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• Construction workflows are often split across separate stages such as design 

interpretation, material estimation, and manufacturing planning [l, 2, 3). 

• Al offers an opportunity to connect these stages more effectively, helping 

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). 
• This presentation introduces three connected frameworks: BIRD for drawing­

to-30 visualization, JACK for material estimation, and PAAD for manufacturing 

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 30 Rcconstmction 
Early 30 visualization is important for understanding client requirements, supp orting planning, 
and improving c:ost estimation (1): 

• In practite, turning several 20 building drawings into a usable 30 model is still a time­
intensive manual task that depends heavily on expert interpretation (12). 

· Existing Al methods for 30 reconstruction work well for genera l images and scenes, but they 
often struggle with arc.hitectvral drawings because they were not designed for: 

• combining multiple building views consistently (13), 
• preserving exact geometric measurements rather than estimating depth (14J, and 
• supporting real-world revisions and cor rections 115). 

· 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·vltw, nolu�awart, geometry.preserving 
framework for converting standard architectural drawings into 30 building re presentati ons [9]. 

--·""'' 
--� .... --

Automating the Visualization Process 
8'RO pfepafes building d1awings fo1 30 recons.tfuctlon thfough three main steps: 

· first. it detects the important structural Unes 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, 

i!nd other visu al noise (17]. 
• Thkd, It exuacts measufements from the daMing and vs.es them to scale the dttf'<.ttd llnts 

accurately �fort '�nstruct1on ( 18). 
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Aftet dete<ting and seating the line segments, BIRO maps ca<h 20 drawing Into a sha1ed JD 
coordinate system: 

· Each building view is reoriented so that its li nes align with the correct heiJht, width, and depth 
..... 

• Th e different perspectives are then combined to form a single coherent 30 building envelope. 
· This wri!pping process allows BIRD to handle comers, ansted walls, and irregular floor plan.s 

mofe accuratety than s.mpler projecti on methods. 
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ABSTRACT 
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The Need for 3D Reconstruction 

Early 30 visualization is important for understanding client requirements, supporting planning, 

and improving cost estimation [1]: 
• In practice, turning several 20 building drawings into a usable 30 model is 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 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 30 building representations [9]. 
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Automating the Visualization Process 
BIRD prepares building drawings for 30 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] . 

Adapting HED for Building Plans 
BIRO build$ on an eicisiting approach for line detection called HED, but 
modifies it to better suit architectural drawings. 

1' Learn to resize fi r' outputs to match 
the original drawing 
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.. _ . .... __ ., 

� Simplify the
. 
input V representation 

.. ---­..... ···-·--· 

rNit Reduce � unnecessary 
model complexity 

Concatenation 

- - - - - - - - - - - ->-
....-------- I I 

Side output 3 

I nverse 
Convolution ,___ _ ___,, with Dropou t 
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reduce field size to 1 
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• The model uses the same multi-output 

training objective as HED, allowing it to 

learn line features at several levels of 

detail simultaneously [16]. 
• This helps BIRD detect both broader 

structure and finer building details in 

architectural drawings. 
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Adapting HED for Building Plans 
BIRD builds on an exisiting approach for line detection called HED, but 

mod ifies it to better suit architectural d rawings. 

1' Learn to resize � � outputs to match 

the original drawing 
Transpose convolutions are used so 
detected features c;an 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 \lt..J unnecessary 

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



Learn to resize 
, _____ 1 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 d rawings, 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 d rawing and  uses them to scale the detected lines 
Ion [18]. 
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• The model uses the same multi-output 

training objective as HED, allowing it to 

learn line features at several levels of 

detail simultaneously [16]. 
• This helps BIRD detect both broader 

structure and finer building details in 

architectural drawings. 
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Projecting Into a 3D Space 
After detecting and scaling the line segments, BIRD maps each 2D drawing into a shared 30 
coordinate system: 
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UNIVERSITY Of NEW BRUNSWICK 

• 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 30 building envelope. 

• This wrapping process allows BIRD to handle corners, angled walls, and irregular floor plans 

more accurately than simpler projection methods. 
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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. 

Le = {p I p E Pi/\ p E Pi, dist(p, p) < closest_dist(p)} 
Ac = 100 - avg_norm_dist(Le) 

Ln = {p l.P E Pi/\ p E Pi, p � Le/\ ( dist(p, p) < closest_dist(p))} 

An= 100 - avg_norm_dist(Ln), N = count(Ln) 
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The Potential of Estimation Automation 
Accurate material estim1tion is essential for conuotllng costs, protecting profit margins, and 
maintaining client trust In construction projtcts: 

• In practice, estimation is still often based on m1nu1 l 1pr11d1huts and expert judgment, which can 
be slow, inconsistent , and difficult to sc•lt {SI. 

• Traditional BIM-bued ind ru l•-dr lvtn 1ystem1 lmprovt orcanization, but they still rely heavily on 
predefined formulas and human Input (21), 

• Earlier machine IHrning approachts have mainly foc used on cost prediction. but many or them: 
· require tare•, hl&h·qualhy datasets (22), 
· predict co.sts rather than m1ter lal quantitiH f23I. and 

· offer limittd expl1l nab1Uty, which un reduce industry trust (24]. 
• JACK ilddresses these l1m1tations throuah an Hplllnable, c1sc1ded neuql network fnlmewortc 

th a t  learns relationshi� bet:ween m<1ttn•b. work$ effectively Y<11th limited data, and produces 
practJcal quantity est1matts for'"' construct>On wotkflows 

__ ... ----

Cascaded Training Across Networks 
• Some material estimates depend on others. so the networlts cannot always be treated as 

independent. 
· In JACK, an upstH1m (11m1cro") network can provide an ootput that �COMM an input t o a  

dependent ("micro") networtc 26). 
· During training, the dependent n etwork's trror is allowed to flow back through this conntttion, so 

both networks leatn rtom the relationship 
· This helps JACK captur e real mater ial dt"ndenclts, 1mprov1ng accuracy and generalization even 

when data is limited. 
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JACK: jointly Trained Automation of Explainable 
Construction Material Knowledge 
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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 material In Isolation , JACK tra ins connected networks 

uslnc shartd Inputs [25). 
· This allows the model to learn common building features once and reuse them across multiple 

material prediction!.. 
· Tht result is mote tfficltnt tralnln1, more consistent estlm1tes, 1nd a framewortc that can scale 

to new materials more 111ily. 
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MAE I " 
- L:;lv1 
T/. 

' I  

• Tht frimtwoik Is tvalui1ed us.na mean absolute 
error (MAIO. which measurH the aVf't'J&edifftrtnce 

U,I . ��::!�:;��=���:d.:�ut��::,�;��:�
!��: 

1m11ler err-or'I mean more rtU1blt estimates and 
lower flnandal risk. 

. ....... f H•ftll 'E ... 
,...dti:I 

i<.ywity ,.,_ 0.laHI 
212-!I 

1-=* 
.. _ 

- --

.... 

. ...... 
'"""' )e11..,g• 1.111 .... 

•dh•,..,c .. _,,..1 
o ... ... 
f4e10¥11 

Output 
O um 1bl 

.,.. 
L�lh 

..... � 

ICft'WI0...'4 
i•n-

l = 
· -

- --1 "°""" 

-c-
-

... _ 

-.,,.,, 

·- - ·- ·-� ,, .. � 1�:.:��;12� �:·=-i • •<>Pen.nt Jo'*"""''L!n .. � 
8 Mow Gl"llM Traa 

Mushr- Mead O.t.set l I Wood k rew•O"•"' 
0111 .. ulH..0.1 

o ...... 0.0 ... 1 
58rOOiYt ,.,.,.,. 103,ow, •ll IO'*ll 

• i l: ro�l!Mll Output I """"'' I I CM!Mll I ..... 
"'' " a, .. O..anaty a�an1tr au. �111 



Andrew Fisher, PhD 

Al-Driven Construction Intelligence l>UNB 
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 [SJ. 

• 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 material in 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. 

- T -hi,n,i == <I>(W1,n,iXn,i) 
where h1 n i =nodes in first 

' ' 

hidden layer of network n, 
connected to input node i, <I> = 

activation function, wfni = 
' , 

transposed set of weights, and 

Xn,i =input value 

• This equation formalizes how each material 

network draws from a shared pool of 
project parameters. 

• In practice, that means materials influenced 

by the same building features can learn from 

a common representation rather than 

repeating the same learning separately. 

• This reduces redundancy and helps keep 

predictions aligned across materials. 
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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. 

olz 
a = b(ln, lo) . ho 

W(ho,ln) 
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). 

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. 

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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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) . 



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. 



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. 

1 n 
MAE == - L I Yi - Yi I 

n i=l 

• The framework is evaluated using mean absolute 
error (MAE}, which measures the average difference 

between predicted and actual material quantities. 

• This makes the results easy to interpret in practice: 

smaller errors mean more reliable estimates and 
lower financial risk. 
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PAAD : 

Panelization Algorithm for Architectural Designs 
Step 1 :  Define the problem space 

Open�g 
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Step 3: Perform mutation and 
crossover operations, then select the 

fittest solution 

Step 2: Generate a set of 
panelization solutions 

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 
• In the classical 20 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. 
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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 20 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). 

Integrating Genetic Algorithms 
• Genetic algorithms allow PMD 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, PMD 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 wall.s, PAAO can move toward good solutions quickly before introducing more complex 

features such as openings and angled sections. 
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M a n ufactu ri ng  O pti m ization  fo r B u i ld i ng  Pa ne ls 
Efficient panelization is important for reducing cost, minimizing material waste, and keeping 
manufacturing plans practical in construction: 

• Current rule-based and S IM-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 20 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 2 D  Bin Packing for Panelization 
• In the classical 20 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 
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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 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 
constrain ts 

minimize fitness(P, W, V,O) 
P, W,0, V,M,C 

subject to 

P = {p I p E P, evolve_pancls(p, M, C)}, Populcttion evolution, 

CwidJh(P) = tr-uc, 

Ch,.,,., ( P) = true, 

Panel 1o•idth const1·aint, 

Panel height constraint 

where Pis a set of candidate solutions, Wis the wall definition, O is the openings definition, Vis 

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

fitness = (wall.width . wall.height) = wall area 
- 2::.::(openings[i] .width · openings[i].height) = openings area 

i 

- 2::.::(voids[j].width · voids[j].height) =space above angled 
j ���'�a 

_ L panels k .width · panels k .height, i panels k .packed len(panels) { [ ] [ J f [ J 
k=O 0, otherwise 

+ len( { panellpanel E panels, panel.packed = true }) 



• PMD scores each cand idate layout using a fitness function that 
rewards h igh wa l l  coverage and fewer panels. 

• The optimization objective is to fi nd the layout with the lowest fitness 
va lue whi le sti l l  satisfyi ng wa l l  geometry and manufacturi ng 
constra i nts 

minimize fitness(P, W, V, 0) P, W, 0, V, M, C 
subject to 

P == {p I p E P, evolve_panels(p, M, C) } ,  Population evolution, 
Cwidth (P) == true, Panel width constraint, 
cheight (P) == true, Panel height constraint 

w h e re P is a set of candidate solut ions, W is the wall defi n it ion, 0 is t he ope nings defi n it ion, V is 

t he void areas defin ition, M is a mutat ion probabil ity, and C is a c rossover probability. 



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

- L ( openings [iJ .width . openings [iJ .height) = openings area 
i 

- L (voids [jJ .width . voids [jJ .height) = space above angted 
j features ' area 

len (panels) 

L 
k=O 

panels [k] .width · panels [k] .height , if panels [k] .packed 
0,  otherwise 

+ len( { panel lpanel E panels , panel .packed = true }) 



Step 1 :  Define the problem space 
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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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BIRD Enhances 
Design Visualization . · -� 

• Achieved 92.9°/o accuracy in geometric representation and 78.3°/o 
accuracy of noise. 

• Displayed versatility in hand ling both residential and commercial 

architecture. 

• Implemented novel metrics for assessing noise reduction and 

projection fide lity, setting a baseline for future work 

• Outcome: BIRD enables the conversion of design concepts into 

quantifiable digital models for autom ated analysis. 
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JACK Improves 
Material Estimation 

• Outperformed regression models i n  8 out of 14 m aterial 

categories, achieving a significant reduction of 523 in MAE 

for key components like screws and wood fasteners. 

• Utilized synthetic and shipping data to mi nimize error 

and enhance prediction accuracy. 

• Performance gaps stemmed from data scarcity for some 

m aterials, lack of dependency links preventing cascaded 

learning, and negligible MAE differences in near-ties. 

• Outcome: JACK successfully learns inter-material 

relationshi ps, transform ing project requirements into 

precise material estimates. 
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PAAD Optimizes 
Manufacturing Efficiency 

• Su rpassed proprietary software perfor mance in 22 out of 24 scenarios. 

• Out of those 22 scenarios, 10 even surpassed the results of expert 

annotation. 

• Utilized genetic evolution to determine optimal panel cou nts while 

adhering to structural and manufacturing constraints. 

• Outcome: PAAD effectively connects est imation and fabrication, 

utilizing early project geometry to create practical panel designs. 

Step 1 :  Define the problem space 

... 

Opening 

Wall Width 

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

fittest solution 
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Step 2: Generate a set of 
panelization solutions 

.. . . .  

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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Panelization Visualization 
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Future Directions in AI­
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. 

• Integrating BIRD, JACK, and PAAD into an end-to-end automated workflow 
will streamline the design-to-manufacture process and improve efficiency. 

• Future advancements should focus on making Al systems transparent and 
interpretable to gain industry trust and facilitate collaboration. 

• Emphasizing synthetic data generation and benchmarking against 

established standards will  foster reproducibility and sustainability in Al 

applications. 

• Creating a collaborative Al infrastructure through integration with B I M  

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 : 

and rew. fisher@u n b.ca 
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