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Abstract

Early-stage architectural decisions exert a disproportionate influence on the lifecycle energy performance
of buildings, yet the simulation tools conventionally used to quantify this influence — such as EnergyPlus
or DesignBuilder — remain too time-consuming and data-intensive for iterative use during conceptual
design. This paper presents an artificial intelligence-Building Information Modeling (Al-BIM) framework
developed to provide architects working in the Algerian residential context with near-instantaneous
energy feedback. A parametric Building Information Model of a two-storey single-family house was
coupled with Revit and OpenStudio (EnergyPlus engine) to generate a structured dataset of design
scenarios spanning four cardinal orientations, three window-to-wall ratios, three envelope insulation
levels, two building sizes and heights, and two representative Algerian climates (Algiers and Ghardaia),
combined with summer and winter conditions, yielding 864 parametric combinations. Regression-based
machine learning models — Random Forest and Extreme Gradient Boosting (XGBoost) — were trained on
this dataset to approximate the nonlinear relationship between early-design BIM parameters and
predicted annual energy use intensity. The resulting predictive engine was deployed as a custom pyRevit
extension, embedding real-time energy estimation directly within the Revit modelling environment. The
framework demonstrates that a small set of BIM-derived variables is sufficient to capture the dominant
trends in residential energy demand and that machine learning can substitute for repeated physics-based
simulation runs during conceptual design. This work contributes a context-specific, deployable Al-BIM
tool for Algeria and a transferable methodological template for coupling parametric BIM authoring,
physics-based simulation, and supervised learning in early-stage sustainable design decision-support.
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1. Introduction

The building sector accounts for approximately 30-40% of global final energy consumption and
contributes a substantial share of anthropogenic CO, emissions, placing building performance
optimisation at the centre of climate policy and design practice.

A recurring finding in the building performance simulation literature is that the decisions with the greatest
influence on lifecycle energy demand — massing, orientation, compactness, and envelope configuration
— are made during the earliest, most conceptual phase of design, precisely when detailed simulation tools
such as EnergyPlus or DesignBuilder are least practical to use. These tools generally require a fully
articulated model and considerable computation time, so their application is frequently deferred until
after the principal geometric and material decisions have already been fixed. As a result, architects often
lack a fast, intuitive means of testing how simple design moves — rotating a volume, adjusting a window-
to-wall ratio, or upgrading an insulation specification — affect energy performance while such moves are
still cheap to make.

Artificial intelligence (Al) offers a complementary evaluation pathway. Rather than executing a full physics-
based simulation for every design variant, a machine learning model trained on a representative set of
simulation outputs can approximate energy performance for new configurations in a fraction of the time,
once it has learned the statistical relationship between design inputs (geometry, envelope, climate) and
simulated outputs (energy demand). This capability is particularly valuable for early design, when the
volume of design alternatives under consideration is large and the tolerance for computational latency is
low.

This research develops and evaluates an Al-Building Information Modeling (AI-BIM) framework that
predicts residential building energy consumption directly from simplified, early-stage BIM parameters —
floor area, orientation, window-to-wall ratio (WWR), envelope insulation level, and climatic context —
without requiring a fully detailed model for every design option. The study is situated in Algeria, a country
whose climate spans a humid Mediterranean coastal strip and semi-arid to desert interior regions, and in
which strong solar radiation makes early decisions on orientation, compactness, and envelope
performance particularly consequential for cooling and heating demand. Despite this sensitivity,
guantitative, BIM-integrated feedback on these decisions is rarely available to Algerian architects at the
conceptual stage.

The framework couples a parametric Revit model with EnergyPlus-based simulation (via the OpenStudio
plug-in) to generate a structured dataset of design scenarios, trains Random Forest and XGBoost
regression models on this dataset, and deploys the resulting predictive engine as a custom pyRevit
extension that returns an annual energy estimate directly inside the Revit modelling interface. The specific
research questions addressed are: (i) which BIM-derived parameters most significantly influence energy
performance in the Algerian context; (ii) whether an Al regression model trained on simulation data can
approximate conventional simulation results for both summer and winter conditions; and (iii) how such a
predictive model can be integrated into a BIM authoring workflow to support early-stage decision-making.

The remainder of this paper is organised as follows. Section 2 reviews the literature on BIM, Al-BIM
integration, and early-stage energy-relevant design parameters, and positions the present contribution
relative to existing gaps. Section 3 describes the overall research design, study context, and parameter
selection. Section 4 details the Al-BIM framework architecture. Section 5 presents the residential case-
study model. Section 6 describes the machine learning methodology. Section 7 reports the experimental
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implementation and outputs. Sections 8-10 discuss the findings, limitations, and directions for future
work, and Section 11 concludes.

2. Related Work

2.1 Building Information Modeling as a Foundation for Energy-Aware Design

Building Information Modeling (BIM) has become the principal digital methodology for representing a
building's geometry, spatial relationships, and associated non-geometric data across its lifecycle. Rather
than relying on disconnected two-dimensional drawings, BIM consolidates design information into a
single, semantically rich digital model that supports multidisciplinary collaboration and simulation
workflows. Systematic reviews indicate that BIM can meaningfully support building energy analysis by
providing accurate geometric representations and the material and system data required for performance
modelling. In energy-related applications, BIM functions as the backbone of parametric energy modelling:
it allows designers to extract orientation, envelope characteristics, window-to-wall ratios, and volumetric
data that directly govern thermal loads, and to connect these parameters to external simulation engines
for both early evaluation and iterative testing. At the same time, the literature identifies persistent
interoperability barriers between BIM authoring platforms and analytical engines, together with technical
challenges in exporting model data without loss of integrity — obstacles that are especially limiting during
the conceptual stage, when rapid iteration is most valuable.

2.2 AI-BIM Integration

The coupling of artificial intelligence with BIM is an emerging research direction aimed at enhancing
predictive capability, automating analytical tasks, and enabling data-driven decision-making in design and
construction. Machine learning, neural networks, and optimisation algorithms can learn patterns from
BIM-derived data and use them to predict performance outcomes, extract parameters automatically, or
support the generation of design alternatives. Recent reviews characterise Al as an analytical and
predictive layer built on top of the informational backbone that BIM provides, supporting tasks that range
from automated clash detection to the optimisation of design alternatives and the early prediction of
performance metrics such as energy demand. In the specific context of energy analysis, Al-enhanced BIM
systems trained on simulation outputs — including neural networks and gradient-boosted tree ensembles
— have demonstrated the ability to approximate energy performance with high accuracy while returning
results in near real time, a capability that is especially valuable during early design. Nonetheless, the
integration of Al and BIM continues to face challenges related to data interoperability, standardisation,
and the availability of large, high-quality training datasets.

2.3 Machine Learning for Building Energy Prediction: The Research Gap

A substantial body of work has explored machine learning approaches to energy performance prediction,
but most existing studies remain oriented toward operational, post-occupancy data rather than design-
stage parameters. Seyedzadeh et al. highlighted the potential of Artificial Neural Networks and Support
Vector Machines for improving energy performance predictions, but their emphasis on operational inputs
such as metered consumption means that Al has not been fully leveraged to support architects during
conceptual modelling. Separately, Reisinger et al. examined methods for exporting BIM models into
energy simulation environments to improve interoperability; while this work strengthens the data
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exchange between authoring and analysis tools, the resulting workflow remains simulation-dependent
and is not well suited to the rapid exploration of many design alternatives.

Three gaps emerge from this body of literature. First, Al and BIM continue to be treated largely as separate
domains: studies either apply Al without embedding it within a BIM authoring environment, or use BIM
without incorporating predictive intelligence. Second, no lightweight, BIM-compatible model exists that
can generate instantaneous energy estimates directly from simplified, early-stage BIM parameters. Third,
conventional simulation tools remain too complex and time-intensive for genuinely iterative use during
conceptual design, when rapid feedback carries the greatest value for decision-making. Moreover, context
specificity compounds these limitations: differences in construction practice, climate, and building codes
mean that Al-BIM solutions developed for other regions cannot be transferred to a new context, such as
Algeria, without substantial adaptation. The present study addresses these three gaps directly by
developing a lightweight regression-based Al model trained on BIM-derived simulation data and
embedding it within a native BIM authoring workflow for the Algerian residential context.

2.4 Early-Stage Design Parameters and Their Influence on Energy Performance

During conceptual design, when detailed HVAC systems, operational schedules, and advanced facade
technologies are typically undefined, the literature consistently converges on a compact set of geometric
and envelope-related parameters as the primary drivers of heating and cooling loads. Building orientation
directly governs solar exposure and, consequently, heating and cooling demand, and is among the
variables most routinely adjusted by architects during early design. Geographic and climatic context —
captured through local temperature, solar radiation, and humidity data — establishes the boundary
conditions against which all other parameters must be evaluated, and is particularly significant in a
climatically diverse country such as Algeria. Building size and compactness, expressed through floor area
and volume, influence the surface-to-volume ratio and therefore the overall rate of heat loss or gain.
Envelope insulation level determines the thermal resistance of the building fabric and has been shown to
reduce energy demand substantially through incremental improvements in thermal resistance. Finally,
window-to-wall ratio (WWR) affects solar gains, daylighting potential, and cooling loads, with sensitivity
studies typically varying fenestration in increments of approximately 10 percentage points across a 10-
50% range to capture meaningful variation in energy outcomes, an effect that is particularly pronounced in
hot and warm climates.

These parameters were selected for the present study because they satisfy three practical criteria: they
exert a demonstrated influence on heating and cooling loads; they are directly measurable or easily
derived from early-stage BIM massing models; and they can be systematically varied to generate a dataset
of sufficient size for machine learning training within a constrained research timeframe. Equally
important, they represent choices that are genuinely available to architects at the conceptual stage, giving
the resulting predictive tool practical relevance to real design workflows.

2.5 Positioning of the Present Study

Building on this literature, the present study proposes a two-stage Al-BIM framework that (i) trains a
regression-based estimator on a reference set of BIM-derived simulation cases and (ii) extends this
estimator, via a larger synthetically generated parametric dataset, into a decision-support tool embedded
directly within the Revit modelling environment through a pyRevit extension. This approach translates the
theoretical sensitivity of energy performance to early-design parameters — established in the literature
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reviewed above — into a deployable, context-specific tool for Algerian residential design, thereby directly
addressing the three gaps identified in Section 2.3.

3. Materials and Methods

3.1 Research Design and Approach

This study adopts a quantitative, experimental research design that relies on numerical data generated
from BIM-based energy simulations and subsequent Al-based analysis. The quantitative approach is
appropriate because the objective is to measure and model the relationship between specific building
design parameters — orientation, floor area, envelope insulation, and window-to-wall ratio — and energy
consumption expressed in measurable units (kwWh/m?/year). A computational modelling component is
embedded within this design, in which artificial intelligence is used to predict energy performance from
patterns learned in simulation data, enabling testing and validation of the proposed Al-BIM integration
concept. The overall workflow, comprising BIM parameter definition, parametric BIM modelling, energy
simulation, dataset compilation, Al model training, and deployment as an energy prediction tool, is
summarised in Figure 1.

o Define BIM Parameters e Parametric BIM Modeling
N < > l“-. - n— N [ )‘=
E N ﬁgllll ~ o Create BIM Variations \'ﬁii& (\9’
i £ S . REVIT TN
Orientation Geometry Glazing Insulation - e
NESW  Area&Volume WWR10%30% Low Med High Generate Design Variations
50%
o Energy Simulation o Dataset Compilation
R Revit+insight 4 ll Run Simulations ﬁ) T — Aggregate &
lmmll l ! @ = =] - ' Export Data
[, N EnergyPlus |

Annual & Seasonal EUI (kwh/m3/yr)

e Al Model Training ———————————— o Energy Prediction Tool ——

B input BIM Parameters i —
==

D Boundom Forest .

D Stabosst -

- Random Forest XGBoost

i i I 7 Predict Energy Use
Lt ? W

b Train Al Model MAE & R? Evaluation - - Instant Energy Estimates
oost for Design Decisions

Figure 1. Overall workflow methodology of the Al-BIM framework: from BIM parameter definition through
parametric modelling, energy simulation, dataset compilation, Al model training, and deployment as an in-BIM
energy prediction tool.

Source: author's own work (adapted from thesis, p. 22).

3.2 Study Context and Climatic Zones

The research focuses on Algeria, represented by two cities with contrasting climates: Algiers (36.7° N),
characterised by a Mediterranean coastal climate with moderate humidity, and Ghardaia (32.5° N),
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characterised by a hot, semi-arid Saharan climate with high solar radiation. These two locations were
selected to reflect Algeria's climatic diversity and to allow the predictive model to generalise across
different environmental contexts. Weather files in EnergyPlus Weather (EPW) format for both cities,
providing hourly solar radiation, temperature, and humidity data, were sourced from the EnergyPlus
database to ensure realistic environmental boundary conditions for all simulated scenarios.

3.3 Selection of Design Parameters and Parametric Levels

Seven parameters were varied systematically to construct the simulation and prediction dataset:
orientation, seasonal condition, wall insulation level, floor area, building height/volume,
geographic/climate zone, and window-to-wall ratio. Table 1 summarises the levels selected for each
parameter together with the underlying rationale.

Table 1. Selected parameters and levels used to construct the parametric dataset.

Parameter Levels / Values Rationale
Orientation 4 directions: North, East, South, Represents the principal differences in solar
West exposure and their effect on heating and

cooling loads.

Seasonal 2 seasons: Summer, Winter Captures the extremes of heating and cooling

condition requirements.

Wall insulation 3 categories: Low, Medium, High Represents practical variation in envelope

level (indicative U-values = 1.5/0.8 /0.3 | performance and thermal resistance under

W/m?K) RETA 2016.

Floor area / size 3 sizes: Small, Medium, Large Reflects the influence of building scale and
compactness on energy demand and thermal
behaviour.

Height / volume 2 levels: Low-rise, High-rise (linked Captures the effect of vertical proportion and

to floor area to compute a internal volume on heat gain/loss.

compactness ratio)

Geographic / 2 Algerian cities: Algiers (coastal), Ensures coverage of contrasting climatic
climate zone Ghardaia (semi-arid) conditions affecting energy consumption.
Window-to-Wall 3 levels: 10%, 30%, 50% Represents facade transparency and its effect
Ratio (WWR) on solar gains, daylighting, and cooling demand.

3.4 Scope and Boundary Conditions

To preserve methodological consistency, the analysis is based on a single BIM model of an individual
house, a building type chosen because it offers a controlled framework for testing parameter variation
without the added complexity of irregular or mixed-use forms. The scope of the study is deliberately
limited to conceptual massing and simplified environmental variables: simplified assumptions regarding
HVAC systems and occupancy are included as basic input variables, while detailed system design,
advanced facade technologies, economic assessment, and operational performance metrics are excluded
as falling outside the objectives of a rapid, early-stage predictive tool.
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4. Al-BIM Framework

4.1 Overall Architecture

The framework is organised as a six-stage pipeline (Figure 1): (1) definition of BIM parameters (orientation,
geometry, glazing, insulation); (2) parametric BIM modelling in Revit to generate design variations; (3)
energy simulation of each variation using Revit combined with OpenStudio/EnergyPlus; (4) compilation of
simulation outputs into a structured dataset using Python; (5) training of Random Forest and XGBoost
regression models on this dataset; and (6) deployment of the trained model as an in-BIM energy
prediction tool that returns instant energy estimates for new design decisions.

4.2 Stage One: The Al-BIM Energy Estimator

The first predictive component, referred to as the AI-BIM Energy Estimator, was trained using a
combination of actual building performance data and a limited set of twenty reference simulation cases
generated with OpenStudio within Revit. These twenty reference cases systematically varied the key
design parameters — orientation, floor area, building volume, WWR, envelope insulation level, and local
climate — to capture representative energy responses for the conceptual building. Once trained, the
estimator was used to predict energy consumption for 864 additional parametric scenarios covering the
full combinatorial space of the selected parameters (Section 6.1), substantially reducing computational
time relative to running 864 individual physics-based simulations while retaining a physics-informed basis,
since the underlying relationships were learned from genuine EnergyPlus simulation outputs. Model
development used Python, with Pandas for dataset management and Scikit-learn for model training and
prediction evaluation; performance was assessed with Mean Absolute Error (MAE) and the coefficient of
determination (R?). The technology chain underlying this stage — Revit + OpenStudio for parametric
modelling and simulation, Python (Pandas, Scikit-learn) for dataset handling and regression training, and
CSV/Excel for structured storage of simulation results — is summarised in Figure 2.

Revit + OpenStudio

n Revit + OpenStudio® \,-‘ N
REVIT

Parametric BIM modeling and energy

simulation using EnergyPlus engine

Python (Pandas, Scikit-learn)

Dataset handling, regression-based Sl @.Iecrg,
Al H(Illll'l(_)‘dl“{} preaic tion L, L

CSV/Excel

Structured storage of simulation results
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Figure 2. Al-BIM Energy Estimator toolchain: Revit + OpenStudio for parametric modelling and simulation;
Python (Pandas, Scikit-learn) for dataset handling, regression training, and prediction; CSV/Excel for structured
data storage.

Source: author's own work (adapted from thesis, p. 25).

4.3 Stage Two: The Al-BIM Energy Prediction Extension

The dataset of 864 parametric energy scenarios generated by the Energy Estimator forms the foundation
for a second machine learning process aimed explicitly at optimising early-stage design decisions. Using
regression and tree-based algorithms — principally XGBoost — this second model analyses the
relationships between BIM parameters and energy consumption to identify parameter combinations that
minimise energy demand under both summer and winter conditions. By translating this analysis into a
decision-support layer, the framework allows designers to explore the most energy-efficient
configurations of orientation, floor area, volume, WWR, and insulation without manually testing every
combination; the tool returns ranked or recommended design scenarios for rapid evaluation of
alternatives during the conceptual stage. As in Stage One, the reliability of these recommendations is
assessed with MAE and R?, ensuring consistency with the physics-based simulation outputs on which the
first model was trained. Figure 3 summarises the data-handling, machine-learning-optimisation, and
results-visualisation/export toolchain used at this stage (NumPy/Pandas for data handling; Scikit-learn,
XGBoost and LightGBM for training and optimisation; CSV/Excel/Matplotlib for visualisation and export of
recommended design scenarios).

Data Handling & Analysis

p E NumPy

g ‘gl Pandas

asEn
wnay

Data handling anc

Python, NumPy, Pandas

Machine Learning Optimization

@Ieurn . XG BOOSE

Training and optimising with
Scikit-learn, XGBoost, LightGBM

Results Visualization & Export & Orientation
x < = & Insulation bet Level

& CSV | Matplotlib ‘T W Floor Area

[ — W Volome Davel
D

Rec 'HJ\(“‘.(]\‘\(( best design scenarios

exporting CSV/Exce

Figure 3. Al-BIM Energy Prediction Extension toolchain: data handling and analysis (NumPy, Pandas); machine
learning optimisation (Scikit-learn, XGBoost, LightGBM); results visualisation and export (Matplotlib, CSV/Excel).

Source: author's own work (adapted from thesis, p. 26).
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4.4 Mathematical Formulation

The predicted annual energy consumption is expressed as a regression function of the selected BIM-
derived variables:

FE = f{Orientation, Floor Area, Volume, WWR, Insulation, Climate) + ¢ (1)

where f is the function learned by the Al model and € represents residual error. This formulation follows
standard practice in the building-energy machine learning literature, in which regression or tree-based
algorithms — including XGBoost — have been used successfully to predict energy use from BIM- or design-
stage parameters.

4.5 Deployment as a Revit Plug-In

The trained model was embedded into Revit as a functional extension using pyRevit, a Python framework
for Revit customisation, giving architects real-time energy predictions directly within the BIM authoring
environment. Users provide values for orientation, season, insulation, floor area, height, WWR, and city
through simple dropdown and slider controls; these inputs are automatically converted into the numeric
encodings required by the trained Random Forest model, and the predicted annual energy consumption is
returned via a pop-up dialogue inside Revit. Table 2 summarises the software components used to
implement this integration.

Table 2. Development tools and APIs used for Revit-Python integration and data management (adapted from

Thesis Table 5).
Tool / Technology Purpose Details
pyRevit Revit integration Embeds Python scripts as a Revit extension with

custom ribbon buttons.

Revit API BIM interface Enables extraction of model parameters and
interaction with Revit elements.

TaskDialog (Revit) User output Displays prediction results in a native Revit pop-up
dialogue.
Excel / openpyxl Dataset storage Stores training data and supports dynamic

input/output exchange.

SO A B¢ == Autodesk Revit 2025 - prototy

Systémes Insérer  Annoter 1alyser  Volume et site Collaborer  Vue Gérer  Compléments

(a) Energy Analysis Extension integrated into the Revit ribbon
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Fichier Archite IZ pyevit
_ IE py?‘-.evit Enter Window-to-Wall Rato (0-1)
Run_Energy_Optim
select Orientation 0.3
oK
= l <4
(d) Window-to-wall ratio / thermal-property
, o | dialogue
Al BIM Tools :

(c) Orientation-selection dialogue

(b) Al Energy Estimator custom ribbon tab

Figure 4. The Al Energy Estimator custom ribbon tab within Revit and the sequence of pyRevit dialogues for
selecting orientation and assigning thermal properties (window-to-wall ratio and insulation).

Source: author's own work (adapted from thesis Figures 20-23, pp. 33-34).

5. Case Study

5.1 Building Description

The reference case-study model represents a two-storey individual house situated on a 208 m? plot. The
spatial layout includes a living area, kitchen, bedrooms, and bathrooms organised around a central
circulation space to ensure efficient access to all rooms. The model was developed to Level of
Development (LOD) 300, in accordance with the AIA G202-2013 Building Information Modeling Protocol
Form, at which each element of the house is graphically represented as a distinct object or assembly
showing its size, shape, location, and orientation, with additional non-graphical information — such as
material specification — attached to each model element.
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Figure 5. Three-dimensional view of the parametric BIM case-study model (two-storey, 208 m? individual
house).

Source: author's own work (adapted from thesis Figure 6, p. 27).

(b) First-floor plan

(a) Ground floor plan
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Figure 6. Ground floor plan (a) and first-floor plan (b) of the case-study model.

Source: author's own work (adapted from thesis Figures 4-5, p. 27).

5.2 Envelope Assemblies

Exterior walls were modelled in Autodesk Revit as multi-layered assemblies (white paint on the outer face;
a double-leaf red-brick structure enclosing a core of expanded polystyrene (EPS) insulation; grey paint on
the interior face). The thermal properties and insulation thickness were adjusted to achieve a global
thermal transmittance (U-value) of approximately 0.8 W/m?K, in accordance with the Algerian thermal
regulation (Réglementation Thermique Algérienne, RETA 2016). The floor was modelled as a 0.28 m multi-
layered assembly comprising ceramic tiling over a cement mortar bed, a structural core of cast-in-place
concrete poured over hollow blocks (hourdis), and an underside finished with plaster coating, configured
to achieve a U-value of 0.89 W/m?*K, also in compliance with RETA 2016.

(b) Wall layer build-up

Eimsivn O « Rvtnvine wnall visoun -
(a) Exterior wall view

Propriétés analytiques

Coefficient de tre

(c) Thermal transmittance coefficient

Figure 7. Exterior wall assembly: section view, layer build-up, and resulting thermal transmittance coefficient (U
= 0.82 W/m?*K).

Source: author's own work (adapted from thesis Figures 7-9, p. 28).

N QOCD \A/ /{2 ¥ Fonction Epasseur
T [finition 104

la couche principale

Pc ure
Limite de Ia couche principale Couches en dessous

Finition 2 (5 Enduit

(b) Floor section view

(c) Floor layer build-up
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Figure 8. Ground floor assembly: thermal transmittance coefficient (U = 0.885 W/m?K; R = 1.13 m*K/W), section
view, and layer build-up.

Source: author's own work (adapted from thesis Figures 10-12, p. 28).

An energy analysis mass corresponding to the case-study model was subsequently generated within Revit
to serve as the geometric basis for OpenStudio simulation (Figure 9).

Figure 9. Energy analysis mass generated in Revit for OpenStudio/EnergyPlus simulation of the case-study
building.

Source: author's own work (adapted from thesis Figure 13, p. 29).

6. Machine Learning Methodology

6.1 Dataset Construction

The parametric Revit model was systematically varied across the seven parameters described in Section
3.3, yielding a total combinatorial space of 4 (orientations) x 2 (seasons) x 3 (insulation levels) x 3 (floor
areas) x 2 (heights) x 2 (cities) x 3 (WWR levels) = 864 design scenarios. This total was judged to provide a
dataset large enough to capture the principal thermal influences on residential energy demand while
remaining within the practical limits of simulation and analysis available for this study. Two of these
scenarios (Case 1 and Case 2, Section 7.1) correspond to direct EnergyPlus/OpenStudio simulation
outputs; the initial reference dataset used to train the Energy Estimator (Section 4.2) comprised twenty
such scenarios, which were then used to generate predictions for the full 864-scenario space. Energy
performance was simulated using Revit combined with OpenStudio, which is itself based on the
EnergyPlus simulation engine and provides validated calculations of annual and seasonal building energy
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consumption; results were exported to Excel/CSV as Energy Use Intensity values (kWh/m?/year) to form
the primary dataset.

6.2 Data Preprocessing

Categorical variables (orientation, season, insulation level, city) were numerically encoded to ensure
compatibility with the Random Forest algorithm, while continuous variables (floor area, height, WWR)
were retained in their original numeric form. The resulting dataset was split into training (80%) and testing
(20%) subsets prior to model fitting.

6.3 Algorithms

Two tree-based ensemble regression algorithms were used across the two stages of the framework.
Random Forest regression was used to capture nonlinear relationships between the BIM-derived design
parameters and simulated energy consumption in the Energy Estimator (Stage One); its ensemble
structure, combining many decorrelated decision trees, is well suited to tabular data of this kind and
provides a degree of robustness to overfitting. Extreme Gradient Boosting (XGBoost), a gradient-boosted
tree-ensemble algorithm, was subsequently applied in the Energy Prediction Extension (Stage Two) to
analyse the relationships between BIM parameters and energy consumption across the full 864-scenario
dataset and to identify parameter combinations that minimise energy demand. Table 3 summarises the
software technologies used across the machine learning workflow.

Table 3. Overview of machine learning technologies used in model development (adapted from Thesis Table 4).

Tool / Technology Purpose Details

Python Programming & ML | Dataset preprocessing, model training, and prediction.
pandas Data handling Loading and manipulating simulation results.
scikit-learn Machine learning Random Forest regression for energy prediction.

OpenStudio + EnergyPlus Energy simulation Provides parametric energy data for training.

Jupyter Notebook Interface & testing | Interactive environment for model development.

ipywidgets User interface Sliders and dropdowns for input-parameter selection
during prototyping.
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C:\Users\e-hbe\AppData\Loc: X + v

=== Simple BIM-based Energy Estimator
Orientation (North, South, East, West): North
City (Algiers

, Ghardaia): Ghardaia

Floor area (m?): 209

Building volume (m*®): 2000

Window-to-Wall Ratio level (low, medium, high): Low
Insulation level (low, medium, high):

Figure 11. Command-line prototype of the BIM-based energy estimator, illustrating sequential prompts for
orientation, city, floor area, building volume, WWR level, and insulation level.

Source: author's own work (adapted from thesis Figure 16, p. 31).

_ Jupyter ML energy Last Checkpoint: yesterday

(b) Underlying Python event-binding code linking widgets to the
prediction function

(a) Interactive widget-based input panel with live predicted energy
output

Figure 10. Prototype Jupyter Notebook interface for the Al-BIM Energy Estimator.

Source: author's own work (adapted from thesis Figures 18-19, p. 33).

6.4 Evaluation Metrics

Model performance and the reliability of the resulting design recommendations were assessed using two
standard regression metrics: Mean Absolute Error (MAE), which quantifies the average magnitude of
prediction error in the same units as the target variable (kWh/m?/year or GJ), and the coefficient of
determination (R?), which quantifies the proportion of variance in simulated energy consumption
explained by the model. These metrics were applied at both stages of the framework to confirm that Al-
based predictions remained consistent with the underlying physics-based EnergyPlus simulation outputs.

7. Experimental Results

7.1 Baseline Simulation Cases

Two directly simulated cases illustrate the sensitivity of total annual energy use to orientation under
otherwise identical conditions (209 m? floor area, 30% WWR, Medium insulation, Algiers climate). Case 1
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(North orientation) returned a total energy use of 196.73 GJ, while Case 2 (South orientation) returned a
total energy use of 176.61 GJ, a reduction of approximately 10% attributable to orientation alone. Table 4
summarises the parameters for both cases.

Table 4. Baseline simulation cases: parameters and total annual energy use (merged from Thesis Tables 2 and 3,
and Figures 14-15).

Parameter Case 1 Case 2
Orientation North South
Floor area 209 m? 209 m?
WWR 30% 30%
Insulation Medium Medium
Climate Algiers Algiers
Total annual energy use 196.73 G)J 176.61G)

(a) Case 1 — North orientation (196.73 GJ) (b) Case 2 — South orientation (176.61 GJ)

Figure 12. EnergyPlus/OpenStudio end-use breakdown (heating, cooling, lighting, equipment, and other end
uses) for Case 1 (North) and Case 2 (South), shown side by side for direct comparison.

Source: author's own work (adapted from thesis Figures 14-15, p. 30). Full multi-fuel breakdown values are recommended for supplementary
material.

7.2 Parametric Prediction Dataset (864 Scenarios)

The trained Energy Estimator was applied to generate predictions for the full 864-scenario combinatorial
space described in Section 6.1, systematically combining orientation, season, insulation, floor area, height,
city, and WWR. The resulting dataset, exported as a structured Excel file, provides predicted annual energy
consumption for every design permutation and constitutes the training data for the second-stage Energy
Prediction Extension (Section 4.3). Table 5 reproduces a representative excerpt of six scenarios from this
dataset, illustrating the sensitivity of predicted energy use to WWR and climate zone under fixed
orientation, season, and insulation.

Table 5. Representative excerpt of the 864-scenario predicted dataset (North orientation, Summer, Low
insulation, 180 m? floor area, 3 m height; excerpt reproduced from Thesis Figure 17).
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Sim. | Orientation | Season Insulatio | Floor area | Heigh | City WWR | Predicted
ID n (m?) t annual energy
(G)

1 North Summer | Low 180 3m Algiers 10% 169.0

2 North Summer | Low 180 3m Algiers 30% 177.9

3 North Summer | Low 180 3m Algiers 50% 204.6

4 North Summer | Low 180 3m Ghardaia 10% | 211.3

5 North Summer | Low 180 3m Ghardaia 30% | 222.4

6 North Summer | Low 180 3m Ghardaia 50% 255.9

Even within this small excerpt, two consistent trends are visible: predicted energy use increases with WWR
at fixed orientation and climate, and predicted energy use is systematically higher in Ghardaia than in
Algiers under otherwise identical conditions, consistent with the more extreme solar and thermal regime
of the semi-arid climate zone.

R T T D T 13 S B T 1

1 |Sim_ID | Orientation Season Insulation Floor_Area Height City WWR Predicted_Annual_Energy_GJ
2 1 North Summer Low 180 3m Algiers 10% 169

3 2 North Summer Low 180 3m Algiers 30% 177.9

4 2 North Summer Low 180 3m Algiers 50% 204 6

5 4 North Summer Low 180 3m Ghardaia 10% 2113

& 5 North Summer Low 180 3m Ghardasa 30% 222.4

Z il " PE-Ta Ny ol e aon. QEL O

Figure 13. Excerpt of the exported spreadsheet containing the full 864-scenario predicted energy dataset.

Source: author's own work (adapted from thesis Figure 17, p. 31). Retained here for completeness; largely redundant with Table 5.

7.3 Deployment in the Revit Environment

The trained Random Forest model was embedded into Revit via the pyRevit-based "Al Energy Estimator"
custom ribbon tab (Section 4.5). Within this environment, the user selects orientation, season, insulation,
floor area, height, city, and WWR through sequential dialogue boxes; the predicted annual energy
consumption is then returned in a native Revit pop-up. This integration was verified as functioning within
Autodesk Revit 2025, confirming the technical feasibility of embedding a trained machine learning model
directly into a commercial BIM authoring environment without requiring the user to leave the modelling
interface.

7.4 Note on Quantitative Model Performance

Mean Absolute Error (MAE) and the coefficient of determination (R?) were adopted as the formal
evaluation metrics for both the Energy Estimator and the Energy Prediction Extension (Sections 4.2-4.4,
6.4). At the time of this preprint, the corresponding numerical values for the trained Random Forest and
XGBoost models are not available and are not included in this manuscript. This is stated explicitly rather
than estimated or approximated, since reporting invented figures would misrepresent the framework's
validated accuracy. A revised version of this manuscript, to be posted prior to journal submission, will
report: (i) the numerical MAE and R? for both the Random Forest estimator and the XGBoost extension,
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ideally on a held-out test set drawn from the twenty reference simulation cases; (ii) a feature-importance
plot indicating the relative influence of orientation, WWR, insulation, floor area, height, and climate on
predicted energy use; and (iii) a residual or parity plot comparing Al-predicted values against
EnergyPlus/OpenStudio simulation outputs for the reference cases. Readers and reviewers of this preprint
should treat the qualitative trends reported in Sections 7.1-7.3 (e.g., the direction and approximate
magnitude of orientation and WWR effects) as provisional pending this quantitative validation.

8. Discussion

8.1 Interpretation of Results

The results indicate that a limited set of BIM-derived parameters — orientation, envelope insulation level,
WWR, building size, and climatic context — is sufficient to explain the major trends in residential energy
consumption at the early design stage. The approximately 10% difference in total annual energy use
between the North- and South-oriented baseline cases (Section 7.1), and the consistent sensitivity of
predicted energy use to WWR and climate zone within the 864-scenario dataset (Section 7.2), together
demonstrate that conceptual-stage design decisions have a measurable and quantifiable impact on
energy performance, corroborating the theoretical sensitivity established in Section 2.4. The Al-based
prediction models were able to learn the underlying relationships between these early-stage parameters
and simulated energy consumption from a comparatively small reference dataset (twenty cases), and to
extend these relationships across a substantially larger combinatorial space (864 scenarios) while
preserving physically plausible trends (e.g., higher predicted demand in the semi-arid Ghardaia climate
relative to the Mediterranean Algiers climate). This suggests that machine learning can provide fast,
physics-informed energy estimates in contexts where full-scale simulation is not yet feasible, provided
that the underlying training data is representative of the design space being explored.

8.2 Implications for Architectural Practice

By returning energy estimates directly within the Revit modelling environment, the proposed Al-BIM
framework allows architects to evaluate multiple design alternatives without leaving their authoring tool
and without requiring detailed modelling or repeated simulation runs. This capability is particularly
relevant in a climatically demanding context such as Algeria, where cooling and heating demand are
strongly shaped by orientation, envelope performance, and glazing ratio, and where such quantitative
feedback is not currently embedded in standard practice. Because the tool operates at the conceptual
stage, it enables architects to make informed decisions on orientation, envelope configuration, and
massing strategy while design changes remain inexpensive to implement, complementing — rather than
replacing — detailed simulation and expert analysis at later design stages.

8.3 Relation to the Identified Research Gaps

The framework directly addresses the three gaps identified in Section 2.3. Unlike prior work that treats Al
and BIM as largely separate domains, the present study embeds a trained regression model natively within
a BIM authoring tool via a pyRevit extension. Unlike operational-data-oriented approaches such as that of
Seyedzadeh et al., the present framework is trained and applied exclusively on design-stage, BIM-derived
parameters. And unlike interoperability-focused approaches such as that of Reisinger et al., which remain
simulation-dependent, the present tool substitutes trained regression models for repeated simulation
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once the reference dataset has been generated, enabling near-instantaneous evaluation of new design
alternatives.

9. Limitations

This study is subject to several limitations that define the scope and applicability of its results. First, the
analysis is based on a single residential building typology (a two-storey individual house), which limits
direct transferability to other building types with different occupancy patterns and functional
requirements, such as multi-family housing, offices, or public buildings. Second, the Al models were
trained on simulation-generated data rather than measured operational data, so prediction accuracy is
bounded by the assumptions embedded in the underlying EnergyPlus/OpenStudio simulation model,
including simplified HVAC and occupancy schedules appropriate for early-stage evaluation but not for
later, system-level design decisions. Third, the climatic scope of the study is limited to two Algerian cities
representing Mediterranean and semi-arid conditions; while this captures meaningful climatic contrast, it
does not encompass the full range of environmental conditions found across Algeria.

A further limitation, not fully addressed in the source material, concerns the size of the reference dataset
used to train the Energy Estimator: twenty simulation cases were used to train a model subsequently
applied across 864 parametric combinations. Given the dimensionality of the parameter space (seven
variables with two to four levels each), twenty reference cases represent a comparatively sparse sampling
of that space, and the reliability of predictions for combinations distant from the reference cases in
parameter space cannot be established without the quantitative validation metrics discussed in Section
7.4. We recommend that any journal submission report the train/test split performance, cross-validation
results, and, where feasible, an expanded or actively sampled reference dataset (e.g., via Latin hypercube
or full-factorial sampling) to strengthen confidence in the model's generalisation across the full
combinatorial space.

Finally, as noted in Section 7.4, the quantitative accuracy of the trained models (MAE, R?) is not available at
the time of this preprint. This is disclosed here as a known limitation of the current version rather than
omitted; a revised version reporting these metrics is anticipated prior to journal submission.

10. Future Work

Building on the recommendations arising from this study, several directions are proposed for future
research and practice:

e Adopt automated predictive tools of this kind during early-stage architectural design so that the
environmental impact of fundamental structural and spatial decisions can be evaluated before
advanced technical simulations are undertaken.

e Prioritise high-impact parameters — building orientation, thermal envelope performance, and
glazing ratio — in digital modelling strategies for the Algerian construction context, given their
potential for significant energy performance improvement at relatively low computational cost.

e Support the modernisation of professional practice through specialised educational curricula that
enable architects and engineers to integrate Al-based predictive systems into conventional BIM
workflows.
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e Broaden the training dataset to include additional building typologies, particularly multi-family
housing and public buildings, to improve the generalisability of the predictive models.

e Integrate annual energy consumption profiles, daylighting performance indicators, and occupant
behaviour parameters to enhance the accuracy and robustness of Al-based predictions.

e Explore hybrid methodologies that combine machine learning models with simplified physics-
based simulation, potentially offering an improved balance between computational efficiency and
predictive precision.

e Extend the AI-BIM framework to incorporate optimisation and generative design capabilities,
enabling automated exploration of energy-efficient design alternatives during early-stage
architectural conception.

11. Conclusion

This study set out to address a persistent limitation in architectural practice: the absence of fast, intuitive,
and reliable energy performance evaluation tools during the earliest stages of design. By integrating
artificial intelligence with Building Information Modeling, the study developed and demonstrated a
lightweight predictive framework capable of estimating residential building energy consumption from
simplified, early-stage BIM parameters. The results show that regression-based Al models, trained on a
representative dataset derived from BIM-based energy simulations, can capture the influence of building
orientation, envelope insulation, size, and window-to-wall ratio on predicted energy performance across a
range of design configurations and climatic contexts, and that this predictive capability can be embedded
directly within a commercial BIM authoring environment via a pyRevit extension, providing designers with
near real-time feedback inside their existing modelling workflow.

The broader implication of this work is that sustainability is most effectively pursued when treated as an
active, formative parameter from the outset of the design process rather than as a corrective measure
applied after key decisions have already been made. Rather than requiring architects to abandon existing
design tools in favour of complex simulation software, the Al-BIM framework developed here proposes an
alternative model — one that repositions energy performance as a design variable available from the first
sketch of a project, and in doing so, contributes toward more sustainable, energy-efficient, and context-
responsive housing solutions for Algeria. The methodological template established here — coupling
parametric BIM authoring, physics-based simulation, and supervised machine learning within a native BIM
environment — is, in principle, transferable to other climatic and regulatory contexts, subject to the
retraining and validation recommended in Sections 9 and 10.
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