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Abstract

Digitising existing buildings supports energy-efficient
retrofitting and lifecycle analysis, yet many are
documented only by legacy drawings with dimensions
embedded as textual annotations. Existing methods often
rely on heuristic global scaling over metric fidelity. This
paper presents a vision-based framework integrating
optical character recognition (OCR), OCR-guided
denoising, semantic segmentation, and grid-based
alignment. The primary contribution is a cross-modal
text-geometry alignment strategy that reconstructs a
metric reference grid from annotations and links it to
building geometry. A second contribution is an Industry
Foundation Classes-based evaluation framework. Results
demonstrate reliable recovery of absolute dimensions for
dimension-aware BIM reconstruction.

Introduction

The building sector accounts for nearly 40% of global
energy consumption (El Hafdaoui et al, 2023),
highlighting the need to rapidly digitise existing building
stock for energy-efficient retrofits, structural analysis, and
lifecycle applications. Many advanced architecture,
engineering, and construction (AEC) workflows rely on
semantically rich and geometrically precise building
information models (BIMs) (Schonfelder et al., 2023).
However, most existing buildings predate BIM adoption
and are documented primarily by legacy two-dimensional
(2D) floorplan drawings (Lu and Lee, 2017). These
drawings contain critical geometric, semantic, and
dimensional information. Consequently, automated 2D-
to-BIM reconstruction has become an important research
topic (Lim et al., 2018).

Typical 2D-to-BIM pipelines involve floorplan analysis
followed by BIM instantiation. While BIM generation can
often be handled deterministically once reliable inputs are
available, the floorplan analysis stage remains
challenging. Many existing methods prioritise topological
correctness over engineering-level geometric precision,
often relying on heuristic global scaling or normalised
coordinates that are insufficient for millimetre-sensitive
BIM reconstruction (Wang and Pajarola, 2025).

Achieving engineering-grade precision requires not only
detecting walls and openings, but also correctly
interpreting dimensional annotations and associating
them with the corresponding building geometry. This task
is difficult because engineering drawings contain diverse

drafting conventions, rotated or occluded texts, and
annotation-induced noise (Pizarro et al., 2022).

Existing studies often assume that relative geometry is
sufficient or use annotations only for coarse scale
estimation, without establishing explicit component-level
correspondences between dimension texts and building
elements (Lee et al., 2025). Moreover, reconstruction
quality is usually assessed with computer-vision-oriented
metrics such as intersection over union (IoU), which are
insensitive to millimetre-level geometric deviations. As a
result, a model may appear visually correct while
remaining inadequate for engineering use.

To address these limitations, this paper proposes an
automated framework for dimension-aware 2D-to-BIM
reconstruction from annotated raster floorplans. Its
primary methodological contribution is a cross-modal
text—geometry alignment strategy that reconstructs a
metric reference grid from dimensional annotations and
links it to segmentation-derived architectural geometry at
the component level. Its second main contribution is an
IFC-based evaluation framework for engineering-level
assessment of reconstruction quality at the object and
parameter level.

Related work

Research on 2D-to-BIM reconstruction for existing
buildings generally follows a two-stage paradigm: (1)
automated floorplan analysis, which extracts geometric
and semantic information from legacy drawings, and (2)
BIM instantiation, which converts these extracted entities
into structured, parameterised building components. BIM
instantiation is relatively mature and can often be handled
deterministically once reliable inputs are available, using
commercial platforms, programmatic APIs, or open-
standard libraries (Lu et al., 2020). As a result, the main
technical divergence among existing 2D-to-BIM
approaches lies in floorplan analysis, where drawing
format, quality, and interpretation strategy strongly affect
reconstruction accuracy and robustness.

The performance of automated floorplan analysis is
influenced by drawing format. Vector-based CAD
drawings preserve editable information such as layers,
blocks, and dimension objects, enabling rule-based or
API-driven methods to achieve high-fidelity geometric
reconstruction and component classification (Zhao et al.,
2021). However, in practical engineering contexts, access
to native CAD files is often restricted by software



dependencies, version incompatibilities, or
confidentiality constraints (Dixit et al., 2019). As a result,
floorplans are more commonly exchanged as raster
images, such as scanned PDFs, which irreversibly lose
embedded semantics and introduce noise, resolution
variability, and drafting inconsistencies. These limitations
have driven increasing interest in learning-based methods
designed specifically for raster floorplans.

Existing research on raster-based floorplan analysis
largely falls into three parallel streams: (1) geometric
analysis, which reconstructs architectural structures such
as walls and room boundaries; (2) symbolic object
detection and recognition, which identifies standardised
elements such as doors, windows, and fixtures; and (3)
text detection and recognition, which extracts annotations
including room names and dimensional values.

In geometric analysis, wall detection is typically treated
as the core task and formulated as pixel-level semantic or
instance segmentation to generate wall masks (Sun et al.,
2025). More recent approaches attempt to directly predict
vectorised primitives, such as corners and edges, using
end-to-end models that produce machine-readable spatial
layouts (Hu et al., 2024). Nevertheless, most geometric
methods operate in normalised image coordinates or
relative spatial representations, deriving absolute
dimensions only through assumed global scale factors or
omitting metric information altogether (Su et al., 2023).
Although such representations are sufficient for layout
understanding or navigation-oriented applications, they
fall short of the millimetre-level geometric accuracy
required for engineering-grade BIM reconstruction.

In parallel, symbolic object detection leverages general-
purpose frameworks, such as YOLO variants, to localise
and classify architectural symbols including doors,
windows, and sanitary fixtures (Xu et al., 2024; Jamieson
et al., 2025). These models typically output class-labelled
bounding boxes or segmentation masks, enabling
structured interpretation of floorplan content. However,
they are often evaluated on simplified or schematic
drawings with sparse or intentionally removed textual
annotations. As a result, they are not designed to handle
the dense and overlapping annotations commonly found
in real-world engineering drawings, which limits their
applicability to practical 2D-to-BIM scenarios.

In contrast, text-centric methods follow the standard scene
text understanding pipeline, detecting text regions
followed by character recognition, and have demonstrated
success in handling arbitrarily oriented and stylised
annotations (Schonfelder et al.,, 2024). Yet, their
integration into geometry-aware reasoning remains
limited. Textual annotations are frequently overlaid on or
adjacent to walls, and auxiliary lines, such as dimension
leaders, can substantially interfere with structural
segmentation and geometric inference.

Consequently, most existing pipelines either ignore
textual information entirely or use it only for coarse global
scaling, without establishing explicit, component-level
associations between dimensional annotations and
building elements (Pokucinski and Mrozek, 2024). This

reveals a critical gap: although geometric, symbolic, and
textual analyses have each advanced substantially, they
remain largely decoupled in practice. Existing workflows
still rely heavily on heuristic assumptions, without
explicitly linking dimensional annotations to building
geometry or evaluating reconstruction quality at the
engineering level. This limitation reduces metric fidelity
and constrains the practical applicability of 2D-to-BIM
reconstruction for engineering use.

Methodology

Framework overview

The proposed methodology introduces a multi-stage,
vision-based framework for the automated analysis of
annotated floorplans to achieve geometry-accurate 2D-to-
BIM reconstruction. As illustrated in Figure 1, the
framework integrates OCR, OCR-guided denoising,
semantic segmentation, and geometric alignment to
recover component-level dimensional information from
legacy raster floorplans.
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Figure 1: Overall workflow of proposed method
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The methodology emphasises the cross-modal integration
of heterogeneous visual cues, including textual
annotations, auxiliary reference lines, and architectural
geometry. This design addresses a critical bottleneck in
AEC workflows, namely the lack of robust mechanisms
for translating disparate recognition outputs into
geometric representations.

The workflow takes raster floorplans as input and does not
assume pre-cleaned or simplified documents, as shown in
Figure 2(a). Textual and geometric information are
processed in parallel and subsequently aligned through a
dedicated data extraction and association stage, enabling
staged BIM automation with dimensionally grounded
component reconstruction.

OCR training and configuration

OCR is applied directly to the input floorplan to detect
and recognise textual elements, including dimensional
annotations. A two-stage OCR pipeline is employed,
consisting of a CRAFT text detector (Baek et al., 2019)
and a TPS-STN + CRNN recogniser (Shi et al., 2016)
trained with CTC loss.

The OCR model is fine-tuned using 1,000 annotated
floorplan images sampled from CubiCasaSk (Kalervo et
al., 2019) and CVC-FP (de las Heras et al., 2015), with an
8:1:1 train/validation/test split; ResBIM (Liang et al.,
2026) is used exclusively for external wvalidation.
Overlapping tiling and print-scan-style augmentations are
adopted to handle large drawing canvases and small text
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Figure 2: Overall process of multi-stage vision-based framework. (a) Input annotated floorplan; (b) OCR detection and
recognition results; (c) reconstructed metric reference grid from dimensional annotations; (d) OCR-guided denoised floorplan;
(e) semantic segmentation map of the denoised floorplan; and (f) final aligned floorplan obtained by aligning (c) and (e).

instances. Recognised texts are normalised and converted
into structured representations, including numeric values,
orientations, bounding-box coordinates, and confidence
scores. These structured OCR outputs are treated as
intermediate dimensional cues and are subsequently used
in later cross-modal alignment and geometric reasoning
stages.

OCR-guided denoising

Prior to semantic segmentation, an OCR-guided
denoising step is applied to suppress annotation-induced
artifacts that may interfere with geometric extraction.
OCR outputs provide spatial and directional cues that
localise regions associated with dimensional annotations.
Within these regions, subtraction-based operations are
applied to remove annotation lines and leaders that are
geometrically aligned with detected text.

To further reduce non-structural artifacts, a thin-line
removal procedure is applied to suppress auxiliary
reference lines, including grids and leaders, which are
typically rendered with thinner strokes than architectural
components. Morphological and geometric filtering is
used conservatively to preserve wall and opening
continuity. The resulting denoised image retains the
structural geometry required for segmentation while
significantly reducing false positives caused by
annotation-related noise, as shown in Figure 2(d).

Semantic segmentation

Semantic segmentation of architectural components is
formulated as a multi-task learning problem that jointly
models architectural boundaries and interior spatial
regions. The adopted U-net encoder-decoder architecture
(Ronneberger et al, 2015) employs a shared
convolutional encoder and two task-specific decoder
branches, enabling efficient feature sharing across related
segmentation tasks.

The first decoder branch focuses on boundary
segmentation, producing pixel-level masks for structural
elements such as walls and openings. The second branch
performs region-level semantic segmentation of interior
spaces. To enhance structural consistency, boundary
features are incorporated into the region prediction
process through a boundary-guided attention mechanism
at multiple feature scales. This design helps preserve thin
geometric elements and enforces spatial alignment
between room regions and their enclosing structures.
Direction-aware feature aggregation is applied to better
capture dominant architectural orientations.

The network is fine-tuned using the R2V (Liu et al., 2017)
and R3D (Liu et al., 2015) datasets, which provide pixel-
level annotations for both boundaries and regions.
Training employs a multi-task, class-balanced loss to
mitigate severe data imbalance between large interior
regions and thin structural components. Although both
tasks are retained during training to leverage shared
structural priors, only the boundary-related outputs,
specifically wall and opening masks, are propagated to
downstream  geometric  alignment and BIM
reconstruction.

In the proposed pipeline, semantic segmentation serves as
a geometric sensing module rather than an end objective.
Its role is to provide topology-consistent and
geometrically reliable structural primitives that can be
aligned with OCR-derived dimensional annotations,
thereby  supporting  engineering-grade  geometric
reconstruction.

Alignment algorithms

The alignment stage aims to establish explicit and
metrically  consistent  correspondences  between
dimensional annotations extracted by OCR and the
architectural geometry obtained from semantic
segmentation. Instead of assuming a global scale factor,



the proposed method reconstructs a metric reference grid
directly from dimensional annotations embedded in the
floorplan drawings. This grid serves as an intermediate
geometric representation that bridges raster-level
geometry and real-world distances, enabling component-
level metric reconstruction.

As illustrated in Algorithm 1, the process begins by
analysing OCR outputs, as shown in Figure 2(b), where
each detected text instance is represented by its
recognised string, bounding box, orientation, and
confidence score. High-confidence numeric annotations
with consistent orientation are first selected as candidates
potentially associated with grid spacing. Drawing-
convention-aware spatial heuristics are then applied to
identify annotations that likely describe distances
between parallel grid lines. Specifically, vertical grid
spacings are inferred from horizontally oriented
dimension texts whose bounding boxes lie at similar
vertical positions, reflecting the common drafting practice
in which distances between vertical elements are
annotated using horizontal dimension strings placed
between the corresponding grid lines.

Candidate annotations are subsequently grouped based on
the proximity of their bounding-box coordinates and
sorted according to spatial order. Adjacent annotations
within each group are interpreted as describing
consecutive grid intervals, yielding an ordered set of grid
spacings associated with both pixel-domain distances and
OCR-derived metric values.

Because OCR outputs may contain recognition errors, a
local verification and correction mechanism is introduced
prior to global consistency checks. The algorithm
estimates a pixel-to-metric conversion ratio by computing
the median ratio between OCR-reported distances and
their corresponding pixel gaps measured from bounding-
box positions or dimension leader extents. Each grid
spacing is then re-evaluated by comparing its OCR-
derived value with the geometry-inferred distance. When
deviations exceed a predefined tolerance, OCR values are
locally corrected using geometry-consistent estimates,
thereby enforcing metric consistency at the grid-interval
level.

After individual grid spacings are verified and corrected,
the algorithm detects total grid-length annotations by
comparing detected dimension values with cumulative
grid lengths. Grid lines are then placed cumulatively
according to the corrected distances, forming a globally
consistent metric grid in real-world units, as illustrated in
Figure 2(c). The semantic map is subsequently scaled
along the horizontal and vertical axes to match the grid
extent and aligned to the grid coordinate system, as
demonstrated in Figures 2(e) and 2(f). Semantic labels for
doors, windows, and room regions are transferred to the
aligned floorplan, enabling component-level metric
interpretation.

The current alignment strategy incorporates several
drafting-convention-aware assumptions. It assumes that
dimension texts associated with a given grid interval
exhibit consistent orientation, preserve relatively regular

spatial ordering, and remain sufficiently close to the
referenced structural location for local grouping and
verification to be meaningful. These assumptions are
generally consistent with common engineering drafting
practice. However, robustness may decrease for non-
standard layouts, such as offset dimension texts, long
auxiliary leader lines, overlapping dimension chains, or
highly irregular annotation structures.

Algorithm 1: Grid alignment with OCR-guided verification

Input: OCR detections © = {0}, oy = (57, by, i, ) where s; is recognized text

bi = (i, i, wy, hy) is the bounding box. #; is text orientation. ¢; is confidence; semantic
segmentation map &

Output: Metric vertical grid G and grid-aligned geometry

Step 1: Select candidate vertical grid spacings;
candidate set C" + {);

> 1. and #; = 0 then
+C"U {05} ; // horizontal text, high confidence

Step 2 Group eandidates by vertical alignment;

Partition C* into groups {C{} such that |y — ;| < 7, for o,.0; € Cf ; // similar height
Step 3: Extract vertical grid spacings:
set A P

Sort O}l by = coordnate;

for j =1 to |C]| -1 do

// pixel distance between adjacent grid leaders
// OCR-derived spacing value (metric)

A7)} // store pixel gap and OCR distance

Step 4: Verify and correct OCR-derived distances;

7
Estimate pixel-to-metric ratio p = l!ll'(hi\\l[#

. H // distance per pixel
\ O ) (g adee A

estimated from grid spacings
foreach (8x;, ;i;" ) € A" do

// distance inferred from pixel gap
> ¢ then
// correct OCR error using geometric consistency

Step 5: Detect total vertical grid length (il available);

Compute cwmnlative length LY reeryear 450 3 // sum of verified vertical grid
spacings
foreach op € O do

if |val(sp) — LY| < ¢ then

| Mark oy, as total vertical grid length annotation;

Step G: Construct metric vertical grid and align geometry;
43 Yoz,

spmentation map S to G¥

Construct vertical grid ¢ = cumsum( {

decryear) | // metric grid pesitions

Align semantic se // assign coordinates to segmented map

Finally, the aligned geometry and associated semantic
information are used to instantiate building elements as
IFC entities. The resulting BIM preserves the topological
relationships derived from semantic segmentation while
incorporating  explicit, grid-consistent dimensional
information. By using the reconstructed grid as an
intermediary between textual annotations and raster
geometry, the proposed alignment strategy reliably
recovers absolute measurements without relying on
heuristic global scaling, thereby providing a robust metric
foundation for accurate 2D-to-BIM reconstruction and
downstream BIM-based analysis.

Results and discussion

Quantitative results

The  quantitative  evaluation  addresses  three
complementary aspects: OCR recognition performance,
semantic segmentation accuracy, and engineering-level
BIM reconstruction quality.

For OCR evaluation, commonly used metrics in computer
vision and document analysis include the character error
rate, CER, and string similarity measures such as the
FuzzyWuzzy ratio. These metrics assess character-level
recognition accuracy and are sensitive to minor
transcription errors, making them suitable for algorithm



tuning and benchmarking. However, they are not well
suited to engineering-oriented reconstruction tasks. In the
context of dimensional annotations, even a single-digit
error may cause substantial geometric distortion in the
reconstructed BIM, making partial string similarity
inadequate for downstream evaluation.

Therefore, a strict OCR accuracy metric is adopted to
reflect whether recognised dimension values are directly
usable for geometric reconstruction. OCR accuracy is
defined as:

NCOTTECf ( 1)

OCR accuracy = "
GT

where N yrece 1S the number of correctly recognised
dimension annotations and Ngp is the total number of
ground-truth dimension annotations. A prediction is
considered correct only if the numeric value is fully
matched. Under this strict criterion, the OCR module
achieves an accuracy of 90.2% on the test set and 85.7%
on the ResBIM dataset, indicating stable cross-dataset
generalisation.

Semantic segmentation performance is evaluated using

the IoU metric:

_AnB]|
lov = 202 (2)

where A and B represent the predicted and ground-truth
masks, respectively. The segmentation model achieves an
IoU 0f 92.1% for wall and opening classes, demonstrating
reliable extraction of structural geometry from denoised
raster floorplans.

IFC-based evaluation

Although OCR accuracy and IoU are standard evaluation
metrics in computer vision, they do not directly reflect
reconstruction effectiveness at the engineering level,
where the geometric correctness of BIM elements is
critical. To address this gap, [IFC-based evaluation metrics
are introduced to assess reconstruction quality at the
object and parameter levels.

The ResBIM dataset provides paired annotated floorplans
and corresponding reference BIM models, enabling one-
to-one comparison between reconstructed and ground-
truth elements. Both reconstructed and reference BIMs
are converted into IFC format, which provides a platform-
independent representation in which each architectural
element is encoded as an object with placement and
geometric parameters. This object-centric representation
enables direct and interpretable element-level
comparison. Although this dataset supports rigorous IFC-
level comparison, it does not cover the full range of
drafting conventions encountered in practice. Therefore,
the present evaluation should be interpreted as an initial
engineering-level validation under the currently available
benchmark setting.

Because the input data consist of 2D floorplans, the
evaluation focuses on planar reconstruction accuracy. For
walls, the origin location corresponds to the start point of
the wall baseline, as shown in Figure 3(a), and the length
is defined by the baseline length encoded in the IFC
geometry. For doors and windows, the origin is defined

by the opening base point, as shown in Figure 3(b), and
dimensional parameters are retrieved from the
corresponding IFC geometric definitions.
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Figure 3: Two methods for representing element locations in
IFC-based BIM models in the ResBIM dataset

To comprehensively evaluate geometry-accurate 2D-to-
BIM reconstruction at the engineering level, three
complementary IFC-based metrics are proposed to assess
numerical completeness, dimensional correctness, and
strict geometric accuracy.

The count error Err,,, measures numerical consistency
between reconstructed and ground-truth models.
Npreqa—N
Erven = INprea=Ngtl (3)
Ngt
where Np,-cqand Ny, denote the numbers of reconstructed
and ground-truth IFC elements, respectively.

The dimension-level precision metric IFCgim precision
evaluates whether element dimensions are correctly
reconstructed, independent of absolute location:

TP g
IFCdim,precision = ﬁ (4)
where TPy, refers to elements whose dimensional
parameters are reconstructed within a predefined
tolerance, and FPy;,, corresponds to elements whose
dimensions exceed this threshold. This metric evaluates
dimensional correctness independently of absolute spatial
alignment and is particularly sensitive to OCR and
dimension-geometry association errors.

Finally, the strict geometric precision metric IF Cprecision
assesses whether both dimensional parameters and origin

locations are simultaneously correct:
TP

TP+FP

(5)

where TP denotes elements whose dimensions and origin
locations are simultaneously reconstructed within
tolerance, and FP denotes elements failing either
criterion. This metric reflects whether reconstructed
elements are directly usable for downstream BIM
applications without manual correction.

IFCprecision =

A tolerance of 1 mm is applied to wall dimensions and
locations only to absorb minor numerical inconsistencies
introduced by IFC export, unit normalisation, and
floating-point conversion, rather than to relax geometric
evaluation. For openings, a larger tolerance of 20 mm is
adopted as a benchmark-specific evaluation threshold. In
ResBIM, openings are annotated by centre-point
distances rather than explicit physical widths, so opening
dimensions and positions must be inferred indirectly from
raster geometry and host-wall context before being



converted into IFC opening parameters. This introduces
higher annotation and representation uncertainty than for
walls, whose baselines and lengths are more directly
defined. Because openings are also smaller elements, they
are more sensitive to minor segmentation or alignment
shifts. The 20 mm threshold therefore accounts for
annotation  granularity and  benchmark-specific
uncertainty, rather than implying a looser engineering
tolerance.

Experimental results on a randomly selected subset of 200
floorplans from ResBIM are presented in Table 1. The
count error Err,,; is 2.45%, indicating high numerical
consistency between reconstructed and ground-truth
models. At the IFC entity level, the dimension-level
precision [FCqim precision 15 82.4%, and the strict
geometric precision IFCpyecision » Which requires both
correct dimensions and locations, is 71.1%. Notably, in 62
of the 200 floorplan reconstruction tasks, all building
components are correctly predicted in both location and
dimensional attributes. The average processing time per
floorplan is approximately 6.5 minutes.

Table 1: Quantitative evaluation results of the proposed
dimension-aware 2D-to-BIM reconstruction framework

Metric Value
Erten: 2.5%
IFCdim_precision 82.4%
IFCp‘reCiSion 71.1%
Exact dimension match (count) 62/200
Total processing time 21.5 hours

Error analysis and discussion

This study evaluates the proposed vision-based 2D-to-
BIM reconstruction framework using both conventional
computer vision metrics and the proposed IFC-based
evaluation metrics. The OCR module achieves 90.2%
accuracy on the in-domain test split and 85.7% on the
ResBIM dataset for external wvalidation, while the
semantic segmentation model achieves an IoU of 92.1%.
These results indicate strong performance when each
visual task is evaluated independently using standard
computer vision criteria.

However, when the same outputs are assessed using IFC-
based reconstruction metrics, a noticeable performance
drop is observed. The dimension-level accuracy and strict
geometric precision reach only 82.4% and 71.1%,
respectively, even after applying the pixel-level
correction strategy described in Algorithm 1. This
discrepancy reflects a fundamental difference between
computer-vision-oriented evaluation and engineering-
oriented BIM reconstruction requirements.

Conventional metrics such as OCR accuracy and IoU
evaluate predictions in isolation, assessing each text string
or pixel region independently. In contrast, BIM
reconstruction is inherently relational and connectivity-
driven. Walls act as hosts for openings, adjacent walls are
expected to connect seamlessly, and local geometric

inconsistencies can propagate through topological
relationships. As a result, dimensional values extracted by
OCR are not independent in the reconstruction context but
mutually constraining.

Figure 4 provides a representative qualitative example of
this discrepancy. In this case, the predicted wall mask
achieves an IoU of 90.92% against the ground truth, and
the reconstructed model contains the correct number of
wall entities, 8 versus 8. However, only 6 of the 8 wall
entities are dimensionally correct, yielding a dimension-
level accuracy of 75%, and only 5 of the 8 are correct in
both dimension and location, yielding a strict geometric
precision of 62.5%. This example illustrates why strong
image-level overlap does not necessarily translate into
equally high IFC-level correctness.

Il Intersection

(a) Pixel-based extenior-wall prediction result and loU
Figure 4. Representative exterior-wall example illustrating the
difference between conventional computer vision metrics and
engineering-oriented IFC metrics.

(b) Vectorised exterior-wall and IFC-based metric calculation

IFC-based evaluation is stricter because it requires each
reconstructed entity to satisfy dimensional correctness,
spatial  placement, and geometric  consistency
simultaneously. Therefore, small OCR assignment errors
or minor boundary shifts that have little influence on OCR
accuracy or IoU may still cause reconstructed IFC entities
to be judged incorrect once their baselines, origins, or
dimensions exceed the evaluation tolerance. These effects
are further amplified during BIM instantiation because
local errors do not remain isolated at the image level but
propagate through dependent geometric relationships.
This explains both the drop from the higher OCR and IoU
scores to lower IFC-based metrics and the additional gap
between dimension-level precision, 82.4%, and strict
geometric precision, 71.1%. In other words, conventional
computer vision metrics tend to overestimate
reconstruction quality in dimension-sensitive BIM
workflows because they do not capture entity-level
placement errors and topology-dependent error
propagation.

Limitations

Despite its advantages, the proposed pipeline has several
limitations. First, the alignment module relies on drafting-
convention-aware spatial assumptions, including locally
interpretable annotation placement, consistent text
orientation, and regular interval ordering. Its robustness
may therefore decrease for drawings with highly irregular
annotation layouts, overlapping dimension chains, or long
auxiliary leader lines that displace dimension texts far



from the referenced geometry. In addition, the alignment
algorithm degrades noticeably when OCR accuracy falls
below approximately 50%, as may occur in highly
cluttered or severely occluded drawings. To maintain
computational efficiency, the semantic segmentation
model also operates on downsampled inputs, which may
amplify geometric distortions in the semantic map and
reduce alignment quality.

Second, IFC-based evaluation is constrained by the
limited availability of datasets that provide paired
floorplans and reference BIM models (Pizarro et al., 2022;
Liang et al., 2026). ResBIM enables direct object-level
comparison, but relying primarily on a single benchmark
limits the diversity of drafting conventions and annotation
styles represented in the evaluation. Accordingly, the
reported results should be interpreted as benchmark-based
evidence rather than a complete demonstration of
robustness across all real-world floorplan types.

Third, the current study is limited to planar reconstruction
from floorplans and does not recover elevation-related
dimensions or richer semantic attributes from multi-view
drawings. In addition, although the pipeline automates
several reconstruction stages, the present work does not
directly quantify labour or time savings through a user
study or a comparison against manual or semi-automatic
workflows.

Conclusions

This paper presents a multi-stage, vision-based
framework for the automated analysis of annotated
architectural floorplans to enable dimension-aware 2D-to-
BIM  reconstruction. The main methodological
contribution is the proposed cross-modal text—geometry
alignment strategy, which reconstructs a metric reference
grid from dimensional annotations and supports
component-level metric interpretation. A second key
contribution is the IFC-based evaluation framework,
which enables direct object-level assessment of
reconstruction quality from an engineering perspective.

The results show that conventional computer vision
metrics, such as OCR accuracy and segmentation loU, are
insufficient for characterising engineering-level BIM
reconstruction quality. Although the proposed workflow
supports automated, dimension-aware reconstruction
from annotated raster floorplans, the present study
remains limited to planar, benchmark-based validation
and does not directly quantify labour or time savings
through user studies or comparisons with manual or semi-
automatic workflows.

Future directions

Several limitations remain and motivate future research.
First, the current framework focuses on planar
reconstruction from floorplans and does not recover
elevation-related dimensions or richer semantic attributes
from multi-view drawings. Future work should therefore
incorporate additional drawing types, such as elevations
and sectional views, to support more complete BIM
reconstruction.

Second, the present alignment strategy remains partly
rule-based and relies on drafting-convention-aware
assumptions. Learning-based alignment methods trained
on annotated geometry—text correspondences may
improve robustness to OCR errors, irregular annotation
layouts, and heterogeneous drawing styles.

Third, the current IFC-level evaluation is constrained by
the limited availability of paired floorplan—BIM datasets.
Extending the evaluation to more diverse real-world
drawings and additional benchmarks will be important for
testing  generalisability across different drafting
conventions and building standards.

Together, these directions support more comprehensive

and reliable automation of existing-building digitisation
in real-world AEC workflows.
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