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- Construction workflows are often split across separate stages such as design
interpretation, material estimation, and manufacturing planning [1, 2, 3].
- Al offers an opportunity to connect these stages more effectively, helping

TranSforming information flow from early drawings to production decisions [4, 5, 6].

» The goal is to reduce manual effort, improve consistency, shorten project

timelines, and minimize material waste [2, 7, 8].

o o
ConStruCtlon Wlth AI - This presentation introduces three connected frameworks: BIRD for drawing-
to-3D visualization, JACK for material estimation, and PAAD for manufacturing
Integration and panel layout optimization [9, 10, 11].
- This research, developed in collaboration with Greenstone Building Products
in Brandon, Manitoba, focuses on making construction workflows more
efficient, explainable, and scalable.
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The Need for 31 Reconstruction

Early 3D visualization is important for understanding client requirements, supporting planning,
and improving gost estimation (1):
- In piactiee, turning several 20 building diawings into 3 usable 30 modelis still a time-
intensive manual task that depends heavily on expert interpretation [12].
- Existing Al methods for 30 reconstruction work well for general images and seenes, but they
often struggle with architectuial drawings because they were not designed foi:
- combining multiple building views consistently [13),
- preserving exact geometric measurements rather than estimating depth (14], and
- supporting real-world revisions and corrections [151.
- Metheds based only on floor pPlans can recover Laysut infermation, but they usually cannot
devermineful lbuilding height, depth, #r more complex features such as stacked epenings (4).
- BIRD addresses these challenges threugh a multi-view, noise-aware, geometry-presewving
framewerk for cenverting standard architectural draviings into 30 building representations (9].
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Aulomaling the Visualization Process

BIRD prepares building drawings ier 3B reconstructlon through three main steps:

- First, it detects the impoitant siruciural inesin each drawing, such as walls, windows, and doors
16

- Semand, it usesa dual-bianch design to separabe meaningful building featuies frem text, symbols,
and other visu al noise (17].

« Third, itextracts measurements from the drawing and uses them to scale the detecved lines
accurately before cesonstructien [18).
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Projccting Into a 31) Space

After detecting and scating the line segments, BiRD maps each 2B drawing Into a shared 3D
coordinate system:
- Each building view is reoi iented so that 6 K nes alig¢1 with the eerrect height, width, and depth
aues.
+ The different peispectives are then cembined to Ioim a single coherent 30 building envelope.
- This wrapping pro<ess allows BIRD to handle cormers, angled walls, and irregul ar floor plans
more accurately than simpler projection methods.

Text Recognition

Line Feature Detection

—

Denoise via Subtraction

30 Prejection
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BIRD: Building
Image
Reconstruction
and Dimensioning
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The Need for 3D Reconstruction

Early 3D visualization isimportant for understanding client requirements, supporting planning,
and improving cost estimation [1]:
- In practice, turning several 2D building drawings into a usable 3D model is still a time-
intensive manual task that depends heavily on expert interpretation [12].
- Existing Al methods for 3D reconstruction work well for general images and scenes, but they
often struggle with architectural drawings because they were not designed for:
- combining multiple building views consistently [13],
- preserving exact geometric measurements rather than estimating depth [14], and
- supporting real-world revisions and corrections [15].
- Methods based only on floor plans can recover layout information, but they usually cannot
determine full building height, depth, or more complex features such as stacked openings [4].
- BIRD addresses these challenges through a multi-view, noise-aware, geometry-preserving
framework for converting standard architectural drawings into 3D building representations [9].
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Automating the Visualization Process

BIRD prepares building drawings for 3D reconstruction through three main steps:

- First, it detects the important structural lines in each drawing, such as walls, windows, and doors
(16].

- Second, it uses a dual-branch design to separate meaningful building features from text, symbols,
and other visual noise [17].

- Third, it extracts measurements from the drawing and uses them to scale the detected lines
accurately before reconstruction [18].

i i;_‘:)yﬂg Input (512x512x1) Concatenation
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« The model uses the same multi-output

training objective as HED, allowing it to
ih Dropeu’ N learn line features at several levels of
SR Convotton =1 ~ detail simultaneously [16].

Inverse
Convolution |=

Adapting HED for Building Plans

BIRD builds on an exisiting approach for line detection called HED, but
modifies it to better suit architectural diawings.

T Learn to resize osimplifytheinput @Nme Side output 1 M ThIS helpS BlRD deteCt bOth broader
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Adapting HED for Building Plans

BIRD builds on an exisiting approach for line detection called HED, but
modifies it to better suit architectural drawings.

é;[\ r_) Learn to resize Simplify the input Reduce
| joutputs to match representation unnecessary
the original drawing e U model complexity

reduces complexity and improves training efficiency.

Transpose convolutions are used so Dropoutlayers replace lateroutput blocks
detected features can be mapped back te to reduce the number of trainabkle
the original image size more accurately [19]. parameters while preserving key line

information [22i.



(_{I\ f'> Learn to resize
| | outputs to match
the original drawing

Transpose convolutions are used so
detected features can be mapped back to
the original image size more accurately [19].




Simplify the input
representation

The model works on black-and-white drawings, which
reduces complexity and improves training efficiency.




Reduce
unnecessary
model complexity

Dropout layers replace later output blocks
to reduce the number of trainable
parameters while preserving key line
information [22].




s from the drawing and uses them to scale the detected lines
on [18].
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Projecting Into a 3D Space

After detecting and scaling the line segments, BIRD maps each 2D drawing into a shared 3D

coordinate system:
- Each building view is reoriented so that its lines align with the correct height, width, and depth

axes.
- The different perspectives are then combined to form a single coherent 3D building envelope.

- This wrapping process allows BIRD to handle corners, angled walls, and irregular floor plans
more accurately than simpler projection methods.

[ we2 " £ " - Matchpredicted linesegmentsto their closestground-truth
b i lines,
T T T 7T - 3 - Use average distance to measure closest-line accuracy.
prodicted - Identify tinmatched predicted lines to measure noise
" = sman ety impact and extra-line accuracy.
i :-h ¥ =~ + Countthetotalnumberofextralines (¥}to Quantify vis ual
- » e clutter.
et A
- - =y e L 1Y
Highear -%Ekplclad Lowar Ag Le={p|pePApe P dist{p.p) < Josestdist(p}}
e T Ae = 100 — awg viore dist{ L)
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i _§ ZW;| y _!' o EL An =100 — avgnormedist(L,). N = count(L,)
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- Match predicted line segments to their closest ground-truth

lines.
- Use average distance to measure closest-line accuracy.

- Identify unmatched predicted lines to measure noise

impact and extra-line accuracy.
- Count the total number of extra lines (N) to quantify visual

clutter.

L.={p|pec PnApec P dist(p,p) < closest_dist(p)}

A;. =100 — avg_nerm_dist(L..)
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A, = 100 — avg norm _dist(L,), N = count(L,,)



o

nportantfor understanding client requirements, supporting planning,
tion [1]:

eral 20 building drawings into a usable 3D model is still a time-

.that depends heavily on expert interpretation [12].

3D reconstruction work well for general images and scenes, but they
nitectural drawings because they were not designed for:

 building views consistently [13],

ometric measurements rather than estimating depth [14], and

rld revisions and corrections [15].

floor plans can recover layout information, but they usually cannot
height, depth, or more complex features such as stacked openings [4].
hallenges through amulti-view, noise-aware, geometry-preserving
ng standard architectural drawings into 30 buildingrepresentations [9].

AUNB

L AR

the Visualization Process

awings for 3D reconstruction through three main steps:
tant structurallines in each drawing, such as walls, windows, an d doors

anch design to separate meaningful building features frem text, symbels,
ik

ments from the drawing and uses them to scale the detected lines
truction (18].

IUNE et ey o

+ The model uses the same multi-output
tiaining objec:ive as HED, allowingitto
learn line features at several levels of
detail simultaneously [16).

N - This helps BIRD detect beth bioader

structure and finer buitding details in
B =] = aichitectural drawings.

= o Cormstningers
Pochacs B B 11

JUNB

SENTETIT O TR ST RS AT

nto a 3D Space

he line segments, BIRD maps each 2D drawing into a shared 30
oriented so that its lines align with the correct height, width, and depth
ves are then combined to form a single coherent 30D building envelope.

allows BIRD te handle corners, angled walls, and irregular floor plans
impler projection methods.

Text Recognition

Noise Feature Detection

S S

Line Feature Detection

Line Extraction and Resizing

I ]

Denoise via Subtraction

3D Projection

250
200

DIND. bUI
Image

Reconstrt
and Dime

Engincering Applications of Artificial Inte

Contenss lists available at

Engineering Applications of

journal homepage: www.elsevie

Building image reconstruction and dimensionin;
two-dimensional perspective drawings

Andrew Fisher »%>*, Lucas Moreira®, Muntasir Billah ¢, Pawan

2 Sainr Mary's Univessity, Halifex, mova Scotie, Canada
b Lakehead Universiey, Thunder Bay, @uarie, Canada

< Universicy of Calgary. Calgary, Alberta, Canada

4 york University, Toromeo, Ombwsio, Ganada

ARTICLE INFO ABSTRACT

Keywends: In the construction ladustry, a proj
Cenvelutienal neural netwerks plans, defining the client's specificati
Line segment detection te visualize the anticipated outcom
re,\'(t e — ) process of converting from 2B to :
Buildlng Image recensiuction i, R
3 . the project’s overall complexity is h
Three-dimensienal medeling
to-end framework referred to as 8

vl om T e P B SRR St MG - i



Andrew Fisher, PhD » N B
Al-Driven Construction Intelligence EST.1785

UNIVERSITY OF NEW BRUNSWICK

W et v v
By WILEY
I

| omcrsar arnicrr CEEED

s et i o JACK: Jointly Trained Automation of Explainable

Material Knowledge

= Construction Material Knowledge

ARSTRACT

0 o oty phioam o o ot T, it met 4o a0 Oy ifmasetusns bs IYSHTEE ot ORI Sus el
0elgy or ATHTRAY @Vt 3> PR Gutl ed 1 D (et i, MAOIRG 18 W0 bud um STPUTGDS T -

g,

vt o CUAS el Oy——=—E Qo Lagend
ctrivivg) bug) when T b 1m0 sl L -
faciite e fflient YT R T ASP 1hh FROR EDPMr® SUAAK A SE/GBIE pere @reped 0 b culy Inguts | | Gicoat wpus
. DUNB AUNB N R T (T R v v
; ; - ; o | mwe ][ onm |[ comen | scomro [ menserr | R s
0 i i . Leveraging Joint Training Techniques — - -
The Potential of Estimation Automation ging g q ; S
« Many building materials depend on the same project Information, such as height, length, f oor area, ’-ﬂ r' g
Accurate material estimation Is essentlal fdr controlling costs, protecting profit marg!ns, and and openings. M Lype
maintalning cllent trust In construction projects: . - Instead of tialning a separate model for every materlal In ise lation, JACK trains eonnected networks i L
- Inpiactice, estimation Is still oken based on manualspraadsheets and expert judgment, which can usingsharedinputs (251, I Panels Moaded |

be slow, Incansistent, and difficult to scale(s].
- Tradltional BIM-based and rule.driven systams Improve organization, but they still rely heavily on
predefined formulas and human input (21).
- Earlier machine learming approaches have matnly foc used on cost prediction, but many of them:
+ require targe, high-Quality datasets (22),

- This allows the model to learn common bullding features once and reuse them acress multiple
material predictions.

- Theresult |s more efficient training, more eons|stent estimates, and a fiamework that can scale
to new mabterials more easily.

Plastes 8° 5 2 |

£
%

] Quanasy
. + This aluatlen Formallzes h | '
- predict costs ratherthan materlal quantlitles (23], and p (VT 2 \ um:al -n”mx:::ﬁxm; Ry
+ offer limited explalnability, which can reduce industry trust [24). iad I} Ead PrOJCt parmermry
- JACK add these limitatkons through an explsinable, neural network framework whate by oi=rodes In o + In practiae, that meens aasecials influenced
. . Pidden baye) of nctwonk o, by thes s building featisres can lean From
thatiearns relationships between materials, works eflectively with limited data, and preduces

mmuom\mw’u ba 2 euswean represantaon rather than
practical quantity estimates for real sonstruction workRows. >9vgvion hacoon, 11y, ¢ 100031 g the s2me keaming separately.

HUBORAD 94l of WEEhISAN0 . This yduees rAredagy and heips krep Snipar i
2 =t vakoe oreEnaED aligaed aces ot s

oo AUNB
o S e

Cascaded Training Across Networks Initializing the JACK Framework

U T
. ?nemater‘réalsnmawsdependon others, so the networks cannatalways be treated as + JACK represents each materialtype as i own neural netwark, using the project features most relevant Datsast Porpreaed LTI
independent. 9 ST o P, (o » ST
. . %0 that maserial (10). T Outpu
. o " [ Gutput ]
:;1 MO;’:':‘;:“.’“T)( ":.“’: );;Tm“k“" pravide an outputthat becomes an inputtoa - Some of these networks are connecied, because one material esnmate may depend on another. Dt _] Cusanty | [ Quamiy ]
Dep‘en ': : m';"’d . :° tw'om’ i all fow back th thi l' + Forexample, panels act as 8 macro netwotk and screws act as a dependent micro network, allowing Oty
. ”'h"g"a " :g.( Fial :"(?' hs error s allowed to flow back through this connection, so Information to flow between related materlal estimates.
both networks leam from the re athns 'P tos. | i - During training, welghts are translerred across connected networ k Paits, and par ts of the macro network
) T:S h:tp;JIAﬁK(:zlure resl mater ial dependencies, Improving accuracy and generalization even are later frozen to stabllize what It has already leamed while relining the remalning layers.
whendatals limived.

Ingate.
»Opening | Cpering Linse|

i w i, A bt b ~ Thef (13 d Using mea n shsoluty

Tar 6{ta. 1)ty x " v, X I o iiac L w errof (MAE), which measures the average difference f
T o e R M AE | ]ﬂ U. | between predscbed and actual matenial guantities. Mushreoo Wead Ootaset e GB8 Inals Healer
1 Medependont micronctwork Il He %D b0 dav POf i Wi eccqunts fai al 4 The mucio mwaih thin &8t muk will s = h N N - i | 7 rews Datoset Dstnsat
usés the maca NecworK's [0/ euiBut vale Lot $9 ahrouts Pt n Z t1 o this makes the neswlis easy 1o inbeepret jn practice: 148 rows 03 cows 181 1w
2900113 1PUL,<Dr0B 0 Ink :--nml,&flmuwmwv-muw Wn WHHLH 15 WhIE 1 00m0 B (e bach (L33 smallec en1ors mean more reliable estimates and
<heeuSh which airar 9EWE can be (oI TN DR | 1y 8301100 0 e caming liom ¢ coraecend mice e
sheed dwng bachnioaspriien (al Atomet lower flnanciaLrisk.

¥ R -
T ) o) | [ o)




Andrew Fisher, PhD »
Al-Driven Construction Intelligence o

UNIVERSITY OF NEW BRUNSWICK

The Potential of Estimation Automation

Accurate material estimation is essential for controlling costs, protecting profit margins, and
maintaining client trust in construction projects:
- In practice, estimation is still often based on manual spreadsheets and expert judgment, which can
be slow, inconsistent, and difficult to scale [5].
- Traditional BIM-based and rule-driven systems improve organization, but they still rely heavily on
predefined formulas and human input [21].
- Earlier machine learning approaches have mainly focused on cost prediction, but many of them:
- require large, high-quality datasets [22],
- predict costs rather than material quantities [23], and
- offer limited explainability, which can reduce industry trust [24].
- JACK addresses these limitations through an explainable, cascaded neural network framework
that learns relationships between materials, works effectively with limited data, and produces
practical quantity estimates for real construction workflows.
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Leveraging Joint Training Techniques

- Many building materials depend on the same project information, such as height, length, floor area,
and openings.

- Instead of training a separate model for every materialin isolation, JACK trains connected networks
using shared inputs [25].

- This allows the model to learn common building features once and reuse them across multiple
material predictions.

- The result is more efficient training, more consistent estimates, and a framework that can scale
to new materials more easily.

_ - This equation formalizes how each material
hl ni = (I)(WT T, z) network draws from a shared pool of

1,n,2 .
_ project parameters.
where fy ;= nodes in first - In practice, that means materials influenced
hidden layer of network n, by the same building features can learn from
connected to input node /, ¢ = a common representation rather than
activation function, Wy, ;= repeating the same learning separately.
transposed set of weights, and - This reduces redundancy and helps keep

Ln,i =input value predictions aligned across materials.
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B » This equation formalizes how each material

hl,n,z’ () (chzjn,zjn,z) net\fvork draws from a shared pool of
project parameters.

- In practice, that means materials influenced
by the same building features can learn from

connected to input node j, ¢ = a common representation rather than

activation function, Wy, ;= repeating the same learning separately.

transposed set of weights, and - This reduces redundancy and helps keep

Tn, =inputvalue predictions aligned across materials.

where ?11,71,2' =nodes in first
hidden layer of network n,
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Cascaded Training Across Networks

- Some material estimates depend on others, so the networks cannot always be treated as
independent.

- In JACK, an upstream (“macro”) network can provide an output that becomes an input to a
dependent (“micro”) network [26].

- During training, the dependent network’s error is allowed to flow back through this connection, so
both networks learn from the relationship.

- This helps JACK capture real material dependencies, improving accuracy and generalization even
when data is limited.

0 ol dl,, 11 0l Oy
=l 1) - h Ml = oL | % T Tt = 8(hn, ho) - Ry
a,ll)(hao,ln) ( n7 .) ¢ aio [fthin_l..._,ig._,_lolep E}Ik"’ =T ;‘r“ aw(hi‘hn)
1. The dependent micro network (f) 2. This expanded gradient term accounts for all 3. The macro network then continues with
uses the macro network’s (h) output valid paths (P) through the micro network, standard backpropagation, updating its
as one of its inputs, creating a link ensuring that error signals are propagated own weights while incorporating feedback
through which error signals can be consistently through every connected route. coming from the connected micro

shared during backpropagation (w). network.
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1. The dependent micro network (/)
uses the macro network’s (h) output
as one of its inputs, creating a link
through which error signals can be
shared during backpropagation (w).
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2. This expanded gradient term accounts for all

valid paths (P) through the micro network,
ensuring that error signals are propagated

consistently through every connected route.




Oh,
8w(hi,hn)

= 0(hp, hy) - hy

3. The macro network then continues with
standard backpropagation, updating its
own weights while incorporating feedback
coming from the connected micro
network.
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Initializing the JACK Framework

- JACK represents each material type as its own neural network, using the project features most relevant
to that material [10].

- Some of these networks are connected, because one material estimate may depend on another.

- For example, panels act as a macro network and screws act as a dependent micro network, allowing
information to flow between related material estimates.

- During training, weights are transferred across connected network pairs, and parts of the macro network
are later frozen to stabilize what it has already learned while refining the remaining layers.

- The framework is evaluated using mean absolute
n error (MAE), which measures the average difference
MAE — l Z |yz . ?jzl bereen predicted and actual'materialguantiti-es..
n - This makes the results easy to interpret in practice:
smaller errors mean more reliable estimates and
lower financial risk.

1=1



2. panels act as a macro network and screws act as a dependent micro netw
| to flow between related material estimates.

ling, weights are transferred across connected network pairs, and parts of the m
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PAAD:

Panelization Algorithm for Architectural Designs

Step 2: Generate a set of
panelization solutions

Step 1: Defne the problem space

3 -

pngat W02

Opening

Wall Height

Wall Width I "

Step 3: Perform mutation and
crossover operations, then select the
fittest solution

Step 4: Generate a new set of
solutions that are derived from the
fittest solution

Step 5: Repeat the process until unable
to exit a local minima or maximum
number of evolutions has been reached
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Adapting 2D Bin Packing for Panelization

« Intheclassical 2D Bin Packing preblem. rectangular items are arranged inside a rectangular space to
minimize unused area [31].

+ PAAD adapt thisidea by treating the wall asthe bin and the panels as the items to be placed.

- Unlike the standard problem, panels are not fixed in advance, they are gererated dynamically within
manufacwring limits.

+ Openings such as doors and windows aretreated asfixed ebstaclesthat pancls must aveid.

- This changes the goal from simply packing items effficientty to finding the fewest manufacturable
panels needed %o fully cover the wall

GoM:Ganorilo e mE-dmAnumber of | kams needod Lt
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Manufacturing Optimization for Building Panels

Ef‘icient panelization is important fer reducing cest, minimizing material waste, and keeping
manufacturing plans practical in construction:

- Currentrule-based and BIM-driven systems can automate layout genesation, but they are eften rigid

and require extensive project-specifiic rules [27).

Classical eptimization metheds such as Integer Programining and the Cutt'ng Stock Problem can

impreve material usage, but they become harder to apply when wall shapes areirregular or highly

constrained [28,29].

- More recent approaches using AR or human-guided heuristics can improve interpretability and quality
control, but they also add procedural complexity [30].

+ PAAD addressesthese challenges by treating panelization as a modified 2D 8in Packing preblem and
solving it with a genetic evolutionary algorithm that can handle manufactun'ng limits, angled walis, and
multiple openings while still preducing practical, interpretable layouts [6, 3).

Erdtres Tatves, PO
6 Detem Commtruciins infatbpests .

Integrating Genetic Algorithms

+ Genetic algorithms allew PAAS to explere many possible panel layouts at ence, rather than relying on a
fixed set ofrules [32].
- PAAD uses this evolutionary process to search fer layouts that are both material-efficient and

wmanufacturable (6]
+ To reflect real constructien sonstraints, PAA® works with three pancl types: Standard, Header, and

Horizontal.
- It begins by generating muttiple candidate layouts, then ranks them based on how well they cover the wall

with as few panels as pessible.
+ For simpler walls, PAAD can meve toward goed solutions quickly befere introducing more complex

features such as openings and angled sections.

openings arew.
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Manufacturing Optimization for Building Panels

Efficient panelization is important for reducing cost, minimizing material waste, and keeping
manufacturing plans practical in construction:

- Current rule-based and BIM-driven systems can automate layout generation, but they are often rigid
and require extensive project-specific rules [27].

- Classical optimization methods such as Integer Programming and the Cutting Stock Problem can
improve material usage, but they become harder to apply when wall shapes are irregular or highly
constrained [28, 29].

- More recent approaches using AR or human-guided heuristics can improve interpretability and quality
control, but they also add procedural complexity [30].

- PAAD addresses these challenges by treating panelization as a modified 2D Bin Packing problem and
solving it with a genetic evolutionary algorithm that can handle manufacturing limits, angled walls, and
multiple openings while still producing practical, interpretable layouts [6, 31].
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Adapting 2D Bin Packing for Panelization

- Inthe classical 2D Bin Packing problem, rectangular items are arranged inside a rectangular space to
minimize unused area [31].

- PAAD adapts this idea by treating the wall as the bin and the panels as the items to be placed.

- Unlike the standard problem, panels are not fixed in advance, they are generated dynamically within
manufacturing limits.

- Openings such as doors and windows are treated as fixed obstacles that panels must avoid.

- This changes the goal from simply packing items efficiently to finding the fewest manufacturable
panels needed to fully cover the wall.

Goal: Maximize the number of items placed into the bin Goal: Maximize the number of items placed into the bin Goal: Generate the minimal number of items needed to
that respect the stationary items fill all of the available space within the bin
Bin Items Bin Items Bin Items
SDD i B 0 5 B H
]‘7 j ﬂ ‘ ” - vl
4§ — _ LIL [




Integrating Genetic Algorithms

- Genetic algorithms allow PAAD to explore many possible panel layouts at once, rather than relying on a

fixed set of rules [32].
PAAD uses this evolutionary process to search for layouts that are both material-efficient and

manufacturable [6].
To reflect real construction constraints, PAAD works with three panel types: Standard, Header, and

Horizontal.
It begins by generating multiple candidate layouts, then ranks them based on how well they cover the wall

with as few panels as possible.
For simpler walls, PAAD can move toward good solutions quickly before introducing more complex

features such as openings and angled sections.

+ PAAD scores each candidate layout using afitness function that
rewards high wall coverage and fewer panels.

« The optimization objective is to find the layout with the lowest fitness . o . ) — .
value while still satisfying wall geometry and manufacturing n Z(openmgs{z] Wwidth - openlngS[t].hmghL) =openings area
constraints !

fitness = (wall.width - wall.height) = wall area

— ) " (voids]j].width - voids|j] height) = space above angled

. “r’pigin‘:jzsf P fitness(P. W, V. @)
W@, VM, r ,
subject te oo features'area
P ={p|p e P.evolve_pancls(p,M,C)}, Populution evolution, er2e) (hancls|k] width - pancls(k] height, if panels|k] packed
Cuidth(P) =true, Panel width constraint, — Z 9 .
. otherwise
Cheigte(®) = true, Panel height constraint k=0 :
where #is a set of candidate solutions, Wis the wall definition, O is the openings definition, Vis + lcn({ 1)ancl|pancl € pancls, ])ancl.])ackcd e })

the void areas definition, Mis a mutation probability, and C is a crossover probability.



- PAAD scores each candidate layout using a fitness function that

rewards high wall coverage and fewer panels.
- The optimization objective is to find the layout with the lowest fitness

value while still satisfying wall geometry and manufacturing
constraints

minimize fitness(P,W,V,O)

PW O, V,M,C

subject to
P ={p | p € P,evolve_panels(p, M,C)}, Population evolution,
Cwidth(P) = true, Panel width constraint,
Cheight (P) = true, Panel height constraint

where Pis a set of candidate solutions, W is the wall definition, O is the openings definition, Vis
the void areas definition, Mis a mutation probability, and Cis a crossover probability.



fitness = (wall.width - wall.height) = wall area

— Z (openings[i].width - openings i].height) = Openings area

— ) " (voids[j].width - voids[j]- height) = space above angled
j features' area
) {panels |k].width - panels|k].height, if panels|k].packed

>

k=0 0, otherwise

-+ len({ panel|panel € panels, panel.packed = true })



Step 2: Generate a set of
panelization solutions

Step 1: Define the problem space

ry

Opening

Wall Height

A
W

Wall Width l "

Step 3: Perform mutation and Step 4: Generate a new set of
crossover operations, then select the solutions that are derived from the
fittest solution fittest solution

I I B
_J i
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Step 5: Repeat the process until unable
to exit a local minima or maximum
number of evolutions has been reached
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- Achieved 92.9% sccuracy in geametric representation and T8.9%
accuracy of noise

quantifisble digital modeks for automated analys,

JACK I.mpr()}fcs . " et T .
Matcrial Estimation - ! LLELY - |

| regression model.

Software Solution: 45 panels

PAAD Oplimizes
Manufacturing Efficiency *

5 10 ks ol R ki o ek Bt w— . Expert Solution: 25 panels
annotation ¥ 1 HI

PAAD Solution: 22 panels

Software Solution: 14 panels

Expert Solution: 15 panels

PAAD Solution: 13 panels

Unified Design-
to-Manufacture
Flow and
Benefits
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BIRD Enhances
Design Visualization g

- Achieved 92.9% accuracy in geometric representation and 78.3%
accuracy of noise.

- Displayed versatility in handling both residential and commercial
architecture.

- Implemented novel metrics for assessing noise reduction and
projection fidelity, setting a baseline for future work

- Outcome: BIRD enables the conversion of design concepts into
quantifiable digital models for automated analysis.
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JACK Improves
Material Estimation

e | T )
- Outperformed regression models in 8 out of 14 material —— = '"'““J:
categories, achieving a significant reduction of 523 in MAE

for key components like screws and wood fasteners.

- Utilized synthetic and shipping data to minimize error
and enhance prediction accuracy.

- Performance gaps stemmed from data scarcity for some
materials, lack of dependency links preventing cascaded
learning, and negligible MAE differences in near-ties.

 Outcome: JACK successfully learns inter-material
relationships, transforming project requirements into
precise material estimates.

¥ ¥
Bottom Spdit Track Below Grade Track
Datanel
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Step 2: Generate asetof

Step 1: Define the problem space panelization solutions

h ——

LY e

Opening

Wall Height

PAAD Optimizes

Manufacturing Efficiency ~——

Step 3: Perform mutation and Step 4: Generate a new set of
crossover operations, then select the solutions that are derived from the

- Surpassed proprietary software performance in 22 out of 24 scenarios. sl e e

- Out of those 22 scenarios, 10 even surpassed the results of expert e
annotation.

- Utilized genetic evolution to determine optimal panel counts while
adhering to structural and manufacturing constraints.

- Outcome: PAAD effectively connects estimation and fabrication,
utilizing early project geometry to create practical panel designs. | I

Step 5: Repeat the process until unable
to exit a local minima or maximum
number of evolutions has been reached
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Software Solution: 14 panels



Expert Solution: 15 panels




PAAD Solution: 13 panels




Future Directions in Al-
Driven Construction
Intelligence
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- Transitioning from limited public data to larger, diverse datasets will
enhance the scalability of frameworks like BIRD, JACK, and PAAD.
e ° ° » Integrating BIRD, JACK, and PAAD into an end-to-end automated workflow
F“ture Dlre Ctlons ln AI_ will streamline the design-to-manufacture process and improve efficiency.
. . » Future advancements should focus on making Al systems transparent and
Drlven C Onstructlon interpretable to gain industry trust and facilitate collaboration.
» Emphasizing synthetic data generation and benchmarking against
° established standards will foster reproducibility and sustainability in Al
Intelligence  weiceton

» Creating a collaborative Al infrastructure through integration with BIM
systems will pave the way for innovative construction practices.
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Thank you for listening! Any questions?
Feel free to contact me at:
andrew.fisher@unb.ca
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