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Abstract

In  building stock modelling, several bottom-up
methodologies have been developed to assess the energy
demand and emission reduction potential of the stock but,
often have transitional limitations to shift from aggregated
to disaggregated stock boundary conditions. To further
understand the limitations of various building-stock
modelling approaches, this paper presents a comparison
of three major bottom-up building stock-level
methodologies, GIS-based, sample-based and sample-
free synthetic models, to evaluate the accuracy and added-
value of these approaches for use in bottom-up
engineering model. The cross-over analysis has been
implemented on Tokyo commercial building stock as a
case study. The results show that sample-based synthetic
approach leads to good agreement when compared to the
energy demand estimations due to added-advantage of
involving more extensive and wider range of micro-
datasets.

Key Innovations

e Agranular level framework in choosing the right
building stock modelling approach.

o Implementation of synthetic approach to
commercial building stock.

e Proposed an evaluation index (rAPD) to assess
the generation accuracy of each approach.

Practical Implications

This cross-over analysis will provide a granular level
framework to assist the city level planners and policy
makers in choosing the right building stock modelling
approach for predicting the energy demand and GHG
emissions of the commercial building stock.

Introduction

As per IEA (2017), the building stock is one of the main
sources of global final energy consumption and offers an
enormous emissions reduction potential due to reliance on
fossil fuel based end-use equipments and lack of adoption
of energy efficiency measures. Therefore, there is a need
to formulate regulations and strategies to perform the
accurate assessment of energy demand patterns and
emission reduction potential across the stock. However,
these stock-level analyses can be challenging due to lack
of information corresponding to building characterization
and quantification across various sectors. In the order to
provide transitional framework between aggregated and

disaggregated boundary conditions, it is important to
select a model based on availability and quality of data as
well as the relevant system features required to developed
discrete representation of building stock.

Building stock-level analysis is an approach that provides
information related to the group of building types and
heterogeneity among buildings, which can address the
regulations and strategies for assessing the aggregated
energy demand and emission reduction potential of the
stock (Kavgic et al. 2010). Building stock can be further
classified into geo-building and type-building stocks.
Geo-building stock is the group of buildings which are
disaggregated according to geographical referenced
description. Type-building stock is the group of buildings
which are classified according to usage and characteristics
in common. To perform the stock-level analysis
considering bottom-up engineering model, there are two
main stock modelling approaches: geo-referenced and
synthetic approaches. The first method uses geographical
information systems (GIS) to incorporate geo-referenced
dataset within the model (Osterbring et al. 2016), while
other method follows a synthetic approach by either using
iterative proportional fitting (IPF) (Hermes et al. 2012)
and Monte Carlo random sampling (Lenormand et al.
2013) to generate sample-based and sample-free building
stocks respectively. The first synthetic approach consists
of sample-free building stock methodology which uses
aggregated data, such as census, due to non-availability of
micro-dataset, while the latter approach consists of
sample-based building stock methodology which uses
sample micro-dataset to generate disaggregated building
stock. Moreover, these approaches are compared with a
geo-referenced stock methodology, a disaggregated
stock-level approach, which has recently gained greater
focus due to availability of data at multi-scale resolution.

In building stock level-analysis, several methodologies
have been developed to quantitatively improve the
robustness of models and the consideration of
heterogeneity of building stock but most of these studies
have not focused on identifying the impact of these
methodologies on the performance level of urban building
energy models (UBEMs). To the best of the authors
knowledge, this study presents a comparison of three
major building stock approaches for the first time. The
study points out the advantages and disadvantages of
synthetic building stock approaches in comparison to a
GIS-based building stock approach by using detailed
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Figure 1: Overview of transitional shift from aggregated to disaggregated boundary conditions.

dynamic building simulation tool. The study aims to
contribute to the literature development as follow:

1. To quantify the accuracy and added-value of these
building stock modelling approaches for use in
bottom-up engineering model.

2. To provide a granular level framework in choosing
the right building stock modelling approach by
assessing the availability (or uncertainty) of data at
either aggregated or disaggregated level.

3. To demonstrate the use of these approaches in
predicting the energy demand and GHG emissions of
the commercial building stock of Tokyo, Japan.

Overview of methods
Sample-free synthetic method

Sample-free synthetic method is a stock-level approach
which uses known distribution of aggregated structure
data to generate synthetic population of buildings. A
representative sample stock is constructed by iteratively
performing Monte Carlo random sampling based on
known distribution of attributes, which represents the
specified composition of aggregated dataset (Lenormand
et al. 2013). Sample-free synthetic model is easy to
develop even with limited availability of data but the
major disadvantage is the randomness of input space due
to generation of de-correlated attributes within individual
records. Moreover, this approach is feasible to be used in
those countries/regions or cities where the availability of
micro-dataset is not possible.

Sample-based synthetic method

Sample-based synthetic method is an extension of either
synthetic  reconstruction (SR) or combinatorial
optimization techniques, which uses marginal distribution
obtained from survey-based sample to generate the
representative individuals considering the various
dimensions or elements of stock (Hermes et al. 2012).
Typically, iterative proportional fitting (IPF), a bi-
proportional approach to estimate a k-way marginal table
while still preserving the correlation matrix, is the most
common technique used in this method to fit the obtained
disaggregated distributions. The general concept of the
method is to apply multinominal logistic regression, a
semiparametric classification approach which uses
logistic function to predict the probabilities of dependent
variables, on the survey dataset to obtain the distribution
probabilities and then uses IPF technique to fit the
obtained disaggregated distributions. Moreover, this
method is more flexible to be used at multiscale level

(from national to district scale) but can be very time-
consuming due to sample collection, attainment of
marginal distributions and complexity associated with
fitting of higher dimensional data.

Geo-referenced stock method

Geo-referenced stock method utilizes geographical
information systems (GIS) to retrieve a geo-referenced
micro-dataset of building stock at disaggregated level
(Osterbring et al. 2016). The development of geo-
referenced micro-dataset requires multiple acquisition
techniques, such as drones, remote sensing,
transformation of BIM data, and vectorizing existing
drawings, to convert existing data into geo-database.
Typically, geo-database is characterized into five level of
details (LOD 0-4) which are differentiated based on list of
features, attributes, dimensionality, and complexity
involved in the specified model (Biljecki et al. 2016). This
method facilitates data integration by coupling and
merging multiple datasets to improve the quality of geo-
building stock and provides better spatial dimensionality
(Luuchi et al. 2019) to consider urban environment
settings and dynamic occupancy behaviour within the
model. Moreover, this method has gained greater
attention in the field of urban building energy modelling
(UBEM) due to facilitation in the development of time-
geo framework which can provide realistic description of
building details at multi-level temporal and spatial
resolution.

Methods

The following section provides the detailed overview of
cross-over framework of building stock-level approaches
to develop bottom-up engineering model and its
application for the commercial building stock of Tokyo,
Japan. In order to compare stock-level approaches, the
three major building stock approaches are implemented
with transitional shift from aggregated to disaggregated
boundary conditions, as shown in Figure 1, for
quantifying the accuracy and added-value of each
approach. The building stock-level  cross-over
methodology consists of following steps (Figure 2):

1. The initial step is data collection. All the available
information is gathered either through national (or
city-level) census, sample surveys or geographical
information systems (GIS) workflow to retrieve geo-
referenced micro-dataset, depending on the preferred
approach of building stock modelling.
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2. The second step involves building stock initialization
to generate either synthetic or geo-referenced stocks,
which are further segmented on the basis of various
criteria, such as building type, size, layout and age,
according to the level of available information
specified in each type of structural data.

3. After building stock initialization, the building stock
characterization is performed to define all the
possible attributes associated with stock-level by
using various techniques.

4. The fourth step involves building stock quantification
and evaluation, during which the obtained proportion
of basic block structure, such as building
classification by size, total floor area by building
classification, floor composition and construction
period, of buildings are compared with the existing
structure of the stock.

5. Inthe last step, detailed dynamic building simulation
is performed to assess the accuracy implications of
stock-level approaches in predicting the energy
demand and GHG emissions.

Data Collection

|

Building Stock
Initialization

I

Building Stock
Characterization

l

Building Stock
Evaluation

Building physics
simulation

Figure 2: Cross-over framework to assess building
stock-level approaches.

Data Collection

As a case study for the application of these approaches,
hotel buildings of Tokyo are selected to evaluate the
accuracy and added-value of these building stock models.
Moreover, the building stock of hotel is estimated to
consist of 3320 buildings which nearly covers 13.61
million m? of total floor area in Tokyo. In order to
investigate the effect of various input factors on stock
level, various input data sources, such as census, sample
surveys and geo-database, are used to develop these
approaches. To construct the sample-free synthetic stock,
the most basic level of building stock aggregated data that
comes from Statistical Bureau of Japan (SBJ, 2017) is
considered, which only contains structural data of
building type, building classification by size, total floor
area by building classification and construction period. In
sample-based synthetic method, multiple survey datasets

are obtained from Japan Sustainable Building Consortium
(JSBC, 2017), Society of Heating, Air-Conditioning and
Sanitary Engineers of Japan (SHASE-J, 2017) and
Japanese Association of Building Mechanical and
Electrical Engineering (JABMEE, 2010), that contains
disaggregated building sample data such as total floor
area, number of floors, construction period, insulation
level and building systems (heating, ventilation, and
cooling systems). To carry out geo-referenced stock
method, geo-database is collated from Tokyo
Metropolitan Government (TMG) which comprises of
approximately 150,000 commercial buildings of Tokyo.
The geo-referenced micro-dataset contains  key
determinants and variables such as building geometric,
non-geometric,  typology and  building level
morphological data.

Building stock initialization

In this step, all the methods use the same basic features of
building structural data, such as building type, building
classification by size, total floor area by building
classification, floor composition and construction period,
to initialized the building stock. Based on simplified
structural data of Statistical Bureau of Japan (SBJ, 2017),
sample-free stock is generated to initialize synthetic
building stock for the hotel segment of Tokyo. In this
method, correlation concept within building features,
such as relation between total floor area and number of
buildings in each classification, are used to obtain average
total floor area and number of floors for each
classification. Subsequently, average footprint area for
each classification is obtained by dividing average total
floor area by average number of floors. The stock is
segmented into 5 types based on building classification by
size, CL1 to CL5 buildings are classified as those with
size less than 300 m? for CL1, size between 300 and 2000
m? for CL2, size between 2000 m? and 10000 m? for CL3,
size between 10000 m? and 30000 m? for CL4 and size
greater than 30000 m? for CL5, as defined by Japan
Sustainable Building Consortium (JSBC, 2017). From
that extended simplified structural data, a representative
stock is initialized which creates individual records of
buildings.

In sample-based synthetic approach, the data integration
is performed to couple and merge multiple survey
datasets, and then the distribution probabilities in terms of
number of floors and construction period are obtained
from integrated dataset. After this step, iterative
proportional fitting (IPF) is used to initialized synthetic
building stock by constraining obtained distributions
through marginal data table schemes. Moreover, in geo-
referenced stock method, the retrieval workflow of
geographical information systems (GIS) is applied to
extract geo-referenced micro-dataset which contains the
main attributes of buildings incorporated with spatial
characteristics. Overall, this step results in the basic block
structure  of  building stock that  represents
aggregated/disaggregated level data which can be further
characterized in terms of other attributes.
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Building stock characterization

This step involves further characterization of attributes
associated with initialized building stock. Table 1
provides the detail description of techniques used to
characterize building attributes for different approaches.
In sample-free synthetic approach, the initialized building
stock is further characterized depending on the
availability of specified data by using either deterministic
approach or Monte Carlo sampling from distribution. In
case of non-availability of empirical data related to any
building attribute, the maximum and minimum range
value of the distribution is used to run Monte Carlo
simulation. In this method, truncated log-normal
distribution is used to characterize continuous variables
such as building height, window-wall ratio and aspect
ratio, for incorporation of skewed distribution associated
with these variables within stock. Those attributes, such
as building orientation, who show equal chances of
outcomes are characterized by uniform distribution. The
proportion of HVAC (Heating, Ventilation and Air-
Conditioning) systems are obtained from Society of
Heating, Air-Conditioning and Sanitary Engineers of
Japan (SHASE-J, 2017) data, which is considered within
the stock by using normal distribution. In terms of
building envelope, all methods use building age-band
classification to define the thermal properties of windows
and walls.

Table 1: Comparison of initialization and
characterization techniques for different approaches.

Attributes Sample-free | Sample- Geo-
based referenced
Total floor area
Number of Multiple
Census
floors surveys
Building age
TMG geo-
Building height | Log-normal TMG database
distribution report
Aspect ratio Log-normal Property
distribution tax data
Orientation Uniform <
distribution
Neighbourhood M MLIT v
adjacency land use
HVAC systems Normal Logistic Logistic
distribution | regression | regression
Building shape | Rectangular parallelepiped L. UandR
(R)
Building Age-band classification
envelope

By using multiple survey datasets in sample-based
synthetic method, the proportion of building attributes are
obtained in terms of distribution probabilities and then
characterization is performed by using iterative
proportional fitting (IPF) to fit the specified distribution
probabilities. In this method, the distribution probabilities
of building attributes, such as building height and aspect
ratio, are obtained from the sample dataset of Tokyo
metropolitan government report and property tax data. To

model shading effect of neighbourhood, Ministry of Land,
Infrastructure and Tourism (MILT) regulations are used
to consider the typical conditions for each classification.
Moreover, HVAC stock model is structured and
calibrated after the model of logistic regression to
quantify HVAC probabilities by Yamaguchi et al. (2017),
in which several predictors such as total floor area,
demographic factors and building age are considered.

The geo-referenced stock method involves enriched
dataset which contains key determinants and variables,
such as building height, orientation, aspect ratio, shape
coefficient and urban morphological attributes, for
individual building in the stock. Moreover, to further
enrich geo-referenced micro-dataset, logistic regression is
used to incorporate heating and cooling systems within
the stock, to achieve better comparability with other
synthetic building stock approaches. In order to show the
significance of geo-referenced model, we also developed
a neighbourhood adjacency model (NAM) to simplify the
analysis of the shading effect made by adjacent buildings
(Sun et al. 2021). NAM consists of following four steps:
1) Search for neighbourhood buildings adjacent to target
building; 2) Calculate solar altitude angle (3) for specific
location; 3) Extract potential shading buildings (np;< nsw;
where npjand nsy are the distance of neighbourhood from
target building and the shading length of neighbourhood
building); and 4) Shadow pre-processing to determine
effective shading neighbourhood building ((Min(nDj),
Max(nHj)); where nHj is the height of neighbourhood
building). Based on the analysis, we obtained distance and
height of neighbourhood adjacent to each target building,
which were considered to calculate the ranges of these key
parameters for each archetype.

Building stock evaluation

To further evaluate the accuracy of synthetic stock
approaches, relative absolute percentage difference
(rAPD) measure is considered. rAPD is the performance
measure to assess the initialization accuracy by
determining the absolute percentage difference between
estimated and generated stocks. rAPD is mathematically
defined as follow:

@)

where, T and T are the estimated and generated stock
respectively. Thus, a APD value close to 0 suggests the
better generation accuracy of that approach.

Building stock energy simulations

In order to perform the building energy simulations at
stock-level, the segmentation process is performed based
on various criteria, such as building classification by size,
age and HVAC systems. In initialization step, the stock is
segmented into 5 types based on building classification by
size and then to further improve the granular level details,
building age and HVAC systems which consists of 6 age-
bands and 44 systems respectively, are considered after
characterization step to segment the stock into
heterogeneous archetypes.

Proceedings of the 17th IBPSA Conference
Bruges, Belgium, Sept. 1-3, 2021

1784
https://doi.org/10.26868/25222708.2021.30586



INTERNATIONAL

i1 BUILDING
||} < PERFORMANCE

(IS 5| MULATION

J_"m ASSOCIATION

The baseline building energy models are developed for
each archetype by using EnergyPlus 8.6 interface and then
simulated those models to further assess the energy
demand and GHG emissions of the hotel building stock.
The simulated model also requires climate data,
occupancy schedule, internal and external equipment
loads and HVAC operational data, which are set based on
Japanese building regulations and some previous studies
(Kim et al. 2019). The simulated results are further
validated by comparing them with national level database
estimates, which are obtained by calculating the weighted
average values of each building classification by size and
then aggregated those to get estimates in terms of primary
energy demand and GHG emissions.

Building Classification
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Figure 4: Distribution of HVAC stock using different
building stock approaches: (a) cooling systems; (b)
heating systems; and (c) fuel type.

Results & Discussion

This section presents the results of cross-over analysis of
building stock-level approaches. First, the structure of
building stocks obtained from different approaches are
presented. After that, the evaluation process to quantify
the structure quality of building stock is described.
Finally, the results of dynamic building simulations to
assess the accuracy of each approach are presented.

Figure 3 shows the structure of building stock in terms of
building classification, floors and total floor area using
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different approaches. As shown in figure, the structure of
modelled stock using sample-free approach deviates
majorly in all aspects in comparison to other approaches.
This is because the building stock is randomly initialized,
using only census data, on the basis of the number of
buildings within each classification. In this study, geo-
referenced stock is assumed to be the reference case for
the evaluation of structure of building stock using
synthetic approaches due to better granular capability of
this method to represent realistic description of building
details at multi-level temporal and spatial resolution.
Table 2 shows the statistical overview of rAPD for
different building stock approaches. As it is evident, the
sample-free synthetic approach produces maximum
rAPD values across all the aspects, while sample-based
synthetic and GIS-based stock approaches shows a very
good agreement in terms of rAPD. At a more
disaggregated aspect level, it is observed that at lower
level (CL1 or 1 to 5 floors), the sample-free synthetic
approach shows reasonable generation accuracy, while at
higher level (CL5 or 20+ floors), it results in
overestimation in comparison to other approaches.
Overall, the comparison shows that in order to achieve
better generation accuracy from sample-free synthetic
approach, it is important to consider minimum level of
building classifications to minimize distortion within the
share of stock.

Table 2: rAPD Statistics of building stock approaches.

Distribution | Approach | Min | Max | STD | Mean
Building | Sample- | 4 56 | 571 | 037 | 027
classification free
sample- | 4 55 | 010 | 0.06 | 0.01
based
Numberof | Sample- | o6 | 074 | 0.35 | 0.4
floors free
sample- 1 00 | 013 | 0.06 | 0.05
based
Total floor Sample- 011 | 072 | 032 | 017
area free
sample- 14 59 | 015 | 0.06 | 0.06
based

Figure 4 shows the share of HVAC (Heating, Ventilation
and Air-Conditioning) stock using different stock-level
approaches in terms of cooling and heating sources, and
fuel types for 5 building size classifications. In terms of
cooling systems, the proportion of OHU-FCU (fan coil
with outdoor handling unit) system is overestimated for
small size buildings in sample-free method, whereas VRF
(variable refrigerant flow) system has higher proportion
of stock in logistic regression-based methods. Moreover,
the sample-free method underestimated the proportion of
decentralized heating systems (Ele-VRF), whereas the
proportion of gas-driven centralized systems (Gas-AbCH
and Gas-AbCB) is larger in other methods. The
composition of fuel type for HVAC systems shows that
the sample-free method underestimated gas/oil driven
systems, whereas electricity driven systems have lower
proportion of stock in other methods. The results show
major deviation between sample-free and sample-based
approaches, which show the differences rising due to

usage of normal distribution of stratified sample and non-
consideration of various predictors to model the stock. In
other methods, it is also observed that the application of
logistic regression results in better distinction of
centralized and decentralized HVAC systems across
small and large size buildings due to the consideration of
various predictors, such as total floor area, population
density (PD), heating degree days (HDD) and building
age. This result implies that the consideration of building
attributes and other demographic factors to model the
HVAC stock provide better heterogeneity of system
across different building classifications by size.

Table 3 shows the composition of building archetypes for
different approaches in terms of basic attributes. As a
result of the segmentation process, 1320 archetypes are
constructed for each method to represent the entire stock
of hotel in Tokyo. To reduce the number of archetypes for
each case, dynamic threshold criteria is used for each
building classification by size to consider 90% of total
floor area composition for each classification. The
dynamic threshold criteria resulted in reduction of
archetypes to 600, 532 and 412 archetypes for geo-
referenced, sample-based and sample-free methods
respectively. This implies that sample-free method
provides less heterogeneity in terms of number of
archetypes, with is majorly due to simplistic approach
adopted for HVAC stock modelling.

Table 3: Composition of archetypes for different
building stock approaches.

Classifi Approach TFA GFA | Floors
cation (m? (m?)

CL1 Sample-free 68 34 2
Sample-based 104 52 2
Geo-referenced 103 51 2
CL2 Sample-free 700 175 4
Sample-based 830 138 6
Geo-referenced 838 167 5
CL3 Sample-free 3273 409 8
Sample-based 4283 535 8
Geo-referenced 4179 418 10
CL4 Sample-free 10870 836 13
Sample-based 16562 1380 12
Geo-referenced 16579 1184 14
CL5 Sample-free 46752 1979 22
Sample-based 144638 6288 23
Geo-referenced | 117083 3902 30

Following the procedure described in methods section,
detailed dynamic building simulation is performed to
assess these modelled building stocks in terms of energy
demand and GHG emissions. The aggregated results of
three building stock approaches are summarized in Table
4 and further compared with national level database
estimates (JSBC, 2017). The results show that the total
primary energy demand is underestimated by 8.3%,
18.4% and 20.6% for sample-based, geo-referenced and
sample-free stock approaches respectively. This also
demonstrates the added-value of sample-based modelled
stock to accurately reproduce the estimated energy
demand of stock. The main reason is of the cross-sectional
and longitudinal enrichment associated with sample-
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based approach, which increases data dimensionality and
non-linear interactions within stock.

Table 4: Summary of aggregated energy demand and
GHG emissions across modelled stock approaches.

Primary energy GHG emissions
demand (TWh) (million tCO2-eq.)
Estimated 11.09 6.32
GIS-based 9.05 5.16
Sample-free 8.81 5.02
Sample-based 10.18 5.80
Conclusion

This study has focused to determine the accuracy and
added value of the building stock modelling approaches,
in terms of heterogeneity, data dimensionality, integration
and non-linear interactions within stock, for use in
bottom-up engineering model. The proposed analysis uses
four main steps, such as building stock initialization (or
geo-referenced dataset collection), building
characterization, quantification and building energy
simulations, to assess the data needs and performance gap
of each approach. The building stock modelling
methodologies are implemented to the commercial
building stocks (hotel segments) of Tokyo, to evaluate the
cross-sectional and longitudinal enrichment of building
attributes and heating, ventilation, and air-conditioning
(HVAC) stock. The preliminary results show that sample-
based synthetic method can incorporate multiple input
distributions using survey micro-dataset, while geo-
referenced method provides additional key determinants
such as building typology (shape coefficient, aspect ratio
and orientation) and morphological attributes. This
implies that these are data enriched methods which
resulted in better performance in terms of building stock
development and simulated building energy use that
signifies the accuracy and added-value of these methods.
However, sample-based synthetic method provides better
compromise between data availability and simulation
accuracy in comparison to other methods. This shows that
synthetic approach can be extended to commercial
building stock, which mostly has a poorer data availability
than residential building stock, that further allows to
encompass modelling of a typical mixed-use urban
environment. Moreover, this cross-over analysis will
provide a granular level framework to assist the city level
planners and policy makers in choosing the right building
stock modelling approach for predicting the energy
demand and GHG emissions of the commercial building
stock.
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