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Abstract 

This study proposes a transfer learning (TL)-based 

inverse approach to identify unknown building properties 

from monthly energy data. For this purpose, the artificial 

neural network models were developed from simulation 

results of sampled EnergyPlus models and then 

transferred to the domain of existing buildings. It is found 

that the TL models can be used to identify unknown 

factors in existing buildings. In addition, data collected 

from EnergyPlus simulation runs can improve the 

performance of a data-driven model when TL is adopted. 

It is expected that the use of TL enables the developed 

model to be reusable for another group of buildings with 

improved performance and reduced training time.  

 

Key Innovations 

• A transfer learning-based inverse approach is 

proposed to identify unknown building 

characteristics from aggregated monthly 

electricity data. 

• The EnergyPlus simulation results can be 

utilized to improve the performance of a data-

driven model through transfer learning. 

• The transfer learning model can be re-trained in 

a computationally efficient manner and may be 

re-used for other buildings. 

 

Practical Implications 

Use transfer learning to develop a data-driven model, 

when available data is not sufficient for training. Virtual 

data from simulation results of a physic-based model 

could be a good alternative when data is not available. 

 

Introduction 

To bridge the performance gap between the predicted and 

measured energy uses, many studies have been conducted 

to estimate uncertain parameters of a building energy 

model. Such estimation approaches can be categorized 

into physics-based vs. data-driven, and deterministic vs. 

stochastic, as depicted in Figure 1 (Ahn et al., 2019). 

Physics-based deterministic approaches usually couple 

first-principle models (e.g. EnergyPlus) with measured 

data. Manual approach finds unknown parameters by 

repeated attempts until success, i.e., trial-and-error. This 

could be a good alternative for a simple model that 

requires only a few input parameters but would be an 

exhaustive procedure for a complex model with many 

inputs. The least-squares approaches that are widely used 

for optimization can be used to minimize the squared 

deviation between measured and predicted outputs 

(Reddy and Andersen, 2002). Yoon et al. (2011) 

estimated unknown parameters in the lumped model of a 

double-skin façade system by adopting a deterministic 

optimization. Many studies have focused on automatizing 

this optimization process to reduce the manual effort 

(New et al., 2012; Robertson et al., 2013; Yang et al., 

2016). However, most of these may demand significant 

computational cost even for a single building and thus 

may not be suitable for large-scale implementation. 

 

 

Figure 1: Parameter estimation approaches used in the 

building energy modeling process (scope of this study in 

blue) [modified from Ahn et al. (2019)] 

 

Data-driven deterministic approaches utilize measured 

data and can alleviate computational burdens of physics-

based models, enabling large-scale applications. 

Clustering techniques have been applied to identify 

unknown building properties from available data. An et al. 

(2012) estimated heat transfer parameters of building 

envelope by grouping buildings based on similarity 

criteria through clustering technique. Westermann et al. 

(2020) identified the clusters of energy signatures to 

estimate heating systems and building use type from 

smart meter data. Artificial neural networks (ANN) have 

been adopted to develop a surrogate model as well as to 

reduce computational cost. Nagpal et al. (2018) developed 

surrogate models of ANN to reduce computational cost 

for parameter estimation through optimization routines. 
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Nutkiewicz et al. (2019) combined residual networks 

(ResNet), one of the deepest convolutional neural 

network (CNN) architectures, with physics-based energy 

simulation to automatically calibrate urban building 

energy models.  

Many stochastic approaches for both physics-based [e.g., 

Bayesian inference (BI)] and data-driven [e.g., Gaussian 

process (GP)] have been introduced, because 

deterministic approaches cannot consider stochastic 

characteristics of unknown parameters. Bayesian 

inference (BI) has attracted increasing interest due to its 

capability to estimate probability distribution of uncertain 

input parameters using domain knowledge (i.e. prior 

distribution) and observed data (i.e. likelihood) (Tian et 

al., 2018). The Bayesian approach has been widely 

applied not only to an individual building (Heo et al., 2012; 

Chong et al., 2017), but recently also to a large group of 

buildings (Sokol et al., 2017; Tardioli et al., 2020). Heo et 

al. (2012) used Markov chain Monte Carlo (MCMC) for 

parameter estimation in a normative building energy 

model. Chong et al. (2017) proposed the improved 

framework using the No-U-Turn Sampler for BI of 

building energy models. While the MCMC is used for a 

one-time estimation, Kalman filter (KF) and particle filter 

(PF) are used for iterative estimation. This means that 

posterior distributions of uncertain parameters can be 

updated at each time step. Kim and Park (2017) used KF 

to estimate internal heat sources that may vary over time. 

Li and Liu (2017) applied PF for real-time room cooling 

load estimation.  

Bayesian approaches have been applied to urban-scale 

building energy modeling. Sokol et al. (2017) first 

classified buildings into archetypes using available 

information and then estimated probability distributions 

of highly uncertain parameters by Bayesian calibration. 

Tardioli et al. (2020) conducted clustering analysis to 

identify representative buildings and calibrated building 

energy models at district scale using surrogate techniques 

and Bayesian techniques. 

Despite of many advantages of Bayesian approaches, the 

following four issues have been reported (Yi et al., 2019; 

Yi et al., 2020): 

1. Prior selection: Prior distributions may have a large 

impact on the posterior distributions (i.e. estimated 

unknown parameters). In other words, results of BI 

may vary according to the type and parameter values 

of prior distributions that are usually selected by 

expert knowledge due to lack of statistical data.  

2. Observed data: Results of BI may be biased by low 

quantitiy, low precision, and low temporal resolution 

of observed data and the correlation between 

observed data and simulation results. 

3. Computational cost: BI demands relatively high 

computational cost, since it is based on Monte Carlo 

samplings. To reduce this cost, many studies have 

used a data-driven surrogate model rather than a 

dynamic simulation model.   

4. Parameter identifiability: Unknown parameters 

sometimes cannot be estimated or unidentifiable due 

to over-parameterization (i.e. too many parameters to 

estimate) or correlation among parameters. 

In contrast to ANN, CNN, and clustering algorithms, GP 

can reflect the stochastic relationship between inputs and 

outputs of a model. Ahn et al. (2019) adopted GP to 

estimate the stochastic heat removal rate and efficiencies 

of eight parallel heat pumps in a hospital building.  

Although many rigorous approaches have been 

introduced, many of them require a large amount of data. 

In other words, at least a similar amount of data used for 

case studies may be required to apply the methods to new 

target buildings. This hinders previous studies to be 

reused for other buildings. 

To overcome the lack of detailed building data and the 

reusability issue, this study proposes a transfer learning 

(TL)-based inverse modelling approach. Figure 2 depicts 

the hypothesis of this study investigating the feasibility of 

the TL approach. This requires only limited data available 

and can estimate unknown building thermal properties in 

a computationally efficient manner. For this purpose, an 

ANN (artificial neural network) model is pre-trained with 

virtual data generated by simulation runs from sampled 

EnergyPlus models and then is transferred to real data of 

existing buildings by fine-tuning. The proposed approach 

can rapidly identify building properties, such as U-value 

of building envelopes, COP (coefficient of performance) 

of heat pumps, and lighting power density (LPD), given 

aggregated monthly electricity use data. For this study, 

data of 61 existing buildings are collected, and the 

transferability of data-driven models from the EneryPlus 

domain to the domain of existing buildings is examined. 

It is noteworthy that the model developed for a specific 

building may be easily re-used for any buildings through 

TL, given a small amount of data.  

 

 

Figure 2: Hypothesis of this study: reusability vs. data 

dependency for three different modelling approaches  

 

Methods 

Transfer learning 

When adopting machine learning methods, the lack of 

training data is a main challenge not only in building 

simulation domain, but also in many other domains. In 

addition, although sufficient data is available, training a 

model with large dataset often tasks a long time. To 

overcome these issues, transfer learning (TL) has been 
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applied to many tasks in various fields, such as image 

classification and natural language processing. The 

purpose of TL is to transfer knowledge obtained from 

‘source’ domain to ‘target’ domain in order to train a data-

driven model with limited data available. In this study, the 

authors used TL to identify unknown factors because TL 

can inherit knowledge learned from ‘source’ data as 

exemplified from Figure 3. While conventional machine 

learning approach requires a separate model for each task, 

TL approach can use one model for many tasks by rapid 

fine-tuning (Figure 3). In other words, a data-driven 

model trained with ‘source’ data can be re-used after fine-

tuning with ‘target’ data which may be by itself not 

sufficient for training data.  

 

 

Figure 3: (a) conventional machine learning (ML) 

approach vs. (b) transfer learning (TL) approach 

 

Recently, several studies have applied TL to building 

simulation domain. Grubinger et al. (2017) proposed an 

online TL framework for indoor temperature prediction in 

residential buildings, and the performance improvement 

of TL was shown by experiments on a simulation 

environment. Ribeiro et al. (2018) applied TL to develop 

a data-driven model to predict electricity consumption in 

a school building by using source data from four other 

school buildings. Fan et al. (2020) presented that a TL-

based methodology can reduce the prediction error of 

electricity consumption from 15% up to 78%. Chen et al. 

(2020) examined the transferability of indoor temperature 

and relative humidity prediction models between two 

buildings located in different climate zones using 

EnergyPlus. Xu et al. (2020) investigated whether a deep 

reinforcement learning-based HVAC controller 

developed for an individual building can be transferred to 

other buildings. The result showed that transfer learning 

can significantly reduce training time, energy cost, and 

temperature violations.  

While previous studies effectively showed the adaptation 

capability of TL from virtual buildings to virtual buildings 

or from existing buildings to existing buildings, this study 

examines the transfer from virtual buildings to existing 

buildings, especially for estimating unknown properties. 

Figure 4 visualizes the steps of the proposed TL-based 

inverse approach in this study, and the details are 

described in the following subsections. 

 

 

Figure 4: Procedure of the proposed transfer learning-

based inverse approach 

 

Data description 

The authors collected data of 61 existing office buildings 

from drawings and specifications (Table 1). These 

buildings are equipped with electric heat pumps (EHP). 

Figure 5 shows five selected buildings out of 61 buildings. 

The data contains date of construction, gross floor area, 

the number of floors, cooling and heating COP of EHP, 

thermal properties of envelopes (U-values of wall, roof, 

floor, and window), lighting power density (LPD) (W/m2), 

monthly electricity consumption, etc. Table 1 summarizes 

the collected data, and monthly EUI (electricity) of the 

collected buildings are plotted in Figure 6.  

 

 

Figure 5: five selected buildings out of 61 existing office 

buildings 

Table 1: Collected data of 61 existing buildings 

Variable Min. Mean Max. 

Use type Office 

Dominant cooling system EHP 

Year of construction 2013 2017 2019 

Gross floor area [m2] 1,407 8,645 37,977 
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Dataset #1
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Number of floors [-] 3 10 22 

U-value (wall) [W/m2K] 0.10 0.23 0.41 

U-value (roof) [W/m2K] 0.10 0.13 0.24 

U-value (floor) [W/m2K] 0.11 0.20 0.46 

U-value (window) [W/m2K] 0.89 1.96 2.70 

Cooling COP [-] 2.37 3.40 4.73 

LPD [W/m2] 4.58 8.77 21.33 

 

 

Figure 6: Monthly Energy Use Intensity (EUI) 

(electricity) of 61 existing buildings 

 

Step 1. Generate synthetic data using Latin 

Hypercube Sampling (LHS) of EnergyPlus models 

Because sufficient data is not available as is generally the 

case, the authors decided to generate synthetic data that 

would be source data for transfer learning. The generated 

data is used to develop an artificial neural network (ANN) 

model. For this purpose, a medium office of U.S. DoE 

(Department of Energy) reference commercial buildings 

was sampled using Latin Hypercube Sampling (LHS) 

based on Table 2 (U.S. DoE, 2012). The office building is 

located in Seoul, South Korea and has a total floor area of 

4,982m2 with 3 stories above ground, and is equipped 

with EHPs for heating and cooling and a gas boiler for hot 

water. 

 

Table 2: Sampling distribution of parameters 

Variable 
Distribution 

(uniform) 
Reference 

U-values  

(wall, roof, and floor) 

[W/m2K] 

[0.18, 0.5] 

MOLIT 

(2018) U-value (window) 

[W/m2K] 
[2.1, 3.8] 

SHGC [-] [0.4, 0.8] 

Infiltration [ACH] [0.1,0.7] 
Hyun et al. 

(2008) 

Cooling COP [-] [2, 6] collected 

data Heating COP [-] [2, 6] 

HVAC start [hour] [6, 9] - 

HVAC stop [hour] [19, 22] - 

Cooling set point [˚C] [24, 27] - 

Heating set point [˚C] [17, 21] - 

Occupancy [people/m2] [0.04, 0.3] Li et al. 

(2016); 

ASHRAE 

(2011) 

LPD [W/m2] [6, 35] Hopfe 

(2009) Equip. density [W/m2] [6, 30] 

 

For LHS, uniform distribution was selected because the 

purpose of sampling is not to reflect the actual statistics 

of the variables, but to provide ANN models with 

balanced dataset, leading to better prediction accuracy. In 

total, 10,000 virtual buildings (EnergyPlus models) were 

generated. Although these buildings do not represent 

existing office buildings, ANN models could acquire 

prior knowledge, e.g. building thermal dynamics and 

HVAC dynamics, and could transfer this knowledge to 

rapidly adapt to existing buildings with limited data 

available. 

 

Step 2. Train ANN models with the synthetic data 

obtained in Step 1 

To identify (1) nominal cooling COP of EHPs, (2) U-

value of walls, and (3) lighting power density (LPD) from 

monthly electricity use data, three ANN models were 

trained with the synthetic data obtained in Step 1. 

Figure 7 shows the structure of the ANN models that has 

12 inputs (monthly energy use), three outputs (cooling 

COP, wall U-value, LPD), ten hidden layers each with 16 

nodes. The dataset of 10,000 virtual buildings were split 

into two subsets: 7,000 for training and 3,000 for 

validation. Each ANN model was trained and validated 

for 1,000 epochs with the learning rate of 0.001. 

Prediction results were evaluated with CVRMSE 

(coefficient of variation of the root mean square error), 

MBE (mean bias error), and MAPE (mean absolute 

percentage error). These can be computed as follows: 

𝐶𝑉𝑅𝑀𝑆𝐸 (%) =  
1

�̅�
√

∑ (𝑚𝑖−𝑠𝑖)2𝑛
𝑖=1

𝑛
 × 100  (1) 

 

𝑀𝐵𝐸 (%) =  
∑ (𝑚𝑖−𝑠𝑖)𝑛

𝑖=1

∑ 𝑚𝑖
𝑛
𝑖=1

× 100 (2) 

 

𝑀𝐴𝑃𝐸 (%) =  
1

𝑛
∑ |

𝑚𝑖−𝑠𝑖

𝑚𝑖
|𝑛

𝑖=1 × 100 (3) 

 

,where m = measured value, s = simulated value, and �̅� 

= mean of measured values. 

 

 

Figure 7: Structure of ANN 

Elec. use intensity 

[kWh/m2·mo]  

Input layer Hidden layers Output layer

• 10 layers

• Dense 16

• Leaky ReLU

Jan Jul

Feb Aug
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• (1) Nominal cooling COP [-]

• (2) Wall U-value [W/m2K]

• (3) LPD [W/m2]
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Step 3. Transfer learning to fine-tune the trained ANN 

models on real data (61 existing buildings) 

In Step 3, transfer learning was adopted to fine-tune the 

ANN models (pre-)trained in Step 2. After fine-tuning 

with the target data (i.e., 61 existing buildings), the 

models trained with the source data (i.e., 10,000 virtual 

buildings) can be used for existing buildings. To fine-tune 

the neural network models, the last (or more) layers 

should be unfrozen and re-trained with the target data, 

while maintaining the trained weights of the other 

remaining layers. The number of unfrozen layers can be 

selected depending on how much data we have. If a target 

task is much different to a source task, more layers should 

be re-trained. Fewer layers to re-train, less training data 

and less computation time are required. In this study, only 

the last layer was re-trained for 1,000 epochs with the 

learning rate of 0.001. After un-freezing the last layer, the 

number of trainable parameters for the ANN models are 

only 17, while 2,673 parameters are required to train a 

new ANN model. This indicates that TL can significantly 

reduce computational cost, i.e., easily scalable to a large 

group of buildings. For example, the TL process for the 

ANN model of COP took only 16.2 seconds in the 

hardware environment as follows: AMD Ryzen 7 2700X 

eight-core processor for CPU, 32GB RAM, and NVIDIA 

GeForce GTX 1060 6GB for GPU. 61 buildings were split 

into 49 for training a TL model and 12 for validation (for 

LPD, 38 for training and 10 for validation due to missing 

data). 

 

Results 

Prediction accuracy of ANN models trained with 

virtual buildings’ synthetic data 

The authors developed ANN models pre-trained with the 

synthetic data generated in Step 2, and these models were 

used to implement transfer learning (TL) in Step 3. Figure 

8 shows the validation results of the pre-trained ANN 

models for 3,000 virtual buildings (EnergyPlus models). 

The results indicate that the ANN models can capture the 

relationship between the input (EUI) and the outputs 

(cooling COP, wall U-value, and LPD). 

Performance improvement by transfer learning 

To evaluate the performance improvement by transfer 

learning, two baseline cases were made: (a) source to 

target (S2T) and (b) target to target (T2T). S2T represents 

that the ANN models pre-trained with the synthetic data 

are directly used to predict real data (i.e. 61 existing 

buildings), while T2T, a conventional machine learning 

modelling approach, uses only real data for training and 

validation. We compared the results of these two 

baselines with those of (c) our proposed transfer learning 

(TL) approach. 

As shown in Figures 9-11 and Table 3, the S2T models 

have poor estimation performance for all three outputs. 

Not only large variance in estimation is observed, but also 

the results contain physically unrealistic values, e.g., 

negative values of COP, U-value, and LPD were observed. 

It can be said that the S2T models cannot be directly used 

for target data prediction, as we expected. 

To compare T2T with TL, we repeated the evaluation 

procedure 100 times with randomly shuffling training 

(80%) and validation (20%) dataset, because how dataset 

is split may affect the performance of both T2T and TL 

models. The results of the 100 random cases for T2T and 

TL were summarized in Table 3. The relative 

improvements achieved by TL against T2T in terms of 

CVRMSE were 11.80% (28.60%−16.80%), 8.79% 

(41.76%−32.97%), and 9.12% (50.21%−41.09%) for 

nominal cooling COP, wall U-value, and LPD, 

respectively (Table 3). One of the improvement cases (the 

lowest CVRMSE of TL) for each output were scattered in 

Figures 9-11. The significant gaps between T2T and TL 

demonstrate that the TL models were properly adapted to 

existing buildings by integrating the prior knowledge 

acquired from virtual buildings to existing buildings. 

Although TL outperforms T2T in the most of 100 random 

cases, T2T is comparable to TL or even surpasses TL in 

several cases. This can be explained as negative transfer 

meaning that TL has worse performance than T2T (Weiss 

et al., 2016). Negative transfers were observed in 1, 18, 

and 23 out of 100 cases for cooling COP, wall U-value, 

and LPD, respectively. 

It is noteworthy that the LPDs were poorly estimated by 

both T2T and TL (Table 3), while these were captured 

with the lowest error (CVRMSE=5.57%) of the three 

outputs in idealized environments (i.e. EnergyPlus) 

(Figure 8c). The reason for this might be that LPD would 

change dramatically in existing buildings as influenced by 

occupant behaviors and operational schedules, while U-

values and COP would change relatively less than lights 

over time. In other words, LPD in existing buildings may 

be different from the LPD documented in drawings and 

specifications, thus it may be difficult to estimate from 

monthly energy data only.  

 

Table 3: Validation error of two baselines (a) S2T and (b) T2T and (c) our proposed TL approach 

Variable Nominal cooling COP Wall U-value Lighting power density 

Case (a) S2T (b) T2T (c) TL (a) S2T (b) T2T (c) TL (a) S2T (b) T2T (c) TL 

CVRMSE [%] 106.16 28.60 16.80 70.69 41.76 32.97 153.19 50.21 41.09 

MBE [%] -54.83 -3.40 0.94 52.44 -0.39 0.09 130.61 2.49 -0.69 

MAPE [%] 92.48 22.64 13.68 147.04 36.55 27.95 59.69 41.14 32.24 
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Figure 9: Estimation results for nominal cooling COP: (a) S2T, (b) T2T, and (c) TL 

 

Figure 10: Estimation results for wall U-value: (a) S2T, (b) T2T, and (c) TL 

 

Figure 11: Estimation results for lighting power density: (a) S2T, (b) T2T, and (c) TL 

(a) source to target (S2T) (b) target to target (T2T) (c) transfer learning (TL)

CVRMSE = 11.20%CVRMSE = 27.84%CVRMSE = 106.16%
-16.64%

Improvement 

by TL

(a) source to target (S2T) (b) target to target (T2T) (c) transfer learning (TL)

CVRMSE = 13.76%CVRMSE = 37.81%CVRMSE = 153.19%
-24.05%

Improvement 

by TL

(a) source to target (S2T) (b) target to target (T2T) (c) transfer learning (TL)

CVRMSE = 19.90%CVRMSE = 59.61%CVRMSE = 70.69%
-40.52%

Improvement 

by TL

Figure 8: Validation results of pre-trained ANN models on 3,000 virtual buildings (EnergyPlus models) 

(a) Nominal cooling COP (b) Wall U-value (c) Lighting power density

CVRMSE = 6.80% CVRMSE = 20.92% CVRMSE = 5.57%
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Conclusion 

This study proposes a transfer learning (TL)-based 

inverse modelling approach. The proposed approach can 

rapidly identify unknown building properties (nominal 

cooling COP of EHP, wall U-value, and lighting power 

density) from aggregated monthly energy (electricity) use 

data by maximizing the utility of available data through 

TL. 10,000 virtual buildings (i.e. EnergyPlus models) are 

generated by Latin Hypercube Sampling to pre-train an 

ANN (artificial neural network) model, and the pre-

trained model was transferred to the domain of existing 

buildings by fine-tuning with real data. It was noted that 

data-driven models trained only with data obtained from 

virtual buildings cannot be directly used for existing 

buildings, as we expected. However, the models that were 

first trained with virtual data and then were re-trained with 

data of existing buildings through TL significantly 

outperform the models trained only with data of existing 

buildings in terms of accuracy (CVRMSE) by about 10% 

on average. In addition, the TL procedure can be 

conducted in a computationally efficient manner (about 

16 seconds in this study), because only much fewer 

parameters (17 parameters in this study) are re-trained 

(2,673 parameters are required without transfer learning).  

It is interesting that data collected from simulation runs of 

a physics-based model can be utilized to improve the 

performance of a data-driven model by adopting TL. 

Moreover, the performance of the model developed in this 

study can be further improved by re-transferring the 

model to other buildings with a small amount of data. In 

other words, the developed TL models can be used as a 

pre-trained model and transferred to another group of 

buildings, while keeping the information obtained in this 

study. Such expected improvement potential is 

schematically depicted in Figure 12.  

 

 

Figure 12: Expected performance improvement of 

transfer learning according to number of transfers  

 

The proposed approach can be beneficially applicable to 

large-scale collection (or estimation) of building 

properties when detailed data is not available or collecting 

data is too costly, and potential applications that could be 

future works of this study may be as follows: 

• Building energy benchmarking: Due to the lack of 

detailed building data, many existing building energy 

benchmarking systems have to rely on EUI per use 

type (office, school, hospital, etc). However, it could 

lead to a false comparison when two buildings 

consume same EUI but have different thermal 

characteristics, such as thermal properties of building 

envelopes and efficiencies of HVAC systems. By 

using charateristics identified using the proposed 

approach, buildings can be categorized into peer 

groups by ‘similar’ performance charateristics and 

then compared for ‘objective energy performance 

benchmarking’ rather than ‘EUI-based 

benchmarking’.  

• (Urban) building energy modeling and calibration: 

Identified parameters can be used for simulation 

inputs of (urban) building energy models when data is 

not available and on-site data collection is not possible 

or too costly.  

In spite of the merits in the proposed method, some 

limitations still exist. While this study showed the 

transferability of the ANN models from virtual buildings 

to existing buildings, the transferability to different 

building use types, climates, HVAC types, or periods of 

construction should be examined for larger applicability. 

It should be also figured out whether the proposed method 

can be used for other relevant parameters not conducted 

in this study due to lack of data, such as thermal mass, 

infiltration, solar heat gain coefficients, and operational 

information (e.g., set-point temperature, HVAC operation 

schedules, and occupancy). These will be future works of 

this study. 
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