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Abstract

The Architecture, Engineering and Construction (AEC) sector faces severe
sustainability and efficiency challenges. In recent years, various initiatives have
demonstrated how artificial intelligence can effectively address these challenges and
improve sustainability and efficiency in the sector. In the context of retrofit projects,
there is a continual rising interest in the deployment of Artificial Intelligence (Al)
technigues and applications, but the complex nature of such projects requires critical
insight into data, processes, and applications so that value can be maximised. This
study aims to review Al applications and techniques that have been used in the context
of retrofit projects. A review of existing literature on the use of artificial intelligence in
retrofit projects within the construction industry was carried out through a thematic
analysis. The analysis revealed the potential advantages and difficulties associated
with employing Al techniques in retrofit projects, and also identified the commonly
utilised techniques, data sources, and processes involved. This study provides a
pathway to realise the broad benefits of Al applications for retrofit projects. This study
adds to the Al body of knowledge domain by synthesizing the state-of-the-art of Al
applications for Retrofit and revealing future research opportunities in this field to
enhance the sustainability and efficiency of the AEC sector.
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Artificial Intelligence Based Methods for Retrofit Projects: A Review of
Applications and Impacts

Abstract

The Architecture, Engineering and Construction (AEC) sector faces severe
sustainability and efficiency challenges. In recent years, there are many efforts that
illustrate the application of artificial intelligence as an effective solution to enhance the
sustainability and efficiency of the AEC sector. In the context of refurb projects, there
is a continual rising interest in the deployment of Artificial Intelligence (Al) techniques
and applications, but the complex nature of such projects requires critical insight into
data, processes, and applications so that value can be maximised. This study aims to
review Al applications and techniques that have been used in the context of retrofit
projects. A thematic analysis of available literature on Al applications for retrofit
projects in the construction industry was conducted. The review identified the
opportunities and challenges of Al applications for retrofit projects in construction
highlighting most common techniques applied, data used, and processes followed.
This study provides a pathway to realise the broad benefits of Al applications for retrofit
projects. This research contributes to the existing knowledge on Al by combining the
latest advancements in Al technology with Retrofit applications. It also identifies
opportunities for further research in this area to improve the sustainability and
effectiveness of the AEC industry.
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1. Introduction and Background

Buildings are responsible for over 48% of the world's energy and heat production as
well as about 19% of all energy-related CO2 emissions [1]. To overcome this issue, a
decrease in the energy consumption must be sought globally. Approximately 75% of
the buildings expected to exist in 2050 have already been constructed, according to
[2]. In [3], the European Commission established ambitious objectives for cutting
greenhouse gas (GHG) emissions by 50-55% relative to 1990 levels by 2030 and
achieving climate neutrality by 2050. This can only be achieved by improving the
already built buildings, the term being called retrofit process. Experts view retrofitting
of current buildings as a cost-effective approach to reducing energy usage and
decreasing carbon emissions [4,5]. According to Granade et al. [6], retrofitting existing



buildings for energy efficiency could result in a reduction of primary energy use and
related carbon footprint of up to 25%. In comparison to conventional methods, recent
years have seen Artificial Intelligence (Al) make substantial advancements in
enhancing business operations, service processes, and industrial productivity [7].

The Industry 4.0 or fourth industrial revolution concentrates on automating processes,
incorporating data-driven technology, and utilizing advanced Al applications in
manufacturing [13]. This revolution has resulted in notable enhancements in
processes, reduced production times, and increased cost-efficiency [14]. To handle
complex problems and support decision-making throughout the asset's entire lifecycle,
the AEC sector has incorporated Al subfields like machine learning, natural language
processing, robotics, computer vision, optimisation, automated planning, and
scheduling [14]. Resource and waste optimization [15, 16, 17] and waste generation
minimization [18.19] are a few of the identified subdomains [20], value-driven services
like scheduling and estimation [20,21], supply chain management [22-25] and the
incorporation of 4D and 5D BIM to enable better planning at an early design stage [26],
health and safety [27-30] and Al-driven construction contract analytics construction
site [31-33]; voice user interfaces [34-36] and Al-driven audit system for construction
financial [37-40]. Job creation, Al and BIM integrations with other industry

4.0 tools such as internet of things (IoT) and smart cities, augmented reality [41,42]
are also being developed [43-45]. Previous research has used Al for building
performance to improve the AEC industry's sustainability and effectiveness [47,48],
such as achieving LEED credits [49,50] and gauging occupant happiness with LEED
certified residential buildings [40], ranking sustainability of materials [51], assessing
eco building indicators [52], assessing the cost and price prediction of sustainable
design [53], optimised indoor air quality [38], life cycle costs and life cycle
environmental impact assessment [54,55], building energy optimisation [44, 56, 57]
energy efficient design making and optimisation at early design stages [58-60]. As
most of the buildings are already existing, the focus should be driven towards applying
Al techniques for Retrofit complexities.

In the context of retrofit projects, it is argued that finding a sensible approach to choose
retrofit options is considerably complex [8, 9, 10]. Modelling techniques, data
capturing, and data processing are highly demanded due to the intricacy, dynamics,
and nonlinearity of retrofitting a single building or building cluster [11]. Despite efforts
to support decision-making on building retrofits, especially for large scale structures,
retrofit analysts still face significant challenges [61,62] due to the unbounded solution
space. Several studies have been conducted in this regard. In order to identify the
optimal retrofit solutions for current buildings, a comprehensive review was conducted
on essential topics such as energy audits, building performance evaluation,
measurement of energy savings, economic analysis, risk assessment, and verification
[9, 10, 63]. This review was conducted with a state-of-the-art approach. For retrofit
projects, datasets from building operations systems, operations and maintenance
information can be continuously collected with the implementations of Al applications,
building automation systems and Internet of Things (IoT) [11]. This provides good
opportunities to develop data-driven models for data resources when looking at retrofit
scenarios. It is likely that the adaptation of artificial intelligence (Al) to retrofit projects



can help overcome some complexities related to data capturing, data processing and
optimal retrofit outcome. However, very little studies focused on Al applications for
retrofit projects such as support sustainable retrofit decision using Al [64,40, 37], when
compared to Al for AEC. According to several studies, there are a variety of challenges
preventing the wide use of Al, including cultural barriers, a lack of skills, high start-up
costs for implementing Al-based solutions, a lack of talent, security concerns, a lack
of computer capacity, and poor internet access [65]. To understand the current state
of Al applications for Retrofit, it is important to discuss the major subfields of Al to
retrofit projects, as shown in Fig. 1 Al components bellow.
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Although previous studies have applied Al applications for Retrofit has increased over
the past few years and the applications are applied over different retrofit actions and
areas [8, 9, 12], it is complex to assert how Al can benefit retrofit projects, as this
requires critical insight into Al applications, processes applied, and data used. This
study aims to review Al applications and techniques that have been used in the context
of retrofit projects. The research reviews the impact of Al in overcoming many of the
complexities faced within Retrofit scenarios. This will be addressed by thematically
analysing the existing studies that apply Al techniques to retrofit projects. This will also
discuss the key Al subfields for retrofit, key Al Datasets used for retrofitting process
and key Retrofit outcomes. This study seeks to answer the following research
guestions:

Q1. What are the existing applications of Al within the context of retrofit
scenarios? (3.1)

The objective was to determine how were the Al technologies applied and evaluated
within the context of retrofit scenarios, what study areas within the various uses were
present, which projects were it applied to, and what current challenges are associated
with its use?

Q2. How Al has supported overcoming complexities associated with Retrofit
scenarios, and the potential future directions? (3.2 and 3.3)

The objective is to evaluate the present limitations and determine the course of future
research based on the documents that have been examined and the response to the
first question.

2. Research Methodology

The aim of this study is to synthesise the domain knowledge and to identity how
artificial Intelligence applications can improve the Retrofit Process. Fig 2 shows
frequency of papers on the applications of Al for retrofit process from 2005 to 2023,
showing an increase in the last two years. This is mainly due to the recent innovations
and the applications of Artificial Intelligence.

The review was conducted utilising the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analysis) technique. The objective of the PRISMA
statement is to guide authors in enhancing the reporting of systematic reviews and
meta-analyses. PRISMA primarily concentrates on systematic reviews and meta-
analyses of randomised trials. For this purpose, the study employed a mixed-method
literature review comprising a qualitative systematic review and a thematic analysis of
subfields related to Al for Retrofit. Additionally, the study examined the essential
characteristics of datasets utilised while deploying Al for Retrofit and the key
objectives/outcomes of retrofitting. This study involved three stages: Stage 1 — search
for publications, Stage 2 — assessing quality of results (exclusion criteria), Stage 3 —
data cleansing, Stage 4 — thematic analysis. The outcomes led to the identification of
knowledge gaps and prospects for future research, which are presented subsequently.
The research approach is summarised in Figure 3: Flowchart of the literature review
selection process provides an overview of the research methodology; details of which
are discussed next.



2.1. Stage 1 — Searching Strategy

The extensive inclusion of peer-reviewed journals and conference materials related to
Al applications for retrofit situations across the AEC industry justifies the use of the
SCOPUS database. SCOPUS also allows to look for document titles, abstracts, and
keywords with relevance to areas of research from database of over more than 41,000
research publications. As a result, this database enables deeper study into research
outputs related to Al for Retrofit and permits increased focus on the selected Al
subfields. In order to conduct informative search, two steps were taken. Firstly,
SCOPUS search tool was used to look for document titles, abstracts and keywords
that relate to the Al subfields identified in literature and Retrofit process.
Simultaneously, it was investigated Renovation and Refurbishment. Below are the
SCOPUS queries used to conduct the search:

o (TITLE-ABS-KEY ( retrofit ) AND TITLE-ABS-KEY ( Atrtificial Intelligence ) = 85
results

o (TITLE-ABS-KEY ( retrofit) AND TITLE-ABS-KEY ( Al ) = 26 results

¢ (TITLE-ABS-KEY (retrofit) AND TITLE-ABS-KEY ( machine learning ) = 122 results

o (TITLE-ABS-KEY ( retrofit ) AND TITLE-ABS-KEY ( Deep learning ) = 39 results

o (TITLE-ABS-KEY ( retrofit ) AND TITLE-ABS-KEY ( intelligent optimisation ) = 62
results

o (TITLE-ABS-KEY ( retrofit ) AND TITLE-ABS-KEY ( smart cities ) = 84 results

o (TITLE-ABS-KEY ( retrofit) AND TITLE-ABS-KEY ( 10T ) = 74 results

o (TITLE-ABS-KEY ( retrofit) AND TITLE-ABS-KEY ( computer vision ) = 54 results

o (TITLE-ABS-KEY ( retrofit ) AND TITLE-ABS-KEY ( digital twin ) = 22 results

e (TITLE-ABS-KEY ( retrofit ) AND TITLE-ABS-KEY ( semantic web ) = 15 results

A total of 583 papers were found. Secondly, a manual search for records that directly
correlated with the above-mentioned Al subfields and retrofit, and the above-
mentioned Al subfields and Refurbishment has been conducted. Also, keywords such
as CNN, RNN, SVM, MOO and <retrofit> have been used as part of this manual
search. The objective of the final step was to gain a comprehensive comprehension of
the proposed Al methodology for the retrofit process. Moreover, this enabled the
authors to offer a more informative analysis of the validity of each proposed Al subfield
in the retrofit process. A total of 68 papers were identified in the second step, bringing
the total number of papers to 651.

2.2. Stage 2 - Assessing Quality of the Results

To ensure the quality of the findings, several procedures were carried out to identify
literature that was appropriate for the research's scope, as shown in Figure 3:
Flowchart of the literature review selection process. The diagram illustrates the
methodological choices, which are elaborated on below.

2.3 Stage 3 — Data Cleansing

The first step in evaluating the quality of the records involved the elimination of non-
article or irrelevant proceedings. Furthermore, publications that were not in the English
language were excluded from consideration. After the removal of non-article or



irrelevant proceedings, 125 duplicate results were also eliminated. The next screening
phase involved evaluating the remaining records by examining their titles or abstracts
to identify those that had undergone a validation process as part of their proposed

framework. A total of 56 papers were selected for analysis.
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3. Thematic Analysis and Discussion

This paper uses thematic analysis to categorise and classify the findings from the
reviewed research on Al applications for Retrofit scenarios. Thematic analysis is a
gualitative research method used to identify, analyse, and report patterns or themes
within a dataset. It involves systematically organizing and coding data to identify
patterns or themes, which are then interpreted and analysed in order to gain insights
into the underlying meanings and concepts. Thematic analysis can be applied to a
wide range of data sources, including interviews, focus groups, surveys, and
documents. The process typically involves multiple rounds of coding and refinement
to identify and develop the themes, and it can be conducted manually or with the
assistance of specialised software It reports on the patterns observed (key Al subfields
for retrofit — section 3.1), applications conducted, and datasets used (section 3.2),
strengths and limitations of the applications and the retrofit objectives(outcomes)
taxonomy (Section 3.3). Additionally, future recommendations and a proposed
framework for retrofit approach are also presented. The process behind analysing
each paper is described in Fig 4. The manuscripts selected were analysed
thematically. A careful read-through the methodology and the results of each paper
was executed where the Al applications themes were then identified. Thereafter, within
those themes the key datasets used on for the retrofit process were identified and
discussed. Moreover, a taxonomy for the retrofit approach has been discovered based
on the retrofit approach taxonomy similarities discovered in the selected manuscripts.
After the paper examinations, 6 themes were identified, categorised as <Key Al
Applications for Retrofit>. Within these identified themes, the datasets characteristics
of each were discussed as wells the retrofit target approach discovered within those
themes.

3.1. Key Al applications for Retrofit Projects

Following a careful examination of the papers, six Al applications (themes) were
identified as the most common Al techniques applied in the context of retrofit projects.
Within these themes, specific datasets (section 3.2) and a set retrofit outcome (section
3.3) has been recognised and discussed. These papers also compared different
algorithms and reflected on the challenges faced as well as the opportunities and
future trends, discussed further. As shown in Fig 5, it was identified that Machine
Learning techniques are most used for Retrofit Process, primarily since it can manage
large datasets and it can save time whilst having accurate results. It was followed by
Intelligent Optimisation algorithms and Surrogate Modelling. Fuzzy rules and
knowledge discovery algorithms were also applied and building automations systems
seem to be more adopted due to the new loT/Smart buildings approach. Knowledge
base systems were also applied but limited case studies were validated. The next
sections expand on these Al applications in retrofit projects highlighting the data
utilised as well as different retrofit outcomes obtained.
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3.1.1. Machine Learning

Amongst the reviewed studies, machine learning was identified as a major contributor
to retrofit projects. Whilst there exist a variety of machine learning techniques, most
frequently applied methods in the context of retrofit projects were ANNs (Artificial
Neural Networks), Deep learning, support vector machine (SVM), naive Bayes (NB),
Gaussian mixture (GM), and reinforcement learning (RL). Table 1 and Fig 6 shows
some of the relevant application of machine learning applications to retrofit projects.

It was identified that supervised machine learning methods were most used and
adopted for Retrofit projects. This approach was proven to help speed up the process
of data collection [66] and data processing (ANN in particular) [66], helping to retrofit
similar types of buildings [76,75,68, 106]. On the other hand, some studies adopted
SVM as a supervised ML technique. This approach was adopted as SVM can handle
both linear and nonlinear classifiers and, SVM has low bias and high variance [83] and
[78]. Other studies have shown the effectiveness of using linear decision lists as a
supervised ML technique as by focusing on the most crucial elements affecting
retrofits, it made it easier for building stakeholders to undertake efficient audits of
building systems and identify possible ECM (Energy Conservation Measures)
opportunities [81]. As supervised ML relies on human interaction when processing the
data captured, it has been proved to be reliable and with a very high accuracy whilst
remaining less computational than other Al methods [68, 76, 83]. Therefore, it's
implementation in the retrofit process is favourable. Also, some supervised ML
technigues (such as SVM) can handle both training and testing when simulating retrofit
scenarios, saving time and computational cost. However, a common limitation was
identified in the above-mentioned cases: obtaining measured retrofit data is extremely
difficult, and typically, such data are erroneous and subjective. It was identified that
supervised ML methods such as deep learning methods were implemented to discover
the significant features that produce the cost-optimal retrofit strategy in an optimised
way without having to undergo an exhaustive search process [73, 74]. Additionally, the
adaptation of transfer learning, a deep learning technique, helped with identifying
potential sources of uncertainty that may arise in building energy simulations [77]. This
approach employs a recurrent neural network (RNN), which enables it to rapidly
generate new predictions for energy consumption incorporating proposed retrofits [77].
Nevertheless, a significant impediment to replicating this research is the challenge of
gathering highly detailed energy consumption data, primarily due to concerns over
privacy.

The research revealed that unsupervised machine learning methods enhance retrofit
decision-making by capturing and communicating significant high-level insights
regarding the intricate and extensive design space for renovations. This is
accomplished by means of qualitative KPI (Key Performance Indicators) profiles,
which may indicate factors such as low privacy or exorbitant costs [90, 91].
Additionally, by employing the Clustering K-means method, the analysis is carried out
instantaneously in the high-dimensionality KPI-space. Users can investigate the
retrofit by analysing the design choices instead of analysing the design spaces of the
actual retrofit because the analysis is directly displayed in the high-dimensional KPI-
space [86]. It was acknowledged that this represents an important distinction from
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current retrofit methods. However, a major drawback attached to this ML technique is
that retrofit actions regarding the structure of the building were not included and it also
relied on extensive data, privacy [86].The study's findings in [86] demonstrate that by
integrating box plots and scatterplots, unsupervised machine learning techniques like
scenario sampling (2-ary coverage), clustering (k-means), and dimensionality
reduction (PCA) can be used to visually communicate high-level information about KPI
trade-offs across renovation scenarios. However, there are limitations on the number
of scenarios that can be evaluated directly against KPIs within a feasible amount of
time, which means that only a fraction of the full scenario space can be evaluated. It
should also be noted that the specific workflow used in the study was only tested on
data from Danish databases, making it limited to the Danish context.

According to research, the combination of Reinforcement Learning techniques such
as VAE and SBMO leads to improved efficiency in terms of accuracy and time, as
cross-validation is not required during the training process. This is due to the use of
Bayesian regularization backpropagation, which uses regularization through Bayesian
inference. Additionally, Cecconi et al. [1L05] use Montecarlo simulation (RL) to compute
energy savings for multiple clusters based on different retrofit scenarios. However, this
method of ML relies on large amounts of accurate data and dataset preparation and
expert knowledge in RL is essential. Perhaps this can be overcome by gathering more
data from different buildings with the use of smart technologies, 10T, digital twins.
Furthermore, the more data about the building’s characteristics there is, the more the
MLM (Machine Learning Models) can be improved and generalised, therefore be able
to help the MLMs to provide more detailed recommendations for retrofit. This approach
can help with developing a framework that looks at retrofit approaches in a holistic
manner, without having a set objective in mind such as cost/energy optimal retrofit.

Machine learning applications for Retrofit

Reinforcement
Learning
13%

—

Unsupervised machine Supervised
learning Machine Learning
20% 67%

Fig 6 — Machine Learning Applications for Retrofit Chart
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3.1.2. Intelligent Optimisation

The core concept of intelligent optimisation is the capacity to identify pareto-optimal
solutions for retrofit scenarios using Al techniques rather than conventional
methodology. In retrofit scenarios, the multi-objective optimization approach is
favoured. This could be because of the difficulties and time limits connected with
optimization challenges Retrofit Projects entail. As a result, in recent years, time-
efficient intelligent optimisation methods have been developed and used to simulate
the best retrofit scenarios, as shown in Fig 7 and Table 2. Most frequently, MOO has
been adopted as intelligent optimisation method for retrofit scenarios [72, 7, 26, 69].
Ascione et al., [72] helped finding a constrained cost-optimal solution permitting a
strong reduction in the GHG emissions, Li et al., [7] focused on delivering green
building standards optimal retrofit, studies in [109] and [110] focused on using MOO
to define cost optimal retrofit whilst minimising the GHG emission. Similarly, GA
(NSGA-II) was adopted to optimise retrofit outcomes. Sharif et al., [92] used Non-
dominated Sorting Genetic Algorithm (NSGA-II) optimization method as NSGA Il were
proven to calculate the pareto front that minimised the TEC, LCC and the
environmental effects of the building at once. Similarly, Rosso et al., [104] adopted GA
towards multi objective optimisation as the benefits of the retrofit actions were the
specific objectives established using an active archive NSGA Il (a NSGA II). When
using Genetic Algorithms for a retrofit project, several retrofit solutions were optimised
by Calama-Gonzales et al. [94] while considering three predetermined goals: yearly
overheating hours (%), annual undercooling hours, and investment costs. Moreover,
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Nutkeiwics et al.'s research [71] demonstrates how an adaptable urban energy
prediction model like DUE-S and greedy optimisation algorithms can assist in directing
energy-related decisions for a variety of urban-minded stakeholders, including
architects, engineers, planners, and legislators [71]. Overall, when looking at finding
the best retrofit scenarios, intelligent optimisation was a popular method. Several
crucial factors or components were left out because there was not a lot of data used
during the data collection stage, as can be seen. Due to this, the results are only
applicable to similar buildings and the framework developed using intelligent
optimisation sems to be subjective and only applicable on small scale. Furthermore,
intelligent optimisation relies on mathematical algorithms that require expert
mathematical knowledge.

Intelligent optimisation applications for Retrofit

Greedy Optimisation Genetic
algorithm Algorithms...
13%

Multi Objective
Optimisation
50%

Fig 7 — Intelligent Optimisation Applications for Retrofit
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3.1.3. Surrogate Modelling

Surrogate modelling coupled with Machine learning applications or Intelligent
optimisations is a hybrid method applied to retrofit scenarios, as shown in Table 3.
Studies revealed that for the majority of the retrofit dimensions, the suggested hybrid
approaches can significantly reduce computational cost without compromising
accuracy [80,79,88]. The surrogate model and ML methods such as ANN operates on
a smaller input set and the time required to develop retrofit solutions is significantly
reduced when compared to energy simulation-based tools [84]. Ascione et al. [67]
employed a similar strategy to make sure that the project took into account predictions
of energy usage and occupant thermal comfort for any participant in the building
category. A more sustainable approach to retrofit was developed with the use of
Surrogate modelling and PCO ML method in [93] where the technique allowed for the
development of an energy management implementation as a non-destructive retrofit
process. On the other hand, MOO helped identify the retrofit designs that balance
energy consumption and capital cost whilst surrogate modelling helped speed up the
process whilst being accurate in [80, 89]. To conclude, it seems that when using the
surrogate modelling and ML/Intelligent optimisation hybrid approach, a large number
of simulations are required for the evolution process to reach optimal case. Also, it
seems to be an accurate approach but time consuming and perhaps mixed with
intelligent optimisation algorithms, the process can be quicker also, it seems that this
approach works best with BIM authoring tools which makes this approach favourable
despite its lengthy process.

3.1.4. Fuzzy Rules and Knowledge Discovery

Table 4 summarises some relevant studies in the use of Fuzzy rules and Knowledge
Discovery for Retrofit, where mathematical modelling such as fuzzy logic [99,100,101]
and Bayesian calibration [97, 87, 70] are adopted. Mathematical modelling has been
found to be a useful technique for determining the best building energy retrofit strategy
that considers both environmental goals, such as energy efficiency and the use of
clean and renewable energy sources, and economic factors, such as profit, initial cost,
and payback period [99]. For building energy retrofits, Ruuparathna et al. [100] used a
life cycle cost analysis approach based on fuzzy logic to assess the total costs of
different energy retrofit alternatives and to help choose those with the lowest costs. In
addition, the authors in [101], with the use of a mixed-integer problem (MIP/pl. MIPSs)
and fuzzy logic optimisation develops a model for energy retrofit measures in single-
family homes. To estimate energy demand profiles for various retrofit scenarios, Yuan
et al. [87] used the Gaussian process as a meta-model. A cost- effectiveness analysis
was then used to rate the different retrofit scenarios. When overcoming complex
decisions and uncertainties, the retrofit process has benefited from the use of fuzzy
rules and knowledge discovery, but the results may not be generalizable to larger
projects [97, 99, 87]. Additionally, this approach has been found to be time-consuming
and requires expert mathematical knowledge, as well as having limitations such as
small sample sizes and sampling biases.
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3.1.5. Building Automation Systems

Building automation systems, also referred to as smart systems or smart buildings,
offer an extensive quantity of information about how buildings operate. As shown by
numerous studies [87, 131], this data allows buildings to be monitored and managed
automatically and intelligently in real-time. In [95], it is explained that an automatic
building energy management system is essential for monitoring and evaluating a
retrofit scenario. Various studies related to building automation systems are listed in
Table 5. In order to predict the effectiveness of natural ventilation systems for smart
buildings, Chen et al. [102] used systems and reinforcement learning to optimise
HVAC and window systems for natural ventilation. In order to predict annual heating
demand based on multivariate weather data, Westermann et al. [103] used raw data
from building automation systems and a deep temporal CNN, which helped condense
hourly values for up to 25 variables from 8760 to a few parameter values. This
adaptation of Al applications and building automation systems proves that real life data
can be more accessible and more manageable therefore making the retrofit process
more accurate.

3.1.6. Knowledge Base Systems

Ali et al., [82], Xu et al., 2021 [74], and Zhao et al., [97] focused on developing the
datasets for future retrofitting scenarios using knowledge base systems. The authors
in [82], an intelligent knowledge-based RS (Recommendation Systems) development
approach is used that uses a predictive model. This approach was beneficial as it was
able to prove effective even when there is very limited knowledge of the building
dynamics, with a very high accuracy (89%). Authors in [74], a less computational
approach that focuses on large scale empirical evaluation of energy efficiency
interventions in commercial buildings is implemented using random forest (grf) R
package. A methodology developed by Zhao et al. in [97] green retrofit approach is
achieved with the use of case-based reasoning (CBR), this approach includes
represent, retrieve, reuse, revise, and retain [97]. Table 6 presents a list of some
studies on retrofit that utilise Knowledge Base Systems.
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Table 5 - Reviewed Studies on Building Automation Systems for Retrofit

Ref | Purpose Datasets Method Building Retrofit
Type and Approach
Location

[95] | Implementa Smart Using smart building data | 20-yearold Energy
protocol using metering -placement of the sensors | six-storey optimal
IOT and sensors | data and devices for data academic retrofit
for a large-scale | historical capturing - 10T Sensors building in
building retrofit. | training data | and wireless sensor Malayasia

that includes | network.

[87] | Improve the details onthe | Performances of eight Office on the Energy
prediction environment, | machine learning fifth floorofa | optimal
performance for | holidays, and | algorithms were research retrofit
Natural energy use. compared for predicting building in
ventilation rate. natural ventilation rate Daejeon,

(NVR) with Deep Neural Republic of
Network showing best Korea
prediction performance.

[103] | Develop e To analyse annual Canadacase | Green
retrofit multivariate weather data | study retrofit
framework that with hourly resolution,
looks into create a single surrogate
building model that spans
performance. arbitrarily many locations

using a deep temporal
convolutional neural
network.

[102] | Advance the A reinforcement learning | Miamiand LA | Green
control strategy control method that uses | case studies retrofit
of natural model-free Q-learning to
ventilation and to make the best possible
achieve greater decisions on how to
comfort and operate HVAC and
energy window systems in order
efficiency. to reduce energy use and

discomfort.

[131] | Point and Using smart metering Energy
context anomaly data to quantify building efficient
detection of daily load profiles (i.e.
energy energy consumption
consumption. patterns) with a set of

statistics using ML.
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Table 6 - Reviewed Studies on Knowledge Base Systems

Ref | Purpose Method Building Retrofit
Type, Apprch.
Location

[82] | To predict the An intelligent knowledge-based RS Dwellings green
energy rating and (Recommendation Systems) development in  Dublin, | retrofit
recommend alistof | approach is used that uses a predictive Ireland
retrofit measures. model.

[74] | To offer a data- Data driven methods - application of machine| unknown, cost
driven alternative learning method with causal forest for the commercial | optimal
approach to retrofit | prediction of retrofit savings. building retrofit
analysis that could
be more easily
applied to portfolio-
wide retrofit plans.

[97] | Guide decision A synthetic optimisation weighting Shanghai green
makers method using case base reasoning building retrofit
in making improved | approach was adopted based on both
decisions on new expert opinion and the attribute
green retrofit characteristics.
projects.

3.2. Key datasets of Al applications for Retrofit process

Al has proved useful in increasing or automating the decision-making process through
prediction, optimization, digitization, risk management, and monitoring and analysing
the health of construction projects. Multiple Al based methods and software tools (as
shown in Table 10 from the Appendix) have made this possible as it helped managing
large datasets obtained through a variety of techniques such as interviews data,
experimental tests, surveys data, as well as data captured with use of sensors, smart
systems and wearable systems. All of this data was data related to building
performance, energy related data such as EPC Rating certificate, open-source data
from the government website. An overview of the types of datasets required in the
specified Al subfields for the Retrofit process is given in Table 7 (Table 7 - Summary
of datasets characteristics, strengths, and limitations of Al for Retrofit). The following
section discusses the types of datasets and sample sizes used in the various artificial
intelligence (Al) applications for retrofit.

Machine learning applications have mostly been used to analyse large sample sizes
of building data such as 1,500 datasets — ANN, 2,915 datasets [76] -Surrogate models,
4900 records in [68], 12,806 census/EPC audit data [79] - surrogate model, 52
buildings representing 105,216 observations in the data [77] - RNN. Intelligent
optimization algorithms were proved to be capable of handling both small and big
datasets [69, 94]. It has been noted that the development of Retrofit multi-objective
optimization models accepts and frequently uses data based on BIM and experimental
simulation. In multi-criteria decision-making techniques, such as knowledge-based
fuzzy logic, it is observed that competence and experience in the field are more
significant than the amount of data used [70]. This is possible as fuzzy rules and
knowledge discovery needs expert knowledge (mathematical model method) for
training and applying the technologies to the issues in question, so such approaches.
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will become reliant on human expertise [58] and the data used for the framework is
not necessarily relevant. Building automation systems rely upon real-time data
gathered by smart technologies like wearables, smart meters, and sensor-based
technologies. Studies demonstrate that when used in the retrofit process, this method
can use any datasets size. For instance, 144 daily samples of smart metering data
were collected [87] to characterise building load profiles. On the other hand, temporal
convolutional networks were employed by Westermann et al. [103] to handle 150,000
hourly weather time series data collected from building automation systems each year.
Notably, the majority of the research used case studies to verify the developed models
or results.

To conclude, there is a similar approach on which datasets are used based on the
above mentioned. However, the importance of datasets size in retrofit scenarios
cannot be underestimated as they have the potential to influence the design and
analysis of a proposed system. papers [85, 90] reviewed the data side of Al application,
arguing that a reliable testing platform and high-quality, representative, and real-world
collected testing data are lacking, or the framework developed can only be applied to
similar buildings. It is discussed in some papers that these limitations can be overcome
by having access to larger and more accurate datasets. It is fair to say that there are
similarities when it comes to what types of datasets are needed and used, regardless
of the Al applications applied to retrofit projects but it is important to highlight the
importance of the datasets size needed to the process as well as the importance of
what impact the datasets have on the retrofit process. However, it is still unclear what
the ideal sample size should be, particularly for Al algorithms, and these findings are
often underreported in the literature, but the need of linked building data is proven to
have great potential.

3.3. Key retrofit outcome taxonomy

Decision making on optimal retrofit options mostly relied on mapping outcomes using
Al technologies aimed to achieve energy efficiency. Others focused on cost or
sustainable retrofit and very little took a holistic approach. Most optimal retrofit options
were directed toward energy efficiency parameters, and this could perhaps be
reasoned to the availability of data but also it can be related to avoiding the
complexities from integrating different stakeholders' inputs to achieve a holistic retrofit
solution. To emphasise on this, Table 8 shows Retrofit Target taxonomy, elaborates
the parameters and retrofit focus and outcome undertaken by previous researchers in
detail. Based on the selected studies, it can be noted that when the retrofit project was
simulated, particular retrofit actions were considered in order to achieve the set result
(see Fig 8 - Retrofit Target Taxonomy chart). From the studies, it is important to
highlight that by only focusing on one or some retrofit outcome, retrofit action has been
disregarded (as shown in Fig 9 — existing retrofit approach and in Table 8 — Retrofit
Target). It is evident that regardless of the Al application choice, the Retrofit outcome
is mostly depended on the already set objectives. These objectives could be cost
effective, energy efficient, sustainable retrofit. Therefore, the more objectives are set,
the broader the retrofit outcome can be, a more holistic retrofit can be achieved. It is
important to understand that there is a need of having more than one or two sets of
objectives, therefore looking at developing a framework for retrofit that includes.
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multiple stakeholders, occupants’ comfort, building structure, energy performance,
indoor air quality, building performance is vital (as shown in Fig 10 — Proposed retrofit
approach). The proposed framework relies on the premises of having data availability,
as discussed below in Section 4. It is essential that once the retrofit target is identified,
the Al applications can be chosen based on the availability of data. If there is a large
amount of data available and accessible, applications such as ML can be adopted
during retrofit process. However, little amount of data will mean looking into trying to
develop the optimal outcome using intelligence optimisation, this technique relies on
expert knowledge, high computational cost. we should identify the retrofit target; the
data sets available/requirements.

3.3.1. Optimal Energy Efficient Retrofit

In studies such as [76], [74], [83], and [79], the use of supervised machine learning
techniques was investigated in order to enrich building databases with novel building
characteristics important for energy efficiency optimal retrofit. The energy cost was
reduced by either repairing the envelop [79], improving the performance of the envelop
[76] or reconfiguring the building envelop [74] [83] respectively. Other actions
considered when executing the retrofit simulation were improving the HVAC system,
the Lighting system and gas system [74] or integration of solar renewable technologies
[79].

Big Data Driven approach to deliver optimal energy efficient retrofit has also been
adopted by the authors when running retrofit simulations in studies [75], [81], and [78].
Precisely, authors in [75] focused on reinstalling or air source heat pumps, authors in
[81] focused on developing a BIM Tool with the use of supervised learning (SVM) to
develop an efficient workflow for deep renovation projects aimed at optimal energy
efficiency. On the other hand, authors in study [78] employed the use of big — data,
available from the Swedish Energy Agency’ transfer big data from Swedish Energy
Performance Certificates for building retrofitting database to support energy efficient
retrofit when not all physical information is available regarding building characteristics
and energy saving of retrofit measures.

The use of supervised machine learning (SMAC in [68] study, Deep Learning CNN in
[71] study, Deep Learning RNN in [77] study) and the use of 10T and BIM [95] where
running retrofit simulations led to optimal urban large scale retrofit. Particularly, authors
in [95], [71] and [68] proposed to improve the energy performance in terms of energy
rating whereas authors in [77] proposed to improve the lighting system and
reinstallation of the windows.

3.3.2. Optimal Cost-efficient Retrofit

The use of supervised learning such as Deep Learning - RNN by authors in [73]
focused on simulating the cost optimal retrofit. This is achieved by integrating smart
sensors for the building systems as well as replacing the building envelop and heating
systems.
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3.3.3. Energy and cost optimal retrofit

Furthermore, the use of supervised machine learning such as SMBO and ANN by the
authors in [84] study or Evolutionary algorithms such as Multi objective optimisations
in [87] study, and Genetic Algorithms in study [92] focused on simulating the cost
optimal retrofit scenario considering life cycle cost, total energy consumption whilst
keeping the cost of the retrofit optimal as well.

3.3.4. Sustainable / Green Retrofit

The use of supervised learning such as ANN by the authors in [67], Decision trees &
NN in studies [82], Falling Rule List in studies by [81] or evolutionary algorithms such
as MOO in [72] studies have been adopted when retrofitting the building systems with
renewable energy to improve energy consumption and reduce CO2 emission. Some
renewable resources strategies such as installing photovoltaic panels in [67] studies
have been proposed as a retrofit action. The main goal of studies developed by
author’s in [72] research was to reduce greenhouse gas emission by retrofitting the
HVAC system, restoring the building envelop and implementing renewable energy
sources whereas [82] focused on predicting the overall Energy Conservation
Measures (ECMs) eligibility given a specific set of building characteristics.

Retrofit target taxonomy

Green retrofit
25%

Energy optimal
retrofit

) 54%
Cost optimal

retrofit
14%

Energy and cost
optimal retrofit
7%

Fig 8 — Retrofit Target Taxonomy Chart
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Table 7 - Summary of datasets, characteristics, strengths and limitations of Al
applications for Retrofit datasets characteristics of Al applications for Retrofit

process
Ref Al Datasets Strengths Limitations
[106] -open data sources -able to predict even -considerable amount of
[75] available in Zurich when there is very limited | reliable data is needed
[68] -reliable data from knowledge of the building | -lack of effective and
[83] government sources dynamics convenient tools to perform
[81] -historic data -very high accuracy the large dataset analysis
[74] -statical data on retrofit -less computational -large number of accurate
[107] -simulated energy -not having to undergo an | datasets and expertise
[77] consumption data exhaustive search when preparing the data
[73] -real life energy process -very challenging to obtain
[90] consumption data -not having to rely on time | measured retrofit data and
[86] -BIM models and data intensive recalibration usually, such data are
[78] -material data process subjective and not
[105] -data collected from EPC | -enables more accurate optimal
[85] -existing databases on results -small sample size and
building pathologies -less time consuming than | sampling biases
-energy audit data energy simulation tools -black box problem
-sensor data -feasible for complex -data unavailability
--green building data and buildings on a large scale | -cannot be applied on many
green building materials -generalisation ability other scenarios as it is
data -reliability bespoke
-difficult to collect high
granular energy
consumption
-unable to collect data due
to privacy concerns
-only suitable for similar
buildings
-difficulty to collect large
2 quantities of useful real-life
% data from sensors etc
<@ -users and other
o parameters (fire safety
< codes, flexible spaces)
c;é were not taken into account
[92] -BIM Based model -stronger and better -high computational cost
[71] parameters and materials | optimisation -expert knowledge in the
[72] -LCC and TEC data -reduce the computational | field
[7] -weather data, thermal time associated with -not all components needed
[69] comfort data, building simulation tools for retrofit were included in
[104] geometry and real time the optimisation
[94] energy consumption data -inaccurate results due to
-thermal energy demand exclusion of certain
for heating, building parameters
- | geometry -applicability to other
.2 | -building structure, data buildings
g from building energy audit -only applied to Singapore
E report climate and regulations
2 | -environmental data
o .
= (Temperature statics,
S | humidity, weather)
[
£
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Table 7 Continued

[79] -materials, building -very high accuracy large number of simulations
[88] geometry, climate are required for the
[84] conditions, and market evolution process when
[67] prices applied to a cluster of
[93] BIM models and data buildings
[89] -material data accurate but time
[80] -data collected from EPC consuming

e -level of complexity of the

o problem makes it difficult to

8 understand which approach

% is the most strategic

© - challenging to get

g adequate building

5 operational energy

n consumption datasets
[99] -EPC database from -deal with multi criteria -unable to apply on a wider
[100] Sweden decision making problems | project
[94] > -BIM based model and uncertainties -absence of reliable big
[87] Q| parameters data source
[70] e § - buildings with a lot of - monetary implications

@© 5| data and in- formation, -time consuming

3 &) such as drawings, reports, -expert mathematical

2 3| energy bills, building knowledge

E % management system

S5 ¢| data, or others

LL &
[82] -publicly available Irish -Less computational -the system would never
[74] building energy -Easily applicable to large | recommend any measures
[97] performance certificate scale retrofit outside the available

- data -easy to adopt by non- knowledge

@ -energy data and retrofit expert of Al field -relying on huge amount of

8 records form US GSA -easy to interpret and very high-quality data

o Portfolio share with decision -only applicable to US

S o| -general building makers climate and regs

= g information and energy -only applicable to the

2 | and cost information of 72 exact same buildings

X | puildings in China
[95] -data collected from - The building model with | -it requires a sufficiently
[87] building systems and reinforcement learning long learning period before
[103] sensors and historical control ensures optimal it can make optimal
[102] data related to weather, performance by self- decisions under various
[131] location advancement on set conditions

-BIM Data objectives and cost -large sample sizes of data

Building Automation systems

functions and is capable
of adapting to variable
occupancy and occupant
behaviours, which are
challenging to
accommodate by heuristic
control.

-fuzzy set theory has
been developed for
modelling complex
systems under uncertain
or imprecise
environments

is required
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Table 8 — Retrofit Approach Taxonomy

Ref | Aim | Al Used
Energy Optimal Retrofit Approach
[100] | e propose aframework to support building energy retrofits. fuzzy logic
[101] | e propose an economic optimization model for energy retrofit measures | mixed integer
[99] for single-family houses. problem, fuzzy
[70] | efind the best strategy for building energy retrofit. logic
[87]1 | «tofind the optimal combination of energy retrofit interventions on a mathematical
[95] building portfolio consisting of historic buildings. model
[131] | « find the optimal scenario for the renovation of institutional buildings mathematical
[93] considering energy consumption and LCA while providing an efficient model
[84] method to deal with the limited renovation budget. GA
[79] « minimie the number of required retrofits needed to achieve maximal Greedy
[104] energy savings across an urban study area model for estimating optimisation
[26] energy savings. algorithms
[71] e to predict the performance of heat pump systems in retrofit residential MOO
[92] housing. GA aNSGA-II
[85] ¢ provided a rapid energy performance estimation engine for assisting Linear .
[105] multi objective optimisation of non-domestic buildings energy retrofit Regression
[106] planning. ANN
gg} e to improve national estimations of energy savings potential g\elz/ilsion Trees
[83] ¢ develop a deep renovation scheme. ML casual forest
[91] o to offer a data- driv_en alte_rnative approach to retrofit analysis that Multiple ML
[74] could be.mor_e easily applled. RNN
(1071 | to portfolio-wide retrofit plans. Deep Learning
[77] o tO d_evelc_)p ma}chlne learning based load prediction model for and PCA
[73] residential bundmg. o . - _ SVM-FCM
[78] * to assess the feasibility in using an integrated Data-driven Urban VAE Bayesian
Energy Simulation (DUE-S) model to quickly evaluate various large- method
scale retrofits in an urban environment. ANN +
* to help determine those building features that are most influential in Surrogate
retrofitting. modelling
¢ to support the stakeholders in taking decisions on refurbishments PCO ML +
options when not all of physical information is available. Surrogate
¢ develop a machine learning-based surrogate model to predict near- Modelling
optimal retrofit solutions validated with a conventional building NSGA-II
simulation-optimization model.
¢ to promote sustainability in the built environment
¢ and finally, to have a smart green building
¢ Implement a protocol using IOT and sensors for a large-scale building
retrofit.
¢ improve the prediction performance for Natural ventilation rate.
Cost Optimal Retrofit Approach
[74], | e proposes calibrated building stock models to assess thermal comfort GA
[80], of the social housing stock of southern Spain (Mediterranean area) MOO + GA
[89], | e to highlight that the optimization of building using Pareto
[72], |  energy design is fundamental for solving the climatic issues of Front
contemporary society. ANN +
o to determine whether it is possible to develop a surrogate model to Surroggte
evaluate the thermal behaviour. modelling
e to obtain energy-optimal thermal designs for GA+ Surrogate
« residential buildings in the most urbanised cities in Turkey Modelling

¢ propose a retrofitting building information modelling (RBIM) to achieve
a trade-off design set between two conflicting objectives, namely.
minimizing OTTV (overall thermal transfer value) and minimizing the

retrofit cost.
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Table 8 — Retrofit Approach Taxonomy Continued
Energy and Cost Optimal Retrofit Approach
[105] | e to select building retrofit designs that balance energy consumption and | MOO+Surrogate
[87] the capital cost. Modelling
¢ To offer a data- driven alternative approach to retrofit analysis that clustering
could be more easily applied. techniques and
« to portfolio-wide retrofit plans. Montecarlo
simulation
Sustainable/Green Retrofit Approach
[97], o to facilitate evaluating various design alternatives and balancing MOO
[82], multiple objectives in building green retrofit. MOO
[102] | efind cost optimal green retrofit. FRL
: « reducing building Greenhouse gas emissions BIM tool +
[103] | o generates and evaluates optimal and holistic renovation scenarios Clustering K
) tailored toward the renovation of dwellings in a Danish context. Means and PCA
[69], ¢ seek to reduce the dimensions of the evaluating KPIs for the sake of BIM tool:
7 designers. PARDIS and
e to predict primary energy consumption and occupants’ thermal comfort KPls W_'th
for any member of a building category using surrogate modelling and | clustering k-
ANN. means
e to predict the energy rating and recommend a list of retrofit measures. ANN +
e guide decision makers. Sur(;o%ate
¢ in making improved decisions on new green retrofit projects. E]é)se ing
¢ develop e retrofit framework that looks into building performance. KBS
¢ expand the reinforcement learning control in order to advance the Building
control strategy of natural ventilation and to achieve greater comfort Automation
and energy efficiency. S
o ystems
e t0 assess the performance level of a green building based on Building
assessment factors of green building rating system Automation
Systems
Building
Automation
Systems

4. Strengths, limitations, implications, and future of Al applications for retrofit

4.1

Strengths of Al applications for Retrofit

The application of Al when dealing with the Retrofit process has a number of advantages,
as shown in Table 7. With the effective use of Al technologies like machine learning,
surrogate modelling, and intelligent optimisation, research shows that the retrofit process
has been successful in increasing building efficiency and encouraging sustainability.
Increased efficiency, time and money savings, reliability, and greater accuracy when
carrying out the retrofit procedure are all common strengths.

4.2 Limitations and Implications of Al for Retrofit

Despite the strengths of Al applications to Retrofit process and its current implementation
in the field, there are still several challenges. Table 7 (Summary of datasets characteristics,
strengths, and limitations of Al for Retrofit) presents an overview of these. The literature
[66, 98] has explored additional restrictions include data complexity, high starting costs,
data privacy and security difficulties, high initial costs, computing power and internet
connectivity, ethical and legal issues,
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cultural/heritage challenges, a lack of competence. Furthermore, Al applications were
frequently constrained by data accessibility issues, inadequate data, low data quality, a
lack of trustworthy databases, short sample sizes, and sampling biases but also the
need to better link large datasets to the asset using an open data source environment. A
further consideration can be the need to develop models that people can comprehend,
trust, and manage, where effects of culture, individual values, and religious beliefs on
the acceptability and use of Al [98] should also be further studied.

4.3 Future of Al for Retrofit & Recommendations

The majority of Al applications from research presented seem to disregard the
inclusion of a common data environment and involve multiple stakeholders in the
retrofit process that can aid develop a holistic retrofit solution. The major limitation
deducted is the stakeholder’s inclusivity in the retrofit process and the need of
implementing building data capture with the use of digital twins and linking it to the
retrofit process. When discussing the retrofit process, these haven't been sufficiently
studied. The generation and capture of useful data can be accomplished in novel ways
with the help of Al technologies, which have the potential to alter the practice and
process of retrofitting dramatically. The noted missing links invite further research on
the right integration and use of Al applications for optimising and improving cost,
building performance and sustainability in the AEC industry by Retrofitting the already
existing building stock. However, integrating the various heterogeneous data types
gathered using these Al applications is difficult and time-consuming, which
consequently restricts the potential of the retrofit process. Complex retrofits can be
made possible with the use of open data sources, such as semantic web ontologies.
Based on the limitations discussed above and the key retrofit objectives’ taxonomy
identified through the thematic analysis and discussed in the analysis section (3.3), it
is important to emphasise that there is a need of having a holistic approach when
looking at the retrofit process. Therefore, looking at developing an inclusive, open data
source framework for retrofit process that includes multiple stakeholders, occupants’
behaviour, building geometry, energy performance, indoor air quality, achieving net-
zero standards with the use of Artificial intelligence is vital (as shown in Fig 10 —
Proposed Retrofit Approach).

A robust methodology needs to be in place to capitalise on this data and drive the
retrofit approach in a holistic manner. Due to the variety and individuality of buildings,
as well as the varied stakeholder goals, assessing the energy performance of buildings
during the retrofit process is a complex process. One of the primary causes of
ineffective assessments of building energy performance is the varied and fragmented
nature of the information that is currently accessible. Exploring the factors that
contribute to the complex discrepancy between expected and observed building
energy performance has remarkable potential with effective cross-domain information
sharing. Information integration has been driven by the semantic web, which has
allowed a paradigm shift in the management and sharing of cross-domain information.
Semantic web technologies have shown improvements in a variety of industries due
to their adaptable and computer-readable model for representing information. As part
of the process of creating service-oriented architectures, Web discovery services are
made possible by a semantic web-based framework.
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The proposed Retrofit Approach (Fig 10) relies on the premises of having data
availability gathered from the digital twin of the asset, data from real-life sensors that
collects the occupant’s behaviour data, and it is using a open data environment that
links building data with outcomes. It is essential that once the retrofit target is identified,
the Al applications can be chosen based on the availability of data. If there is a large
amount of data available and accessible, applications such as ML can be adopted
during retrofit process. More importantly, to support more controlled/sensitive/smart
decision-making for retrofit projects, data can be defined semantically to support
decision making. This can better utilise the large amounts of real-time datasets that
can is captured using the digital twin. Although data carries a large but important
amount of information, large datasets that are not analysed accordingly can be seen
as a downside/negative when generating retrofit process, causing interoperability
issues.

A more holistic approach needs to be considered even further that will focus on
building performance of retrofit project. Based on the findings and analysis of Al
applications for retrofit projects in the AEC sector, the following recommendations are
proposed, as shown in Fig 10 — Proposed Retrofit Approach:

a) Establish an open data source framework for retrofit projects: There is a need to
develop a comprehensive and inclusive data source framework that includes
multiple stakeholders, building geometry, energy performance, indoor air quality,
and occupant behaviour. This framework should be designed to facilitate data
sharing and enable the integration of different datasets, such as those gathered
through digital twins, sensors, and other sources.

b) Embrace semantic web technologies: The integration of semantic web
technologies into the retrofit process can help address the issues of heterogeneity
and fragmentation of information. By creating a computer-readable and adaptable
model for representing information, semantic web technologies can facilitate
effective cross-domain information sharing and enable more controlled and smart
decision-making.

c) Focus on building performance: More research is needed to develop a more holistic
approach to retrofit projects that prioritise building performance. This approach
should consider the unique characteristics of individual buildings, as well as the
varied stakeholder goals, to enable effective assessment of building energy
performance and support data-driven decision-making.

d) Include stakeholders in the retrofit process: The retrofit process involves multiple
stakeholders, including building owners, occupants, contractors, and designers.
Therefore, it is important to establish inclusive and collaborative processes that
enable effective communication, stakeholder engagement, and shared decision-
making.

e) Increase the use of Al applications: The use of Al applications can help enhance
the sustainability and efficiency of retrofit projects by enabling data-driven decision-
making, optimizing building performance, and reducing energy consumption.
Therefore, it is recommended that stakeholders in the AEC sector increase their
use of Al applications, especially those that have proven to be effective in retrofit
projects.

f) Conduct further research: Although significant progress has been made in the
application of Al for retrofit projects, more research is needed to explore the
potential of emerging technologies, such as machine learning and deep learning,
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and to identify new opportunities for improving the sustainability and efficiency of
the AEC sector.

Retrofit approach Existing Model

Semantic Model Datasets

Fig 10 — Proposed Retrofit Approach
5. Conclusion

Based on the results analysed in the study, in conclusion, the Architecture,
Engineering and Construction (AEC) sector is facing significant sustainability and
efficiency challenges. Artificial Intelligence (Al) has been identified as an effective
solution to address these challenges, and there is a growing interest in applying Al
technigues and applications to retrofit projects in the construction industry. This study
has conducted a thorough review of available literature on Al applications for retrofit
projects in construction, identifying the opportunities and challenges of Al applications,
and highlighting the most common techniques, data used, and processes followed.
This study provides a valuable pathway for realizing the broad benefits of Al
applications for retrofit projects and contributes to the Al body of knowledge by
synthesizing the state-of- the-art of Al applications for retrofit and revealing future
research opportunities in this field. Overall, this study highlights the potential for Al to
enhance the sustainability and efficiency of the AEC sector and underscores the need
for continued research and development in this area. In conclusion, the Architecture,
Engineering and Construction (AEC) sector faces significant challenges in terms of
sustainability and efficiency. However, have shown promise in addressing these
challenges. The study also identified the limitations associated with the current use of
Al applications for retrofit projects, including the need for a more inclusive approach
that involves multiple stakeholders in the retrofit process and the integration of building
data capture with the use of semantic web technologies. The study proposes a
framework for an Al approach to retrofit projects that relies on the availability of data
from real-life sensors, the digital twin of the asset, and an open data environment that
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links building data with outcomes. The framework also emphasises the importance of
a holistic approach to the retrofit process that focuses on building performance.
Overall, by synthesising the state-of-the-art of Al applications and highlighting potential
future research opportunities in this area to improve the sustainability and efficiency of
the AEC industry, this work contributes to the body of knowledge on Al applications for
retrofit projects.

6. Future Scope

The proposed framework provides a pathway to realise the broad benefits of Al
applications for retrofit projects and could help improve decision-making for retrofit
projects in the future. Therefore, it is recommended that future research in this area
should focus on the right integration and use of Al applications for optimizing and
improving the cost, building performance, and sustainability in the AEC industry by
retrofitting the already existing building stock. The findings of this study suggest that
Al has the potential to significantly enhance the sustainability and efficiency of retrofit
projects. However, the complex nature of such projects requires careful consideration
of data, processes, and applications to ensure that value can be maximised. The study
provides valuable insights into the current state-of-the-art of Al applications in retrofit
projects and highlights future research opportunities in this field. It is hoped that the
findings of this study will inspire further exploration and experimentation with Al in the
construction industry, leading to more sustainable and efficient practices in the AEC
sector.
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8. Appendix - Supplementary data

Table 9 - Abbreviations

Al Artificial Intelligence

AEC Architecture, Engineering And Construction
PRISMA Preferred Reporting Items For Systematic Reviews And Meta-Analysis
ML Machine Learning

NN Neural Networks

ANN Artificial Neural Networks

SVM Support Vector Machine

DL Deep Learning

CNN Convolutional Neural Network

RNN Recurrent Neural Network

PCA Principal Component Analysis

VAE Value Auto Encoders

GA Genetic Algorithm

MOO Multi Objective Optimisation

NB Naive Bayes

GM Gaussian Mixture

RL Reinforcement Learning

MLM Machine Learning Methods

ECM Energy Conservation Measures

KPI Key Performance Indicators

SBMO Surrogate-Based Multi-Objective Optimization
0T Internet Of Things

GIS Geographical Information Systems

CENED CELED Energy Certification Of Buildings (Italian)
SHAP Shapley Additive Explanations

DSS Decision Support System

BIM Building Information Modelling

PARADIS Process Integrating Renovation Decision Support
SVM Support Vector Machine

SVM-FCM Fuzzy C-Means Based Support Vector Machine
NSGA I Non-Dominated Sorting Genetic Algorithm II
LCC Life Cycle Cost

LCA Life Cycle Assessment

TCA Total Cycle Cost

TEC Total Energy Cost

BEMs Building Energy Models

HVAC Heating, Ventilation And Air Conditioning

GHG Green House Gas

MATLAB Matrix Laboratory

SPC Supervisory Predictive Control

MIP Mixed-Integer Problem

RS Recommendation Systems

KBS Knowledge Based Systems

us United States

RBIM Retrofitting Building Information Modelling
oTTV Overall Thermal Transfer Value

FRL Falling Rule List
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Table 10 — Some Al application datasets and tools/software used for the selected studies

Variables considered Tools Used Main Al Purpose Ref
Energy saving and retrofitting the energy supply MOO using TRANSYS - MOO find cost optimal green retrofit [110]
such as HVAC Design Analysis Kit for
systems and DHQ systems Optimization and Terascale

Applications (DAKOTA)

: . NSGA-II optimization n in ; o
Primary energy efficiency measures MATLAB, EnergyPlus MOO Find the best energy retrofitting strategy [209]
data from drawing files and the gbXML file BIM and MOO inDesign MOO to facilitate evaluating various design [108]
exported from the BIM model Builder alternatives and balancing multiple
objectives in building green retrofit

data from Building Energy Model building performance MOO + to highlight thatthe optimizationof building [72]

simulation (BPS), GA energy design is fundamental for solving the

MATLAB, climatic issues of contemporary society.

EnergyPlus
TEC of the building in detail -thermos- physical Revit, ATHENA, GA find the optimal scenario for the renovation [92]
properties of the building envelope, data from DesignBuilder of institutional buildings considering energy
HVAC system and lighting, and other necessary consumption and LCA while providing an
information about the building. efficient method to deal with the limited

renovation budget

varlous energy cons various energy conservation EnergyPlus and proposed RNN To assess the feasibility in using an [77]
measures (ECMs), collected from the National DUE-S tool developed usin integrated Data-driven Urban Ener
Oceanic and Atmospheric Administration (NOAA). RNN P 9 Si gl tion (DUE-S del t . k?y
Building geometries were created by merging a imuiation (_ -S) model to quic &y
2D building GIS various energy conservation evaluate various large- scale retrofits in an
measures (ECMs), collected from the National urban environment.
Typical residential household heating and cooling EnergyPlus+ML and data Multiple to develop machine learning based load [107]
load intensities from questionnaires and ML prediction model for residential building

surveys
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Table 10 Continued — Some Al application datasets and tools/software used for the selected studies

Ecotect software, TRNSYS

building energy performance 4 GenO A ANN provided a rapid energy performance estimation [68]
benchmarking anf enOptoptimisation engine for assisting Multi-objective optimisation
software of non-domestic buildings energy retrofit
planning
data from EPC sample SVM-FCM to support the stakeholders in taking decisions [78]
on retrofit when not all of physical information is
available
Energy efficiency, energy P_AR'IA‘?IS a?_:j_ I('\Z/IELBear KPI BIM tool: seek to reduce the dimensions of the evaluating KPIs | [86]
consumption, indoor thermal simulator (c++) PARDIS for the sake of designers
comfort, indoor air quality, and KPIs
occupants,
Energy efficiency, energy Answer Set Programming (ASP)| BIM tool + generates and evaluates optimal and holistic [90]
consumption and a BIM based DSS Clustering K renovation scenarios
indoor thermal comfort, Means + PCA
data from sensors, EPC ML Deep Learning to help determine those building features that are [73]
rating and PCA most influential in retrofitting
ECM The GSALInk action, a ML casual To offer a data- driven alternative approach to retrofit | [74]
(Energy consumption combined energy-use forest analysis that could be more easily applied to
measurements) variables dashboard and fault- portfolio-wide retrofit plans.
detection tool
info from energy audit . . . -
mandates, such as New York _I?nelrgfy ilb_\udn Dlatlg i:lt\)/llll_ectlon FRL zeduc;]ng building G_HC_; [81]
City (NYC) s Local Law ool, falling rule lis reenhouse gas emissions
IfcOpenShell library data developed Diagnosis Tool Decision Trees | develop a deep renovation scheme [91]
using ML
The EPC geographic information SVM to improve national estimations of energy [83]
ratings software savings potential
Replace heat pumps to calculations only using a ANN to predict the performance of heat pump systems in [75]

reduce energy consumption

standardised method for
evaluating energy savings

retrofit residential housing
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