized SVM classifier. Finally, the prediction results of building energy consumption
are obtained through the output level.

Suppose there is a training data set (x′, y), i = 1, 2, ..., n, and the first level of DSVM
data set has m feature vectors X ′ = {X1, X2, ..., Xm}, where Xj and the label set associ-
ated with the initial feature vector set is Z = {z1, z2, ..., zm}. In the input layer of DSVM,
Xj is divided into m feature vector segments, the dimension of the segment is Nm, and
the corresponding segment feature vectors and labels are implied as bellow.

 Xi1
...

Xim

 , zi

 , · · · ,




Xi((m−1)+1)

Xi((m−1)+2)
...

XiNm

 , zi

 (18)

Subsequently, the feature vectors of the first layer are segmented and the first feature
segment Xij is input into SVM1 for training, and the deeper features of X ′

j and their
labels are obtained using Equation (19).

{[β1z1L(s1, X
′
j), β2z2L(s2, X

′
j), ..., βmzmL(sm, X

′
j)], zj} (19)

After obtaining the deep-level features of Xij, feature weights are assigned to each SVM1j.
According to the relevant principle of SVM [27], the hyperplane that maximizes the
distance from the nearest sample point to that hyperplane can maximize the accuracy
and generalization ability of classification, and also has better prediction ability for the
classification of unknown data. Therefore, in this paper, the idea of feature selection is
used to select the maximum distance between all support vectors and hyperplanes of SVM
as the key feature weights.

(1) Calculate the maximum distance between each support vector and the corresponding
hyperplane for the SVMin classifier in level i.

dmax =
∑

max

|vTxi + b|Ci

∥ v ∥ si
(20)

where v denotes the normal vector to the hyperplane l, b denotes its displacement, si
denotes the number of support vectors in SVMin, and Ci denotes the total distance from
all support vectors to the hyperplane. Ci =

rj∑
i=1

ci

ci =
yi(wjsi+bj)

∥wj∥

(21)

where ci denotes the hard interval from the support vector to the hyperplane in SVMin,
and wj and bj are the penalty factor and kernel function parameter of the hyperplane l
in SVMin respectively, then the feature weights µ1i of SVMin are implied as bellow.

µ1i =
1

ri

Ci

dmax

(22)

where ri denotes the minimum number of support vectors.
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(2) Each feature in level i is combined again and each feature vector segment is recom-
bined by the features derived in SVMin to obtain the feature vector of the new sample.

Y k
i = {µi11Y

′
i1, µi12Y

′
i2, . . . , µi1nY

′
iN} (23)

(3) Segment the input layer using the fractal thinking method, the number of segments
is n. In order to ensure that the feature vector segments in the previous layer will not be
reclassified, it is necessary to add constraints on n.

mr

n
/r =

m

n
= o, o ∈ Z (24)

The k-level DSVM network is trained according to steps (1) to (3), and the output
layer is learnt by training using the segmentation of the feature vectors of the previous
level to obtain p SVMs, and final classifiers are obtained by combinin F (x′

i) =
p∑

j=1

αjfj (αj ≥ 0,
p∑

j=1

αj = 1)

yi = sign(F (x′
i))

(25)

where yi is the output building energy consumption prediction result, all SVMij have
corresponding weight value αj, and the accuracy of building energy consumption predic-

tion is determined by Qj. The larger αj is, the higher the accuracy is, and αj =
Qj∑q
l=1 Ql

g

the weak classifiers of the output level.

5. Performance testing and analysis.

5.1. Analysis of predicted results. The dataset used in this paper is from RECS [28],
a database of building energy consumption statistics provided by the U.S. Department
of Energy for model validation and performance evaluation. The dataset consists of of-
fices, university classrooms, university laboratories, libraries, dormitories, and hospitals,
and includes two time-dependent variables (i.e., daily and hourly), five weather variables
(i.e., air temperature, dew-point temperature, sea level pressure, wind direction, and wind
speed), and one building energy data variable (i.e., historical building energy consump-
tion). There are 8792 raw data samples in each building dataset. The dataset is divided
into training, test and validation sets in the ratio of 6:3:1. The average of the predic-
tions from 10 runs of the model is taken as the evaluation result. This experiment was
conducted based on Pytorch framework with AMD 2700X CPU and NVIDIA RTX 2080
GPU.

The experimental data range from 1 December 2014 to 29 November 2015, a total of 364
days of energy consumption data, the daily energy distribution box plot shown in Figure 3,
the daily energy consumption peak distribution in the daytime (8:00–18:00), while the
nighttime non-working hours of energy consumption is lower, the energy consumption
change is more gentle, indicating that the building energy consumption and the time
variable there is a certain correlation.

Based on the experimental data mentioned above, the PB-SVM model in literature [12],
the PC-CNN model in literature [18], the PE-SVM model in literature [21] and the model
PCA-DSVM in this paper are compared, and the prediction results are implied in Figure 4.
The results of 100 test samples of daily energy consumption data are plotted in Figure 4,
in which it can be observed that the predicted value of ECP-DSVM is the closest to the
actual value, and the overall fluctuation trend is basically the same as the actual value.
PB-SVM has a larger error in the peak part of the large changes in energy consumption.
This is because PB-SVM predicts building energy consumption based on the traditional
SVM algorithm, the training time is long, and the prediction effect decreases with the
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Figure 3. Daily energy distribution box diagram

increase of the sample data volume. PC-CNN has a poorer degree of fitting, due to the fact
that the CNN needs to undergo several convolutions before the prediction result can be
calculated. PE-SVM uses the linear classifier with DSN architecture for the organisation
of SVM to forecast the building energy consumption, and the fitting effect is general.
While the ECP-DSVM model has a better fitting degree, relatively good accuracy and
robustness, especially in the peak part of the energy consumption that has a large change
in energy consumption, which can reflect the law of change of energy consumption more
accurately.
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Figure 4. Comparison of building energy consumption prediction results

5.2. Predicted performance comparison. To verify the validity of the suggested
model PCA-DSVM, the prediction effect of the comparison models is comprehensively
evaluated from five aspects: MAE, RMSE, SMAPE, fitting coefficient R2, and maximum
relative error Emax. Table 1 gives the comparison of the prediction indexes of different
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models. As can be seen from Table 1, the designed model ECP-DSVM exceeds other pop-
ular prediction methods in all five metrics, where the MAE, RMSE, and SMAPE of ECP-
DSVM are 13.48 kWh, 32.59 kWh, and 8.96%, respectively, which are 82.86%, 74.18%,
and 79.83% lower than that of PB-SVM, PC-CNN by 74.55%, 62.59%, and 72.53%, re-
spectively, and by 28.25%, 14.01%, and 30.63% than PE-SVM. Furthermore, the R2 of
ECP-DSVM is 0.91, which is 28.17%, 15.19% and 5.81% higher compared with PB-SVM,
PC-CNN and PE-SVM respectively, which indicates that the predicted and actual val-
ues of ECP-DSVM have a better fitting effect. Comparing the maximum relative error
Emax of the four prediction models, it can be seen that the performance of ECP-DSVM is
more excellent, which indicates that the selection of air-conditioning energy consumption
influencing factors and PCA downscaling have a greater impact on its performance. In
summary, ECP-DSVM has more reliable and stable prediction effect, and can provide
accurate and effective prediction results for building energy consumption.

Table 1. Comparison of predictive indicators of different models

Model MAE RMSE SMAPE R2 Emax

PB-SVM 78.63 126.23 44.43 0.71 47.68
PC-CNN 52.97 87.11 32.62 0.79 33.27
PE-SVM 27.15 54.18 17.24 0.86 20.53
ECP-DSVM 19.48 46.59 11.96 0.91 12.92

Figure 5 shows the time cost of the four-building energy consumption prediction models,
PB-SVM takes the longest time to predict building energy consumption, with an average
time cost of 150.84 seconds, which is about 19 times that of PCA-DSVM. PC-SVM takes
the longest time to predict the energy consumption of a building with an average cost of
150.84 seconds, which is about 19 times that of PCA-DSVM, followed by PC-CNN with an
average cost of 92.29 seconds, and PE-SVM with an average cost of 36.51 seconds, which
is much shorter than the previous two models, especially Fine-tune. The PCA-DSVM
model has the shortest prediction time of 7.95 seconds among the four models.
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Figure 5. The time cost of the four models
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6. Conclusion. As the key target of energy saving and emission reduction strategy, ac-
curate prediction of their energy consumption has a certain guiding significance for the
sustainable development of energy. To improve the efficiency of building energy con-
sumption prediction, this article designs a DSVM-based building energy consumption
prediction method in data-driven mode. Firstly, a multivariate linear regression model
is used to analyze the intrinsic and extrinsic factors of the building energy system, so as
to obtain the influencing factors of energy consumption. Secondly, the historical building
energy consumption data are preprocessed to eliminate abnormal data, and then the PCA
method is used to perform feature dimensionality reduction of the influencing factors to
remove redundant features, and then the dimensionality reduced feature vectors are di-
vided into multiple small segments, and the segmented feature vectors are inputted into all
the sub-SVMs, to obtain the deep features, and then the feature vectors in the segments
are reorganized to be segmented, and the optimized SVM classifiers are obtained. Finally,
obtaining the prediction results of building energy consumption through the output level.
The experimental outcome implies that the suggested method can accurately predict the
building energy consumption with good prediction performance.
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