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Abstract

Residential building retrofit requires reliable building energy simulation and efficient
performance prediction. This research presents an adaptable workflow for establishing
two residential base model templates, namely corner space (CS) and intermediate space
(IS). The models were assessed through National Construction Code of Australia-based
verification, comparison with a documented Melbourne residential reference model, and
Morris index convergence analysis. These models were coupled with an Al-assisted three-
stage prediction framework and evaluated across seven additional Australian climates, with
Melbourne as the primary case, to examine cross-climate applicability. Stage 1 developed
a two-variable analytical model to predict annual energy consumption. Stage 2 extended
this to a three-variable relation and compared its energy predictions with support vector
machine (SVM). Stage 3 examined multivariable cases using four machine learning (ML)
models—artificial neural network (ANN), SVM, random forest (RF), and decision tree (DT)—
to predict performance metrics and identify the best model. For the primary Melbourne
case, the two-variable relation reproduced the simulated response with mean absolute
percentage errors (MAPEs) of 0.27% and 0.62% for CS and IS, respectively. In Stage 2,
the analytical model achieved a MAPE of 8.38%, while SVM reduced the error to 0.75%.
Cross-climate results confirmed that the staged workflow remained robust across different
climates. In Stage 3, SVM was robust with limited data, while the ANN and RF became more
competitive with larger samples. DT was prone to overfitting. The proposed framework
supports early-stage residential retrofit assessment by enabling retrofit hotspot screening
and suitable surrogate model selection before detailed optimization.

Keywords: residential retrofit; building energy simulation; artificial intelligence; base
model templates; predictive modeling framework; surrogate modeling

1. Introduction

Buildings are responsible for approximately 36—40% of global energy usage and emis-
sions [1,2]. Since existing buildings far exceed newly constructed ones, retrofitting is a
crucial strategy that can reduce energy consumption by 30-72% [3,4]. Most retrofit studies
utilized advanced physics-based simulations such as TRANSYS, jEPlus, IDA-ICE and
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EnergyPlus. These tools are largely applied to evaluate the performance of individual
homes or established housing archetypes. Using these simulations, researchers can analyze
how different retrofit strategies affect key factors, including energy consumption patterns,
heating load, cooling load requirements, cost efficiency, and overall occupant comfort across
various scenarios [5-8]. A recent study on a two-story house implemented retrofits such
as wall and roof insulation, improved glazing, infiltration control, and shading, achieving
a 38.8% reduction in energy consumption. Another study showed that similar retrofits
combined with photovoltaic (PV) panels reduced thermal discomfort hours by 46% [2,9].
Furthermore, replacing the HVAC system alongside these strategies proved to be both effec-
tive and economical in lowering annual energy consumption [10]. In addition, retrofitting
the building envelope and replacing lighting with LED lamps reduced operational energy
use. Supplying electricity via PV panels further contributed to energy savings and lowered
costs [11]. Recent studies also represent that retrofit assessment should consider indoor
environmental quality. Ventilation strategies can affect indoor air quality, while climate
responsive envelope solutions such as PCM can improve energy performance and thermal
comfort [12,13].

Although physics-based simulations support retrofit analysis, they are computation-
ally demanding, require detailed inputs and involve assumptions that add uncertainty.
Therefore, many studies adopted statistical and machine learning (ML) techniques to
improve the effectiveness of evaluations. These approaches, known as metamodels or
surrogate models, can swiftly predict outcomes by learning from existing data [14,15]. A
variety of metamodels, such as artificial neural networks (ANNSs), support vector machines
(SVMs), random forest (RF), Gaussian processes (GPs) and decision trees (DTs), are often
employed to predict key energy-related metrics [16-18]. ANNs have been utilized promi-
nently for modeling building energy and ensuring reliable predictions. It can effectively
capture the nonlinear patterns of building energy data but requires adequate sampling to
achieve reliable accuracy [19,20]. Moreover, an optimization framework has been employed
recently on a case study building in northern China, with the help of a robust ANN model
to identify optimal design schemes, and it was found that the workflow ran 38 times faster
than the conventional approach [21]. Additionally, SVM and GP demonstrate satisfactory
performance with the advantage of being supervised using fewer parameters. Neverthe-
less, SVM faces limitations when it comes to handling large-scale building energy analysis
and high granularity [22]. Researchers have also implemented Latin hypercube sampling
(LHS) to train an interpretable surrogate model like XGBoost, which helped to identify
heating setpoint, airtightness, and equipment power density as dominant retrofit options
of a Canadian single-detached house [23]. Furthermore, recent works have developed
some data-driven frameworks where XGBoost, RF, and GBDT were utilized as the main
predictors in the context of retrofitting, and the accuracy was reported as around R? ~ 0.94
up to 0.98 [24-26].

However, the above discussed data-driven model reduce computation, yet multi-
objective optimization (MOO) often handles the selection of retrofit measures. It is often
considered as a way of choosing retrofit packages, balancing energy, comfort, and cost
through Pareto searching [27,28]. Surrogate and metamodel-based approaches provided a
fast performance, which enabled MOO techniques like NSGA-II/III to efficiently explore
Pareto trade-offs over many retrofit options [29-31]. In contrast, the MOO process helped
to generate a diverse design space that made the surrogate models more robust [32-35].
Although MOO and metamodels complement each other, there is a lack of a well-structured
predictive pathway to guide practitioners in choosing a suitable prediction strategy based
on problem complexity. Despite the above advances, residential retrofit applications remain
limited to case-specific modeling [36]. Residential retrofit requires particular attention be-
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cause the decisions are made under budget constraints, as the homeowners usually prefer
a few retrofit options [37,38]. Since envelope-related parameters such as glazing, insula-
tion, shading, etc., strongly affect building performance, representative residential spaces
applicable across different housing forms can be used to identify retrofit hotspots [39].
Against this background, the present study addresses two research questions: (1) Can
generic residential reference spaces be developed to represent common habitable spaces
and support early identification of retrofit hotspots? (2) How should a staged prediction
strategy guide the selection between analytical methods and machine learning surrogates
when the number of retrofit variables increases? The underlying hypothesis is that generic
base spaces can provide a generalizable foundation for residential retrofit analysis and
enable early screening of retrofit hotspots across different climate conditions. Analytical
relations may be sufficient and preferable when a small number of retrofit variables are
considered, whereas a larger number of retrofit variables requires ML surrogates, selected
through systematic comparison. However, modern simulation tools and Al platforms can
assist retrofit analysis; they usually operate as application tools for a particular project or
dataset. They do not, by themselves, resolve the two methodological issues identified above.
Therefore, the aim of this study is to develop adaptable residential base model templates
and to propose a three-stage prediction framework for pre-optimization of retrofit analysis,
with additional cross-climate testing across multiple climate conditions. The next section
identifies the key research gaps and clarifies the specific contributions of this study:.

2. Research Gaps and Innovations

Upon reviewing the literature, it is evident that most retrofit studies are case-specific
and their findings are difficult to transfer across residential space types, geometries, orien-
tations and climatic conditions. Many recent studies have used ML models as surrogates
for prediction, but they rarely explain whether a simpler analytical model may be sufficient
for a small number of retrofit variables. They also do not clarify how to choose a suitable
predictor when the number of variables increases. However, optimization studies often
explore large combinations of retrofit measures, whereas real residential retrofit decisions
are commonly limited to one or two interventions due to budget and implementation
constraints. This means that complex predictive tools are not always necessary at the early
decision stage. Therefore, this reality highlights the need for a fast, simple, and interpretable
prediction framework that aligns with how retrofits are implemented.

To address the above gaps, this research developed two generic residential space
templates, such as corner space (CS) and intermediate space (IS), representing common hab-
itable spaces across detached houses, townhouses, and apartments. The study provides a
commonly applicable space-level baseline that supports early screening of retrofit-sensitive
zones. This space-level approach is important because retrofit-sensitive envelope features,
such as windows, insulation, and many others, strongly influence building performance.
Improving these features in a typical habitable space can provide a reasonable estimate of
the energy use [40,41]. These spaces are also analyzed across eight orientations (0-315° at
45° steps), ensuring they cover all typical exposures and keeping the results widely applica-
ble across various residential typologies. This study also proposes a three-stage predictive
framework for retrofit analysis. Stage 1 shows that, when only two retrofit variables are
considered, an analytical method can accurately predict annual energy consumption. Stage
2 extends this logic to a three-variable case and compares the analytical formulation with
an ML model. In Stage 3, for more than three variables, an ML prediction strategy has
been employed using several prominent ML models, providing a transferable prediction
pathway when interactions are complex. Subsequently, the best-performing model is also
identified. In addition, the proposed framework was examined across multiple Australian
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climate conditions to assess whether the prediction trends remained consistent beyond the
primary Melbourne case.

The novelty of this work is that it introduces generic residential base model templates
applicable beyond specific case studies and that can support early screening of retrofit
hotspot zones. It also proposes an Al-assisted staged predictive strategy that selects the
prediction method based on problem complexity, using interpretable analytical relations for
simple retrofit decisions and ML surrogates for more complex scenarios. The framework
is further evaluated across multiple climatic conditions, strengthening its applicability
beyond a single case. Together, these contributions provide a reproducible pre-optimization
framework for residential retrofit analysis. Accordingly, the purpose of this work is not
to replace existing simulation or Al tools, but to provide a transferable framework for
effective use in residential retrofit analysis. This reduces early modeling effort by helping
practitioners quickly identify retrofit hotspots and prioritize cost-effective retrofit actions
before detailed whole building analysis. It also provides a systematic pathway toward
surrogate-based optimization.

3. Methodology

Residential buildings such as apartments and houses typically have spaces with one or
two walls facing the exterior, while other surfaces are adjacent to other interior surfaces [42].
In building science, these spaces can be classified as corner rooms (two external walls) and
intermediate rooms (one exterior wall). Moreover, the ceiling or roof also acts as an external
boundary for single-story houses and upper floors of apartments. However, walls that are
shared with other conditioned rooms are typically treated as surfaces with no heat transfer
(adiabatic) [43—45]. Also, the literature indicated that an adaptable base model framework
is necessary to quickly pinpoint the energy hot spots where retrofitting is essential [39,40].
Nevertheless, key envelope parameters, such as insulation levels, shading and window
properties, significantly drive the results. Retrofitting these elements in a representative
zone can effectively provide a good indication of building performance trends [41].

Based on the above criteria, we have modeled two generic residential spaces (Figure 1).
The first one is a corner space (CS), where two walls (dark blue) and the roof (dark brown)
are exposed to outside conditions and other walls are assumed as adiabatic (red). The
second one is intermediate space (IS), with one wall (dark blue) and the roof (dark brown)
exposed to outdoor conditions, and the remaining walls are considered adiabatic (red). For
both CS and IS, the floor (light brown) is modeled as a ground-contact slab with constant
ground temperature (annual average = 20 °C). The constant ground temperature of 20 °C
was adopted following the NCC guidelines [46]. These spaces also represent common
habitable rooms, such as bedrooms and living rooms in a residential space [42]. The room
dimension for CS is 4 m in length, 4 m in width, and 2.7 m in height, while for the IS, the
length and height are identical, while the width is 3 m. The green axis represents that
both spaces are facing the north direction, and the window (light blue) is placed on the
north-facing wall, where the window-to-wall ratio is taken as 30% (Figure 1). However,
these base models were later analyzed for different orientations from 0° to 315° with 45°
increments during the simulations. Therefore, the building rotates relative to true north,
adjusting the window fagade’s direction at each step. The role of these reference templates
is to support rapid screening of retrofit sensitive zones before more detailed whole building
simulation is conducted. Melbourne was presented as the primary climate case for detailed
framework development, and to examine the broader applicability, these models were also
evaluated under seven additional climate conditions of Australia.
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(a) CS (b) IS
Figure 1. Three-dimensional view of base models (top row) and boundary conditions (bottom row).

3.1. Modeling and Simulation Platforms

The building models were established in OpenStudio (v1.8.0), following the floor plan
and using the key parameters listed in Table 1. The input information and characteristics of
the materials for the base models have been derived by following the guidelines provided
by the National Construction Code (NCC) of Australia [46].

Table 1. Base models’ characteristics.

Parameter Description
Total floor area 16 m? (CS), 12 m?2 (IS)
Orientation 0°
Roof construction R-value 5.34 m2-K/W.
Wall construction R-value 3.40 m2-K/W
Floor construction R-value 2.46 m2-K/W

U =2.0 W/m? K, solar heat gain coefficient (SHGC) = 0.25,

Glazing specification visible transmittance (VT) = 0.50

Window-to-wall ratio (WWR) 30%
Heating setpoint 20°C
Cooling setpoint 24°C
Infiltration Air changes/hour (ACH) = 0.75
Lighting Lighting power density (LPD) = 4 W/m?
Equipment Laptop = 2.5 W/m?
Occupancy 1 person (space/space-type)

NCC suggests minimum total R-values for walls, roofs and floors based on the climate
zone [46,47]. Accordingly, the base models were developed to satisfy the minimum NCC
requirements for each corresponding climate condition. Australia has eight climate zones,
ranging from Zone 1 tropical to Zone 8 alpine. The primary case, Melbourne, is situated in
Climate Zone 6 and represents a temperate climate with warm summers and cool winters.
The weather files of all climate conditions were used for simulation, as obtained from the
repository of Climate.onebuilding.org [48]. Moreover, internal loads (lighting, occupancy
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and equipment) and their schedules of the base models were also assigned based on NCC
guidelines to reflect realistic residential use patterns [46,47]. OpenStudio is an advanced
modeling platform often implemented as the graphical interface for EnergyPlus, which
has a limited graphical user interface and requires advanced expertise [8]. However,
EnergyPlus is a highly validated and dependable tool for accurately simulating building
energy performance. Therefore, jJEPlus (v2.2.0) was employed as the simulation engine, as
it is another powerful interface of EnergyPlus, which involves automated parametric runs
and efficient dataset management [5,49]. Moreover, in this work, ideal air loads have been
used to provide efficient heating and cooling in the designed space, which is a convenient
feature that exists in EnergyPlus. In practice, this means the system will remove or add
thermal energy to meet the zone’s setpoint conditions. It has been found that the predicted
annual energy consumption of a building by the ideal air loads can be very similar to that
of a real HVAC system [50-52].

3.2. Base Models’ Verification and Output Reliability Assessment

The reliability of base models were evaluated in three steps. As mentioned in
Section 3.1, NCC guidelines were followed to develop the base models, which also rec-
ommend comparing simulation outcomes with the prescribed regulatory limits for ver-
ification [46]. Therefore, at first, the simulated outcomes such as heating load (HL) and
cooling load (CL) were compared against the uniform national standard of NCC [46] for
all climatic conditions. Secondly, since Melbourne was the primary climate condition, the
outputs of Melbourne were compared with a residential reference model to examine the
thermal response consistency. Lastly, Morris sensitivity analysis was also conducted across
multiple sample sizes and climates. This approach is commonly utilized to represent that
the model does not produce unreliable or random outputs [50,53]. It should be noted that
the base models are generic reference templates, not monitored real buildings. Therefore,
direct measured data validation was not applicable in this study.

According to NCC Clause 544C2, the maximum allowable HL and CL for a habit-
able space should be measured in MJ/m?.annum and calculated by using the following
formulas [46],

Heating load limit (HLL) = max (4, (0.0044 x HDH — 5.9) x Fy) (1)

Cooling load limit (CLL) = (5.4 + 0.00617 x (CDH + 1.85 x DGH)) x Fc )

Here, HDH = total annual heating degree hours for the building location, CDH = total
annual cooling degree hours of the location, DGH = total annual dehumidification gram
hours of the location, Fyj = area adjustment factor of the HL, Fc = area adjustment factor of
the CL.

The HDH, CDH, and DGH were calculated separately for each climate condition, using
the corresponding hourly weather data from the weather files and the setpoints suggested
by NCC (see Table 1). Moreover, if the habitable space in the model is <50 m? the values of
Fy and Fc should be considered as 1.37 and 1.34 [46]. The calculated limits and simulated
loads for the CS and IS are summarized in Table 2 across the considered Australian climates,
demonstrating that both base models comply with the NCC requirements.

To strengthen model verification, the outputs of Melbourne CS and IS were assessed
against a well-documented Melbourne detached residential reference model reported in
the recent literature [54]. The comparison was conducted to evaluate whether the proposed
reference space templates reproduced a similar broad thermal response pattern observed
in the documented Melbourne residential model.
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Table 2. Validation of base models against NCC standards across different climates.
Climate CS-HL CS-CL IS-HL IS-CL NCCHLL NCC CLL Status
(MJ/m?-a) (M]/m?-a) (M]/m?-a) (M]/m?-a) (M]/m?-a) (M]J/m?-a)

Melbourne 39.48 2.88 16.80 420 318.00 44.90 Compliant
Adelaide 6.95 23.53 0.90 24.30 233.50 70.70 Compliant
Brisbane 2.95 51.37 1.25 58.20 77.76 283.67 Compliant
Canberra 56.22 7.46 28.20 8.40 403.51 75.83 Compliant

Darwin 0.45 234.22 0.23 236.70 4 1127.78 Compliant
Hobart 45.59 0.55 20.70 0.90 381.38 14.58 Compliant

Perth 1.06 42.83 0.95 45 155.22 113.50 Compliant
Sydney 0.74 24.38 0.67 31.80 143.02 156.73 Compliant

Note: CS—corner space, IS—intermediate space, HL—heating load, CL—cooling load, HLL—heating load limit,
CLL—cooling load limit. The dimensions of the CS and IS are 16 m? and 12 m? respectively.

The comparison in Table 3 demonstrates that the proposed CS/IS base models repro-
duce the main thermal response pattern observed in the documented Melbourne residential
reference model. For both cases, heating demand is higher than the cooling demand under
the mentioned climate conditions, while orientation and the improved insulation affect the
thermal load.

Table 3. Consistency comparison with a documented Melbourne residential reference model [54].

Comparison Item

Melbourne Residential

Reference Model Proposed CS/IS Models

Consistency Observation

Model scale

Different scales, but both

Whole detached residential represent residential thermal

Space-level CS and IS

house templates behavior.
. Same primary climate
Weather file Melbourne Melbourne context.
Different simulation
Energy assessment basis FirstRate5/NatHERS OpenStudio/EnergyPlus platforms used for

residential thermal
assessment.

Heating/ cooling behavior

CS: HL = 39.48 MJ /m?,

Heating = 411.0 MJ /m?;
Cooling = 81.9 MJ/m?

CL =2.88 MJ/m?; IS:
HL = 16.80 MJ/m?,
CL = 4.20 MJ/m?

All cases present heating
dominated behavior under
Melbourne conditions.

Orientation effect

Total load varies from 492.9
to 517.7 MJ/m? across
0-315° orientations

CS total load varies from
60.53 to 111.83 MJ/m?; IS
total load varies from 39.30
to 87.60 MJ /m? across
0-315° orientations

Both demonstrate
orientation dependent
thermal response.

Improved envelope response

At 0°, total load reduces

from 492.9 to 109.8 MJ/m? in
the improved/insulated case

At 0°, CS total load reduces

from 109.35 to 60.53 MJ/m?
and IS total load reduces

from 71.70 to 39.30 MJ/m? in

the improved/insulated case

Both cases represent that
improved envelope
performance reduces the
total energy load.

Moreover, in the next step, a sensitivity analysis (SA) was conducted in the platform of

jEplus+EA with the help of the Morris method to demonstrate the robustness of the model
outputs [55]. Additionally, this method also helps to identify the most influential parameters
on the respective outputs [56]. In the Morris method, p* is a commonly reported sensitivity
indices, while a higher u* value represents a more substantial influence of a parameter.
However, it is also necessary to vary the sample size (s) systematically to achieve stable
outcomes. A small sample size like s = 10 can be insufficient to achieve reliable results while
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larger sample size like s = 100-200 can stabilize the output [57]. Furthermore, the u* values
are often compared between consecutive sample sizes by using the following relation,

- M % 100 3)

Hold

Ap*

Here, Ap* represents the fluctuations, and the stability is defined when the average
changes in the value of | Ap*| remain between 10% and 15% [57-59].

The above-discussed technique was applied for both of our CS and IS models with
sample sizes of 100, 200, 300, 400 and 500 on four different simulation outputs: annual
energy consumption (AEC), heating load (HL), cooling load (CL), and thermal discomfort
Hours (TDH). Correspondingly, the six input factors were orientation (P0), heating setpoint,
HSP (P1), cooling setpoint, CSP (P2), roof insulation R-value (P3), wall insulation R-value
(P4), and window U-value (P5). Morris design usually uses the relation s x (d + 1) to
represent the original sample size, where d represents the number of variables. Therefore, a
total of 10,500 simulations were conducted for values of s ranging from 100 to 500 for each
model. Considering both CS and IS models across eight Australian climates, the Morris
convergence assessment involved 168,000 cumulative simulations.

Figures 2 and 3 demonstrate the convergence behavior of Morris u* for the primary
Melbourne case. The stepwise stabilization procedure is illustrated in these figures, while
the same convergence assessment was repeated for the remaining climatic conditions, and
it is summarized in Table 4.

It is visible from Figures 2 and 3 that the curves for both CS and IS stabilize by s > 300
for all outputs. However, AEC and HL are stable beyond 300 while CL and TDH represent
initial oscillations but settle by s = 300. Therefore, the ranking of influential input variables
on the output is settled by s = 300. Across CS and IS, P1 and P5 dominate AEC and HL,
while CL is primarily driven by P0, followed by P2. Additionally, TDH is predominantly
influenced by P1, with P5 as the secondary contributor in CS and P0 in IS.

Morris p* vs s (AEC - CS) Morris p* vs s (HL - CS)
800 800
700 700
—— g ———=n —— . = ——a
600 —4=—P0 600 ® —— — —9 —4=P0
. 500 o — ° -—p 500 R
% 400 "5_ 400 PN —
300 v —— —— — —tr=P2 300 —— —tr—P2
200 - — —P3 200 —«P3
100 IS 7 —— A e P4 100 P4
0 0 & 2 = 2 'S
100 300 400 500 —-Ps 100 200 300 400 500 —o-P5
Sample size (s) Sample size (s)
Morris p* vs s (CL - CS) Morris p* vs s (TDH - CS)

4000

3500 = — ]
° W‘ ——P0 3000 |— B ——P0

2500

% 50 —&-P1 . P
T a0 —P2 3200 —P2
30 - 1500

2 o - - —=e=P3 1000 — — — —=P3

o 00 ® - - 9 S —_
o — e P4 . - —_——————— —=Pa
100 300 400 500 P5 100 200 300 400 500 PS

Sample size (s) Sample size (s)

Figure 2. Morris p* (sensitivity index) vs. sample size (s) for corner space (CS).
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Morris p* vs s (AEC - IS) Morris p* vs s (HL - IS)
500 500
400 L . - b - —po 400 | e —— — —ro
300 — — —-P1 ¥ 300 — s —— ———— —&-P1
%200 v = - P2 = 200 — ——P2
100 —=P3 100 —=¢=P3
) e P4 0 P4
’ 100 200 300 400 500 P> 100 200 300 400 500 —o-=P5
Sample size (s) Sample size (s)
Morris p* vs s (CL - IS) Morris p* vs s (TDH - IS)
100 3500
. 3000 |— — B e B —
’\/g — ——P0 2500 —=P0
0 e e x 2000 ---P1
= w0 P2 = 1500 P2
.—.\._’—-—.-\.
2 —e=P3 1000 —_— —=P3
500
T — — ~ g P o T—— —— = = —H=P4
100 200 300 400 500 —o=P5 100 200 300 400 500 —o=P5
Sample size (s) Sample size (s)
Figure 3. Morris p* (sensitivity index) vs. sample size (s) for intermediate space (IS).
Table 4. Cross-climate convergence summary for corner space (CS) and intermediate space (IS)
across climates.
. First Stable Avg |Ap*l  Avg |Ap*l  Avg [Ap*l  Avg |Ap*| Stability Meets
Climate  Model "y oval ARC (%) HL (%) CL(%)  TDH (%)  Criterion Criterion?
Melbourne CS 300 — 400 4.55 7.09 6.96 6.84 <10-15% Yes
Melbourne IS 100 — 200 3.19 5.03 7.29 6.33 <10-15% Yes
Adelaide CS 300 — 400 1.79 4.06 5.10 10.08 <10-15% Yes
Adelaide IS 300 — 400 3.10 4.66 6.83 5.10 <10-15% Yes
Brisbane CS 200 — 300 5.35 10.17 4.63 9.49 <10-15% Yes
Brisbane IS) 200 — 300 5.76 9.91 8.43 3.93 <10-15% Yes
Canberra CS 100 — 200 3.81 5.55 6.56 6.40 <10-15% Yes
Canberra IS 200 — 300 2.59 2.94 10.13 8.32 <10-15% Yes
Darwin CS 400 — 500 4.25 12.95 6.19 4.86 <10-15% Yes
Darwin IS 400 — 500 3.39 20.16 6.34 3.99 <10-15% Partial
Hobart CS 300 — 400 291 5.98 9.35 7.99 <10-15% Yes
Hobart IS 200 — 300 5.36 4.54 11.35 10.95 <10-15% Yes
Perth CS 300 — 400 412 8.98 6.33 3.69 <10-15% Yes
Perth IS 200 — 300 3.15 3.14 9.98 3.82 <10-15% Yes
Sydney CS 200 — 300 3.51 291 7.72 7.97 <10-15% Yes
Sydney IS 100 — 200 4.80 8.52 9.01 491 <10-15% Yes

In Table 4, all the cases were simulated up to s = 500. However, the reported interval
represent the first sample size interval from which the Morris pu* values meet the stability
criterion and remained stable in the subsequent sample sizes. The outcomes of Table 4
exhibit that both models satisfied the stability criterion for AEC, HL, CL and TDH. The
first stable interval varied for different climates and space types. This indicates that the
convergence depends on both local weather conditions and exposure characteristics of CS
and IS. Darwin IS was the only exceptional case, where the HL exceeded the criterion. The
heating demand is nearly zero in a hot climate like Darwin. Therefore, the convergence of
Darwin remains acceptable. Overall, the table confirms that the Morris sensitivity indices
reached stable behavior across climates.

Therefore, the base models were assessed using NCC compliance assessment, compar-
ison with a well-documented residential reference model and convergence testing through
the Morris sensitivity. These checks confirm that the CS and IS models are compliant with
NCC limits, consistent with the expected Melbourne residential thermal response pattern,
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and numerically stable across sample sizes and climates. This establishes their credibility
for subsequent analysis.

3.3. Predictive Modeling Strategy

Following the verification and consistency assessment of the base models, a three-stage
strategy has been developed to predict the performance metrics such as AEC, HL, CL and
TDH of residential spaces. Stage 1 and Stage 2 were developed to examine geometry
adaptive prediction using length (x), aspect ratio (r), and orientation (z). Although sensi-
tivity analysis identified influential retrofit inputs, these variables (x, r and z) represent
fundamental geometry and external exposure, which are fixed for a building. By including
them, the framework can be generalized. Therefore, if another building uses the same
retrofit package but has a different orientation or dimension, the results can be adapted
to their situation. These stages can also be extended to conventional retrofit strategies
by fixing the geometry and orientation and then assessing the effect of selected retrofit
measures. Stage 3 then focuses on retrofit related prediction using variables identified from
the Morris analysis, including heating setpoint (HSP), cooling setpoint (CSP), roof R values,
wall R values, and window U values. These are the decision variables and their ranges are
reported in Table 5. All variables, except for orientation, are deemed retrofit options.

Table 5. Decision variables and their ranges.

Decision Variables Range Step
Orientation 0-315° 45
HSP 18-23 1
csp 24-28 1
Roof R values 1-6 1
Wall R values 1-4 1
Window U values 1-6 1

The analytical models in Stages 1 and 2 were developed by using the deterministic
fitting procedures. Therefore, k-fold cross-validation and random seed were not applicable.
The reported mean absolute percentage error (MAPE) values indicate how accurately
the analytical equations reproduced the simulated results within the selected ranges of
length, aspect ratio, and orientation. MAPE was used for Stages 1 and 2 because these
stages predict AEC, where the actual values are not close to zero, and the metric provides
a compact relative comparison across climates and orientations. However, when HL or
CL is used as a prediction target, additional error metrics such as MAE or RMSE are
recommended because heating or cooling demand can be zero or very small in heating or
cooling dominated climates. Moreover, extra validation cases were used to test intermediate
geometry combinations, and the analysis was repeated for each climate condition.

3.3.1. Stage 1 (Two-Variable Case)

In Stage 1, a generic workflow was developed to predict AEC across all orientations,
using space length (x) and aspect ratio (r = width/length) as the two variables, while
keeping all other variables fixed. However, in Stage 2, this was extended to a unified
three-variable relation for predicting energy consumption, with x, r, and orientation (z)
as the variables. The values of x varied from 3 to 6 in increments of 1, while r changed
between 0.4 and 1 in steps of 0.2. Moreover, the workflow summarized in Figure 4 is
equally applicable to other performance metrics and can be adapted to any base model or
building typology. The workflow development procedure is discussed below.
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Figure 4. Workflow for two-variable predictive modeling.

1.

Establishment of Base Model: At first, it is necessary to establish a base model/case
study in a building energy modeling environment (the procedure of establishing our
base cases has been discussed in Section 3.1).

Selection of Decision Variables: Instead of choosing the decision variables arbitrarily,
a sensitivity analysis is needed to evaluate the influence of the input parameters on
different performance metrics. After that, the two most influential parameters can be
selected for analysis on the chosen performance metrics, such as AEC, HL, CL and TDH.
Design the Parametric Study: In this step, the ranges of the two selected input
variables were defined. The sample size was chosen to adequately capture the shape
of the curve. A total of 16 unique input combinations (4 values of length x 4 values of
aspect ratio) were considered for each orientation, resulting in 128 samples across all
eight orientations. Mathematically, the rationale is that the number of points must
meet or exceed the number of independent parameters in the function’s formula [60].
Moreover, at least four points are recommended per curve to understand the shape of
the curve [61].

Run Simulations: After the preparation of the sample size, the parametric cases
were simulated with the help of an energy simulation tool called jEPlus. Therefore, a
complete dataset was established that links inputs to outputs.
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5. Fit the Curves and Choose a Base Function: At this stage, graphs were plotted by
using the dataset to visualize the output trends, with one variable examined across
the levels of the other. Each curve was fitted using an appropriate functional form
(e.g., polynomial, exponential, or logarithmic). Among these, a quadratic polynomial
h(x) = ax? + bx + c provided the best fit across all curves. A satisfactory fit quality
was ensured, with R? values close to 1 for the fitted quadratic curves. From these
fitted curves, a base case (r = 1) was selected as the reference function. A Python
(v3.13.5)routine was used to derive the best fit in this study, but any equivalent
mathematical environment can also be used.

6. Transformation of Other Curves: The idea was to represent each target curve as a
transformed version of the selected base curve. Therefore, the transformation equation
was defined as f(e, 1, x) = A(r)[h(B(r).x 4+ C(r))] + D(r), where h(x) = f(«, 1, X) is
the base function for r = 1. Here, o represents the fixed variable, while A(r), B(r),
C(r) and D(r) are the transformation parameters. Specifically, A(r) controls vertical
stretching /compression, B(r) controls horizontal stretching /compression, C(r) con-
trols horizontal shifting, and D(r) controls the vertical shifting. Instead of estimating
the transformation parameters separately for each (r) and then fitting them afterward,
the coefficients of A(r), B(r), C(r), and D(r) were optimized simultaneously using a
global nonlinear least-squares approach. In this formulation, each transformation
function was represented as a quadratic function of r (ar? + br + c), and the opti-
mization minimized the combined error between all transformed base curves and the
corresponding fitted target curves within the selected fitting region. A smoothness reg-
ularization term was also included to reduce excessive curvature in the transformation
functions and improve interpolation stability for intermediate (r) values.

7. Prediction: Once fitted, the transformation relation allows the prediction of AEC for
unseen input values. By calibrating only four transformation parameters, the need to
re-fit individual curves each time was eliminated, making the approach generic and
function-independent.

8.  Validation and Quality Classification: Model accuracy is assessed by comparing
predicted and simulated values using MAPE,

1 .
MAPE = 1y 1% =PIl g0

n
-1 O

Here, n = sample size, 0; = observed (actual) value at the i-th data point and
pi = predicted value at the i-th data point. Nevertheless, Accuracy is categorized as

high if MAPE < 10%, good if 10% < MAPE < 20%, reasonable if 20% < MAPE < 50%, and
inaccurate if MAPE > 50% [62—64].

3.3.2. Stage 2 (Three-Variable Case)

As mentioned in Section 3.3.1, the two-variable approach has been extended to
three variables by considering orientation (z) as a third input. With the inclusion of z,
this is no longer a set of curves but becomes a surface in (z, x) for each r. The idea has been
kept similar: consider a base surface at a specific r value, then express all the surfaces as
the transformed version of this base case. The workflow has been summarized in Figure 5,
where only steps 5-7 are presented, as steps 1-4 and 8 are unchanged from Figure 4. This
workflow is also applicable to other building models with any chosen set of three variables.
The procedure for developing steps 5-7 is discussed below.
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« Eliminates the need to re-fit individual surfaces each time.

|

Figure 5. Workflow for three-variable predictive modeling.

1.

Fit the Surfaces and Choose a Base Function: The outputs were visualized in three
dimensions by plotting AEC as a function of orientation (z) and length (x) at a fixed
aspect ratio (r). The quadratic surface h(z,x) = ag + a1z + ax + a3z? + agzx + asx>
provided the best fit for all the surfaces with R? = 0.98. This is the simplest polynomial
that can effectively represent curvature in both directions and their interrelation.
Moreover, r = 1 was selected as the base surface among the surfaces.

Transformation of Other Surfaces: The transformation function in this case was formu-
lated as y(z,x,r) = A(r) - h((Ba(r)z + Ca(r)), (B1(r)x + Ci1(r))) + D(r). Here, A and D
depict vertical scaling and shifting. Moreover, B; and C; are horizontal scaling and shift-
ing along the x axis, while B, and C; do the same along the z axis. Instead of estimating
these transformation parameters separately for each (r) and then fitting them afterward,
the coefficients of A(r), Bi(r), C1(z), Ba(r), Co(r), and D(r) were optimized simultaneously
using a global nonlinear least-squares approach. Each transformation function was
represented as a quadratic function of r (ag + ajr + apr?), and the optimization minimized
the combined error between all transformed base surfaces and the corresponding fitted
target surfaces across the selected fitting region. A smoothness regularization term was
also included to reduce excessive curvature in the transformation functions and improve
interpolation stability for intermediate r values.

Prediction: In this step, the transformation relation predicts the AEC for any unseen
combination of orientation, length and aspect ratio. Therefore, calibrating six transfor-
mation parameters (A, By, Cq, By, Co and D) eliminates the need to re-fit individual
surfaces, making the workflow generic and computationally efficient.
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As the next step, the same three-variable dataset was also examined using an ML
approach. The motivation for introducing ML is that purely mathematical curve or surface
fitting assumes a predetermined functional form (e.g., quadratic), which may not fully
capture nonlinear or interaction effects among multiple variables. In contrast, ML models
can learn complex and nonlinear relationships directly from data without requiring an
explicit equation. However, this flexibility comes at the cost of interpretability and the need
for a sufficiently large and well-distributed dataset to avoid overfitting.

For this stage, the SVM with a radial basis function (RBF) kernel was adopted, as it has
been consistently demonstrated to achieve high accuracy and stability in building energy
prediction tasks involving limited datasets and nonlinear relationships [22]. The RBF kernel
provides strong generalization by mapping input variables into an infinite-dimensional fea-
ture space through localized Gaussian functions, enabling the model to represent nonlinear
variations in energy performance that cannot be easily captured by polynomial functions.
In this analysis, 128 samples were used for training, and 72 independent simulation samples
were used for testing within the same predefined parameter space. A fixed random seed of
42 was used to ensure reproducibility.

The SVM model was implemented within a pipeline structure to ensure a reproducible
and standardized workflow. First, the input features were normalized using a Standard-
Scaler to eliminate the effect of variable magnitude differences. The regression model
with the RBF kernel was then trained within a grid-search cross-validation framework to
identify the optimal hyperparameters. The search space included penalty parameter
C (1, 10, 100, 1000), kernel width (0.1, 0.01, 0.001), and e-insensitive loss margin
(0.1,0.5, 1.0, 2.0), while model performance was evaluated using repeated k-fold cross-
validation (5 splits x 5 repeats) to ensure statistical reliability. The optimal configuration
was determined by minimizing the mean absolute error (MAE), and the final trained model
was subsequently used to predict the annual energy consumption (AEC) for unseen data.

This approach enables a data-driven and flexible predictive framework that com-
plements the earlier mathematical fitting by effectively capturing nonlinear relationships
between building geometry and energy performance.

3.3.3. Stage 3 (Multi-Variable Case)

In the final stage, the predictive modeling framework was extended to a comprehen-
sive multi-variable (more than 3) analysis by training and evaluating four ML models such
as artificial neural network (ANN), support vector machine (SVM), random forest (RF) and
decision tree (DT). These four ML models were selected from the available ML algorithms
because they are frequently used in building energy prediction studies [65]. Also, these
models provide a balanced comparison of kernel-based, neural network, ensemble and
tree-based modeling approaches. The objective of this stage was to establish a robust
comparative framework for predicting the four key energy performance indicators: AEC,
HL, CL, and TDH, using the decision variables/retrofit options listed in Table 5.

To capture variability in sample size and assess model stability, LHS [66] was employed
to generate five distinct datasets containing 100, 200, 300, 400, and 500 samples, respectively.
Each dataset was created separately for both the CS and IS base models, resulting in ten
unique data groups. This design enabled systematic evaluation of model performance as a
function of data size and spatial configuration.

For each dataset, all four ML algorithms were trained independently for the four
output variables (AEC, HL, CL, and TDH). Prior to model training, input features were
standardized using a StandardScaler to ensure uniform scaling and improve numerical
stability. Model training and hyperparameter optimization were conducted within a grid
search cross-validation framework, using a repeated k-fold cross-validation strategy to
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ensure statistical robustness and mitigate overfitting. The performance of the above-
mentioned four ML models was evaluated using R2, mean absolute error (MAE), and root
mean square error (RMSE).

I. ANN: A feed-forward neural network was implemented using three hidden layers
(64-128-64 neurons) with ReLU activation functions and dropout regularization (0.2) to
prevent overfitting. The network was trained using the Adam optimizer and mean squared
error loss function with an early-stopping criterion (patience = 50) based on validation loss.

II. SVM: The SVM regression model employed an RBF kernel, with hyperparam-
eter tuning over penalty parameter C (1, 10, 100, 1000), e-insensitive loss margin
(0.1,0.5, 1.0, 2.0), and kernel width v (scale, 0.1, 0.01, 0.001). A 5-fold x 5-repeat cross-
validation setup ensured consistent evaluation across datasets.

III. RF: The ensemble RF model used 100, 200, 500 estimators with varied tree
depths (None, 10, 20, 30) and node-splitting parameters (min_samples_split = 2, 5, 10,
min_samples_leaf = 1, 2, 4). The max_features parameter was also tuned to [sqrt, log2,
None]. Repeated 5 x 3 cross-validation was applied to balance bias and variance trade-offs.

IV. DT: A standalone decision-tree regressor was trained using multiple split criteria
(squared_error, friedman_mse, absolute_error) and depths (5, 10, 20, 30). Additional param-
eters, including min_samples_split (2, 5, 10), min_samples_leaf (1, 2, 4), and max_features
(None, sqrt, log2), were optimized using the same repeated 5 x 3 cross-validation.

For all Stage 3 ML models, an 80:20 train—test split with a fixed random seed of
42 was used. Each output variable was trained separately. The training time and fi-
nal hyperparameters were recorded for each model, sample size, and space type to
support the comparison in Section 4.6. The final tuned models for each configuration
(space type x sample size x algorithm X output) were stored for subsequent performance
analysis. This structured approach allows for a quantitative comparison of model accu-
racy, convergence behavior, and scalability across different data resolutions and spatial
boundary conditions, thereby providing a generalized and reproducible methodology for
multi-variable energy-performance prediction in residential retrofits.

4. Results and Discussions
4.1. Two-Variable Analysis: Patterns and Fitting

As mentioned in Section 3.3.1, after establishing the complete dataset, it is necessary
to plot the graphs and examine the resulting curve patterns to establish the required
mathematical relationships.

For the CS model, Figure 6 presents AEC against the length x across different r values
at 0°,90°, 180°, and 270°. It has been observed that AEC increased with increasing values
of x and r, respectively. The highest AEC occurred at r = 1, while the lowest was at r = 0.4.
However, the magnitude of AEC varied with orientation, while the shape of the curve
family remained consistent. The curves for different r did not cross, and their spacing
changed gradually with x. Therefore, r = 1 was considered as the base case for subsequent
curve fitting and transformation due to the curves’ consistent behavior. Moreover, Figure 7
exhibits the IS model for the same four orientations, and the qualitative behavior matched
the CS. The family of the curves remained orderly and well separated, and thus r = 1 was
also taken as the base for the IS model as well. However, the remaining four orientations
(45°, 135°, 225°, 315°) display the same qualitative pattern for both CS and IS and are
provided in the Supplementary Materials (Figures S1 and S2). Therefore, these results
provide the foundation for the curve-fitting method introduced next.
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Figure 6. Effect of length and aspect ratio on annual energy consumption (AEC) at four orientations
(corner space (CS) model).
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Figure 7. Effect of length and aspect ratio on annual energy consumption (AEC) at four orientations
(intermediate space (IS) model).

As stated in step 6 of Section 3.3.1, the other three curves are considered as
the transformed version of the base case r = 1, using the transformation equation
f = A(m)[h(B(r)x + C(r))] + D(r). For each orientation, this yields five equations (one base
fit plus four transformations), totaling forty equations across eight orientations. These
five equations enable AEC prediction for a given orientation.
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For example, in case of the CS model, at orientation 0°, for r = 1, the best fit equation
with R? = 1 was obtained as

h(x) = 25.185x% — 50.899x + 70.788 (4)

The transformation parameters A, B, C and D were then represented as quadratic
functions of r, which provided the best fit. The resulting equations are

A(r) = —0.15794r% + 0.625057r + 0.54445 (5)
B(r) = —0.03633r> + 0.238807r + 0.79165 (6)
C(r) = —1.60911r% 4 4.041759r — 2.42889 )
D(r) = 14.10948r% — 86.4375r + 71.83398 (8)

Therefore, the predicted AEC at any (x, r) is obtained by substituting A(r), B(r), C(r)
and D(r) from Equations (5)—-(8) into the transformation f = A(r)[h(B(r)x + C(r))] + D(r) and
computing h(B(r)x + C(r)) using the base function in (4). The same procedure is applied
to all other orientations. Moreover, the IS model also followed the same transformation
framework. In a similar manner, at 0°, the IS model’s best-fit equation for r = 1 was attained
withR?=1as

h(x) = 22.665x> + 42.949x — 110.618 9)

The IS model utilized the same quadratic formulation in r as the CS model, and the
equations are

A(r) = 2.667417r% — 3.49423r 4 1.790844 (10)
B(r) = —1.43742r% + 2.108894r + 0.357144 (11)
C(r) = —7.99594r% + 16.58949r — 8.58462 (12)
D(r) = 404.0972r> — 845.218r + 434.8422 (13)

The IS case followed the same transformation procedure as CS, with its own base
curve, and fitted A(r), B(r), C(r), D(r) to predict AEC across (x, r) and orientations.

4.2. Prediction Accuracy and Agreement Across Orientations (Two-Variable Case)

After completing the above steps, graphs comparing simulation (actual) outputs with
model predictions were produced to assess agreement. The results for both CS and IS are
depicted in Figures 8 and 9. For both models, all 128 combinations were evaluated on a grid
defined by x = {3, 4, 5, 6}, r = {0.4, 0.6, 0.8, 1.0} and z = 0° to 315° with 45° steps. Moreover,
to test the generalization beyond these selected points, unseen intermediate combinations
such as x = {3.5,4.5,5.5} and r = {0.5, 0.7 and 0.9} were introduced at the same orientations,
and we repeated the comparison. This served as an extra-point validation step.

Figure 8 shows the absolute percentage error of different orientations for the CS model.
The blue and orange color box plots represent variation in the absolute error percentage of
the training and validation data based on different orientations. Here, data used to fit the
mathematical model is considered as the training data. Plots show a similar variation for
training and validation data, confirming that mathematical equations are not overfitted
and have an error less than 1%.

For the eight orientations, the MAPE accuracy of the training set was achieved as
0.38%, 0.29%, 0.21%, 0.26%, 0.35%, 0.15%, 0.18%, and 0.26%, respectively, which falls in
the high-accuracy category (MAPE < 10%). Moreover, the MAPE values remained within
the high-accuracy band (MAPE < 10%) for both training and validation cases. For the
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validation case, the MAPE values are 0.51%, 0.38%, 0.25%, 0.26%, 0.32%, 0.34%, 0.24%, and
0.32%, respectively.

Absolute Percentage Error for AEC Prediction
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Figure 8. Corner space (CS) model: absolute percentage error for annual energy consumption (AEC)
prediction across orientations. Cross mark shows the mean value.
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Figure 9. Intermediate space (IS) model: absolute percentage error for annual energy consumption
(AEC) prediction across orientations. Cross mark shows the mean value.

Following the CS results, the IS model demonstrated the same qualitative agree-
ment, with the MAPE accuracy less than 10% (Figure 9). Orientation-wise MAPE for the
128 training points spans 0.40-1.13% (median 0.62%), and for the validation points spans
0.42-1.19% (median 0.71%), indicating high accuracy.

The above results clearly demonstrate that a straightforward analytical relation can be
highly effective for rapid performance assessment when retrofit decisions focus on one or
two variables. Although this type of analytical relation was developed in this study, their
high accuracy can be interpreted in relation to commonly used ML surrogate models in
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(a) CS

building energy prediction. The low MAPE values of this two-variable analytical relation
can achieve high accuracy comparable to data-driven models with better interpretability
and lower computational complexity. This agrees with recent studies showing that simple
analytical models can achieve useful accuracy while being easier to interpret and less
computationally demanding than complex ML models [67,68]. Moreover, the approach
is particularly valuable in residential retrofits, where budget constraints typically limit
decision-makers to select a small number of retrofit measures.

4.3. Three-Variable Analysis: Patterns and Fitting

After assembling the full (z, x, r) dataset, the 3D surfaces were inspected for both CS
and IS models (Figure 10). Each surface plotted predicted AEC over orientation z and
length x for several aspect-ratio levels r along with the actual data points. It was observed
that AEC escalated smoothly with x, while variations in z primarily shift the overall level
without abrupt changes. For any (x, z), the layers of r remained well-ordered, with r = 1 the
highest and r = 0.4 the lowest, and the surfaces did not cross.

(b) IS
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Figure 10. Annual energy consumption (AEC) surface vs. orientation and length at multiple r levels
((a) corner space (CS) and (b) intermediate space (IS)).

These patterns justify adopting a single base surface at r = 1 and expressing the
remaining r levels as the transformed version of the base surface. According to Section 3.3.2,
the transformation equation for this case has been formulated as

y(2,%1) = A(1) - h((Bs ()7 + Co(r)), (B1 (1)x + Ci (1)) + D(r) (14)

Now, the following quadratic surfaces were obtained as the best fit at r = 1 for the CS
and IS models respectively.

h(z, x) = —155.688 + 3.313z 4 3.325x — 0.01z> — 0.009zx + 23.661x> (15)

h(z, x) = —93.035 + 3.16z — 37.446x — 0.0122 + 0.04zx + 24.91x> (16)

Moreover, the transformation parameters A, By, By, C1, C; and D were fitted as the
quadratic function of r that provided the best fit and also consistent with the cross-section
of the surface in either direction (orientation-slice or length-slice) (see Figure 11).
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Figure 11. Annual energy consumption (AEC) surface cross-sections by orientation and length ((a)
corner space (CS) and (b) intermediate space (IS)).

Therefore, the equations for the transformation parameters for the CS and IS models
are depicted in Equations (17) and (18) as

A(r) = —0.159 + 1.964r — 0.83r2

By (r) = 1.515 — 1.376r + 0.879r2

Cy(r) = —4.571 +9.006r — 4.459r2 (17)
Ca(r) = 29.625 + 5.335r — 36.238r2

D(r) = 148.11 — 303.225r + 155.414r2

A(r) = —1.02 + 4.52r — 2.492¢?

By (r) = 2.547 — 4.027r + 2.484r>
Cy(r) = —10.488 + 21.916r — 11.47r? (18)
Ca(r) = 29.625 + 5.335r — 36.238r2

D(r) = 189.244 — 405.393r + 217.212r2

Now, the values of A, By, By, C1, Cy, and D are obtained from Equation (17) for CS and
Equation (18) for IS, and they are substituted into Equation (14). However, in Equation (14),
the term h is computed using the base function in Equation (15) for CS and Equation (16)
for IS. This process enables the prediction of the AEC at any given (z, x, r).

4.4. Prediction Accuracy and Agreement in Three-Variable Case

In the three-variable case, the predictive performance of the mathematical models
developed for the CS and IS categories (Figures 12 and 13) was evaluated using scatter
plots of actual AEC versus predicted AEC. The plots include both the training samples
(x=1{3,4,5 6}, r=1{04, 0.6, 0.8, 1.0}, z = 0° to 315° in 45° steps) and the test samples
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(x =1{3.5, 4.5, 5.5}, r = {0.5, 0.7, 0.9}), together with the 5% and 10% MAPE envelopes,
providing a visual reference for the expected accuracy range.

Actual vs Predicted AEC (CS) - Mathematical Model
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Figure 12. Actual vs. predicted annual energy consumption (AEC) for the corner space (CS)—
Mathematical Model.

Actual vs Predicted AEC (IS) - Mathematical Model
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Figure 13. Actual vs. predicted annual energy consumption (AEC) for the intermediate space
(IS)—Mathematical Model.

Across both CS and IS scenarios, the predicted values align closely with the y = x
reference line, reflecting strong agreement between predicted and actual AEC values. The
majority of the points fall within the 10% MAPE band, and a considerable proportion
also lie within the more stricter 5% band, indicating that the models capture the main
relationships among x, r, and z with good fidelity. The overlap between training and
test distributions further suggests that the models generalize well to unseen parameter
combinations. The error metrics reinforce this visual interpretation. For the CS model, the
MAPE values were 8.38% for the training set and 5.82% for the extra-validation set. For the
IS model, MAPE was 13.37% for the training set and 9.33% for the extra-validation set.

According to conventional thresholds, where MAPE < 10% indicates high accuracy
and 10-20% indicates good accuracy, the CS model demonstrates high accuracy across both
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datasets. The IS model shows good accuracy for the training set and high accuracy for the
extra-validation set.

Beyond overall accuracy, several critical observations emerge from the scatter dis-
tributions. A noticeable widening of the prediction scatter occurs at higher AEC values,
particularly in the IS case. This indicates a mild proportional error effect, where prediction
deviations increase with magnitude. Despite this, the majority of the points remain con-
tained within the 10% envelope, suggesting that this proportionality does not undermine
the overall reliability of predictions.

At lower AEC values, some points fall outside the preferred MAPE region. This is likely
due to the narrowing of the MAPE tolerance bands at small magnitudes rather than an actual
deterioration in model performance. Because MAPE is a relative metric, even small absolute
differences can appear as large percentage errors when the denominator (actual AEC) is small.

Importantly, no systematic bias is evident in either model. The scatter does not prefer-
entially shift above or below the y = x line, indicating that the mathematical formulation
does not exhibit consistent over-prediction or under-prediction across the parameter space.
This absence of directional bias, combined with the contained error-spread and strong
clustering around the diagonal, demonstrates that the models achieve stable and balanced
prediction behavior across both CS and IS configurations.

4.5. Prediction Accuracy and Agreement in Three-Variable Case Using Support Vector
Machine (SVM)

Following the analytical modeling, the SVM with the RBF kernel was trained on
the same three-variable dataset to evaluate its predictive performance for the AEC in
both CS and IS configurations. The resulting scatter plots of actual versus predicted AEC
(Figures 14 and 15) again include the full training and test set, overlaid with 5% and 10%
MAPE envelopes for consistent comparison.

Across both cases, the SVM predictions demonstrate a remarkably close alignment
around the y = x reference line. Almost all data points in both training and test sets fall
within the 5% MAPE band, indicating a remarkably high degree of predictive agreement.
The overlap between training and test points further suggests that the SVM generalizes
smoothly across previously unseen geometric and directional combinations.

Actual vs Predicted AEC (CS) - SVM Model
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Figure 14. Actual vs. predicted annual energy consumption (AEC) for the corner space (CS) using
support vector machine (SVM).

https://doi.org/10.3390/su18147230


https://doi.org/10.3390/su18147230

Sustainability 2026, 18, 7230

23 of 31

Actual vs Predicted AEC (IS) - SVM Model
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Figure 15. Actual vs. predicted annual energy consumption (AEC) for the intermediate space (IS)
using support vector machine (SVM).

Quantitatively, a direct comparison with the mathematical transformation approach
further emphasizes the advantage of the SVM approach. For the CS model, the SVM
achieved an average MAPE of 0.75% (min 0.01%, max 4.85%), compared with 8.04% (min
0.02%, max 54.51%) from the mathematical fitting. Similarly, for the IS, the SVM model
yielded an average error of 0.91% (min 0.01%, max 5.47%), while the analytical model
produced 18.47% (min 0.04%, max 626.73%). In addition to the reduced average error, the
SVM also substantially limits extreme deviations, indicating much lower variance and far
better stability across all parameter combinations.

Overall, the SVM model demonstrated superior predictive precision and robustness
for the three-variable case, effectively reproducing the physical trends represented in
the EnergyPlus simulations. While the analytical formulation offers interpretability and
a closed-form mathematical structure, the SVM provides greater flexibility, scalability,
and numerical accuracy, making it a more practical solution for complex multi-variable
prediction tasks in retrofit energy modeling. Recent studies also demonstrate that ML
models like SVM can achieve high accuracy while remaining much faster for complex
multi-variable prediction tasks in retrofit energy modeling [69,70].

4.6. Prediction Accuracy and Agreement in Multi-Variable Case with ANN, SVM, RE, and DT

Figures 16 and 17 represent the comparison of mean R? values for both training and
testing splits of four ML models (ANN, SVM, RF, DT) across dataset sizes of 100, 200,
300, 400, and 500 samples for the CS and IS, respectively. All models demonstrated a
clear positive correlation between dataset size and prediction accuracy, confirming that the
learning process improved as the number of samples increased. In both figures, the overall
pattern was consistent, and the R? values for training and testing splits progressively
increased, while the gap between them narrowed, indicating better generalization and
reduced overfitting with larger datasets.

Both RF and DT achieved the highest training R? across all dataset sizes, but their
behavior differed substantially in generalization. RF showed a consistent improvement
in testing R? with an increasing sample size, reaching around 0.95 for larger datasets.
However, its training time was considerably higher than the other models, primarily due to
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the ensemble structure that builds multiple DTs and performs extensive averaging, leading
to higher computational complexity.

1.00
0.95 =
SVM Train R?
2 0.90 SVM Test R?
g RF Train R2
5 0.85 RF Test R?
DT Train R?
0.80 DT Test R?
—— ANN Train R?
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100 200 300 400 500

Dataset Size (LHS samples)

Figure 16. Model performance comparison for the corner space (CS) with training and testing mean
R2 for ANN, SVM, RF, and DT across dataset sizes.
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Figure 17. Model performance comparison for the intermediate (IS) with training and testing mean
R2 for ANN, SVM, RF, and DT across dataset sizes.

In contrast, DT exhibited the lowest R? on the testing split, reflecting severe overfitting
caused by its single-tree structure that partitions data greedily without ensemble averaging,
making it highly sensitive to noise and small variations in the input space.

The SVM model maintained a consistent and narrow train-test gap in R?, highlighting
its robust generalization capability and strong performance even with limited data. The
RBF kernel’s ability to model localized nonlinear relationships allowed SVM to perform
reliably across all dataset sizes.

Meanwhile, the ANN displayed a continuous upward trend in both training and
testing R? values, with the train—test gap diminishing as the dataset size increased. This
behavior underscores the scalability and adaptability of the ANN. While the ANN requires
more data to converge compared to SVM, its predictive accuracy and stability improve
significantly once sufficient training samples are available.

Collectively, these results reaffirm that for multivariable cases (more than two vari-
ables), the proposed ML-based framework outperforms the analytical transformation
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approach discussed earlier in Stage 2. The machine learning models, particularly SVM
and ANN, offer superior predictive accuracy, lower variance, and stronger scalability for
multi-variable retrofit performance prediction. SVM is the most suitable choice when data
availability is limited, while the ANN becomes the optimal model when larger and more
diverse datasets are available, making the combined approach versatile and well-suited for
complex building energy modeling tasks. The above findings are consistent with recent
building energy prediction studies [71,72], where model performance has also been shown
to depend on the data availability, variable complexity and prediction target. Therefore,
the present framework provides not only predictive results but also actionable guidance
for selecting a suitable surrogate according to data availability, computational effort, and
problem complexity.

4.7. Cross-Climate Applicability of the Proposed Framework

After evaluating the staged predictive framework under the primary climate condition
of Melbourne, the analysis was extended to seven additional climate conditions: Adelaide,
Brisbane, Canberra, Darwin, Hobart, Perth and Sydney. The presented results were obtained
by implementing the previously discussed predictive framework under these different climatic
conditions. This analysis was conducted to examine whether the prediction trends observed
in the primary case remained valid under various climatic scenarios.

Table 6 demonstrates that, across all climate conditions, the analytical method of
Stage 1 maintained high prediction accuracy for both CS and IS. The indicated values were
calculated from the eight analyzed orientations for each climate and space type. The values
are expressed as the median MAPE with the corresponding ranges. For the CS model, the
median train MAPE value remained between 0.04% and 0.40%, while the extra-validation
median MAPE varied from 0.09% to 0.40%. Similarly, the train median MAPE ranged
from 0.05% to 1.08% for the IS model, while the extra-validation median MAPE value
stayed between 0.15% and 0.83%. It can be observed that for both CS and IS models,
the MAPE values remained very low for different climate conditions, indicating that the
two-variable analytical relation generalized well beyond the fitted points. Nevertheless,
the corresponding errors for the IS model were slightly higher than the CS, suggesting
that the IS case is more sensitive to climate variation. The results also highlight that higher
IS error in Melbourne and Hobart may reflect the greater sensitivity of the analytical
relation under heating-dominant conditions. However, the continued low errors in Perth,
Brisbane and Darwin indicate that the same framework also remained stable for warmer
climates where cooling demand dominates. Although different orientations and climates
demonstrate some variability in the accuracy level, the analytical approach mentioned
in Stage 1 remained robust and eventually provides a transferable pathway for various
climatic conditions.

For both CS and IS, Table 7 exhibited that SVM performed better compared to the
three-variable analytical model across all climates. The analytical model provided acceptable
outcomes for the CS and mostly remained in the range of high accuracy, while Sydney and
Hobart moved to a good accuracy range. However, for IS, the analytical model was acceptable,
but the error percentage is consistently higher compared to CS. The error percentage was
affected by the climatic conditions, as the analytical model showed relatively better perfor-
mance in Darwin, Canberra and Melbourne, but represented higher error in Sydney, Perth
and Hobart. In contrast, SVM demonstrated very high accuracy, with lower MAPE values
in every possible scenario, while the magnitude of SVM'’s performance was affected by the
climate. The improvement from the analytical model to SVM was more significant for IS than
for CS, indicating that IS involves more intricate three-variable interactions.
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Table 6. Cross-climate summary of Stage 1 (two-variable case) prediction accuracy.

Corner Space (CS)

Corner Space (CS)

Intermediate Space

Intermediate Space (IS)

Climate Train MAPE, Median  Extra-Validation MAPE, (IS) Train MAPE, Extra-Validation MAPE,
(Range) (%) Median (Range) (%) Median (Range) (%) Median (Range) (%)
Melbourne 0.27 (0.15-0.39) 0.32 (0.24-0.51) 0.62 (0.40-1.13) 0.71 (0.42-1.19)
Adelaide 0.20 (0.15-0.29) 0.25 (0.14-0.56) 0.36 (0.28-0.56) 0.35 (0.25-1.21)
Brisbane 0.12 (0.08-0.20) 0.15 (0.10-0.23) 0.16 (0.10-0.57) 0.15 (0.12-0.51)
Canberra 0.12 (0.09-0.22) 0.17 (0.12-0.35) 0.30 (0.20-0.63) 0.36 (0.22-0.77)
Darwin 0.04 (0.02—-0.06) 0.09 (0.03-0.56) 0.05 (0.03-0.07) 0.83 (0.17-2.07)
Hobart 0.32 (0.27-0.52) 0.40 (0.24-0.69) 1.08 (0.63-1.18) 0.82 (0.50-1.15)
Perth 0.12 (0.04-0.19) 0.14 (0.06-0.20) 0.23 (0.15-0.39) 0.25 (0.10-0.45)
Sydney 0.13 (0.07-0.31) 0.19 (0.09-0.40) 0.33 (0.23-0.46) 0.29 (0.23-0.59)
Note: Median MAPE values and corresponding ranges were calculated from the eight analyzed orientations
(0-315° at 45° intervals) for each climate and space type.
Table 7. Cross-climate comparison of Stage 2 analytical (three-variable case) and support vector
machine (SVM) accuracy.
. (CS) A-Tr (CS) A-EV (CS) S-Tr (CS) S-EV (IS) A-Tr (IS) A-EV (Is) S-Tr (IS) S-EV
Climate
MAPE (%) MAPE (%) MAPE (%) MAPE (%) MAPE (%) MAPE (%) MAPE (%) MAPE (%)
Melbourne 8.38 5.82 0.75 0.77 13.37 9.33 0.89 0.94
Adelaide 9.56 7.75 0.27 0.63 14.94 12.72 0.94 0.81
Brisbane 9.15 8.67 0.31 0.45 15.54 15.57 0.36 0.51
Canberra 7.68 5.51 1.03 1.10 11.09 7.72 0.97 1.25
Darwin 6.72 6.74 0.27 0.38 10.20 10.57 0.31 1.75
Hobart 11.84 8.26 0.77 1.02 17.07 11.94 1.10 1.51
Perth 9.19 8.58 0.30 0.50 16.14 15.01 0.35 0.55
Sydney 11.51 10.02 0.25 0.62 16.91 14.80 0.39 0.73

Note: A = analytical, CS = corner space, EV = extra-validation, IS = intermediate space, S = SVM, Tr = train.

Table 8 analyzes the best performing Stage 3 ML models across space types, sample
sizes and climates based on the mean test R? values of AEC, HL, CL and TDH. SVM
appeared as the most suitable option when smaller datasets were considered, particularly
at 100 and 200 samples. To further support the Stage 3 model selection results, the corre-
sponding mean test R?, MAE and RMSE values across AEC, HL, CL and TDH are provided
in Supplementary Materials Tables S1 and S2 for CS and IS, respectively. RF also showed
good results in smaller cases, especially in Brisbane, Darwin, and Perth, suggesting that
models can work well when the available samples accurately represent the response pattern.
Additionally, the ANN and RF demonstrated a good performance jointly in most climate
conditions when the datasets were larger. However, considering the relatively longer
training time of RF, the ANN may be a good practical option when both models provide
similar accuracy. DT rarely appeared as the best performing model except in limited cases,
such as Darwin at 300 samples. This suggests that DT was generally less suitable for this
multi-variable prediction task. Moreover, the HL values for Darwin were often zero or very
small due to the cooling dominant climate condition. This likely weakened the ANN'’s
ability to learn a stable HL pattern. Therefore, the supplementary MAE and RMSE values
provide additional support for interpreting model performance where percentage-based
errors may be less reliable (see Supplementary Materials Tables S1 and S2). However, RF
performance was more reliable when mean R? values were assessed by including and
excluding HL data. These results confirm that the general Stage 3 model selection logic was
broadly consistent, but not identical, across climates. The variation across climates shows
that the best model should be selected through an appropriate selection pathway rather
than assumed in advance.
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Table 8. Cross-climate summary of best performing Stage 3 model for CS and IS.
Climate Sample Sizes
100 200 300 400 500
Cs IS cs IS (&) Is Cs IS Cs IS

Melbourne SVM SVM SVM SVM ANN ANN RF ANN/RF ANN ANN/RF
Adelaide SVM SVM SVM SVM ANN ANN/RF ANN/RF ANN/RF ANN/RF ANN/RF
Brisbane SVM/RF  RF SVM/RF  RF ANN RF ANN/RF/SVM RF ANN/RF ANN/RF
Canberra SVM SVM SVM SVM  ANN/RF/SVM ANN/RF/SVM SIi}:I\C[ ANN ANN/RF/SVM  ANN/RF

Darwin RF RF RF SVM RF/DT RF/DT RF * RE* RE* RE*
Hobart SVM SVM SVM SVM SVM/RF ANN RF ANN/RF ANN/RF ANN/RF
Perth SVM RF SVM RF ANN/RF/SVM  ANN/RF ANN ANN/RF ANN ANN/RF
Sydney SVM SVM SVM SVM ANN/SVM ANN ANN/RF ANN/RF/SVM  ANN/RF ANN/RF

Note: Model selection is based on the highest average test R? across AEC, HL, CL, and TDH for each climate,
space type, and dataset size. ANN: artificial neural network, DT: decision tree, RF: random forest, SVM: support
vector machine. * = Both ANN and RF showed high accuracy when the mean R? was calculated by excluding HL.

The above cross-climate results indicate that the proposed predictive framework is
not limited to a single climate condition. Stage 1 remained highly accurate across different
climates, while the analytical model for the three variables in Stage 2 presented reasonable
to good accuracy. However, in Stage 2, SVM provided a more stable alternative when
variable interaction increased. Furthermore, Stage 3 demonstrated that the best ML model
can vary with sample size, climate and space types. These prediction results are interpreted
within the intended space-level screening scope of the CS and IS templates.

5. Conclusions

The current research has developed a reproducible base-model methodology for
early-stage residential retrofit assessment using two generic reference spaces (corner and
intermediate). The models were assessed through NCC compliance checking, comparison
with a documented Melbourne residential reference model, and Morris index convergence
analysis under different climate conditions. In addition, the developed models are also
coupled with an adaptable three stage prediction framework and further evaluated across
multiple Australian climatic conditions. Stage 1 established a two-variable analytical rela-
tion capable of predicting any performance indicators for two selected decision variables,
while Stage 2 extended this relation to a unified three-variable case. Moreover, Stage 3
has benchmarked four ML models (ANN, SVM, RF, DT) for multi-variable prediction
of AEC/HL/CL/TDH, enabling the methodology to be widely applicable for complex
scenarios. The key findings are depicted below.

Across orientations, predictions from the two-variable relation closely matched the sim-
ulated results for both CS and IS, which falls within the high-accuracy band (MAPE < 10%).
In the three-variable case, the analytical model still performed reasonably well but SVM
produced lower error and better robustness, showing that machine learning models become
more suitable as variable interactions increase. However, if interpretability is a priority,
the analytical approach remains as a useful option. The ML evaluation revealed consistent
accuracy improvements as the sample size increased and clarified the roles of different
models. The SVM performed well with limited data, while the ANN showed an enhanced
performance for larger dataset. However, the RF achieved high training scores but required
longer runtimes, and DT often tended to overfit the data.

These findings have practical value for residential retrofit studies. The proposed
base model methodology is reproducible and can be applied by other researchers and
practitioners to their own residential cases to pinpoint retrofit sensitive zones. Moreover,
the predictive framework provides the pathway for selecting an appropriate prediction
strategy based on the retrofit problem. Considering that homeowners typically tend to
choose one or two cost-limited retrofit measures, the analytical method was found to be
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a practical, fast, and efficient choice in two-variable scenario. On the other hand, ML
surrogates are recommended when the retrofit problem becomes complex and involves
multiple variables, and the proposed predictive framework provides a systematic basis
for selecting the best-performing ML model for surrogate based optimization. In this
way, the framework supports early-stage retrofit assessment and provides a structured
pathway toward subsequent optimization. The cross-climate analysis strengthened the
methodological contribution by demonstrating that the proposed framework can be re-
applied under different climatic conditions without changing its structure. Although
the preferred prediction method varied with sample size, space type and climate, the
staged workflow remained useful for guiding when analytical relations are sufficient and
when ML surrogates are more appropriate. Overall, these findings provide a practical
basis for selecting the prediction method according to model complexity, data availability,
interpretability, and computational effort.

The current work is limited to space level retrofit assessment. The simulations used
ideal air loads. Therefore, the reported outcomes represent ideal zone-level heating and
cooling demand, not actual HVAC energy consumption. The framework also considered a
selected set of geometry, envelope, and setpoint variables. Cost and carbon indicators were
not included in the current framework.

Future work can be expanded to whole-building interactions with an explicit HVAC
system and integrate the selected surrogates into full multi-objective optimization work-
flows. One can also refine the ground temperature assumption by using climate-specific
ground temperature profiles. Furthermore, the approach is not confined to the cur-
rent residential spaces, and it is also recommended to extend the framework for other
building typologies.

Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390/su18147230/s1, Figure S1: Effect of length and aspect
ratio on annual energy consumption at four orientations (45°, 135°, 225°, 315°) (corner space (CS)
model); Figure S2: Effect of length and aspect ratio on annual energy consumption at four orientations
(45°,135°, 225°, 315°) (intermediate space (IS) model); Table S1. Test R2, MAE and RMSE values
of the Stage 3 ML models for Corner Space (CS); Table S2. Test R%, MAE and RMSE values of the
selected Stage 3 ML models for Intermediate Space (IS).
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