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Abstract: This paper proposes a meta-modeling workflow to forecast the cooling and heating loads of
buildings at individual and district levels in the early design stage. Seven input variables, with large
impacts on building loads, are selected for designing meta-models to establish the MySQL database.
The load profiles of office, commercial, and hotel models are simulated with EnergyPlus in batches.
A sequence-to-sequence (Seq2Seq) model based on the deep-learning method of a one-dimensional
convolutional neural network (1D-CNN) is introduced to achieve rapid forecasting of all-year hourly
building loads. The method performs well with the load effective hour rate (LEHR) of around 90%
and MAPE less than 10%. Finally, this meta-modeling workflow is applied to a district as a case
study in Shanghai, China. The forecasting results well match the actual loads with R2 of 0.9978 and
0.9975, respectively, for the heating and cooling load. The LEHR value of all-year hourly forecasting
loads is 98.4%, as well as an MAPE of 4.4%. This meta-modeling workflow expands the applicability
of building-physics-based methods and improves the time resolution of conventional data-driven
methods. It shows small forecasting errors and fast computing speed while meeting the required
precision and convenience of engineering in the building early design stage.

Keywords: building load forecasting; meta-modeling; deep learning; CNN; Seq2Seq; district

1. Introduction

Urbanization brings the rapid growth of the building floor area and also inevitably
causes an explosive increase in energy consumption [1,2]. The building sector is responsible
for over one-third of global final energy consumption and nearly 40% of total CO2 emis-
sions [3], which has directly put great pressure on the natural environment and resources.
Building energy conservation has become one of the keys to achieve sustainable develop-
ment on an urban scale [4]. In this context, more buildings are designed and constructed in
districts with district energy systems, including communities, blocks, and other areas below
the city scale. A district energy system can lead to remarkable environmental and economic
benefits [5], such as facilitating renewable energy utilization and waste heat recovery by
combined heat and power (CHP), replacing the less efficient boilers in individual buildings
with a more efficient central heating system, the ability to integrate a large-scale energy
storage system, and the economies of district heating and cooling applications.

A district energy system has many advantages with the premise of reasonable design,
which needs accurate forecasting of the district building thermal loads to meet the all-time
demand [6]. Considering the dynamic coupling of time and space, the district building
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loads are not the simple addition of individual building loads. In general, maximum cooling
and heating loads at a district scale will be smaller than the static superposition of single
building loads, which easily causes system over-configuration and inefficient operation. As
building load forecasting is significant to the district energy system in the early design stage,
researchers around the world have put forward many forecasting methods, which can be
roughly categorized into two types: the building-physics-based method and data-driven
method [7].

The building-physics-based method [8,9] is to establish a building-physics model
and complete numerical analysis using building-simulation programs, which requires
physically measurable variables to describe buildings and technologies in detail. The
input data for the building-physics-based method includes building information, thermal
characteristics of envelopes, outdoor and indoor temperatures, ventilation rates, energy
consumption of appliances, the number of occupants, etc. [10]. Considering that detailed
input information may sometimes be unavailable, simplified prototypical building models
are commonly modeled to represent specific buildings in a particular district or even in a
city [11]. Heiple and Sailor [11] used eQUEST to establish a set of prototypical building
models, and estimated detailed energy consumption profiles of different building types.
Existing buildings of most large U.S. cities are matched to building prototypes with a
geographical information system (GIS) so that their energy consumption can be calculated
by multiplying the corresponding prototype’s energy use intensity by the actual building’s
floor space. A case study in Houston revealed that the prototypical models can accurately
capture the actual building energy consumption [11]. However, the time-consuming
process of simulating a set of prototype buildings is the largest shortcoming of this method,
which limits the feasibility and extensibility of physics-based models.

The data-driven method applies statistical theory to mine the deep relationships
between historical load data and building feature variables, so as to establish the load
forecasting model. Scholars have studied data-driven methods and put forward many
models, including the regression analysis model [12–15], time series analysis model [16,17],
support vector machine (SVM) [18,19], artificial neural network (ANN) [20,21], and so
on. Among data-driven methods, the artificial neural network (ANN) has an excellent
ability to deal with non-linear problems, which has become one of the main methods of
building load forecasting. Hou et al. [22] applied rough set (RS) theory to find relevant
parameters used as an input of an ANN to forecast an air-conditioning cooling load. As
more effective information is used, the synthesized RS-ANN model improves the accuracy
and the robustness of load forecasting results [22]. However, the data-driven methods
lack a physical description of the real system, and there is no clear connection between
the model inputs and the building features. Through review, it is also found that the time
resolution is relatively rough in current data-driven methods, in which historical data are
mainly used to forecast the peak building load [13,16] or the short-term loads [13,14,17,19].
However, the all-year hourly load profile is more meaningful in the building design stage.
Only the dynamic superposition of all-year hourly loads in district or urban-scale buildings
can accurately determine the peak load value and the overall load profiles.

In view of the above shortcomings of conventional methods, this paper puts forward
a meta-modeling workflow to forecast all-year hourly building loads based on the deep
learning method. In recent years, the concept of meta-modeling, combining both the ideas
of the physics-based method and data-driven method, has been introduced and applied
to building simulation [23]. Zhang et al. [24] proposed a high-resolution meta-modeling
framework for forecasting the hourly building electric load. Physics-based building energy
models, namely meta-models, are simulated and calibrated to estimate the energy use of
large-scale buildings. Advanced data mining techniques, including the machine learning
algorithm, are trained with data generated from the physics-based models. The method
performs well with high computational efficiency and prediction accuracy in two case
studies of both residential and commercial building stock [24]. However, current studies
focus more on forecasting the building energy consumption and pay less attention to the
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thermal demand, including cooling and heating loads, which are more instructive for
the early design of building energy system. Ding et al. [25] collected and processed the
energy data of 40 school buildings connected to the district heating system in Norway
and proposed a systematic framework to forecast and identify the district heating load
profiles of Nordic schools, combining the temperature moving average, correlation, and
linear regression analysis. Validation results show that the defined load profiles represent
the current energy demand well. The method does not require much time-consumed
computation, so it can be transferred to other public buildings efficiently [25]. Considering
that the recorded energy data may be not easy to obtain in some situations, instead,
simulated load data from physics-based models are an essential part to be used for training
the data-driven algorithm in our proposed meta-modeling workflow.

Figure 1 shows the structure of this paper. Cooling/heating load databases for different
building types are firstly established as meta-models to train and test the deep learning
model, while they consist of building features and annual hourly cooling and heating loads.
The loads are obtained from batch simulation with the EnergyPlus program, which covers
many thermal demand scenarios. On the basic of the load database, a one-dimensional
convolutional neural network (1D-CNN) sequence-to-sequence (Seq2Seq) deep learning
model is proposed to achieve forecasting. Finally, a district load forecasting framework
is proposed, and this meta-modeling workflow is applied to an actual district case in
Shanghai, China to forecast its all-year hourly cooling/heating loads.
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The main novelty of this paper is to propose a meta-modeling forecasting workflow
for building cooling and heating loads with long period and high time resolution by
hours throughout the year. The low-to-high dimensional mapping of load forecasting
is transferred to be high-to-high dimensional, so that 1D-CNN can be used as the meta-
modeling algorithm to lower the computing burden compared to other methods. Moreover,
as thermal load forecasting for the district energy system is significant in the early design
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stage, a district load forecasting framework is innovatively proposed in this paper. By
testing in a case study, it achieves fast and accurate load forecasting, with great reliability
and convenience.

2. Database
2.1. Building Feature Variables

In order to comprehensively reflect the influence of building characteristics on the
loads, it is necessary to extract the key building feature variables, which are non-negligible
for building load forecasting in the design stage. Building loads include cooling, heating,
and electrical loads, of which this paper focuses on building cooling and heating loads.
Referring to an existing study of indispensable input variables for predicting building
energy consumption [26], this paper selects seven building feature variables to establish the
meta-model database. The seven variables are the building shape factor (BSF) representing
the building geometry information, window–wall ratio (WWR) representing the envelope
information, indoor design temperatures in summer (Ts) and winter (Tw), the occupancy
density (Do), lighting power density (Dl), and equipment power density (De) representing
the internal heat gain information. A comprehensive database should cover as many value
levels of each independent variable as possible, but it is limited by the computing capacity
and complexity. In this paper, the count of values for each variable is set as 4, so as to reduce
the computing workload and not to weaken the representativeness of the database. Table 1
shows the value range of each independent variable, which is obtained by expanding the
standard value [27] for office, hotel, and commercial buildings.

Table 1. Value range of building feature variables.

Classification Variable Unit Values

Building geometry BSF 0.15, 0.20, 0.30, 0.37

Building envelope WWR 0.1, 0.4, 0.6, 0.8

Design temperature
Ts

◦C 22, 24, 26, 28

Tw
◦C 16, 18, 20, 21

Internal heat gain

Do m2/p
2, 5, 7, 10 (for office and hotel)

10, 13, 16, 20 (for commercial)

Dl W/m2 2, 8, 14, 20

De W/m2 2, 8, 14, 20

2.2. Meta-Model Simulation in Batches

As shown in Table 2, cooling and heating loads are each described by six building
feature variables, distinguished by the summer and winter indoor design temperature
values. There are four possible values for each variable, which means the total number of
building models is 8192 (46 × 2). It is time-consuming to build these models one by one
manually. As shown in Figure 2, this paper combines the manual and automatic approaches
to generate the meta-models in batches and calculates their loads using EnergyPlus. The
running file format in EnergyPlus is IDF, which essentially records the model information
in text form. The automatic approach is to identify and modify the target variables in IDF
files through automation code written by Python. However, it is difficult to achieve batch
modification of the geometric variables related to the BSF and the WWR automatically, so
manual modification is also needed. DesignBuilder is used to build 16 building geometry
models shown in Figure 3 through modifying the BSF and the WWR manually. On the
basis of geometry models, the remaining variables are modified by automatic approach to
obtain the 8192 meta-models.
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Table 2. Variable sets of cooling and heating loads.

Variable Sets Building Loads Variables

Coolvariable Cooling load BSF, WWR, Ts, Do, Dl, and De.

Heatvariable Heating load BSF, WWR, Tw, Do, Dl, and De.
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After the batch generation of building meta-models, the next step is to calculate
building hourly loads for each model in EnergyPlus. Besides building features, weather
data and internal heat gain schedules are also needed for building hourly load simulation.
Since the weather parameters are constantly changing, the typical meteorological year
(TMY) is usually used as the input file of weather data in EnergyPlus. The weather files
from Chinese standard weather data (CSWD) are selected, which provide hourly weather
data in each region in China throughout the year. Internal heat gain schedules, including
the occupancy schedule, lighting operation schedule, and equipment operation schedule,
are set differently for three building types referring to the Chinese Design Standard for
Energy Efficiency of Public Buildings (GB 50189-2015) [27].

2.3. Database Establishment with MySQL

According to the modeling approach, each meta-model contains seven building feature
variables and 8760 h load results. This paper adopts MySQL to store and manage the
database, as it performs well in storing relational data, such as building features and thermal
loads. The most ideal storage mode of the database is to ensure each row corresponds to
one meta-model, including seven-dimensional building information and 8760-dimensional
load values. While MySQL can only support a maximum of 2048 fields in a row, it is
necessary to propose a new data structure to store these variables-loads data.

As shown in Figure 4, this paper proposes split-table mode to convert each row in
the ideal storage mode into a split data table, so as to overcome the row field limitation in
MySQL. This method automatically creates a data table for each of the 8192 meta-models,
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which stores the cooling and heating loads corresponding to the time, with a dimension of
8760 × 3. To sum up, the database consists of one summary table and 8192 split tables, of
which the summary table only includes seven variables’ information of the 8192 models,
with a dimension of 8192 × 7. The summary table is connected to each split table so that
the load data can be extracted quickly and conveniently through corresponding building
indexes in the summary table.
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3. Methodology
3.1. Concept of Deep Learning

As a kind of data-driven approximation of the detailed physics-based building models,
a good meta-modeling workflow requires a well-performing data-mining algorithm. With
the development of computer science, artificial intelligence (AI)-related research has begun
to explode [28] (e.g., machine learning and deep learning), which not only appears in the
field of computer science but also frequently in the engineering field [29,30]. Machine
learning is to analyze data and learn from them to help forecast and make decisions [31].
Deep learning is not an independent learning method but a branch of machine learning [32].

In essence, the model of deep learning is a series of connected geometric change
functions [33], which constantly act on the data. These functions are applied into each
module, namely layers. The deep learning model consists of more layers than traditional
shallow learning models in machine learning. Each layer contains representation and
transformation rules for data, and these rules are parameterized by weights, which need
to be learned in the training process. Due to its special network structure and excellent
learning ability, deep learning performs better in analyzing image or sequence data than
traditional machine learning methods [34,35]. Thus, in the proposed meta-modeling
workflow of this paper, a sequence-to-sequence (Seq2Seq) deep learning model based on
the one-dimensional convolutional neural network (1D-CNN) is chosen as the data-driven
method to forecast the sequence data of long-term hourly loads.

3.2. Task Design for Deep Learning

Based on the variable-load database with meta-models, building loads forecast-
ing can be regarded as a deep learning task with 7 building features as its input, and
8760 hours’ cooling and heating loads as its output. For deep learning, it is difficult to
deal with such a mapping relationship between a low-dimensional sequence and a high-
dimensional sequence. Therefore, it is necessary to transform the relationship between
building features and hourly loads into a high-dimensional to high-dimensional mapping.
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On the one hand, the building has feature variables to describe the load response
such as the 7 variables in this paper. On the other hand, the building loads also change
with the weather parameters and operation schedules change in a year. Therefore, as time
series data, there is a certain mapping relationship between the weather parameters and
operation schedules, and the building loads at each hour, while this mapping relationship is
determined by the building features. In a deep learning task, the building feature variables
can be regarded as static variables, which describe the load response of the building under
the action of weather parameters. The weather parameters of the building location and
operation schedules of the building type can be regarded as dynamic variables, which
act on the static variables of each building to obtain the all-year hourly loads. From this
perspective, the learning task of the mapping relationship between 7-dimensional and 8760-
dimensional sequences is transformed into the learning task of the mapping relationship
between 8760-dimensional and 8760-dimensional sequences, as shown in Figure 5.
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This high-dimensional to high-dimensional mapping learning task is easier to realize
using deep learning methods. In this paper, the dry-bulb temperature and solar radiation,
which have a greater influence on loads, are selected as the dynamic variables related
to weather parameters, and the occupancy schedule, lighting operation schedule, and
equipment operation schedule are selected as the dynamic variables related to building
types. In the same area, office buildings, hotels, and commercial buildings share the same
weather dynamic variables, but their schedule dynamic variables are different, leading to
the different overall dynamic variables. Under the same weather disturbance, the three
different building types produce different load sequences.

3.3. 1D-CNN Seq2Seq Model

Each building has its own dynamic variables, static variables, and load profile. The
relationship among them is what the deep learning model needs to learn, while the estab-
lishment of the learning model affects the forecasting performance greatly. It is essentially
a sequence-to-sequence (Seq2Seq) task in the field of deep learning to learn the relationship
between dynamic variables and static variables as the input and load profile as the output.
The model to solve such tasks is called a Seq2Seq model, known as the encoder-decoder
model, which is first proposed and applied in machine translation to convert a natural
language (source domain) into another natural language (target domain) [36].

The most common structure for the Seq2Seq model is shown in Figure 6a, in which
x and y, respectively, represent the source domain sequence and target domain sequence
of the model, h and h’ represent the hidden layer of the encoder and decoder, and c is the
context vector. In the load forecasting task of this paper, the dynamic variables and load
profile are the source and target domain sequence, respectively. The static variables can be
regarded as the context vectors that describe the relationship between dynamic variables
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and loads. Therefore, a Seq2Seq model can realize the mapping learning of dynamic and
static variables to loads.
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The recurrent neural network (RNN) [37,38] and long short-term memory (LSTM) [39,40]
are used as the encoder and decoder model in common Seq2Seq model. However, when
they are trained, all the hidden layers of previous time steps must be kept, so the parallel
computation inside the sequence cannot be realized. Only the sequential computation can be
performed, which requires higher computing capacity. Recent studies [41,42] have adopted
CNN to solve the Seq2Seq task. Bradbury et al. [43] propose recurrent pooling among a series
of convolutional layers in 2016. Oord et al. [44] realize the character-to-character machine
translation task using one-dimensional CNN (1D-CNN). Gehring et al. [45] add the attention
mechanism to each convolution layer to realize the Seq2Seq translation task from German to
English. The traditional CNN is a two-dimensional CNN (2D-CNN), which is mostly used to
solve computer vision problems [46,47]. Its convolutional operation can extract features from
the two-dimensional images and represent them in a modular way to make efficient use of
input data. These characteristics make CNN perform well in the field of computer vision.

For temporal sequence problems such as load forecasting, CNN can also be used to
solve them with the 1D-CNN, through regarding the time dimension as a spatial dimension
(e.g., the height or the width of a two-dimensional picture). Owing to the convolution
operation of CNN, the calculation of each element in the sequence does not depend on
the calculation of the previous time step. Therefore, for 1D-CNN, the parallel calculation
of time sequence is feasible, and its computing burden is much lower than that of RNN
and LSTM. Thus, this paper uses 1D-CNN to build a Seq2Seq model as the meta-modeling
algorithm to solve the task of all-year hourly building load forecasting.

In the process of using 1D-CNN to build the Seq2Seq model, the static and dynamic
variables are jointed as the inputs to the encoder. Then, the hidden layers are calculated
as the input to the decoder to forecast the loads, as shown in Figure 6b. Different from
Figure 6a, the static variables here are reflected at dynamic variables at each time, which
helps the encoder and decoder better learn the quantitative effects of static variables in the
mapping process.

Based on the above method, this paper uses Keras to establish the deep learning model.
Keras is an open-source ANN library written in Python language and is widely used in
academic fields due to its complete modularity and strong extensibility [48]. The detailed
learning process is described in Figure 7, where the weather data, operation schedules, and
building features are the input, and the all-year hourly building loads are the output of
the model. The network framework of 1D-CNN Seq2Seq model established in Keras is
summarized in Table 3, where the layers of Conv1d_1 and Conv1d_2 constitute the encoder,
while Conv1d_3 and Conv1d_4 constitute the decoder.
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Table 3. The network framework of 1D-CNN Seq2Seq model established in Keras.

Structure Network Layer Layer Property Dimension

Input Input_var InputLayer (168, 12)

Encoder
Conv1d_1 Conv1D (168, 128)

Conv1d_2 Conv1D (168, 128)

Decoder
Conv1d_3 Conv1D (168, 64)

Conv1d_4 Conv1D (168, 32)

Dropout
Output

Dropout_1 Dropout (168, 32)

Load Dense (168, 1)

3.4. Model Training and Evaluation

After establishing the deep learning model, a sufficient training set and test set should
be prepared to determine the parameters of each network layer and evaluate the model
learning performance. For each building type, there are 8192 meta-models in the load
database. According to the empirical law [49], a sampling proportion of 30% is sufficient to
reflect the overall characteristics of database. Thus, 2500 models are randomly sampled to
form the test set, whose loads, simulated using EnergyPlus, are regarded as the actual load
values. The rest of the meta-models in the database form the training set for deep learning.

In detail, considering the network is too complex to be trained when the input and
output are both 8760 dimensions, this paper adopts the idea of sequence splicing to es-
tablish the forecasting model with one week as the unit. The annual dynamic variables
are disassembled into the dynamic variables with 52 × 168 h (i.e., 52 weeks) to achieve
forecasting, respectively, in which way the network input and output are both 168 dimen-
sions. The forecasting process is performed 52 times in a year, and finally, the weekly
load forecasting results are spliced together to obtain the all-year hourly loads. The whole
process is shown in Figure 8, where the forecasting values from the 1D-CNN Seq2Seq
model are compared with the actual values from simulation in the test set, to evaluate the
deep learning performance.
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For a conventional deep learning model, the loss can be a preliminary standard to
evaluate the model training quality. Whether the model really learn the knowledge of
the network may need to be evaluated by the metric on the test set. A commonly used
evaluation metric is mean absolute percentage error (MAPE), calculated by Equation (1),

MAPE =
1
n

n

∑
t=1

∣∣∣∣ ft − at

at

∣∣∣∣× 100% (1)

where ft is the forecasting load at time t, at is the actual load at time t, and n represents the
number of counted hours.

While calculating the MAPE value, the relative error of load forecasting at each hour
is determined by Equation (2),

Relative Error =
ft − at

at
× 100% (2)

where a negative relative error value means that the forecasting load is lower than the
actual load, and a positive value means that the forecasting load is higher than the actual
load at time t.

Moreover, considering that engineers pay more attention to the specific value than
the profile of building load in the early design stage, this paper proposes an innovative
metric, named the load effective hour rate (LEHR), to evaluate the similarity between the
forecasting value and the actual value. The LEHR is calculated by Equation (3), which
represents the proportion of hours with the forecasting error within ± 15% in the hours
with non-zero load value throughout the year.

LEHR =
Ne

N
× 100% (3)

where N is the total number of hours in which the load is not zero in actual values, and Ne
is the number of effective hours, namely the number of hours in which the actual value is
non-zero and relative error of forecasting value is in the interval of [−15%, 15%].

4. Results and Discussion

Considering the different load profiles of different floors in a building, the building
model is divided into three floors (the top floor, middle floor, and bottom floor). As shown
in Figure 9, the top floor is exposed to solar radiation, while the bottom floor conducts heat
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with the ground. In the forecasting process of a multi-story building, the load values of the
three floors will be forecasted separately and added together to obtain the total loads of the
target building.
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Figure 9. Floor division of multi-story buildings.

Tested with 2500 samples, cooling and heating LEHR values at the bottom, middle,
and top floors of three different building types are evaluated. Taking office buildings as an
example, Figure 10 shows the frequency distribution of cooling and heating LEHR values
at different floors of 2500 samples, respectively. Most test samples fall in the interval of
[80%, 100%], showing a “peak phenomenon”, which indicates that the overall forecasting
performances are all good in different floors. The worst-performing test sample occurs in
cooling load forecasting of the bottom floor, with the LEHR value less than 40%.
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Figure 10. (a) LEHR distribution of bottom floors in office buildings; (b) LEHR distribution of middle
floors in office buildings; (c) LEHR distribution of top floors in office buildings.
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Figure 11 shows the violin diagrams of cooling and heating LEHR values at different
floors of 2500 samples for all three building types, respectively. For a particular building
type, the distribution of LEHR values at the bottom, middle, and top floors is similar, which
indicates that the mapping relationship between variables (static variable and dynamic
variable) and load profile is essentially the same regardless of floors.
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In particular, cooling LEHR distributions in office buildings and hotels show a long-
tail phenomenon, while heating LEHR distributions in commercial buildings show the
long-tail phenomenon. According to the median LEHR value as shown in each diagram,
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the deep learning model performs a little better in forecasting the cooling load than heating.
For three different building types, the model performs the best in hotels and the worst in
office buildings. However, the distributions of LEHR values in three building types can
still be regarded as similar, with only 0–5% differences on the median LEHR value, which
illustrates the wide applicability of this method.

Table 4 shows the forecasting performance of three examples in 2500 test samples.
The cooling LEHR (average value of three floors) is 91.1%, and the heating LEHR (average
value of three floors) is 89.4% for the office building. Cooling and heating LEHR for the
hotel are 90.3% and 89.9%, and 92.2% and 90.9% for the commercial building, respectively.
In addition, MAPE of the cooling and heating forecasting loads are all less than 10% for the
three examples. Referring to a previous mentioned study [25], where district heating load
profiles are forecasted based on the collected energy information, an MAPE criterion less
than 10% indicates a highly accurate forecasting quality, proving that the proposed 1D-CNN
deep learning method can capture the building load profile well. Moreover, compared with
the MAPE values evaluated in the referred paper [25], which are 20.2–29.6% for forecasting
district heating load profile and 6.6–8.8% for forecasting electricity load profile, the MAPE
results in this paper show that the simulated load data from physics-based meta-models
can be treated as an effective alternative when the recorded energy data are unavailable.

Table 4. Forecasting performance of three examples.

Building Type
LEHR MAPE

Cooling Load Heating Load Cooling Load Heating Load

Office 91.1% 89.4% 4.4% 3.5%

Hotel 90.3% 89.9% 3.7% 5.9%

Commercial 92.2% 90.9% 7.2% 4.1%
Notations: LEHR = load effective hour rate.

5. Case Study
5.1. District Building Loads Forecasting Framework

The proposed meta-modeling method is developed from the load forecasting for an
individual building. If it is applied to each building in a district, the district building
load forecasting can be achieved by summing the all-year loads by hour according to each
building area. The load values are summed hourly in the district load calculation, so the
impact of different operation schedules on the load profile from different building types
can be treated accurately with high resolution, which solves the over-estimation problem
in the simple static superposition method. This paper proposes a district building load
forecasting framework, as shown in Figure 12.

The district building load forecasting is split into three steps.
Step 1: Extract the information of the given district to obtain the building area, number

of floors, and corresponding feature variables of each building in each type.
Step 2: Adopt the deep-learning-based meta-modeling method to carry out load

forecasting for each building of each type throughout the year.
Step 3: Sum the loads hour by hour according to the area of each building in each type

to obtain the overall all-year hourly building load profile of the district.
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Figure 12. District building load forecasting framework.

5.2. Load Forecasting Case for a Given District

The meta-modeling workflow is applied to a case study of load forecasting in the
early design stage for the west Hongqiao District, Shanghai. There are three buildings in
this district shown in Figure 13, including a hotel, an office building, and a commercial
building. Building #1 is a hotel with height of 44.5 m, ten floors, and a total building area
of 19,890 m2. Building #2 is an office building with height of 31.5 m, seven floors, and a
total building area of 17,301 m2. Building #3 is a commercial building with height of 10.7 m,
two floors, and a total building area of 4430 m2. The input building feature variables are
summarized in Table 5. Other features of buildings, such as operation schedules, specific
types of walls and windows, and so on, are assumed as the same with the previously
established 8192 meta-models, as they are unavailable in the district early design stage.
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Table 5. Building feature variables of the case.

No. Type BSF WWR Ts Tw Do Dl De

- - (◦C) (◦C) (m2/p) (W/m2) (W/m2)

#1 hotel 0.16 0.4 24 20 10 10 13

#2 office 0.18 0.5 26 20 6 12 20

#3 commercial 0.21 0.5 26 20 3 15 20
Notations: BSF = building shape factor; WWR = window–wall ratio; Ts = summer design temperature;
Tw = winter design temperature; Do = occupancy density; Dl = lighting power density; De = equipment power
density.

Figure 14a shows the actual load profile of this district, which is obtained from the
simulation results in EnergyPlus. Figure 14b shows the forecasting hourly load result
from the proposed meta-modeling workflow. Two of the load profiles are similar most
of the time in a year. The distribution of hourly relative errors, calculated by Equation
(2), is shown in Figure 15a, where all the cooling load errors and most of the heating load
errors are within ±15%. The forecasting loads are slightly higher than actual loads at
most hours with positive relative error values. Figure 15b shows the scatter plot of actual
and forecasting loads, and the forecasting values match the actual values well, with the
coefficient of determination (R2) of 0.9978 for heating load and 0.9975 for cooling load.
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Table 6 summarizes the LEHR and MAPE values of the forecasting performance in this
case study. As all the cooling load errors are within ±15%, the LEHR value of cooling load is
100.0%. The LEHR value for all-year hourly load forecasting is 98.4%. The MAPE value is 3.7%
for the cooling load, 6.7% for the heating load, and 4.4% for the annual loads, respectively. In
general, although the method performs better when forecasting cooling load than heating
load in this case, it can be considered that the errors are all small enough to meet the precision
requirement of district building load forecasting in the early design stage.

Table 6. Forecasting performance in the case study.

Load Type LEHR MAPE

Cooling load 100.0% 3.7%

Heating load 93.1% 6.7%

Annual loads 98.4% 4.4%
Notations: LEHR = load effective hour rate.

6. Conclusions

In this paper, a meta-modeling workflow is proposed to forecast the all-year hourly
cooling and heating loads of building stock in the early design stage. As the basic of
meta-modeling, load databases are firstly established for office, commercial, and hotel
buildings. The database contains 8192 meta-models of each building type and stores
their building feature variables and load values in MySQL with a split-table mode. Load
values of all the meta-models are simulated in batches using EnergyPlus. As for the meta-
modeling algorithm, the low-dimensional to high-dimensional mapping learning task is
firstly transferred to be high-dimensional to high-dimensional by introducing the static and
dynamic variables. Thus, the forecasting task is more easily realized through deep learning
methods. Considering a good performance in deep learning, the 1D-CNN Seq2Seq model
is adopted, trained, and tested with sufficient simples from the database.

Evaluated by an innovative metric of LEHR and the MAPE between forecasting and
actual loads, the meta-modeling workflow performs well at most times with an average
LEHR of around 90% for all three building types, while the MAPE values are all less than
10%. Through proposing the district building load forecasting framework, a district case in
Shanghai is studied. Comparing the forecasting results with simulated actual loads, the
LEHR value of all-year hourly loads is 98.4% and the MAPE is 4.4%. It proves that the
meta-modeling method meets the required precision of district building load forecasting in
the early design stage and also reduces the computing burden to a great extent.

The proposed workflow achieves fast and accurate all-year hourly load forecasting
in the building early design stage. It solves the deficiency of rough time resolution in
current methods. Additionally, this meta-modeling workflow achieves load forecasting for
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buildings with simplified input variables, which expands the applicability of conventional
physics-based methods. Moreover, the model is easily applied and time-saving for making
decisions in the early design stage of the district building energy system.

Although the workflow performs well in forecasting building cooling and heating
loads, it is limited by the selected input building features. Seven variables with significant
impacts on the building thermal load are chosen as the input for meta-modeling in this
paper. However, there are other factors such as the zoning of the buildings, types of
walls and windows, and the particular operation schedules, which are not taken into
consideration as they might be unavailable in the building early design stage. In addition,
this study only focuses on three types of public buildings in a hot summer and cold winter
area in China, and does not consider the varieties of climate region. As the proposed
workflow has been verified with good performance, it can be further applied to other types
of buildings under different climates.

Future works are mainly focused on two main directions. On the one hand, the effect of
selecting input variables on the meta-modeling performance is worth studying to explore if
there are any other essential building features as an input. On the other hand, the attention
mechanism, which is commonly used in cutting-edge computer science [50], as well as
other data-mining methods, can be combined with the 1D-CNN Seq2Seq model to help the
workflow better capture building information and improve the forecasting accuracy.
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