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Abstract 

The effective prediction of building energy consumption can be used to optimize building operating 

modes and reduce the overall energy consumption and carbon emission of the building. To predict 

the energy consumption of the same type of building in the same area, it is often necessary to train 

separate prediction models for different buildings, which is usually costly computationally in order 

to get better prediction results. Therefore, this study will combine deep neural networks and multi-

source domain generalization in an encoder-decoder architecture to train a model that can be directly 

applied to predict the energy consumption of multiple buildings in same type. In order to validate 

the predictive effectiveness of the model, it will be tested on real office building energy consumption 

dataset and different comparative experiments will be designed on the source and target domains. 

The results show that the constructed multi-source domain generalization model is able to accurately 

predict the energy consumption trend of different buildings one hour in advance. It also has some 

energy consumption prediction ability for the unknow training set of buildings. 

Keywords:  

Energy consumption prediction; Deep neural network; Multi-source domain generalization; 

Encoder and decoder architecture; Office buildings 

1.Introduction 

Building consumes a large amount of energy, about 40 percent of total global energy and more 

than 30 percent of greenhouse gas emissions[1-4]. Therefore, it is crucial to provide adequate energy 

demand for equipment in buildings as well as to optimize the mode of operation in order to achieve 

energy savings. And energy consumption prediction has received a lot of attention from researchers 

as a basis for energy management tasks. Its results can be used to optimize building operations and 

reduce the overall carbon emissions of the building.[5, 6]. 

Data driven approaches are becoming increasingly popular in energy consumption prediction 

studies within the building sector. Data driven approaches are favored because they do not require 

large amounts of physical information about the building, and are skilled at describing complex 

relationships between data variables. As a result, these approaches have been widely utilized in 

predicting trends in building energy consumption[7, 8]. At this stage, the primary data driven 

algorithms include statistical regression and machine learning algorithms. Machine learning 

algorithms are widely used for their advantages of dealing with nonlinear data, such as Support 
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Vector Machines(SVM)[9], Random Forests[10], and Artificial Neural Networks (ANN)[11]. 

Traditional ANN models have independent input and output, lacking methods to process time series 

data. To address this, Recurrent Neural Networks (RNN) incorporating temporal correlation have 

been developed to solve such issues[12]. Through the continuous improvement of RNN and the 

development of deep neural networks, more effective prediction models have been invented and 

applied to the task of predicting building energy consumption, such as Long Short-Term 

Memory(LSTM)[13], Gate Recurrent Unit(GRU)[14] and the neural network combining 

Convolutional Neural Networks(CNN) and LSTM (CNNLSTM)[15]. However, during the model 

training process, equal attention is typically given to different input data, potentially leading to bias 

in the prediction results[16]. The emergence of Transformer[17] has introduced the multihead 

attention mechanism, which has been widely used in some energy consumption prediction tasks and 

has yielded favorable prediction results[18-20]. 

In many energy consumption prediction tasks, favorable results can be achieved by employing 

appropriate machine learning methods. However, the traditional approach for predicting energy 

consumption in buildings of the same type within a specific area involves training a separate 

prediction model for each building. In order to get better predictions, it is often necessary to consume 

large amounts of computational resources. Furthermore, models trained for one task may not be 

applicable to other similar tasks, even when sufficient data is available[21-23]. To address this 

challenge, Transfer Learning (TL) has become a promising solution. As a machine learning method, 

TL divides the datasets into source domain and target domain. Some of the algorithms, such as TL 

for fine-tuning strategies[24, 25], Domain Adaptation Network[26, 27] and Domain Adversarial 

Neural Network[28, 29] have a wide range of applications in computer vision, image categorization, 

linguistic analysis, and sentiment analysis[30, 31]. Domain Adaptation Network is a commonly used 

method in TL to effectively overcoming the problem of data distribution discrepancy, and has been 

widely used in the field of energy consumption prediction in recent years[8, 32-34].Ribeiro[35] and 

others, using a time series adaptive transfer learning approach to remove temporal effects and 

perform a prediction task on the target domain improved energy consumption prediction results in 

schools by 12 percent. Fang[36] and others, improved the prediction results of the target domain by 

identifying domain invariant features between multiple source and target domains. This is mainly 

achieved through a multi-source transfer learning framework that integrates neural networks and 

similarity metrics. But they also found that the prediction performance of the model degraded when 

there are too many source domains. Lu[37] and others, used Dynamic Time Warping (DTW) for 

source domain selection and combined it with the target domain to train a multi-source domain 

energy prediction model on a test set. The prediction results were compared with those of single 

source domain and found that the mean absolute percentage error (MAPE) was optimized by 6.88%-

15.37%. At this stage, domain adaptive modeling in the field of energy consumption prediction 

through multi-source or single target domains has been studied to some extent. However, a 

generalization model that can correspond to multiple target domains in the same area with the same 

type of building complex may be more applicable. This would allow for the development of 

prediction models with good results for both target and source domain buildings on energy 

consumption prediction tasks using a small amount of training resources. 

Domain Generalization (DG) may offer a solution to these challenges. DG is a commonly used 

method in TL, requiring a given number of source domains to construct a model for the target task 

that can make accurate predictions about unknown data distributions. Domain generalization can be 
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viewed as an extension the problem of Domain Adaptive[38]. Methods based on DG have made 

significant progress in other areas such as natural language processing and computer vision[30, 39, 

40]. These methods can be broadly categorized into three groups, namely Data Augmentation, 

Learning Invariant Representation for Domain and Learning Strategies. Among these, Learning 

Invariant Representation for Domain is a common framework for enhancing the generalization 

capabilities of models[41, 42]. In time series forecasting tasks, the phenomenon of Temporal 

Covariate Shift (TCS) often occurs, and the forecasting model can be improved by decomposing 

the unknown data into the least similar sequences and training a generalization model to extract the 

time invariant features[43]. Learning more timeseries invariant properties might help to enhance the 

prediction of source and target domains in the training of energy consumption prediction for multi-

source generalization models. 

The objective of this study is to train an energy consumption prediction generalization model on 

a deep neural network using data from multiple source domains under the boundary conditions of 

the same building type in the same area. The model can show good predictive performance on both 

the target and source domains without accessing the target domain data during training. This reduces 

the cost of modeling each building independently. For some buildings of the same type with 

unknown training set or less data, it is hoped that the model can also be used directly for the task of 

energy consumption prediction for such buildings with some prediction ability. To achieve this goal, 

the study sets a one hour ahead building energy consumption prediction task and used real datasets 

to conduct experiments. The DTW algorithm is used for source domain data selection. To enhance 

the feature extraction capability of the model, a deep neural network is constructed using a 

combination of CNN, LSTM, and Attention within an encoder-decoder architecture. A multi-source 

generalizaion model is trained on the source domain using Temporal Distribution Characterization 

(TDC) to quantify time series similarity. Finally, performance of the model in this task is compared 

with other models on the test sets of both the source and target domains. Tree-structured Parzen 

Estimator(TPE) Bayesian optimization is employed to optimize hyperparameters for the deep neural 

network model and the comparative models to ensure fairness in the comparative experiments. The 

study is divided into five parts. The second part mainly describes the construction of the deep neural 

network architecture, the selection of the source domain, and the construction of the multi-source 

domain generalization model. The third part explains the data sources, experimental design, and 

data preprocessing processes. The fourth part discusses the predictive results, and the study 

concludes with the main findings is the last part. 

2 Research Methodology 

2.1 Deep Neural Network Architecture for Energy Consumption Prediction 

2.1.1 Convolutional Neural Networks 

CNN is a commonly used algorithm for data feature extraction and has been widely applied to 

various time series prediction tasks[44, 45]. It is adept at processing data with a distinct grid 

topology and can handle input data in different formats, including 1D, 2D, and nD [46]. A typical 

convolutional neural network architecture comprises several key components, such as a 

convolutional layer, a pooling layer, a fully connected layer, an output layer, and various activation 

functions. The continuous processing of input signals in CNN results in a closer representation of 

Jo
urn

al 
Pre-

pro
of



the initial signals to the output signals, thereby enhancing the capability of model to handle the task. 

In this study, 1D CNN will serve as the initial feature extraction module for the input data, with 

ReLU being utilized as the activation function in the CNN. 

2.1.2 Long Short-Term Memory Neural Networks 

LSTM neural network is shown in Fig.1. The LSTM has implemented more refined internal 

processing units and has been applied to a large number of learning tasks related to time series. 

 
Fig.1. LSTM structure diagram 

The LSTM consists of three main parts, the forgot gate, the input gate and the output gate. Each 

input contains two hidden states, the initial cell state (c) and the initial hidden state (h) to represent 

the output of the previous cell, which are initialized with a 0 tensor and xt represents the input of 

the current cell. First, when computing the next hidden state ct, a decision needs to be made about 

the information ft to be discarded through the forgot gate. When the information from the previous 

step is introduced, the information gt introduced in the current step and the information it needs to 

control the flow into the neural network is computed from the current input tensor xt and the implied 

state ht-1 of the previous step combined with the activation function. Finally, the new implied state 

ht is computed through the output gate to obtain the output ot of the cell. The relevant formula is as 

follows: 

 ( )1t xf t f hf t hff W x b W h b −= + + +  (1) 

 ( )1t xi t ii hi t hii W x b W h b −= + + +  (2) 

 ( )1tanht xg t ig hg t hgg W x b W h b−= + + +  (3) 

 ( )1t xo t io o t hoo W x b W h b −= + + +  (4) 

Where σ is the Sigmoid activation function, tanh is the Tanh activation function, Wx is the linear 

transformation parameter of x, and Wh is the linear transformation parameter of h. The new state 

information ct and the final result yt can be calculated by combining the implied state information 

from the previous step: 

 1t t t t tc f c i g−=  +   (5) 

 t t t ty h o tanhc= =   (6) 

In general, the LSTM controls the output state by selection as a way to remember the context and 

is more suitable for time series prediction tasks. 

2.1.3 Attention Mechanism 
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Attention mechanism has been used in the development of deep neural networks for a variety of 

tasks at this stage[47, 48]. In particular, the multi-head attention mechanism mentioned in 

Transformer, scale factor and multihead mechanism can capture correlations between multiple 

sequences[17].The ordinary self-attention mechanism requires three values, the query tensor (Q), 

the key-value tensor (K), and the value tensor (V). 

 Q
iQuery QW=  (7) 

 K
iKey KW=  (8) 

 V
iValue VW=  (9) 

Where i is the ordinal number of the attention weight and W is the weight matrix, calculated as: 

 ( )( )( ) /T
iAttention Q K V softmax Query Key d Value=， ，  (10) 

Where di is the feature value of the ith attentional weight to enhance the stability of the algorithm. 

The formula for the multihead attention mechanism is as follows. 

 ( )1 2, , hMultihead Concat head head head W=  (11) 

The multihead attention mechanism uses multiple weights to weight the results of the calculation 

and then stitches all the results together. 

2.1.4 Deep Neural Network Algorithm Architecture 

In this section, a deep neural network architecture (CNN-AttLSTM) will be constructed to more 

accurately predict future energy consumption trends from historical energy consumption data for 

the target building. The flexibility of the encoder-decoder architecture makes them a common choice 

as the primary architecture for deep neural networks in time series prediction tasks[49-51]. The 

encoder and decoder in this study mainly include CNN, LSTM, multihead Attention, and fully 

connected layers (Linear). 

The architecture of the deep neural network is shown in Fig.2. During the operation process, the 

first input xi (i=1, 2, 3 ......n) passes through each layer of the network to compute the encoder output 

yj (j=1, 2, 3 ......t). This output is then input into the decoder operation to compute the prediction 

value y'i. The error between the predicted value y'i and the actual data yi is calculated and used to 

update the network parameters. 
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Fig.2. Deep Neural Network Algorithm Architecture 

For error calculation, the Mean Square Error (MSE) loss function will be employed, with the 

formula as follows, where n represents the number of samples. 

 
( )

2
'

1

i n

i ii
y y

MSE
n

=

=

 
− 

 
=


 (12) 

The network architecture also contains a number of optimizations for computing. That includes 

using the LSTM output of the encoder to initialize operations on the LSTM of the decoder, 

employing the output of the encoder as the K and V values for computation in the multihead 

attention module of the decoder following the example of the Transformer, and ensuring stable 

model training through the addition of the residual network. 

2.2 Multisource Domain Generalization Algorithm Architecture 

2.2.1 DTW Algorithm 

In the process of TL, the more similarities between the target and source domains, the easier to 

transfer knowledge from the source domain to the target domain, thus minimizing the risk of 

negative transfer. Various methods have been utilized in recent years to compute the similarity of 

two sets of data, such as the Pearson correlation coefficient, Spearman correlation coefficient, 

Maximum Mean Discrepancy (MMD), and DTW. Among these, DTW has shown significant 

efficacy in certain prediction tasks for deep neural networks[52-54]. DTW employs dynamic 

programming to calculate the distance between two time series and is widely applied in the field of 

time series similarity matching[55]. 

During the DTW calculation process, an m×n matrix is constructed for two time series xi (i=1, 

2......m) and xj (j=1, 2......n), with the distance d (xi, xj) corresponding to each point being computed 

and filled in, typically using the Euclidean distance. The Dynamic Programming (DP) algorithm is 

then utilized to find a path H in this matrix grid, starting at (i, j) = (1, 1) and ending at (i, j) = (m, n). 

When passing through the point (i, j) in the grid, the previous point can only be (i-1,j), (i-1, j-1) and 

(i, j-1). The DP algorithm is employed to compute the optimal H while satisfying the aforementioned 

Jo
urn

al 
Pre-

pro
of



conditions, thereby minimizing the cumulative distance h on H. A smaller h indicates a higher 

similarity between the two time series. 

In this study, the distances hz,r (r=1, 2, ……k, z∈k＆z≠r), mean h’z and variance h’’z from each 

building to the remaining k-1 buildings are calculated on the training set to screen the source domain 

buildings. Initially, the three buildings with the smallest h’z are filtered out, and then the buildings 

with a greater degree of fluctuation in their h value are further eliminated using h’’z. Finally, the 

remaining two buildings are selected as source domain buildings to ensure a higher level of 

similarity to the other buildings in terms of overall energy consumption data. This also serves to 

reduce the number of buildings in the target domain whose calculated distances from the source 

domain buildings deviate significantly from the overall mean. 

2.2.2 Temporal Distribution Characterization 

As show in Fig.3, the data distribution P(x) of a time series may be various at different time stages, 

and the distribution for unknown test data may also be different from the training data. This will 

greatly affect the predictive stability of the prediction model. 

 

Fig.3. Example of data distribution for test and training sets of energy consumption data 

Adaptive RNNs (AdaRNN) was invented in order to get time series prediction models with better 

results in prediction[43].The problem of time series distribution change is defined as Temporal 

Covariate Shift (TCS), and AdaRNN can find the data segments with the largest distribution 

difference in the training datasets through the Temporal Distribution Characterization (TDC) 

module, which realizes better generalization and prediction ability than the traditional RNN by 

reducing the distribution difference of these data segments. The main purpose of the TDC module 

is to quantize and classify the continuous data in a time series into sequences with the least similar 

K segment distribution by using the following formula. 

 ( )
0 1 k

i j
0 K K n , ,n

1 i j K

1
max max d D ,D

K  
  

  (13) 

 s. t. ∀i, ∆1< |Di| < ∆2;  ∑ |Di| = ni  (14) 

Where 1, 2 and K0 are predetermined values to avoid meaningless solutions. d is a distance 

metric that can be an arbitrary distance function. In this study, Deep Correlation Alignment (CORAL) 

will be used as d for computation. CORAL is defined as the distance of the second-order statistic 

(covariance) of the samples from the two distributions, and its distance expression is computed by 

the following formula. 

 dcoral(ℎ𝑠, ℎ𝑡) =
1

4𝑞2
‖𝐶𝑠 − 𝐶𝑡‖𝐹

2  (15) 
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Where q is the dimensionality of the features , Cs and Ct are the covariance matrices of the two 

distributions respectively. The time series is uniformly partitioned by the TDC algorithm into N 

parts, where each part is the smallest unit not divisible anymore. Then, an appropriate value of K 

will be determined in the range of [2,N]. For example when K=2, the goal is then to find a C point 

to maximize the distance d. 

In this study, the energy consumption data of the previous one and two hour are used to predict 

the fluctuation trend of energy consumption in the coming hour. So the training set will be 

segmented by using the TDC algorithm based on the inputs of the model. In order to optimize the 

computational process and to extract information useful for all building prediction tasks, the 

following operations will be performed in this paper. Each source domain training set was first 

divided into six parts on average based on the input parameters. Secondly using TDC algorithm the 

source domains with smaller DTW average are divided into three parts and others are divided into 

two parts. Finally the divided data is used for the training of multi-source generalization model. 

2.2.3 Multi-source Generalization Model Architecture 

The architecture of the multi-source generalization model (TDC-CNN-AttLSTM) training is 

shown in Fig.4. Firstly, the v source domain buildings Sv for training the generalization model are 

filtered by DTW calculation. The different source domain data are divided using the TDC algorithm 

and then the segmented data are entered sequentially into the encoder architecture for training. The 

output of the encoder is passed through a linear layer, then the intra-domain and inter-domain 

distance losses are computed without repetition, and the computed results are summed up to give 

the total distance loss. The output of the encoder is also sent to the decoder for training, and the 

error loss between the predicted and true values is calculated. The total network is trained using the 

energy prediction multi-source domain generalization model, with the objective of minimizing both 

the distance loss and error loss. 

 

Fig.4. Multi-source generalization model architecture 

In this study, MSE will be used to calculate the error loss (MSEpred) between the predicted values 

and the real data, and MMD will be used to calculate the distance loss, the formula for MMD is as 

follows. 
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 𝑑𝑚𝑚𝑑(𝑥𝑎, 𝑥𝑏) =
1

𝑛𝑎
2 ∑ ∑ 𝑘(𝑥𝑎𝑖 , 𝑥𝑎𝑗)

𝑛𝑎

𝑗=1
𝑛𝑎

𝑖=1 +
1

𝑛𝑏
2 ∑ ∑ 𝑘(𝑥𝑏𝑖 , 𝑥𝑏𝑗)

𝑛𝑏

𝑗=1
𝑛𝑏

𝑖=1 −
2

𝑛𝑎𝑛𝑏
∑ ∑ 𝑘(𝑥𝑎𝑖 , 𝑥𝑏𝑗)

𝑛𝑏

𝑗=1
𝑛𝑎

𝑖=1  (16) 

Where xa and xb are two different sets of data and k is the kernel function, in this study we will 

use Radial Basis Function (RBF) as k. The loss function of the whole multi-source generalization 

model is as follows. 

 𝑙𝑡𝑜𝑡𝑎𝑙 =
1

𝑀
(∑ 𝑀𝑆𝐸𝑝𝑟𝑒𝑑,𝑖

𝑀
𝑖=1 ) + 𝜆

1

𝑁
(∑ 𝑑𝑚𝑚𝑑,𝑗

𝑁
𝑗=1 ) (17) 

Where ltotal is the total loss, M denotes the total number of segments in the whole source domain 

after the division by TDC, and N is the number of do not repeat combinations within and between 

domains. 𝜆 =
2

1+𝑒
−10

𝑝
𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛

− 1，0≤p≤iteration[37]. To contain instability in the early stages of training, 

 was gradually changed from 0 to 1. The optimizer Adam is utilized during the model training 

process, setting the maximum number of iterations, loss value thresholds, and a method to adjust 

the learning rate by monitoring the variation of losses to prevent model overfitting. 

3. Case Study 

3.1 Data Source 

Real datasets will be used for testing to validate the ability of the multi-source domain 

generalization model used in this study to perform the energy consumption prediction task in both 

the source and target domains. The datasets are derived from energy consumption data of office 

buildings from a school in Dalian, Liaoning Province, China, and the building information is 

presented in Table 1. Since the energy consumption of air-conditioning systems accounts for a large 

proportion of total building energy consumption, the form of air-conditioning was also used as a 

screening condition for buildings of the same type. The air-conditioning system in each building in 

the selected dataset is a split air-conditioner, and the data collection interval is 1 hour. Although 

some of the buildings were collected in different years, they were in the same months, January 

through July, which does not affect the prediction of energy consumption trends. Among these 

buildings, Buildings 1-4, 6 and 9 are multidisciplinary research office buildings containing 

laboratories. Compared to the other three office buildings, the main energy consumption includes 

laboratory equipment in addition to lighting outlets, air-conditioning systems, office equipment, and 

power equipment energy consumption. These buildings are used for office from 9 a.m. to 5 p.m., 

but energy consumption is generated outside of office hours due to student research and laboratory 

use, which increases the volatility of daily energy consumption data and makes it more difficult to 

predict energy consumption trends. This study also considers whether the generalization model can 

be used directly for energy consumption prediction for a similar building when there is little or no 

training data for that building ( such as a newly constructed building). For this purpose, energy 

consumption prediction experiments were designed for two separate buildings, that is, Buildings 8 

and 9. These buildings are not involved in the source domain data screening process and is directly 

classified to the target domain. The effectiveness of multi-source generalization models in the task 

of energy consumption prediction for such buildings is explored on this two building test set. 

Table 1 

Office Building Information 
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Name Storey 
Building 

area（m2） 
Purpose 

Air conditioning 

form 
Acquisition time 

Building1 10 25000 
Office and 

research 

Split air 

conditioner 

2022.1-2022.7 

Building 2 7 11000 
Office and 

research 
2021.1-2021.7 

Building 3 5 9533 
Office and 

research 
2021.1-2021.7 

Building 4 6 35998 
Office and 

research 
2021.1-2021.7 

Building 5 5 5188 Office 2022.1-2022.7 

Building 6 1 547 
Office and 

research 
2021.1-2021.7 

Building 7 7 8514 Office 2023.1-2023.7 

Building 8 7 17540 
Office and 

teach 
2021.1-2021.7 

Building 9 5 10196 
Office and 

research 
2023.1-2023.7 

 

In the real dataset, several consecutive segments of missing values are generated for reasons such 

as power outages, maintenance and sensor failure, which are difficult to be filled in simply, so these 

missing values are processed for delete. There are also differences in the temporal distribution due 

to the different years of data sources and time periods of missing data for different building energy 

consumption datasets. However, even for buildings of the same type in the same area, the change in 

energy consumption is mainly affected by their own characteristics and the way they are used, so 

this phenomenon has limited impact on the validation of the generalization model. These factors 

may also increase the complexity of model training and prediction. Fig.5 described the percentage 

of energy consumption values in different intervals for each building after the missing value 

treatment. It can be observed that the distribution of energy use and fluctuation intervals of each 

building in the same type also have some differences. 

In this study, the first 4200 sets of data from all buildings were used as a dataset, of which 80% 

was used to train the model and 20% was used to test the prediction of the model. When dividing 

data sets, we should also try to ensure that the starting time points of the test sets in different 

buildings are close to each other. Without considering the year, the maximum interval between the 

starting points of different building energy consumption data test sets is about 2 day, accounting for 

a small proportion of the test set. So the difference in the starting point of the test set does not have 

a large impact on the validation of the generalization model in this research. And the energy 

consumption data of the previous one and two hours are used as inputs to the model to predict the 

energy consumption of the next hour. Finally the results are compared on a test set of all buildings. 
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Fig.5. Energy consumption ratio curve 

3.2 Experimental Design 

Fig.6 illustrates the objective of this study, which aims to predict energy consumption for office 

buildings one hour in advance by filtering the source domain data in the dataset and training a 

generalization model applicable for energy consumption prediction in both the source and target 

domains. To demonstrate the predictive power of the generalization model, various comparison tests 

will be established in this study. 

 

Fig.6. Goals of a multi-source domain generalization model 

Initially, the prediction results were first compared on the source domain test set with prediction 

models trained using a single architecture including CNNLSTM, Bi-directional Long Short-Term 

Memory (BiLSTM), two LSTMs (2LSTM), LSTM, and CNN-AttLSTM over the source domain to 

see if the TDC-CNN-AttLSTM outperforms the other comparison models or achieves an acceptable 

range of results. 

In addition, a comparison experiment with the prediction of a CNN-AttLSTM model trained 

using a single source domain on a test set in the target domain was designed. This aims to assess 

whether the predictive model on the single source domain can be directly applied to the target 

domain, demonstrating the generalization predictive ability of the multi-source generalization 

model. Finally, experiments were also conducted on two separate building that did not participate 

in the source data screening to explore the effectiveness of the multi-source generalization model in 

predicting energy consumption on the same type of building with an unknown training set. The 

overall technical route is shown in Fig.7. 
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Fig.7. Technological line 

3.3 Data Preprocessing 

In addition to the missing value processing as described in 3.1 and dataset division, the data need 

to be normalized or standardized to improve the speed and accuracy of the model training. This 

study will carry out the MinMax normalization operation on the input parameters, which is 

calculated by the following formula. 

 
( )

( )
min

std

max min

x x
x

x x

−
=

−
 (18) 

 ( )2std std max min minx x x x x= − +  (19) 

Where xstd means the data after normalization, xmax and xmin means the maximum and minimum 

values in the paramenter respectively, and finally the inverse normalization calculation is performed 

to get the final calculation result xstd2. 

After normalization calculations, the source domain buildings need to be filtered by DTW 

calculations on the training set of all buildings. As shown in the Fig.8, it is the result after performing 

the DTW calculation and normalizing. 
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Fig.8. DTW calculation results 

The top three buildings with the smallest overall distance from others were selected by calculating 

the mean value of each column. And two source domain buildings were further screened based on 

variance to prevent the generalization model from learning information that could negatively affect 

the prediction of energy consumption trends in other buildings during the training process. The 

calculation results are presented in Table 2. Ultimately, building 2 and building 6 were chosen as 

the source domain buildings. Building 2, which had the minimum mean value calculation, was 

partitioned into 3 parts, while building 6 was partitioned into 2 parts using TDC. 

Table 2 

Calculation of mean and variance of DTW for each building against other buildings 

 
Building

1 

Building

2 

Building

3 

Building

4 

Building

5 

Building

6 

Building

7 

Average 0.57 0.20 0.49 0.46 0.31 0.32 0.50 

Variance 0.12 0.01 0.08 0.14 0.12 0.09 0.04 

3.4 Hyperparameter Optimization 

Hyperparameter optimization is very important for black-box models, and determination of each 

hyperparameter is another very complex task for model training[56]. Bayesian optimization will use 

the performance effects of previously searched parameters to infer the next parameter search as a 

way to improve search efficiency[57].Tree-structured Parzen Estimator (TPE) Bayesian 

optimization uses a Gaussian mixture model to optimize the hyperparameters. In Bayesian theory, 

p(x│y) is the probability of the hyperparameter x when the loss is y[58]. That parameter is defined 

in a different way by TPE. 

 ( )
( )

( )

*

*

      
|

        

l x y y
p x y

g x y y

 
= 



 (20) 

Where l(x) is the probability density observed under x when the loss of f(x) is less than y* and 

g(x) is the probability density formed by the remaining observations. 

In the original TPE Bayesian optimization text, the original EI formulation is simplified and the 

optimized results are shown below. 

 ( )
( ) ( ) ( )

( ) ( ) ( )

( )

( )
( )

*

*

1*

1
1
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y l x l x yp y dy g x
EI x

l x g x l x


 

 

−
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
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As can be seen in the final equation, the TPE will use g(x)/l(x) to evaluate all candidate 

hyperparameter combinations. When the number of iterations is completed or the predefined abort 

condition is reached, the candidate hyperparameter combination x* with the largest EI value will be 

returned to finalize the hyperparameter optimization. 

In this study, the evaluation was done by maximizing the correlation coefficient (R2) of the test 

set and the upper limit of the search number is set to 20. The Table 3 shows the range of hyper-

parameter optimization for each model in this study and the Table 4 shows the final optimization 

results for each building.Where the number 1-7 corresponds to Building1-7 respectively, the multi-

source generalization model is used to predict energy consumption for all buildings so there is only 

one set of hyperparameters. Since the results of hyperparameter optimization can vary greatly with 

different datasets or different computing devices, they need to be considered on a practical basis 

when using hyperparameter optimization. 

Table 3 

Hyperparameter optimization range 

Model Parameters Optimization Scope Partition 

TDC-ATT-

CNNLSTM 

Encoder LSTM size [200,400] 20 

Decoder LSTM size [200,400] 20 

Learning rate [0.0001,0.002] 0.0001 

ATT-CNNLSTM 

Encoder LSTM size [200,400] 20 

Decoder LSTM size [200,400] 20 

Learning rate [0.0001,0.002] 0.0001 

CNNLSTM 
LSTM size [200,400] 20 

Learning rate [0.0001,0.002] 0.0001 

BiLSTM 
LSTM size [300,400] 20 

Learning rate [0.0001,0.002] 0.0001 

2LSTM 

First LSTM size [300,400] 20 

Second LSTM size [300,400] 20 

Learning rate [0.0001,0.002] 0.0001 

LSTM 
LSTM size [300,400] 20 

Learning rate [0.0001,0.002] 0.0001 

 

Table 4 

Hyperparameter optimization results 

Model Parameters 1 2 3 4 5 6 7 

TDC-

ATT-

CNNLST

M 

Encoder LSTM size 360 

Decoder LSTM size 360 

Learning rate（*10-2） 0.19 

ATT-

CNNLST

M 

Encoder LSTM size 400 200 280 200 280 220 260 

Decoder LSTM size 260 400 260 360 380 280 240 

Learning rate（*10-2） 0.14 0.18 0.12 0.18 0.16 0.14 0.14 

CNNLST

M 

LSTM size 360 380 320 400 400 360 400 

Learning rate（*10-2） 0.17 0.04 0.07 0.10 0.09 0.06 0.10 

BiLSTM LSTM size 320 360 300 300 300 360 400 
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Learning rate（*10-2） 0.19 0.16 0.13 0.07 0.18 0.06 0.20 

2LSTM 

First LSTM size 360 300 300 300 400 340 380 

Second LSTM size 360 300 320 320 360 340 380 

Learning rate（*10-2） 0.05 0.18 0.05 0.11 0.07 0.13 0.04 

LSTM 
LSTM size 320 360 300 360 320 380 340 

Learning rate（*10-2） 0.15 0.20 0.18 0.15 0.09 0.10 0.10 

3.5 Evaluation Indicators 

In this study, mean absolute error(MAE), Root mean square error coefficient of variation(CV-

RMSE) and R2 will be used to evaluate the predictive performance of the model[59-61]. The 

calculation formula is as follows. 

 
( )( )1
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Where f (x) represents the data predicted by the model, y represents the real data, and n is the 

number of data. The closer MAE and CV-RMSE are to 0, and the closer R2 is to 1 indicates that the 

closer the trend of the overall prediction results and the real values are, the better the prediction 

effect of the model will be. 

4. Results and Discussion 

4.1 Discussion of Source Domain Prediction Results 

Fig.9 and Fig.10 display the prediction results on the source domain test set. Observing the 

prediction results at different time periods reveals that all the prediction models on the two buildings 

in the source domain roughly capture the energy consumption trends. However, near some energy 

use peaks and troughs all the prediction models deviate from the true values to different degrees. 

Upon assessing the different error ranges from the Fig.11. It is observed that the prediction error 

distribution of TDC-CNN-AttLSTM is primarily within 10kWh, whereas the prediction errors of 

other models exhibit a high percentage in other ranges, particularly evident in the prediction results 

of source building 2. Overall, it is evident that the multi-source domain generalization model can 

more accurately predict energy consumption trends on the test set of the two source domain 

buildings.  
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Fig.9. Building 2 energy consumption prediction results 

 

Fig.10. Building 6 energy consumption prediction results 

 

 

Fig.11. Distribution of errors in source domain prediction results 

Table 5 presents the results of various models for evaluating the predicted and true values on the 

source domain test set. The computational findings reveal that both TDC-CNN-AttLSTM and CNN-

AttLSTM outperform the other models on both buildings, achieving an R2 higher than 0.9. The R2 

improvement on the two source domain building test set compared to the best results in the other 

comparison models ranges from 3.1% to 21.9%. Additionally, the multi-source domain 
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generalization model, combined with TDC, exhibits slightly superior results compared to those of 

the deep neural network, both of which improve R2 by more than 4%. This underscores the 

acquisition of more temporal invariant knowledge by the model during the generalization model 

training process, thereby contributing to its enhanced performance in predicting results. 

Table 5 

Calculation of source domain test set evaluation metrics 

Name 
Evaluation 

metrics 

TDC-CNN-

AttLSTM 

CNN-

AttLSTM 

CNNL

STM 
BiLSTM 2LSTM LSTM 

Building2 

MAE 4.747 9.955 21.979 18.210 18.575 17.582 

CV-

RMSE 
0.090 0.135 0.217 0.225 0.228 0.226 

R2 0.964 0.919 0.791 0.776 0.768 0.772 

Building6 

MAE 1.021 1.332 1.299 3.863 3.817 3.738 

CV-

RMSE 
0.145 0.156 0.187 0.508 0.501 0.488 

R2 0.945 0.936 0.908 0.322 0.340 0.374 

 

4.2 Discussion of Target Domain Prediction Results 

The multi-source domain generalization model is tested on the target domain test set to 

demonstrate the generalization ability of the model. The prediction results on the target domain 

buildings 1, 3-5, and 7 are depicted in Figs.12-16. Upon conducting global and local zoom in 

observations, it is evident that the overall prediction effect is similar to the results on the source 

domain, with a small number of larger errors generated in the prediction results of all models. This 

may be attributed to irregular energy use by the students, as well as data incoherence due to power 

outages, which can impact the prediction results. However, this effect was quickly eliminated, 

demonstrating the adaptive ability of the prediction models. 

Overall, the predictions of the multi-source domain generalization model exhibit closer alignment 

with the true values for different buildings. In terms of error distribution statistics from the Fig.17, 

TDC-CNN-AttLSTM outperforms other prediction models in most target domain buildings, with 

errors primarily within 10kWh. Although a significant number of errors are distributed within 

20kWh for building 4, the calculations of the other models contribute to a larger portion of higher 

error intervals. Furthermore, observation of the partial zoomed in plots reveals that the 

generalization model offers a more accurate description of the energy consumption trend compared 

to the other models. 
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Fig.12. Building 1 energy consumption prediction results 

 

Fig.13. Building 3 energy consumption prediction result 

 

Fig.14. Building 4 energy consumption prediction results 
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Fig.15. Building 5 energy consumption prediction results 

 

Fig.16. Building 7 energy consumption prediction results 
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Fig.17. Distribution of errors in target domain prediction results 

Table 6 shows the results of the evaluation metrics computed on the test set in the target domain. 

It can be found that the TDC-CNN-AttLSTM model basically has better prediction results on each 

building, better than the results of the direct prediction using only the trained single-source domain 

prediction model(Source domain 2, Source domain 6) and better or close to the prediction results of 

the model trained with the target domain(CNN-AttLSTM). It is shown that multiple source domain 

training and the TDC algorithm largely enhance the extraction of domain invariant features and 

improve the predictive power of the generalization model, which cannot be obtained by using the 

source domain predictive model directly on the target domain. And the comparison with other model 

prediction results found that the generalization model prediction results are all basically superior. 

Although the R2 on building 1 is slightly lower than the results of CNNLSTM, they all reach more 

than 0.9, which is an acceptable range. 

Table 6 

Calculation of evaluation metrics on the source domain test set 

Name 

Evalua

tion 

metric

s 

TDC-

CNN-

AttLS

TM 

Source 

domai

n 2 

Source 

domai

n 6 

CNN-

AttLS

TM 

CNNL

STM 

BiLST

M 

2LST

M 
LSTM 

Buildi

ng1 

MAE 5.484 10.093 14.694 6.949 6.411 20.717 22.398 15.815 

CV-

RMSE 
0.047 0.057 0.080 0.034 0.046 0.097 0.101 0.079 

R2 0.936 0.905 0.816 0.966 0.938 0.729 0.705 0.820 

Buildi

ng3 

MAE 3.574 7.648 10.112 5.960 8.292 16.702 19.715 12.111 

CV-

RMSE 
0.075 0.091 0.121 0.084 0.108 0.167 0.197 0.142 

R2 0.951 0.927 0.871 0.938 0.898 0.756 0.660 0.824 

Buildi

ng4 

MAE 6.880 26.118 14.007 6.311 7.385 13.421 14.968 10.886 

CV-

RMSE 
0.097 0.347 0.188 0.099 0.107 0.199 0.236 0.170 

R2 0.931 0.119 0.742 0.929 0.916 0.710 0.594 0.790 

Buildi

ng5 

MAE 0.587 1.677 1.488 1.061 1.000 1.465 2.222 1.328 

CV-

RMSE 
0.080 0.150 0.142 0.105 0.117 0.141 0.206 0.134 

R2 0.950 0.825 0.843 0.914 0.893 0.846 0.668 0.860 

Buildi

ng7 

MAE 0.434 1.810 1.435 0.966 1.103 3.190 2.868 1.729 

CV-

RMSE 
0.034 0.124 0.090 0.072 0.073 0.212 0.212 0.151 

R2 0.995 0.931 0.964 0.977 0.976 0.800 0.798 0.898 

Fig.18 shows the statistical results of the evaluation indexes of various prediction models on the 

source and target domains. Through the mapping of different axes, it can be found that the prediction 

results of the multi-source domain generalization model on both source and target domains is better 

than others in most cases, and the distribution is more dense. It shows that the model can have good 

generalization prediction ability for both source and target domains, and the prediction results are 

more stable. 
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Fig.18. Distribution of computed results of evaluation metrics on the test set 

4.3 Discussion of results for target domains with unknown training sets 

In the following, we will explore whether the multi-source generalization model can be directly 

used for the same type of building energy consumption prediction task in the same area where the 

training set is unknown. We will test its effectiveness on two buildings that do not participate in 

source domain screening. Since the above experiments have already demonstrated the prediction 

effectiveness of CNN-AttLSTM on multiple buildings in both the source and target domains, only 

the deep neural network trained in the source domain is set up here to be used directly for 

comparison experiments on this building test set. As shown in Fig. 19 and Fig. 20, these are the 

predicted energy consumption results for Buildings 8 and 9. Different error lines have been chosen 

for Buildings 8 and 9 due to their different data distributions. Building 8 will use a ±10% error line, 

while building 9 uses a ±10kWh error line. Table 7 shows the percentage of predicted values outside 

the error line for the different prediction methods, with the generalization model having a 

significantly lower percentage than the other two compared methods. In the generalization model 

prediction results, the points outside the error line are largely distributed around the daily extremes. 

It shows that while the generalization model is able to predict the general trend of energy 

consumption, its effectiveness in predicting near the extreme points needs to be improved. As shown 

in Table 8, it is the calculation result of the evaluation index. It can be found that the evaluation 

metrics of the multi-source generalization model still outperform the results of the direct prediction 

of the deep neural network trained using only the source domain, with the improvement 5.6% - 26.6% 

in R2. Therefore, the multi-source generalization model also has a certain adaptability to some of 

the same type of building energy consumption prediction tasks where the training set is unknown. 
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Fig.19. Building 8 energy consumption prediction results 

 

Fig.20. Building 9 energy consumption prediction results 

Table 7 

Percentage of forecast error outside the error line 

Name TDC-CNN-AttLSTM Source domain 2 Source domain 6 

Building8 3.33% 14.52% 41.43% 

Building9 11.55% 46.31% 78.57% 

 

Table 8 

Calculation of evaluation metrics on the building 8 test set 

Name 
Evaluation 

metrics 

TDC-CNN-

AttLSTM 
Source domain 2 Source domain 6 

Building 8 

MAE 3.630 7.696 14.026 

CV-RMSE 0.073 0.101 0.149 

R2 0.946 0.895 0.772 

Building 9 

MAE 5.816 13.226 24.210 

CV-RMSE 0.039 0.057 0.093 

R2 0.958 0.907 0.757 

Jo
urn

al 
Pre-

pro
of



 

Fig.21. Analysis of local prediction results of generalization model 

In order to verify the stability of the generalization model in different time periods, the test set of 

nine buildings in the target and source domains is divided evenly into three parts in this paper. The 

results of the evaluation metrics CV-RMSE and R2 for the prediction results in different parts are 

shown in Fig.21. Most of the results show that the two evaluation metrics are very close to each 

other on the different parts of the calculation, except for the third part of Building 4 (Part1) where 

R2 is lower and on Building 6 (Part2) where CV-RMSE is more dispersed. Part of the reason for this 

phenomenon may be due to data completeness. With Fig. 14(a), we find that the performance of the 

generalization model decreases slightly near the extreme points, which also leads to a lower R2 . By 

zooming in locally in Fig.10(b), we find that the energy consumption of building 6 has a small range 

and its fluctuations are more sensitive to large-scale energy use cases such as experiments. The 

generalization model cannot deal well with the prediction of these points near extreme. Therefore, 

there is still much room for improvement in the training and validation of generalization models. 

5. Conclusion 

In pursuit of a generalization model for predicting energy consumption across multiple buildings 

of the same type in both the source and target domains without accessing target domain data during 

model training, a multi-source domain generalization model TDC-CNN-AttLSTM was developed 

in this study.This model was trained on a real dataset using a combination of deep neural network 

and transfer learning techniques. In the one hour ahead office building energy prediction task, the 

DTW is used to obtain source domain buildings and train a generalization model, which is tested 

and evaluated metrics are computed on a test set of two source domain buildings, five target domain 

buildings, and two buildings with an unknown training set. The conclusions reached are as follows. 

(1) The results of CNN-AttLSTM on the source domain test set are better than the other compared 

models, indicating the effectiveness of the deep neural network for the energy consumption 

prediction task on the datasets used in this study. And the prediction results of TDC-CNN-AttLSTM 

are all better than CNN-AttLSTM with the lowest R2 of 0.94 on the source domain test set. It 

indicates that TDC decomposition and multi-source domain generalization training enhance the 

prediction ability of the model. 
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(2) The prediction results of the TDC-CNN-AttLSTM model on most of the buildings on the 

target domain are also better or close to the prediction results of the CNN-AttLSTM, and although 

the evaluation indexes calculated on some buildings are slightly lower compared with a few models, 

the R2 is also above 0.93, which is an acceptable range. It shows that the multi-source domain 

generalization model has a basic ability to generalize on the dataset of this study. It can be used for 

energy consumption prediction task for multiple buildings of the same type in the same area. 

(3) By comparing the TDC-CNN-AttLSTM model on the target domain test set with the CNN-

AttLSTM model trained on a single source domain, it is found that the prediction results of the 

multi-source domain generalization model are better. The results show that energy consumption 

prediction models trained with selected single-source domain data cannot be directly used in the 

target domain on this dataset, which proves the effectiveness of multi-source generalization models. 

(4) Finally, using the trained generalization model directly on the task of energy consumption 

prediction for a target building of the same type with an unknown training set. It is found that the 

multi-source generalization model can still predict it well with an R2 has improved 5.6% - 26.6%. 

It shows that the generalization model still has some prediction ability for the energy consumption 

prediction task for some buildings with small datasets or unknown training sets. 

However, the source domain selection process and the overall architecture of the model still need 

to be optimized. Furthermore, the performance of the generalization model on richer and more 

complete real datasets still needs to be tested. Training generalization model on real datasets from 

other building groups still needs to be explored and more factors may need to be considered. For 

example, in commercial buildings, the way of energy using equipment operation, rationalization of 

the source domain selection process, applicability of the network architecture, and the richness of 

the dataset need to be taken into account. 
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Highlights: 

1）Combining encoder and decoder architectures to build deep neural networks 

2）Combining TDC and deep neural networks to train generalization model 

3）Model training and testing using real office building energy consumption datasets 

4）Setting up different comparison experiments on the source and target domains 
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