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Abstract. Architectural design solutions are intrinsically structured 
information with a broad range of interdependent scopes. Compared to 
conventional 2D Euclidean data such as orthographic drawings and 
perspectives, non-Euclidean data (e.g., attributed adjacency graphs) can 
be more effective and accurate for representing 3D architectural design 
information, which can be useful for numerous design tasks such as 
spatial analysis and reasoning, and practical applications such as floor 
plan parsing and generation. Thus, getting access to a matching 
attributed adjacency graph dataset of architectural design becomes a 
necessity. However, the task of conveniently acquiring attributed 
adjacency graphs from existing architectural design solutions still 
remains an open challenge. To this end, this project leverages state-of-
the-art image segmentation techniques using an ensemble learning 
scheme and proposes an end-to-end framework to efficiently extract 
attributed adjacency graphs from floor plan images with diverse styles 
and varied levels of complexity, aiming at addressing generalization 
issues of existing approaches. The proposed graph extraction 
framework can be used as an innovative tool for advancing design 
research infrastructure, with which we construct a large-scale attributed 
adjacency graph dataset of architectural design using floor plan images 
retrieved in bulk. We have open sourced our code and dataset. 

Keywords.  Attributed Adjacency Graph; Floor Plan Segmentation; 
Ensemble Learning; Architectural Dataset; SDG 9. 

1. Introduction 

Architectural design is a representation saturated problem domain as the design process 
intimately relates to the adopted representation format (Stouffs, 2008). Orthographic 
drawings such as floor plans and sections have conventionally played a crucial role in 
embedding architectural design information in a 2D Euclidean data space, which are 
somehow inherently limited by the diminution of 3D information. Architectural design 
solutions are intrinsically structured information with a broad range of interdependent 
scopes. Compared to 2D Euclidean data space, non-Euclidean data space can be more 
efficient and accurate for embedding structured data, especially in a 3D domain with 
complex geometric and semantic information (Bronstein et al., 2017). The paragon of 
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a sophisticated non-Euclidean data structure is a graph, which is an abstract data 
structure that can encode both individual features and relational information. In fact, 
architectural design solutions can be naturally converted to a graph-based 
representation, which is part of the conventional architectural design activities such as 
spatial analysis and reasoning (Hillier et al., 1987). 

Attributed adjacency graphs (also referred to as layout graphs/bubble 
diagrams/semantic building fingerprints in literature) can embed architectural 
information with multiple attributes, with nodes denoting different features of spaces 
and edges denoting various types of connections between spaces, which can be useful 
for numerous design tasks such as spatial analysis and reasoning (Al-Jokhadar & Jabi, 
2020). Meanwhile, recent years have witnessed the surge of machine learning-based 
architectural design research (As et al., 2018). By analysing large amounts of 
architectural design data with a graph-based representation, it is possible to capture 
latent design patterns and high-level structural information using graph representation 
learning techniques, which can then be leveraged to facilitate applications such as floor 
plan parsing and generation (Lu et al., 2021).  

Thus, getting access to matching graph-based architectural design datasets becomes 
a necessity. Nevertheless, approaches to conveniently construct such datasets are still 
scarce in literature. Although graph extraction can be more straightforward using 3D 
building information models or CAD drawings, the accessibility of these kinds of 
design data in bulk can be difficult. Given the comparatively easy access to floor plan 
images of existing architectural design projects from architectural repository websites, 
it can be beneficial to extract attributed adjacency graphs using floor plan images. 
However, although the task of extracting architectural information from floor plan 
images has been broadly investigated in literature (Gimenez et al., 2015; Kim et al., 
2021; Zeng et al., 2019), existing approaches all come with specific weaknesses, such 
as incompleteness of detected room regions, and limitations of generalization for 
diverse floor plan styles and complexities, making the task of extracting attributed 
adjacency graphs from floor plan image still an open challenge. To this end, this project 
leverages state-of-the-art segmentation techniques using an ensemble learning scheme 
and proposes an end-to-end framework to efficiently extract attributed adjacency 
graphs from floor plan images with diverse styles and varied levels of complexity, 
aiming at addressing the generalization issue of existing approaches. Using the 
proposed framework, we also construct a large-scale attributed adjacency graph dataset 
of architectural design using floor plan images retrieved in bulk. 

2. Related Work 

A popular subtask of extracting architectural information from floor plans is to parse 
architectural elements, such as walls, openings and rooms, and to vectorize a raster 
floor plan. Conventional algorithms for detecting junctions and edges from raster floor 
plans rely on low-level pattern recognition heuristics (Gimenez et al., 2015), which 
have limitations concerning high-level geometric and semantic requirements of floor 
plan configuration and various floor plan styles with different complexity level. In 
recent years, deep learning-based approaches have been introduced to address the high-
level semantic feature extraction task, and have achieved promising breakthroughs 
with improved accuracy and generalization level (Kim et al., 2021; Wu et al., 2021). 
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To the best of our knowledge, the task of extracting attributed adjacency graphs 
from a given floor plan image still remains an open challenge, as readily available 
approaches in literature all come with different aspects of weaknesses. Ferrando (2018) 
adopts a heuristic approach to identify room connections as edges and room regions as 
nodes with the assumption that all doors are axis-aligned, making it difficult to be 
generalized to complex floor plans. Renton et al. (2019) apply a graph neural network 
to detect and classify indoor elements from a floor plan image and transform them into 
adjacency graphs, excluding other important architectural elements such as walls and 
rooms. Song and Yu (2021) convert floor plan images into polygon graph data using 
graph neural networks. Yet their work has similar limitations regarding generalization 
to complex floor plans. 

Although there are a bunch of available floor plan image datasets of real 
architectural design projects in current literature, they have varying degrees of defects 
concerning architectural design research, including annotation granularity, size of the 
dataset and data sample diversity. Seldom, accessible datasets offer relatively complete 
contents of segmented architectural elements. Only datasets provided by Song and Yu 
(2021) (with 400 floor plans) and Wu et al. (2021) (with 122 floor plans) have the stair 
element, yet the sizes of the datasets are somehow limited. Meanwhile, the floor plans' 
diversity is mostly homogeneous concerning both image style and design category. 
The CubiCasa5K dataset (Kalervo et al., 2019) (with 5K floor plans), the largest open-
sourced floor plan dataset of real design projects, contains images with various styles, 
yet only residential design is covered in the dataset. Moreover, graph-based 
architectural design datasets are still scarce. The recent CubiGraph5K dataset (Lu et 
al., 2021) has derived graphs from vectorized floor plans of CubiCasa5K, yet inheriting 
the limitation of homogeneity regarding the design category. 

3. Research Methodology 

The proposed end-to-end attributed adjacency graph extraction framework is 
composed of three major steps: Floor plan image segmentation, region adjacency graph 
extraction and attributed adjacency graph distillation. As there is no jack of all trades 
available, this project has managed to fuse the merits of state-of-the-art floor plan 
segmentation models, and has used existing labelled floor plan datasets to train 
supplementary models. By integrating multiple floor plan parsing models and 
leveraging their capacities in a supplementary manner, architectural information, 
including both spatial and element-wise information, can then be identified and 
extracted from floor plan images. 

There are two different approaches for floor plan segmentation in current literature, 
semantic segmentation and instance segmentation: Semantic segmentation treats 
multiple objects of the same class as a single entity (Song and Yu, 2021), while instance 
segmentation treats detached objects of the same class as distinct individual instances 
(Wu et al., 2021). Aiming at style-agnostic floor plan image segmentation, we first 
tested multiple state-of-the-art floor plan segmentation models, including models 
proposed by Zeng et al. (2019), Kalervo et al. (2019), Wu et al. (2021) and Song and 
Yu (2021). The testing results (Figure 1) have revealed the limitations of existing floor 
plan image parsing models regarding the level of robustness and generalization. 
Compared with models proposed by Zeng et al. (2019), Wu et al. (2021) and Song and 
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Yu (2021), the model provided by Kalervo et al. (2019) has demonstrated better 
performance. Meanwhile, the only datasets that have included the annotation of stairs, 
namely datasets provided by Wu et al. (2021) and Song and Yu (2021), could not 
provide satisfactory performance for the segmentation task. Thus, it is necessary to 
train supplementary models to parse stair elements. Another essential issue with 
existing models is that the detected room regions are incomplete and fragmented. 
Hence, it is also necessary to consider alternative strategies for detecting room regions.  

Figure 1. Testing results: (a) Original floor plan image; (b) Semantic segmentation (Zeng et al., 
2019); (c) Semantic segmentation (Kalervo et al., 2019); (d) Instance segmentation (Wu et al., 

2020); (e) Graph neural network-based segmentation (Song and Yu, 2021) 

The proposed framework (Figure 2) can be decomposed into 8 steps: 1) the floor 
plan image is first pre-processed to improve performance of the segmentation models; 
2) the mask of the floor plan is extracted using region adjacency graph extraction 
algorithm (Song and Yu, 2021) for later usage; 3) semantic segmentation is conducted 
to obtain initial segmentation of walls, doors and windows; 4) instance segmentation 
is conducted to obtain wall, door, window and stair instances; 5) the segmentation 
outputs from step 3 and 4 are used to smooth the wall boundaries and close up wall 
gaps; 6) pixel-level arithmetic operation is conducted based on the floor plan mask and 
other architectural elements to extract the room regions; all segmentation results are 
then fused and vectorized; 7) the region adjacency graph is extracted from the 
vectorized segmentations; 8) the region adjacency graph is distilled to acquire simple- 
and multi-attributed adjacency graphs.  

Figure 2. Implementation details of the attributed adjacency graph extraction framework (RAG: 
Region adjacency graph, AAG: Attributed adjacency graph) 

Using the proposed framework, a customized large-scale attributed adjacency 
graph dataset is constructed using floor plan images retrieved in bulk. As existing floor 
plan image datasets are seldom constructed for general architectural design research, 
this project acquires a large collection of floor plan images retrieved from ArchDaily®. 
The resulting dataset has 159 architectural categories and 17K floor plans in total. 

4. Experiment 

The adopted algorithms and implementation mechanisms of each step of the proposed 
framework are further elaborated in this section. An implementation example is 
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illustrated in Figure 3.  

Figure 3. An implementation example of the attributed adjacency graph extraction framework. 

4.1. IMAGE PRE-PROCESS 

The floor plan image is first converted to grayscale and binarized. As some floor plan 
images have text annotations, which can potentially beset the performance of 
segmentation, we adopt a text filtering tool (yu45020, 2018) to automatically detect 
and remove texts from the floor plan image. 

4.2. FLOOR PLAN MASKING 

The pre-processed image is then vectorized into a set of polygons; an area enclosed by 
black pixels is identified as one polygon object, and a set of polygons are generated 
from all enclosed white areas. The floor plan mask is then identified as the polygon 
with the largest area from the obtained polygon set. 

4.3. SEMANTIC & INSTANCE SEGMENTATION 

We adopt the semantic segmentation model provided by Kalervo et al. (2019) and the 
instance segmentation model proposed by Wu et al. (2021) for detection of wall, door, 
window and stair elements. Compared with semantic segmentation that outlines walls 
into complex shapes, instance segmentation can simplify wall elements into rectangles 
with varied direction and thickness. The geometrical simplification also makes further 
topological refinement easier to implement, which is essential for accurately 
subdividing indoor spaces into room regions. As aforementioned, the only existing 
datasets that have stair annotations are provided by Wu et al. (2021) and Song and Yu 
(2021), and while the former offers multiple floor plan styles, the latter has only one 
simple style. Thus, we derive an individual floor plan dataset with mere stair 
annotations based on the dataset provided by Wu et al. (2021), and train 
complementary Mask R-CNN models for detecting stair elements with the help of the 
Detectron2 API. We adopt rotation augmentation and an ensemble learning scheme for 
the detection of wall and stair elements, and experiments have shown that both 
strategies can effectively improve the detection performance for complex floor plans 
(Figure 4). 

4.4. WALL SEGMENTS FINALIZATION 

Next, we refine the wall elements obtained in the previous steps. The wall instances 
detected using instance segmentation are vectorized and fed into an algorithm (Figure 
5) to repair latent topological inconsistency. As the originally detected wall instances 
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are not in rectangular shapes, the minimum rotated bounding rectangle of each wall 
instance is first obtained, then the long and short axes of bounding rectangles are 
retrieved. Adjacent rectangle pairs are then identified by calculating the distances 
between the end points of the long axes. If the distance is shorter than a certain 
threshold, the corresponding endpoints of the long axes are connected. The rectangles 
are then recreated using the new long axes together with the original short axes. As a 
result, potential gaps between wall instances are removed, which provides the premise 
to subdivide indoor space into room regions directly.  

Figure 4. Comparison of wall segmentation results with or without the rotation augmentation and 
the ensemble learning strategy  

Figure 5. Wall instances refinement 

Figure 6. Wall segmentation boundary smoothing 

After getting the refined set of wall instances, all previously obtained wall segments 
are merged. As semantic segmentation produces wall elements with rugged 
boundaries, a boundary smoothing algorithm is conducted to finalize the wall segments 
(Figure 6). All wall segments are first vectorized. For any three adjacent vertices of one 
wall segment, the area of the triangle formed by the three vertices is calculated. If the 
calculated area is smaller than a certain threshold and the centroid of the triangle is 
outside the wall polygon, the vertex in the middle is then removed and the wall polygon 
is updated. 

4.5. PIXEL-LEVEL SEGMENTATION & VECTORIZATION 

After finalizing wall segments, room regions are extracted from the refined building 
elements, including walls, doors, windows and stairs, to produce the final pixel-level 
floor plan segmentation. Our proposed segmentation pipeline can considerably 
improve the room region detection completeness and accuracy for complex floor plans 
compared with state-of-the-art segmentation models (Figure 7). All detected 
architectural elements are then vectorized into polygon instances with labels, using the 
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Rasterio package of Python. 

Figure 7. Comparison between room region segmentation: (a) original floor plan image; (b) 
original segmentation (Kalervo et al., 2019); (c) improved segmentation using proposed pipeline 

4.6. REGION ADJACENCY GRAPH EXTRACTION 

We adopt the RAG extraction algorithm proposed by Song and Yu (2021) to extract 
the region adjacency graph from the vectorized floor plan segmentation (Figure 8). To 
construct the node set of the region adjacency graph G, for each polygon element p in 
the polygon set P, if the area of p is larger than the minimum area parameter r, p is 
added as a node of the region adjacency graph, together with its centroid, area value 
and label as attributes. To construct the edge set of G, the STRtree algorithm (Pfoser et 
al., 2000), a spatial indexing algorithm based on R-tree, is adopted to assist the query 
for polygon intersection. The key idea of an R-tree data structure is to group nearby 
objects and represent them with their minimum bounding rectangle in the next higher 
level of the tree; the "R" in R-tree is for rectangles; A query that does not intersect the 
bounding rectangle also cannot intersect any of the objects inside the bounding 
rectangle. A polygon set Q is then acquired when p in the polygon set P queries the 
intersection function. If a polygon element q in Q has larger area than the minimum 
area parameter r, an edge between p and q is added to the edge set E. 

 Figure 8. The implementation pseudo code for RAG extraction 

4.7. ATTRIBUTED ADJACENCY GRAPH DISTILLATION 

After obtaining the region adjacency graph of the floor plan image, a region adjacency 
graph distillation algorithm is implemented to extract the final attributed adjacency 
graphs using the NetworkX package of Python. Two types of attributed adjacency 
graphs are obtained: simple- and multi-attributed adjacency graphs. The distillation is 
implemented by replacing a node with ‘door’, ‘window’ or ‘wall’ label with an edge 
with the same label if the original node is adjacent to two ‘room’ nodes (Figure 9). 
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Meanwhile, the original edge directly connecting two ‘room’ nodes is updated to a 
‘direct’ edge. 

Figure 9. Distillation of RAG by replacing nodes with ‘door’, ‘window’ and ‘wall’ labels to edges 
with the same corresponding label if the node is adjacent to two ‘room’ nodes; Edge connecting two 

‘room’ nodes is updated to a ‘direct’ edge 

For extracting simple-attributed adjacency graphs, we assign an arbitrary hierarchy 
of edge types as follows: ‘direct’, ‘door’, ‘window’, and ‘wall’. Figure 10 visualizes 
the distillation process based on this predefined edge hierarchy. If two ‘room’ nodes 
are directly adjacent, the edge connecting the two ‘room’ nodes is updated to a ‘direct’ 
edge, and all in-between nodes with other labels are removed. Similarly, if two ‘room’ 
nodes are not directly adjacent and are connected with a ‘door’ node, the edge 
connecting the two ‘room’ nodes is updated to a ‘door’ edge, and so forth. The same 
edge updating mechanism also applies to the pairs of an ‘outside’ node and a ‘room’ 
node, or a ‘stair’ node and a ‘room’ node. The edge updating mechanism for multi-
attributed adjacency graphs is also similar, except that there is no edge hierarchy. All 
nodes with ‘door’, ‘window’ and ‘wall’ labels which are adjacent to two ‘room’ nodes 
(or an ‘outside’ node and a ‘room’ node, or a ‘stair’ node and a ‘room’ node) are 
replaced with edges of the same labels while the original ‘door’, ‘window’ or ‘wall’ 
nodes are removed. Also, if two ‘room’ nodes are directly adjacent to each other, a 
‘direct’ edge is added to connect the two ‘room’ nodes. 

Figure 10. The edge update process based on a predefined edge hierarchy 

The ‘room’ nodes of the distilled attributed adjacency graph keep the original 
attributes of the region adjacency graph, namely the centroid coordinates, the area 
values and the labels. However, the ‘outside’ nodes keep only the label attribute, and 
the ‘stairs’ nodes keep the centroid coordinates and labels, as the area value has no 
significant reference value for both node types and the centroid coordinates of the 
‘outside’ nodes are meaningless. Meanwhile, to cope with the divergence of the total 
floor plan areas of different architecture projects, an area ratio attribute is added to the 
‘room’ nodes with value 𝑣𝑣room_ratio = 𝑣𝑣room_area ∑ 𝑣𝑣room_area𝑉𝑉⁄ . The polygon 
information of a ‘room’ node, namely the vector of coordinate values of the polygon 
vertices, is also attached as an attribute. The property information of a typical ‘room’ 
node is demonstrated in Figure 11, together with extracted samples of a simple-

392



ROBUST ATTRIBUTED ADJACENCY GRAPH 
EXTRACTION USING FLOOR PLAN IMAGES 

attributed graph and a multi-attributed graph. 

Figure 11. Left: The key value pairs of all property information of a room node in JSON format; 
Middle: A simple-attributed graph sample; Right: A multi-attributed graph sample 

5. Discussions and Future Works 

The proposed attributed adjacency graph extraction framework is implemented by 
leveraging existing floor plan image datasets and image segmentation models, together 
with rule-based graph manipulation methods. The performance of the graph extraction 
tool can be somehow limited by the diversity and scale of the floor plan image datasets 
and the performance of the image segmentation models. To further improve the 
accuracy for extracting attributed adjacency graphs, we outline a potential pathway to 
be explored in future works. The task of attributed adjacency graph extraction from 
floor plan image can be further decomposed into two subtasks: A) architectural 
elements segmentation from the floor plan image, and B) attributed adjacency graph 
estimation based on architectural elements segmentation. On one hand, it can be 
promising to leverage a scribble-based weakly-supervised segmentation approach (Lin 
et al., 2016) for subtask A, especially for complicated floor plans that are tedious to 
annotate using mask-level methods and have difficulties adopting box-level 
approaches for instance annotation. On the other hand, it would be beneficial to 
consider adopting scene graph generation techniques (Faez et al., 2021) for subtask B. 
The two subtasks can then be integrated and trained in an iterative manner. Meanwhile, 
the outputs of the two subtasks can form a self-supervision loop and enhance the 
performance of each other. 

6. Summary 

In this project, we have proposed an end-to-end framework for the task of attributed 
adjacency graphs extraction from floor plan images, an open challenge in literature, by 
leveraging state-of-the-art floor plan segmentation techniques and a series of graph data 
processing tools. We have also outlined some practically-likely pathways which can 
be further explored to improve the accuracy of attributed adjacency graph extraction 
from floor plan images in future works. 

7. Data Availability Statement 

The code and data are available from https://github.com/JanineCHEN/AAG-FP.  
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