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ARTICLE INFO ABSTRACT
Keywords: Because of their low computational costs, surrogate models (SMs), also known as meta-models, have attracted
Protocol attention as simplified approximations of detailed simulations. Besides conventional statistical approaches,
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machine-learning techniques, such as neural networks (NNs), have been used to develop surrogate models.
However, surrogate models based on NNs are currently not developed in a consistent manner. The development
process of the models is not adequately described in most studies. There may be some doubt regarding the
abilities of such models due to a lack of documented validation. In order to address these issues, this paper
presents a protocol for the systematic development of NN-based surrogate models and how the procedure should
be reported and justified. The protocol covers the model development procedure sample generation, data pro-
cessing, SM training and validation, how to report the implementation, and how to justify the modeling choices.

The protocol is used to critically review the quality of NN-based SMs in the prediction of building energy
consumption. Sixty-eight papers are reviewed, and details of the developed surrogate models are summarized.
The reported developing procedures were evaluated using the criteria proposed in the protocol. The results show
that the selection of the number of neurons is the best-implemented step with a justification, followed by the
determination of model architecture, mostly justified in a discussion way. While greater focus should be given to
sample dataset generation, especially input variables selection, considering independence check and clear report
of model validation on training and test data. Also, data preprocessing is strongly recommended.

thermal load of each room considered in a building information model.
Building construction information extracted from the building infor-
mation model and default values for missing information are fed into the
SM. The developed SM and the corresponding integration tool are
exploited to facilitate the exchange of data, especially in the early stages
of design, to assist designers in selecting the most appropriate parame-
ters. Zhu et al. [3] proposed a hybrid SM method for predicting the
energy consumption of complex building forms by decomposing them.
With a particular input of solar radiation, the SM can assist designers in
estimating the differences in energy demand caused by inter-building
shading and reflections in an urban environment, as well as the effects
of self-shading. Luo et al. [3] embedded an SM into a Bayesian frame-
work for estimating the flexibility of building operations under demand
response considering the indoor thermal environment. In Ref. [4], the
authors proposed a novel surrogate retrofit model with easily accessible
inputs for predicting near-optimal retrofit solutions, which is
non-experts used-friendly. In contrast to the conventional retrofit pro-
cess, the proposed surrogate model exhibits an average accuracy of 0.9

1. Introduction

Computational simulations have proven to be extremely useful when
studying complex physical phenomena. The process of conducting a
high-fidelity simulation, however, is typically labor-intensive, time-
consuming, and computationally expensive. In particular, the required
computational time and cost are prohibitive when batch simulation is
required, especially in large quantities. A surrogate model (SM) is an
approximation of an original model that is more expensive to evaluate;
the SM maps input data to outputs in a data-driven manner. Generally,
SMs are used when the simulations are computationally expensive or
when the relationships between input variables and output variables are
not well understood.

In the field of building energy research, SMs have been used for
conceptual design, system control and operation, building retrofit
analysis, sensitivity analysis, uncertainty analysis, and design optimi-
zation [1]. Bracht et al. [2] developed an SM for predicting the annual
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Nomenclature

Abbreviation

ACO Ant Colony Optimization

Adam  Adaptive Moment estimation
BBO Biogeography Based Optimization

BFGS Broyden Fletcher Goldfarb Shanno
BR Bayesian Regularization

CD Cross Validation

D Discrete Value

ELM Extreme Learning Machine

FF Feedforward

GD Gradient Descent

GA Genetic Algorithm

GRNN  General Regression Neural Network
GS Grid Search

LHS Latin Hypercube Sampling

LM Levenberg-Marquardt

LSTM Long Short-Term Memory

L&W Level Samples and Weight Samples
MAPE  Mean Absolute Percentage Error
MLP Multi-Layer Perceptron

N Normalization

NN Neural Network

PSO Particle Swarm Optimization

R2 Coefficient of Determination

ReLU Rectified Linear Unit

RMSE Root Mean Square Error

S Standardization

SCG Scaled Conjugate Gradient
SM Surrogate Model

T&E Trial and Error

Symbol

tanh Hyperbolic tangent

for both continuous variables and categorical variables. Zhu et al. [5]
identified key variables affecting cooling and heating loads with high
reliability, taking into account the uncertainty of model inputs by using
different SMs. Bre et al. [6] dynamically coupled an SM trained based on
EnergyPlus samples with the multi-objective Non-dominated Sorting
Genetic Algorithm-II to optimize building performance design consid-
ering energy efficiency and thermal comfort. The results of a real-world
housing case demonstrate that the proposed method can significantly
reduce the number of building energy simulations required to identify
the Pareto front of a multi-objective building performance optimization
problem while maintaining good accuracy.

Both grey-box and black-box models can be used as SMs. A grey-box
SM can be developed by simplifying complex physical relationships
between input variables and output variables under certain assump-
tions, while black-box-based SMs rely entirely on statistical techniques.
The behavior of a particular system can be described using a function
derived from a suitable database, which eliminates the need for a
physical explanation completely. In addition to creating SMs with a
single type of model (i.e., pure grey-box or pure black-box), researchers
may also integrate them together to develop a holistic model. For
example, Singhavel et al. developed a surrogate for predicting building
heating and cooling loads called a component-based machine-learning
model [7]. In their study, a single building thermal zone is divided into
multiple physical entities, such as walls, windows, floors, etc. A
black-box model is developed for each physical entity to simulate the
energy fluxes through it. Then, all entities are assembled based on
domain knowledge to build a grey-box model for a building with sin-
gle/multiple thermal zones to make a final prediction.

With the development of artificial intelligence and the expansion of
computers’ computing capabilities, machine-learning approaches are
gaining more attention and have often been applied to the development
of SMs. In comparison to SMs based on conventional regression tech-
niques, machine-learning-based SMs perform better in capturing com-
plex processes. Neural networks (NNs) are a popular machine-learning
method well-suited to regression problems which is inspired by bio-
logical neural networks. An NN is composed of a collection of connected
units or nodes called neurons. Similar to synapses in a biological brain,
each connection can transmit a signal from the receiving neuron to
neighboring neurons. In each connection, the output is calculated by
some nonlinear function of the sum of its inputs. During a typical
learning process, weights are adjusted in order to increase or decrease
the strength of the signal. It is possible for neurons to have a threshold
beyond which signals are only sent if the aggregate signal exceeds it.
Neurons are usually organized into layers. Different layers may perform

different transformations on their inputs. From the first layer (the input
layer), signals are likely to travel multiple layers before reaching the last
layer (the output layer). More details of NNs can be found in Ref. [8].

We collected references about the SMs developed by NN for building
energy-related topics and listed them in Table 1. Some researchers
developed NN-based SMs to represent the original building energy/
performance models to simplify fundamental building physics [7,9,10].
Some NN-based SMs are developed for special purposes by considering
particular model features. Lopes and Lamberts [11] developed an SM for
predicting the cooling energy consumption of office buildings. By
including a new model feature in their NN models, proposed as Cooling
Enthalpy Hours, which is more reasonable for hot and humid regions
rather than Cooling Degree Days and Cooling Degree Hours, their model
can be applied to different climates with good accuracy. In the study
conducted by Jia et al. [12], besides general model inputs for
building-level prediction, parameters of orientation, exterior wall area,
window area, roof area, and apartment height above ground are
included in the model features to downscaling the prediction of monthly
cooling load from general building-level to apartment-level. Some re-
searchers developed models for optimization issues. Chegari et al. [13]
developed two NNs with identical model features to target annual en-
ergy thermal demand and annual weighted average of discomfort
degree-hours separately. Then, these models integrate with commonly
used metaheuristic algorithms to identify the optimal building envelope
design considering energy efficiency and thermal comfort. Some NNs are
applied to energy consumption prediction on a larger scale. In Ref. [12],
the authors developed an SM to estimate the monthly cooling load at the
building level with information on outdoor weather conditions, building
construction information and envelope characteristics, and HVAC sys-
tem operations. Then, the cooling load at a district level can be esti-
mated by summating the cooling load of each residential building
located in the district calculated by the developed SM. Nagpal et al. [14]
employed the developed NN-based SMs with an optimization algorithm
to find the highest-ranking combination of unknown parameters of a
target building during an auto-calibration procedure to vastly reduce the
computational expense. The proposed methodology makes it possible
for campus operators to reasonably estimate energy impact, which is
500 times faster than traditional approaches.

There existed some previous review studies focusing on building
energy forecasting with machine-learning approaches [15,16]; some of
them even specified NN techniques [17-19]. Some authors captured the
prosperous trend of developing SMs for building energy studies and
reviewed the state-of-the-art [1]. However, none of them emphasized
the particular scope of NN-based SMs in building energy-related studies.



Table 1

Details of data generation and processing for the development of neural network-based surrogate models.

Ref. Simulation Tool Sample Generation Dataset Processing
EnergyPlus Ecotect DesignBuilder TRNSYS Other Range Distribution Sample Sample Significance Independence Preprocessing Training/Testing Scaling
Method Size . i i . A Splitting
Sensitivity Correlation Ad- Encoding Randomization Removing Other
Hoc
[11] v v v/ LHS 250,000  / X v v 10-fold- CD X
[26] \/ X X X 268 \/ X \/ \/ 70-15-15 N
[27]1 \/ A dataset is used 768 \/ X \/ 55-15-30 N
[28] v D X 463 v X v 70-0-30 N
[30] Time series 58,237 \/ X X X X
[31] v Hourly data X v X Vv 90-0-10 N
[32] Vv v Y/ LHS 500 v/ X X 90-0-10 X
[33] Time series 742 v X v 66-0-33 X
[91 v v D X 714 v X v 80-0-20 X
[34] \/ X X 240 \/ X X 70-0-30 X
[35] Time series 8760 \/ X X Two datasets N
[36] Time series 8760 v X X Two datasets N
[37] V/ A dataset is used 768 v/ X v/ 5-fold- CD N
[38] x x x 8000 v 67-15-15 x
[39] \/ \/ X Box- 12,960 \/ X X 70-15-15
Behnken

[40] \/ A dataset is used 40,000 \/ X \/ 70-15-15 X
[41] YV v D X 77,000 v/ X v/ 50-25-25 N

10-fold CD
[42] \/ \/ X X X \/ X X X
[43] Y/ v X X 620,000 v X X 70-0-30

Extra data for

validation
[44] Vv A dataset is used 768 X X X 70-0-30 X
[45] V/ Vv \/ X 148 v X X 80-0-20 S
[1o1 v D X 180 v X X 70-0-30 X
[46] \/ \/ D X 5625 \/ X X Two datasets X
[47] \/ \/ X X X \/ X X X x
[48] \/ X X X 6435 Stepwise regression X \/ 10-fold CD S
[49] \/ \/ X X 200 \/ X X X N
[50] \/ X D X 586 \/ X X 10-fold CD N
[51] \/ A dataset is used 12,000 X X \/ Two datasets N
[52] Y/ Time series 8760 X X Y/ Two datasets X
[12] \/ \/ \/ LHS 11,700 \/ \/ \/ 80-0-20 N

Extra dataset for

validation
[53] \/ \/ X X 2611 \/ X X 50-25-25 N
[54] \/ Time series 3761 \/ X X 60-0-40 X
[55] \/ X X 54 \/ X X 80-0-20 X
[16] \/ A dataset is used 768 X X X 90-0-10 X
[56] \/ X X X 5240 X X \/ 70-15-15 X
[571 \/ X X X 1920 X X X 87.5-0-22.5 N
[58] \/ X X X X \/ X X X X

(continued on next page)
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Table 1 (continued)

Ref. Simulation Tool Sample Generation Dataset Processing
EnergyPlus Ecotect DesignBuilder TRNSYS Other Range Distribution Sample Sample Significance Independence Preprocessing Training/Testing Scaling
Method Size Sensitivity Correlation Ad- Encoding Randomization Removing Other Splitting
Hoc
[59] \/ Time series 168 \/ X X 60-20-20 X
[60] \/ \/ X X 1008 \/ X X X N
[61] Y/ v D X 2608 v X X 70-15-15 X
[62] \/ X X X 10,080 \/ X X 70-15-15 X
[63] A dataset is used 2184 X X X 85-0-15 N
[64] \/ \/ X X 328 \/ X X 56-24-20 \/
[65] \/ X LHS 450 X X X 90-0-10 X
[66] v v X LHS 9000 x X X 80-0-20 N
10-fold CD
[67] \/ Time series 2016 X X X 52-0-48 X
[68] \/ Time series 744 \/ X X X X
[69] \/ \/ X X 1602 X X 70-15-15 X
[70] \/ Time series 2,041,344 \/ X X Two datasets X
[711 Time series 8760%3 \/ X 33-33-33 X
[72] Y/ v D x 442 v X Vv 75-0-25 v
10-fold CD
[73] X D X 1560 \/ \/ 85-0-15 X
[74] v X D X 243 v X v 90-0-10 v
10-fold CD
751/ v D X 172,980 v X X 87-0-13 X
\/ D X 243 \/ X X Two datasets X
[76] \/ Time series 3288 \/ X \/ 70-0-30 X
[77] v X X ~5000 v X 80-0-20 N
[78] \/ D X 91 \/ X 70-0-30 N
[79] v A dataset is used 768 X X X 70-0-30 X
[80] A dataset is used 5000 X X X 80-0-10 X
\/ A dataset is used 768 \/ X X 75-0-25 X
[81] \/ \/ \/ LHS 300 \/ X X 80-0-20 N
[24] v v X LHS 52,560 v X 64-16-20 S
[82] \/ A dataset is used 10,368 X X Performed 70-20-10 N
[83]1 v D X 35 v X v/ 70-15-15 X
[841 4/ v X LHS 6400 v X X Two datasets N
[85] \/ \/ X LHS 15,000 \/ X X 10-fold CD N
[86] \/ Time series 35,040 \/ X X 75-0-25 X
10-fold CD
[14] \/ X X LHS 270 \/ X X X
[13] X L&W 35 v X 70-15-15
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In fact, though authors reported how they developed the models in the
publications, there is no consistent procedure available that stipulates
how to determine NN details and how to report them in a consistent
manner. Also, the underlying dataset used for training is vitally impor-
tant in determining the performance of the SM. The specification of the
training dataset should also be stipulated by the procedure. Finally, for
surrogate models, it is important to critically examine and evaluate the
performance of the model in comparison to the original detailed model.
Many papers lack adequate details of this process, making it impossible
to draw any definite conclusions about how well the surrogate models
performed. For studies that adopted a rigorous development process and
gave adequate details of the process, there is a much greater degree of
confidence in the results presented.

Therefore, in this paper, we propose a protocol for developing NN-
based SMs and reporting the details of the model and testing process.
Compared to previously developed protocols for general NN models [20,
21], we extended the steps by adding the procedure of dataset genera-
tion. We also improved several sub-steps to make the NN models
perform better. We then demonstrate this protocol by applying it to 68
papers that provide a comprehensive review of the literature relating to
surrogate modeling of buildings. The paper is organized as follows.
Section 2 describes the protocol step by step, including the generation of
sample datasets, the determination of the NN architecture and hyper-
parameters, and the evaluation of the surrogate model. The criteria for
evaluating performance and assessing the confidence level of the results
are also outlined in this section. Section 3 gives a summary of the
technical papers collected, including the simulation tools, the sample
generation, and detailed SM information. Moreover, the quality of each
SM is assessed using the proposed protocol, and the quality of all studies
is summarized. Lastly, we provide conclusions and directions for further
extending this work.

2. Protocol for developing and reporting surrogate models

SMs have been applied in a wide variety of applications [18,22], but
this paper provides the first detailed protocol for developing such
models in the area of building energy use. Forrester et al. [23] provide a
very broad overview of how to develop an SM. Generally, there are three
stages of the modeling processes: (1) preparing the data and choosing a
modeling approach, (2) parameter estimation and training, and (3)
model testing. Refs. [20,21] provide a protocol for developing general
NN models, covering the model development process, method, and level
of detail for each step and its justification. On that basis, we proposed a
protocol that can be used in developing SMs for any field of modeling; in
the following section, we take a building energy model as an example to
illustrate the protocol step by step.

The protocol is composed of three parts, shown in Fig. 1, including a
systematic surrogate model development procedure, criteria for assess-
ing the reporting of model details, and criteria for assessing the justifi-
cation of modeling choices. The first part, shown on the left in Fig. 1, is
used as a guideline for how to develop an NN-based SM. Each step is
identified with several sub-steps to outline the general developing pro-
cedures. The second and third parts of the protocol, shown on the right
in Fig. 1, focus on ensuring sufficient detail in reporting the imple-
mentation of the model and the associated justifications. The categories
for reporting and justification are shown in Fig. 2; the specific criteria for
each category for every sub-step are given in Appendix A in Table A.1
and A.2. In order to make our contributions clear, we have listed the
adaptations and extensions we made to the previously existing protocol:

a. Four steps were proposed in the systematic development procedure
by considering some steps in the previous protocol as sub-steps. As a
result of this revision, the purpose of each step will be more clearly
defined.

b. We expanded the steps of Input Selection and Data Collection in
Ref. [20] to Sample Generation. This step is an important element of
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surrogate model development since the scope of the dataset can
directly limit the SM capability. Specifically, we added sub-steps
such as input samples generation, output variables selection, and
corresponding outputs generation.

c. We extend the step of Data Splitting in Ref. [20] to Data Processing
by supplementing data pre-processing and data scaling, which can
impact model performance.

d. In the third step of NN-Based Surrogate Model Training, we define it
with four sub-steps, namely architecture selection (same in
Ref. [20]), hyperparameters determination, NN model creation, and
hyperparameter optimization.

e. In the last step of the development procedure, we removed the
structural validity included in Ref. [20] and kept replicative validity
and productive validity, considering that the purpose of SM valida-
tion is to evaluate its accuracy and effectiveness to represent the
original detailed simulation model.

f. We expanded on Ref. [20] to include a more detailed assessment of
the reporting and justification of each sub-step.

g. For the assessing of justification of modeling choice, we define three
categories instead of four categories in Ref. [20]. Specifically, we
removed the category of “Not Necessary” since all NN models have
several model hyperparameters to be tuned.

2.1. Systematic surrogate model development procedure

As one of the main purposes of the study, we propose a systematic
development procedure to make it clear how to develop an NN-based
SM. Here, a building energy model is taken as an example of the orig-
inal detailed simulation model. For other types of detailed simulation
models, the development procedure should be the same. Similarly, for
SMs based on machine learning concepts other than NNs, the procedure
should be applicable with the appropriate changes to the NN block. The
main differences between a general NN and a surrogate NN are the data
source and model application. For a general NN, “real” data typically
from measurements are used to train and test the model, while for an
NN-based SM, the “synthetic” data used for training and testing are
generated from the detailed simulator. The determination of inputs and
outputs should consider the number of simulations and the application
of the surrogate. Four main steps are included in the procedure, which
are sample generation, data processing, NN-based SM training, and SM
validation. Below is a detailed explanation of each step.

2.1.1. Sample generation

As a starting point, we assume that an appropriate detailed simula-
tion model is available and that it can be parameterized and executed
automatically. Once the reference simulation model is ready, developers
have to determine the inputs and outputs of the SM according to its
intended application. Target output variable(s) should be determined
first since they likely impact the input variable choice. Generally, an SM
with multiple output variables is more complicated than one with a
single output. Training for one output can yield better accuracy [24],
though many multi-output models exist. Overall, the selection of output
variables should carefully consider the purpose of the SM; what metrics
will be required by the end user?

Once the output variables are determined, the input variables can be
determined according to their impact on the outputs. Considering too
many input variables will increase the computational time and cost from
more parametric simulations and more complex SM development. Too
few input variables will result in limited capabilities of the developed
SM, especially if significant variables are excluded. However, consid-
ering irrelevant or insignificant inputs may impact the SM accuracy
while increasing the training time and making the network structure
more complex [25]. Including redundant input variables can lead to
similar results. Therefore, in this step, a significance check and inde-
pendence check should be conducted to filter the appropriate input
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variables. Again, the selection of input variables should consider the
purpose of the surrogate model; it is easy to specify models that are too
simple to be meaningful or too complex to be useable (or trainable with
a finite sample set).

Once the input variables and output variables are determined, it is
important to pay careful attention to all other values in the model that
will remain fixed. These set the “context” for the surrogate model, as the
outputs are only valid while these remain unchanged.

Finally, developers must generate input samples and corresponding
output samples. The sampling process should consider the ranges and
distributions of input variables, sampling method, and sample size.
Ranges and distributions can impact the SM feasibility and utility.
Again, the balance must be found between being too narrow/coarse-
grained and too wide/fine-grained. The sampling method is also
important since it can impact the sample size required and the repre-
sentativeness of the sample set. The number of samples required should
be selected according to the number of selected input variables and
sample method. If the sample set is too small, it will not cover the input
domain adequately. However, a large sample set means long simulation
times and potentially long NN model fitting times. The sample set will
impact the NN model accuracy. There must be a balance between the
sample set size, SM accuracy, robustness, simulation, and computing
time. Unfortunately, there are no easy rules of thumb for determining
sample size, as it greatly depends on the complexity of the underlying
problem space. It may be necessary to fit a preliminary model and assess
its accuracy, then return to generate more samples if required. Once the
input sample set is determined, a parametric simulation should be
conducted by using the input samples as parameter values in the
detailed simulation model to generate corresponding output samples.

2.1.2. Data processing

Once the parametric simulation is completed, the input samples and
corresponding outputs should be extracted from the simulation results to
form the sample dataset. There are three sub-steps required to prepare
this dataset for model fitting: data preprocessing, dataset splitting, and
data scaling.

Firstly, the integrity of the dataset should be checked. This includes
the exclusion of erroneous data; data points with severe errors or which
are not representative of the problem space should be removed. Next,
the data may need to be encoded. Some input variables are categorical
rather than taking continuous or integer values, such as “chilled water
pump configuration” or the day of the week. NN modeling best practice
is to encode these using “one hot encoding,” in which each categorical
choice becomes a binary input variable that takes a value of one if that
category is selected and zero otherwise. For example, for days of the
week, there will be seven input variables.

Sometimes, missing data points have to be generated during the
preprocessing sub-step, for example, for observed local weather if the
weather features are included in the model inputs [26]. It is noted that,
for the data preprocessing, randomization should be applied if the SM is
not using time-series data. Sadeghi et al. found that randomization can
improve the performance of the SM indicated by RMSE by 44 % and 50
% for heating and cooling load prediction, respectively [27].

The next sub-step is to split the data for training and testing of the
SM. In general, there are two methods. The first method is that the
sample dataset generated in the last step is split into the training subset
and testing subset according to a certain percentage. The training
dataset can be further split into sub-datasets for training and validation
according to a certain percentage. Validation is used to measure the
generalization of the model and to discontinue training when general-
ization ceases to improve. Testing is used to assess the performance of
the model during and following training. The main disadvantage of this
approach is that the representativeness of the original sample, which is
ideal for training, is no longer guaranteed in the testing dataset. The
second approach is using the sample dataset for training while building
an extra dataset for testing.
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Finally, data should be scaled using normalization or standardization
to remove the impact of magnitude and units, which can confuse the
model fitting process. Normalization is often used when the range of the
data varies widely, and the absolute values are not as important as their
relative positions. Typically, the rescaling range of a variable is between
0 and 1. Sometimes, the range between —1 and 1 is employed. It is also
useful when dealing with multiple variables that have different units of
measurement. Standardization, on the other hand, transforms the values
of a variable to have a mean of 0 and a standard deviation of 1. This
scaling technique is useful when the data has a Gaussian distribution and
when the absolute values of the data are important.

2.1.3. NN-based surrogate model training

Once the steps of sample generation and the data process have been
completed, the prepared training data can be used for SM development.
Model training typically begins with finding an appropriate machine-
learning algorithm. Here, we take NN as an example. Typically, this
process involves the determination of model architecture and hyper-
parameters by using hyperparameter optimization (HPO) to achieve the
desired level of model performance. Sometimes, model architecture is
classified as a model hyperparameter and is involved in optimization. In
this procedure, a “k-fold” cross-validation method is often used. The
sample dataset is divided into k folds, approximately the same size. One
of the folds is used for validation, while the other folds are for training.
Repeat the previous k times by using a different subset for validation.
The disadvantage of the cross-validation method is that the SM must be
trained k times. So, the parameter k should be considered carefully to
avoid a large increment of the computational cost.

2.1.3.1. Architecture selection. The NN model architecture determines
the overall structure and information flow of the model. NN models can
generally be classified into two types: feedforward neural networks and
recurrent neural networks. If the information is passed only in one di-
rection from the input layer to the output layer and terminated in the
output layer, it is a feedforward NN, the most common NN architecture.
A typical feedforward NN is a multi-layer perceptron (MLP), which
consists of an input layer, several hidden layers, and an output layer. If
the information is not only passed forward from the input layer to the
output layer but also backward from the output layer to the input/hid-
den layer through a feedback loop, it is a recurrent NN. The information
feedback from the output layers can be used to update the weights or
even structure of the model, which enables the model to capture the
complexities of highly dynamic systems. Long Short-Term Memory
(LSTM) networks are a type of recurrent neural network capable of
learning order dependence in sequence prediction problems. Feedfor-
ward NNs are most suitable for surrogate modeling, particularly if time-
resolved outputs are not required.

2.1.3.2. Determination of model hyperparameters. The model hyper-
parameters include the number of hidden layers, the number of neurons
in each layer, how they process signals, etc. Generally, there is one input
layer and one output layer, and the number of neurons in these layers
matches the number of input and output variables. The number of hid-
den layers can determine the NN model complexity and is often the first
target for hyperparameter tuning [28]. Increasing the number of hidden
layers can enhance the generalizability of the NN model. The number of
neurons in a hidden layer is an essential value as it impacts the capability
of dealing with complex data. However, too many neurons in hidden
layers may result in overfitting/overtraining problems [28]. In this case,
the generalization may be impaired because the model fits some “noise”
in the dataset. Concurrently, another problem that also affects NN per-
formance is underfitting, which occurs in shallow NNs with too few
neurons in hidden layers. Underfitting can result in large errors in the
NN [28]. There is no clear criterion for determining the number of
hidden layers and the number of neurons in hidden layers. The
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transfer/activation function translates the input signals to output sig-
nals. Four types of transfer functions are commonly used: ReLU (Recti-
fied Linear Unit), sigmoid, tanh (hyperbolic tangent), and softmax
functions.

2.1.3.3. NN model creation. After determining the architecture and
hyperparameters, the NN model is created to map the relationship be-
tween inputs and outputs under the model’s configuration. The archi-
tecture defines the general framework of the model. The number of
layers and the number of neurons in each layer regulate the complexity
and capability of the model. The transfer function stipulates the signal
transferred from inputs to outputs. The batch size defines the number of
samples that will be propagated through the network. The learning rate
controls how much to change the model in response to the estimated
error each time the model weights are updated. Finally, the outputs of
the model have to be compared with the results from the detailed
computer model to assess its performance.

2.1.3.4. Hyperparameter optimization. After creating the NN model, the
outputs of the model are compared to the target of the detailed computer
model under a certain numerical index. The determination of the index
should consider the application of the SM. For example, absolute values
should be used when the SM is within the context of a net-zero energy/
emission target. Relative errors can be employed to estimate building
retrofit performance. If the value of the numerical index meets the
required threshold, the training process is completed. The trained model
is ready for validation. If the value of the numerical index cannot meet
the requirement, the process of hyperparameter optimization should be
performed. Hyperparameter optimization or hyperparameter tuning
refers to the process of finding a set of model hyperparameters (e.g.,
learning rate, network depth, activation function, etc.) to enable the
model to better capture the relationship between the inputs and outputs.
HPO can have a great impact on model performance [29]; any study that
reports performance values without performing this step is at risk of
underestimating the potential accuracy if the model is tuned properly.
Many methods can be used to obtain the optimal model
hyper-parameters to improve performance, including global optimiza-
tion methods, such as genetic algorithms; stepwise methods, such as
pruning and constructive methods; Bayesian optimization methods; and
ad-hoc methods, such as trial-and-error or selecting a structure based on
previous experience. HPO must be conducted during model training
since, in order to evaluate a set of parameters, the performance of the
trained model must be known. This makes it a computationally expen-
sive process, as many training cycles are required. It should be noted
that the processing time of the optimization is an important selection
criterion, which has a linear behavior with the sample size, i.e., the
larger the sample size, the longer the optimization time. In Ref. [11], a
synthesis index is used to consider the statistic performance index and
computing time simultaneously.
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2.1.4. Surrogate model validation

This step aims to evaluate the capability of the SM to capture the
mapping relationship between inputs and outputs in the detailed com-
puter models. Only SMs whose outputs are close to the outputs of
detailed computer models within an acceptable error range with the
same inputs can employ future analysis to replace the detailed computer
model for the intended purpose. Therefore, the SMs should be validated
through the accuracy assessment both on training data and test data. We
call the former replicative validity and the latter alternative validity. If
the trained SM can generate precise outputs under the input set involved
in the training procedure, it is considered explicatively validated. If the
trained SM’s outputs are aligned to the dataset that is excluded from the
training procedure, always called “unseen data,” we can conclude that
the SM is predictively validated, and its generalization ability is
acceptable. To measure if an SM is validated on training data or test
data, generally, standard statistical figures, including means and vari-
ances, analysis of variance, goodness-of-fit, regression and correlation
analysis, and confidence interval construction, can be estimated as is
done for traditional statistical models. The selection of the statistical
index should consider the application of SMs; either absolute errors or
relative errors are sensitive to the application goal. To estimate retrofit
performance, generally, relative errors are employed. While for meeting
the net-zero goal in buildings, absolute values should be selected.

2.2. Assessing the reporting of model details

Research can only progress in a given field if the knowledge devel-
oped in each contribution can be understood and passed on to fellow
researchers in related fields. For this reason, not only must a rigorous
model development process be followed, but the modeling procedures
must be documented and reported in order to ensure that they can be
replicated and built upon in the future. A common problem in surrogate
modeling research is that insufficient model details are reported to allow
reproducibility.

In this paper, we use four levels of reporting following Ref. [20],
which are further developed according to the proposed development
procedure in section 2.1. The different levels of reporting are explained
in Fig. 2(a); these are applied separately to every sub-step of the model
development procedure above, except the sub-step of NN model creation
in NN-based SM training, which procedure is realized in the code and no
mention in the reporting. If the step is not reported, we assume it is not
applicable or not conducted and assign Level 0 (Not performed). Level 1
(Not reported) represents the case where a particular modeling step is
carried out, but the details of the method are not mentioned. Level 2
(Insufficiently reported) is assigned if the method used is mentioned, but
insufficient details have been provided, so the step cannot be replicated
by other researchers. Level 3 (Sufficiently reported) is used where
detailed information on the implementation is provided so that it can be
repeated for similar studies by other researchers. Details of how exactly
we defined the level of reporting for each step are shown in Appendix A
in Table A1.

2.3. Assessing the justification of modeling choices

The credibility and confidence in research results relating to surro-
gate modeling depend on the level of justification provided for the use of
a particular method at a particular step in the model development
process. The greater the level of justification, the lower the uncertainty
surrounding the selection of a particular method. This justification may
be presented in two ways: discussion-based or numerical. A discussion-
based justification is explanatory; the research reported is based upon
findings from previous studies or argued based on known principles.
Numerical justification undertakes direct comparative studies to show
which choices perform better. The latter can drive methodological ad-
vances in the field by providing numerical evidence for future studies.

We use three levels of justification revised from Ref. [20] to match
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our surrogate model development process. We assess the justification
provided for the use of a particular method in each model development
step, as shown in Fig. 2(b). Level 1 (Not justified) indicates that no
justification is provided; Level 2 (Discussion justified) means that a
discussion-based justification is provided based on findings from pre-
vious studies or logical arguments; Level 3 (Numerically justified) in-
dicates that numerical justification is provided by comparing the
method selected with alternatives.' Table A2 in Appendix A gives details
of how the levels of justification were defined for every step.

3. Quality assessment of reviewed papers based on the proposed
protocol

Finally, 68 papers were selected, including 57 journal papers and 11
conference papers. Fig. 3 shows the number of publications and citations
per year. There is an increasing trend in the number of papers published
since 2017, compared with only three papers in 2016. The method of
collecting the reviewed papers is explained in Appendix B.

Details of each sub-step of the developed optimal NN-based SM for
certain target output(s) are summarized and categorized according to
the proposed protocol. Particularly, Table 1 summarizes that how the
authors generated the samples, how the data were processed, and which
simulation tools they used. Table 2 presents details about the models’
training and validation, including model’s architecture and hyper-
parameters, and HPO methods. We mark it using" \/ "and" x "to show if
the information is presented and if the step is performed but the method
is not mentioned. We specify the method used in each sub-step to give an
overview of typical architectures and hyperparameters used in building
energy NN-based SMs.

The studies cover residential and/or non-residential buildings. For
time series prediction, the minimum time scale is 10 min. Most cases
focus on monthly/annual prediction. EnergyPlus is the most popular
simulation tool that is used to generate sample datasets for SM (41 %),
likely due to the ease of parameterization and automated execution. LHS
is the most popular sampling method. The dataset size varies hugely
from 35 to over 2 million. For the significance check, Ad-Hoc is widely
used, which means the authors select model input variables according to
domain knowledge or model development experience. Unfortunately, a
crucial sub-step, independence check, is seldom conducted. For dataset
splitting for training and testing, a percentage of 70-15-15 (considering
15 % of data for validation in training) or 70-30 are widely selected.
Normalization is used to scale the data more frequently than standard-
ization. FF-MLP is the most prominent model architecture. In the re-
ported optimal number of model layers, 3 to 6 is preferred. Layers of 3 or
4 are more general. The transfer function of sigmoid is adopted over half
of the cases with a clear statement of transfer function information (51
%), followed by tanh function. Levenberg-Marquardt is popularly
applied with other optimization methods to tune hyperparameters, such
as PSO and BR. For the model validation, almost all cases selected nu-
merical accuracy performance without considering the cost of computer
resources or computational time.

Fig. 4 summarizes the overall assessment results of each sub-step for
all reviewed cases. In addition, the quality of reporting and justification
of each model shown in Tables 1 and 2 is shown in Appendix C, which is
assessed according to levels of reporting and justification shown in the
proposed protocol (Sections 2.2 and 2.3). In the following, we present
the quality assessment result of each sub-step.

1 It should be noted that Level 3 does not apply to the sub-steps of range and
distribution in sample generation step, as in contrast to the other steps, where
there is no numerical way to justify the range and distribution selection. Also,
Level 3 does not apply to model validation step, where model predictive ability
can be used to assess the relative performance of different methods (e.g., cali-
bration methods, methods for selecting the number of hidden nodes etc.), there
is no quantitative measurement for validation performance.
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3.1. Sample generation

The range, distribution, sampling method, and sample set size used
are critical aspects of the SM development procedure. However, this is
rarely given enough attention in reporting. Over half of the reviewed
papers do not report the ranges used for sampling, while only 10 % of the
papers state the ranges with solid references. 80 % of papers do not
present the selected range with evidence or references. For the studies
that do not employ existing datasets, 58 % of the papers do not mention
the distribution used for sampling, though distribution has an important
role in data sampling and the determination of proper scaling
techniques.

For the sampling method, 44 % of papers are Level 0 (Not per-
formed), meaning either an existing dataset from a batch simulation is
used or discrete values are selected arbitrarily and used as samples. Only
31 % of authors report the method used for sampling, with 23 %
describing the method in detail or via references. 86 % of papers do not
show the justification for the selected sampling method.

For the determination of sample set size, although the information is
disclosed in more than 90 % of papers, only 6 % of the authors justified
the chosen value via a numerical test. For most papers, we have no idea
why the value was selected.

For the input variable selection, a significance check and indepen-
dence check should be conducted to filter the best input variables to use
as model features. Features with limited importance on the target out-
puts will increase the model complexity and computational cost of the
SM with limited benefit or even a detrimental impact on model perfor-
mance. Redundant features have a similar impact. Therefore, signifi-
cance check and independence check are highly recommended.
However, our results show that 90 % of studies did not provide enough
details about significance checks. Most researchers select the important
input variables according to their knowledge or experience, while only
12 % of researchers justify their choices numerically. Unfortunately, few
studies conduct the independence check between the input variables.
Only Ref. [12] considered it during the procedure of linear regression.

3.2. Data processing

For the three sub-steps in sample dataset processing, only 9 % of
authors clearly show the data preprocessing procedure. In reality, this
sub-step cannot be skipped since the simulation results should be
examined to see if there are any failed running or unreasonable cases.
For certain input variables, encoding is needed to convert the informa-
tion to a useable value. In the studies in which authors generated their
input-output datasets, over 50 % have no mention of data preprocessing.
Only 9 % reported the procedure with enough detail. Only one out of 68
studies numerically justified the procedure used [10]. It is indicated that
randomization and moving average can improve RMSE of heating load
by 44.37 % and 16.34 %, respectively. The former can improve 50.07 %
of cooling load prediction. In contrast, the latter has no improvement in
cooling load prediction [10]. The sub-step of training/testing splitting is
about the dataset preparation for model training, validation, and testing,
which is an important step for model validation from a different
perspective. If the developed model only works with the training dataset
and its capability is not tested in unseen data, the generalization per-
formance of the model cannot be guaranteed. Most researchers conduct
the procedure using cross-validation. 68 % of studies built the different
datasets for training and testing with a clear description. However, the
results show that researchers select a conventional percentage for data
separation instead of a numerical determination. The data obtained
from the step of sample generation should be scaled to remove the
impact of magnitude and units. Normalization is used in 78 % of studies
that conduct the scaling step.
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Table 2
Details of training and validation of neural network-based surrogate models.
Ref. NN-based Surrogate Model Training Surrogate Model Validation
Architecture Hyperparameters Hyperparameter Training Data Test Data
FF/FF-MLP Other Number of Layers Number of Neurons Transfer Function Optimization

Sigmoid Tanh ReLU

[11] x 14-29-1 v BFGS Num Num
Time
[26] v 14-25-4 X LM Num Num
Plot Plot
[27] \/ 8-10-8-8-2 \/ GS Num Num
[28] \/ 10-5-6-4-2 \/ LM-BR/GS Num Num
[30] \/ 7-20-20-3 \/ BR Num
[31] \/ 10-5-2-1 \/ BP Num Plot
[32] v 29-x-1 Y/ LM Num Num
T&E
[33] \/ 9-x-1 \/ LM Num
12-x-1
[9] \/ 3-6-4 \/ BR Num Num
[34] \/ 1-3-1 \/ LM/T&E Num Num
[35] \/ 22-14-4 \/ LM Num Num
Time Time
\/ 22-8-4 \/ BP/Adam Num Num
Time Time
[36] \/ 6-20/19/9/11/10-1 \/ LM Num Num
6-12/13/1415/18/19-1 Vv BR Num Num
[371 \/ 4-4-2 \/ BR/T&E X Num
[38] \/ 3-6-1 X X Num Num
[39] X 11-25-24-15-1 \/ LM Num Num
11-13-19-13-1 GA
[40] Vv 8-50-13 v SCG Num
[41] v 8-14-1 vV BFGS Num
8-10/14/12-1
8-15-1
[42] \/ 4-18-20-4 X LM Num X
[43] v 12-13-1 Vv LM-BR Num
[44] \/ 8-5-2 X BBO Num Num
[45] \/ 4-7-5-1 \/ LM Num Num
[10] \/ 6-3/6/10-1 \/ ELM Num Num
[46] \/ 6-24-12-2 \/ GD Num Num
[471 \/ 7-13-13-13-13-1 X X Num X
[48] Vv 14-12-12-12-1 \/ LM Num Num
[49] v 19-8-1 v PSO& X Num
16-9-1 ACO
[50] \/ 8-3-2 \/ BP Num
[51] \/ 16-10-16-1 \/ LM/T&E Num Num
[52] \/ X X BP Num Num
[12] \/ 14-13-1 \/ RMSprop Num Num
[53] \/ 6-13-1 Nonlinear LM Num Num
[54] \/ 8-12-1 X BP Num Num
[55] \/ X X BP Num
[16] \/ X \/ X Num Num
[56] \/ 6-14-15-1 \/ LM Num Num
[57] \/ X \/ X Num
[58] v X X LM Num Num
[59] v 8-10-1-1 Y/ LM Num Num
[60] \/ 7-23-1 X X Num
[61] \/ 6-60-1-1-1 X BR Num Num
[62] \/ 3-20-1 \/ BP Num
[63] \/ 12-8-1 \/ BP Num Num
12-30-1
12-400-120-1
12-500-250-1
[64] Vv 9-10-1 \/ LM/Graywolf Num Num
[65] \/ 19-8-1 X X Num
[66] Vv 39-50-50-50-1 Vv GD Num Num
39-100-100-100-1
39-150-150-150-1
[67] v 6-x-2 v X Num

(continued on next page)

10



D. Hou and R. Evins R ble and S ble Energy R 193 (2024) 114283
Table 2 (continued)

Ref. NN-based Surrogate Model Training Surrogate Model Validation
Architecture Hyperparameters Hyperparameter Training Data Test Data
FF/FF-MLP Other Number of Layers Number of Neurons Transfer Function Optimization

Sigmoid Tanh ReLU

[68] \/ Scatter is 0.16 NA Radial Num, Time

[69] \/ 6-10-1 x LM Num

[70] \/ 12-100-100-100-1 X Iteration Num Num

[71] \/ 6-4-1 X LM Num

6-10-1
6-2-1
6-8-1

[72] X X X X X Num

[731 \/ 29-50-25-7 \/ BP Num Num

[74] \/ 14-6-1 X X X Num

[75] \/ 6-20-3 \/ LM/T&E Num Num
\/ 8-20-2 V4 LM Num Num

[76] X 8-x-1 v LM Num Num

[771 V/ 4-8-1 v LM Num Num

v Number of cluster 9 NA NA Num Num

[78] X 6-5-3-4-2-1 \/ GA Num Num

[79] \/ 8-X-1 \/ GD Num

[80] \/ X X X Num
\/ X X X Num

[81] \/ Two hidden layers X X X Num

[24] \/ X \/ X Num Num

[82] \/ 8-X-X-X-X-2 \/ Adam X Num

X between 15 and 18

[83] \/ 11-4-1 \/ LM/PSO Num

[84] \/ 12-x-x-4 \/ LM-BR Num Num

[85] \/ 15-6-1 \/ LM/ACO Num

15-9-1
[86] \/ 39-39-1 \/ BP Num
69-15-1
[14] X 32-x-1 X X Num Num
[13] \/ 11-4-1 \/ LM/PSO Num Num
Assessing the reporting of model details Assessing the justification of modeling choices

Range [NISRAII  23% s DO (O

Distribution - [[33% 39% % ,»% %% 44

Sample Method (1A 2% L4 UGN [ G

Sample Size 5% 4% 84% O

Significance  [1116%12% 2% 0% 2% G

Independence [0 999 S

Pepocessing. (A 2 (S i

Training/Testing Splitting | 13%  19%  [68% T 6 s

Scaling 4% 22%  [06% | s T .

Model Architecture  10% 69% BV . ]

Number of Layers  16% 4% 0% % RO

Number of Newrons  27% 48% Cos% 4 IS

Transfer Functions 33% 55% 2 s IS

Hyperparameter Optimization  20% 6% e sw

Validationon Training Data [10%4%  27%  [WS9% T e .

Validaionon Test Do 2% 31% G (s

= Not Performed + Not Reported  Insufficiently Reported m Sufficiently Reported

m Not Justified mDiscussion Justified mNumerically Justified

Fig. 4. Quality assessment of the reviewed papers using the proposed protocol for each sub-step.

3.3. NN-based surrogate model training

The choice of architecture is the foundation of an NN-based SM since
it determines the nature of the NN models that are used to approximate
the sampling space. From our review, it is concluded that FF-MLP is the
most popular one employed in building energy prediction. However, in

some studies, the authors do not report the architecture type. Many state
that an NN model is employed with an illustration figure of an FF ar-

11

chitecture. Only four models justify the selection of the architecture used
in a numerical way. Once an architecture is selected, the number of
layers and number of neurons in each layer should be determined sub-
sequently since they are the two most important hyperparameters. These



D. Hou and R. Evins

values should be reported and discussed in detail. However, around half
(44 %) of researchers selected a single hidden layer by default and
without any exploration of multiple layers. To determine the number of
neurons, generally, there are two approaches. Several researchers pro-
posed equations to calculate the number of neurons in the hidden layers
according to the number of model features (input variables), number of
outputs, and/or data size. Another method is to find the number through
optimization, such as global methods, grid search (GS), or trial and error
(T&E). Regarding transfer functions, 88 % of studies do not report it
with sufficient detail. Most selected functions (81 %) are without any
justification, discussion, or supporting references; only one study justi-
fied the choice of function in a numerical way [51]. The authors pro-
posed 12 combinations of different transfer functions in the hidden layer
and output layer to investigate the effect. The MAPE and R2 calculated
on test data range from 5.58 % to 23.45 % and 0.73 to 0.98, respectively.
The transfer function of SigmoidAxon applied to both the hidden layer
and output layer outperforms. 24 % of studies clearly described the se-
lection of the learning algorithm or the optimization method used to
improve model performance, with 4 % of studies justifying it numeri-
cally. Reynolds et al. [30] conclude that the most sensitive hyper-
parameters are the number of layers and the number of hidden neurons;
little difference is found between Bayesian Regularization and
Levenberg-Marquardt learning algorithms or Log-sigmoid and
Tan-sigmoid transfer functions. Wang et al. [31] also confirm the lack of
difference between the transfer functions of sigmoid and tanh. In addi-
tion, they conclude that nonlinear models perform much better in pre-
diction than linear models since the R2 drops dramatically when there is
no activation used. In Fonseca and Pereira’s research [9], they stated
that, although different activation functions impact the accuracy
improvement slightly, the time taken for hyperparameter optimization
using Bayesian Regularization and Levenberg-Marquardt is much lower
(less than 10 min) compared with the gradient descent algorithm
(1.0-2.5 h). Balancing performance and speed, Bayesian Regularization
is determined to be the best choice. From the review, we found that in
studies about SM-based performance optimization or control optimiza-
tion for building system or building design, the procedure of hyper-
parameters are always absent, even key ones such as the number of
hidden layer and number of neurons. It is noted that the concept of
automated machine learning (AutoML) has emerged, which refers to
automating the end-to-end process of applying machine learning to
real-world problems. The purpose of AutoML is to make machine
learning more accessible to non-experts, as well as to reduce the amount
of time and resources required for the development and deployment of
machine learning models. A recent survey of the current state of the art
of AutoML has been published by He et al. [87].

3.4. Surrogate model validation

In some cases, the type of validation is not clearly pointed out since
the authors do not mention which type of dataset is used in the accuracy
calculation. Instead of summarizing the assessment results for all
studies, we reported the assessment results for which cases the valida-
tion type is clear (49/67). It is found that 90 % of studies calculate the
accuracy index both on training data and test data. It is noted that no
Level 3 of Justification in the validation of training data and test data is
shown in Fig. 4 since numerical justification is not applicable for this
step. However, no authors sufficiently discussed the rationality of the
selected performance index.

4. Conclusions and future work

In this paper, we propose a protocol for surrogate modeling
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development, especially using neural networks. The protocol is
composed of three segments, including the systematic development
procedure, the assessing of reporting of model details, and the assessing
of justification of the implementation of each sub-step. The protocol can
be applied to surrogate modeling in any research field. The authors take
an example of building energy prediction to show the application. In
total, 68 papers are collected, and the quality of the developed optimal
SM is assessed according to the protocol. Details of the developed
optimal NN-based SMs, such as simulation tools for parametric simula-
tion, sample generation, type of model architecture, values of model
hyperparameters, the HPO method, etc., are summarized.

It is shown that, in building energy prediction, the simulation tool of
EnergyPlus is popularly employed in the parametric simulation to
generate input-output samples. Information on the range and distribu-
tion of model parameters for propagation is not reported sufficiently.
Authors pretend not to provide solid references for their selection.
However, this information is essential since it determines the feasible
region of the developed SMs. Significance check is performed well either
in a discussion way or a numerical way. A few papers report the
implementation of the independence check, which cannot be skipped
since it is critical to model feature selection. LHS is applied in most cases.
Data preprocessing is strongly recommended since it can guarantee data
integrity and assist in the model’s performance improvement. The
splitting percentage of 70-15-15 or 70-30 is accepted through the
common practice of training data and splitting data generation.
Normalization is the most common scaling technique. For the NN model
development, feedforward/feedforward multiple perception is widely
used in research, even for time-series prediction. The report quality of
hyperparameters and the justification for their determination can be
higher by reporting more details and justification procedures to
convince readers of findings and conclusions. In the SM validation part,
the accuracy of the developed SM should be reported both on training
data and test data to show the model’s performance to seen and unseen
data. Notably, the performance of SMs is critical whether in retrofit
assessment or in SM-based optimization controls. Therefore, reporting
sufficient details of the SM development and justifying the imple-
mentation is important. Only conclusions and findings obtained from
replicable procedures are meaningful and trustable for readers.

This work gives insight to readers for a test at the beginning of their
surrogate NNs development and how to report the development pro-
cedure and conduct the justification. In the future, the authors’ group
would like to focus on how to develop high-performance SM with
affordable computing resources and computing time. Particularly, we
will put the main effort into suggestions of NN model type under
particular application purpose, the relationship between sample size,
model features, and model complexity.
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Appendix A

Table A.1

Proposed assessment categories for assessing the reporting of NN-based surrogate model details.
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Steps Category 0 (Not  Category 1 (Not reported) Category 2 (Insufficiently Category 3 (Sufficiently
Performed) Reported) Reported)

Sample generation Range NA. Not mentioned. Information is shown in the paper,  Information is shown with
A dataset is but insufficient details on how to sufficient details on how to
used, or time determine it. determine it.
series data is
used.

Distribution NA. Not mentioned. Information is shown in the paper,  Information is shown with
A dataset is but insufficient details on how to sufficient details on how to
used, or time determine it. determine it.
series data is
used.
Sample Method NA. A datasetis ~ Not mentioned. The method is mentioned with The method is mentioned with

Data processing

NN-based SM
training

Model validation

Sample Size

Significance check

Independence check

Preprocessing

Training/Testing splitting

Data scaling

Architecture selection

Determination of model
hyperparameters (Number of
layers, Number of neurons,
Transfer/activation function,
etc.)

Hyperparameter optimization

Training data & Test data

used, or time
series data is
used.

NA. A dataset is
used, or time
series data is
used.

Not mentioned.

Not mentioned.

Not mentioned.

Not mentioned.

Not mentioned.

NA.

NA.

Not mentioned.

Not mentioned.

Not mentioned.

Performed. But the method
is not mentioned.

Performed. But the method
is not mentioned.

Performed. But the method
is not mentioned.

Performed but the method
is not mentioned.

Performed but the scaling
method is not mentioned.

The model architecture is
not mentioned.

The hyperparameter is not
reported or just mentioned
without any details about
how to determine it.

Performed but the method

is not mentioned.

Performed but the method
is not mentioned.

insufficient details. So, it cannot
repeat.

The size is mentioned. But
insufficient details about how to
determine the size.

The method is mentioned;
however, the procedure cannot be
repeated due to a lack of
information.

The method is mentioned;
however, the procedure cannot be
repeated due to a lack of
information.

The method is mentioned;
however, the procedure cannot be
repeated due to a lack of
information.

The method is mentioned;
however, the procedure cannot be
repeated due to a lack of
information.

Data scaling method mentioned
but not enough details to repeat.

The model architecture used is
mentioned; however, not enough
information is provided so that the
architecture can be recreated.

The method of how to determine
the hyperparameter is mentioned;
however, the procedure cannot be
repeated due to a lack of details
about how to determine it.

The method used for HPO is
mentioned; however, the
procedure cannot be repeated due
to a lack of information.

The model validation method(s)
used is mentioned, however, not
enough information (e.g., details/
references) is provided so that the
procedure can be repeated.

sufficient details to repeat it.

The size is mentioned.
Sufficient details about how to
determine the size.

The method is described in
detail (or relevant references
are provided), so that it can be
repeated for the same/similar
studies.

The method is described in
detail (or relevant references
are provided), so that it can be
repeated for the same/similar
studies.

The method is described in
detail (or relevant references
are provided), so that it can be
repeated for the same/similar
studies.

The method is described in
detail (or relevant references
are provided), so that it can be
repeated for the same/similar
studies.

The data scaling method used is
described in detail (or relevant
references are provided), so that
it can be recreated.

The model architecture used is
described in detail (or relevant
references are provided), so that
it can be recreated.

The method of how to
determine the hyperparamter is
described in detail (or relevant
references are provided), so that
it can be recreated.

The HPO method is described in
detail (or relevant references
are provided), so that it can be
recreated.

The model validation method(s)
is described in detail (or
relevant references are
provided), so that it can be
repeated for the same/similar
studies.
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Table A.2

Renewable and Sustainable Energy Reviews 193 (2024) 114283

Proposed assessment categories for the justification of modeling choices in the NN-based surrogate model development process.

Steps Category 1 (Not  Category 2 (Discussion Justified) Category 3 (Numerically Justified)
Justified)
Sample Range No justification.  The selection of a particular range is NA.
generation justified in a discussion way, such as with
clear evidence or reference.
Distribution No justification. ~ The selection of a particular distribution is ~ NA.
justified in a discussion way, such as with
clear evidence or reference.
Sample Method No justification. ~ The use of a particular sample method is The use of a particular sample method is
justified in a discussion way. justified by comparing it to alternative sample
method.
Sample Size No justification. ~ The determination of the sample size is The determination of the sample size is
justified in a discussion way. justified by comparing it to other sample size.
Significance No justification. ~ The use of a particular significance check The use of a particular significance check
method is justified in a discussion way. method is justified by comparing it to
alternative significance check method.
Independence No justification. The use of a particular independence check  The use of a particular independence check
method is justified in a discussion way. method is justified by comparing it to
alternative independence check method.
Data Preprocessing No justification. ~ The Justified in a discussion way. Justified by comparing it to alternative model
processing architectures.
Training/Testing splitting No justification. ~ The generation method is justified in a The generation method is justified by
discussion way. comparing it to alternative method.
Data scaling No justification.  The use of a particular scaling method is The selection of a particular scaling method is
justified in a discussion way. justified by comparing it to alternative scaling
method.
NN-based SM Model Architecture No justification. The use of a particular architecture is The selection of a particular architecture is
training justified in a discussion way. justified by comparing it to alternative model
architectures.
Determination of model hyperparameters No justification. ~ The optimal hyperparameter is justified in The optimal hyperparameter is justified by
(Number of layers, Number of neurons, a discussion way. comparing it to other numbers.
Transfer/activation function, etc.)
Hyperparameter optimization No justification. ~ The use of a particular optimization The use of a particular optimization algorithm
algorithm is justified in a discussion way. is justified by comparing it to alternative
method.
Surrogate Training data & Test data No justification.  The use of a particular model validation NA.
model method is justified via discussion.
validation
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Appendix B
Methodology for review paper collection

To collect papers related to the topic, the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) methodology was applied
[88]; the PRISMA flowchart is shown in Figure B1.

Search in Scupus for | | Search in Scupus for | | Search in Scupus for | | Search in Scopus for
buildings energy predict NN
(n=2,541,667) (n=10,673,901) (n=3,250,161) (n=151,879)

I I | |
v

Combined keywords and removed
records due to duplicates
(n=799)

Y

Publication between 2016~2022
(n=558)

|

Language in English

(n=551)
h 4 ¢
Screened records based on title and Excluded records based on title and
abstract review abstract review
(n=175) (n=376)

|

Screened records based on full-paper
review: related to surrogate ANNs
(n=56)

Identified papers in references
(n=12)

Y

Studies included in qualitative

synthesis and meta-analysis
(n=67)

Fig. B.1. The PRISMA flowchart of this review.

Scopus is the main search engine of the methodology, where the full list of searching keywords is the full combination of each sub-keywords. Here,
three kinds of sub-keywords are identified. The first sub-keyword narrows the paper to focus on building energy systems. The full list of the first sub-
keywords is: “building”, “HVAC”, “in buildings”, “dwelling”, “household”, “cooling”, and “heating”. The second sub-keyword defines the energy type
to be predicted. The full list of the second sub-keywords is: “energy”, “load”, “electricity”, “consumption”, “demand”, “gas”, and “steam”. The third

e

sub-keyword defines the action of prediction; the full list of the third sub-keywords is: “forecast”, “predict”, and “estimate”. The example search
keywords are “building electricity predict”, “cooling demand forecast”, “electricity estimates in buildings”, and so forth. The total number of search
keywords in this paper is 7 * 7 * 3 = 147 keywords. Then, “NN” was added to the search. After the combination of all four sub-keywords and removed
duplicates, 799 papers were identified. When we range the publication year between 2016 and 2022, the number of related papers decreases to 558,
including 551 papers in English. One hundred seventy-five papers were selected after screening records based on title and abstract. Since we cannot
define a list of words to scope the studies focus on surrogate NN development, these kinds of sub-keywords were not included. Instead, a manual check
was conducted to identify papers related to surrogate NNs, which brought the list down to 56 papers. By double-checking the references of the 56

selected papers, an extra 12 papers were added to the paper pool.
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Appendix C
Table C.1

Summary of the assessment results of reporting and justification of the developed neural network-based surrogate models.
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