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State-of-the-Art (Inter Höglmeier et al., 2017; Klinge et al., 2023; Kuzman et al., 2024)

Decarbonization and circular wood: a cascading approach

Planning: timber-concrete mix
Conventional: concrete
Timber: timber structure
Light orange: release of carbon in 50 yrs
Orange: embodied carbon 

Wood, as a subtractive material…

The more timber content in buildings, the 
more decarbonization is achieved.

Considering the release of carbon in 50 years, 
timber materials still pose more advantages in 
the entire life cycle.

Less wood waste, less carbon sink wasted. >>
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Approach (@Robotic Building, 2022)

Design-to-Construction Workflow: Circular Wood In The NeighborhoodAI-supported

Design GenerationMachine Learning

Assemblies TargetWood Stock Inventory



Research Design and Objective

Size: 1, 2, 3

Design Variants 
3d models

Spatial relation
Sequence/proximity

Training input
3D >> 2D

Feedback/rewards

/

Color/type: 1, 2, 3

OutputOutput

(1)

(2)

Evaluation

Expected Findings:



Visual/Spatial Text-based 
Physical 
design outcome

Digital 3D 
representation

Transcoding: geo-
metrical relation

Panels: flattened 
structured data

CSVs: input for 
python/AI

(Rhino/Grasshopper              >>           ChatGPT/Google Collab) 

Methodology
In parallel: visual/spatial and latent environment 



Research Aim

Packing
Robotic 
Milling

Assemblies
(5 assemblies)

Target
(1 target shape)

Wood Stock Inventory
(10 pieces)

Understand (Non-)Spatial Association within Design Assemblies 

Given different assemblies for the same target, which assemblies does AI predict to have the better design quality?
 >> How can AI learn design logic?



Method

Assembly TargetWood Stock Inventory

Overall Score

Feature

Weight

La
ye

rs

(…)feasible visual circular structural

curvaturedimension grain directionquantity wood type color (…)

Deep learning and neural network

0.7 0.9 0.3

(…)

position material usage (…)wood placementmaterial efficiency 



target_curve

target_pointcloud

Dataset and Schema 

10 discrete wood 

wood_inventory.csv

- Metadata: 
woodID, volume, 
dimension, weight, type, 
color, grain direction, etc.
- Geometric information:
Bounding box, etc.

target_structure.csv

3600 
surface
points

- Metadata: 
targetID, volume, 
dimension, center, etc.
- Geometric information:
reference curves, point 
clouds, etc.

assembly_summary.csvassembly_detail.csv

Per row = per assembly
- Metadata: 
assemblyID, volume
- Scoring:
milling feasibility, circularity 
score, visual score, etc.
- Geometric information: position 
in relation to target, adjacency, 
etc.

Description of the outcome of 
each assembly after milling.

Description of wood stocks

Description of target shape for robotic milling

Description of the utilization of 
each wood in each assembly

Per row = per wood piece

- Metadata: 
assemblyID, targetID, woodID, 
centroids
- in each assembly: use status, 
position in relation to target, 
rotation, etc.

1 target shape

60 
points

wood packing 5-15 distinct assemblies



Quality

Score

AssemblyPlacement 

Pre-computed featuresCoordinates

Training Input and Output
Translation/transcoding of componential information



Training_V1
Ground Truth

material_efficiency used_wood_volume pretrim_wood_volume= /

material_efficiency  =  used_wood_volume / pretrim_wood_volume
Nused = used_wood_count

assembly_summary.csv

X (input)
Y (output)

Which is the most circular assembly?



Result_V1

2 41 35

4 1 3 52Prediction



Result_V1
Correlation



Training_V2
Coordinates as input
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