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Abstract: Ageing buildings have become a significant concern for many cities, 14 
exacerbated by inadequate management and maintenance of Mechanical, Electrical, 15 
and Plumbing (MEP) systems, and Building Information Modelling (BIM) enables 16 
efficient MEP Operation and Maintenance (O&M) through the digital representation 17 
of system information; however, many ageing buildings were constructed without 18 
BIM, and manual reconstruction is costly and inefficient due to the sheer number of 19 
such structures. Although some studies have proposed methods for automatically 20 
recovering BIM from 2D drawings, few are suitable for MEP systems due to the 21 
multiscale and irregular shapes of MEP components. To fill this gap, an automatic 22 
approach is proposed for recovering MEP BIM from 2D drawings with three modules: 23 
1) semantic extraction by combining image cropping with Cascade Mask R-CNN to24 
detect and segment multiscale, irregular MEP components; 2) geometric extraction by 25 
semantic-assisted image processing to extract contours and skeletons of irregular parts; 26 
and 3) Industry Foundation Class (IFC)-based BIM reconstruction via the open-source 27 
pythonOCC and IfcOpenShell. The performance was tested on two MEP systems with 28 
335 and 282 multiscale and irregular elements, and the results show that the method 29 
recovered BIMs for the two MEP systems in 2.85 seconds and 0.79 seconds, with 30 
semantic extraction accuracy exceeding 0.9 and geometric error below 5%. This paper 31 
contributes to the existing body of knowledge by providing a semantic and geometric-32 
based approach for recovering multiscale and irregular components from 2D drawings. 33 
Future studies could further improve the approach by integrating elevation drawings, 34 
reconstructing abstract symbols, and aligning text-geometry. 35 

36 
Keywords: Building Information Model (BIM); Industry Foundation Classes (IFC); 37 

© 2023. This manuscript version is made available under the CC-BY-NC-ND 4.0 license http://creativecommons.org/licenses/by-nc-nd/4.0/

This is the Pre-Published Version.https://dx.doi.org/10.1016/j.autcon.2023.104914



 2 / 3 
 

Mechanical, Electrical, and Plumbing (MEP) Systems; BIM Reconstruction; 38 
Operation and Maintenance (O&M) 39 

1. Introduction 40 

Deteriorating energy performance of ageing buildings challenges energy 41 
conservation and emission reduction [1]. Evidence suggests that ageing buildings over 42 
50 years old in Europe account for 35% of existing buildings and are responsible for 43 
40% of energy consumption and 36% of CO2 emissions in the EU [2]. Effective 44 
Operation and Maintenance (O&M) of Mechanical, Electrical, and Plumbing (MEP) 45 
systems may reduce the energy consumption and greenhouse gas emissions of an 46 
ageing building. It is estimated that up to 16% of MEP systems' energy consumption 47 
during building operations can be saved through proper management [3]. 48 

Traditional MEP system O&M methods typically retrieve information through 49 
manual review of as-built drawings and documents [4], which are complex and error-50 
prone [5]. Building Information Model (BIM1) contains rich information on geometry 51 
and semantics and can improve and simplify the information retrieval process by 52 
providing practical data support for the O&M of the MEP systems [6]. The data and 53 
knowledge extracted and discovered from BIM, such as the MEP-related entities and 54 
relationships [7], the MEP logic chain [8], and the grouping and labelling of MEP 55 
equipment [9], can improve the quality and efficiency of O&M. However, most MEP 56 
systems in ageing buildings do not have BIM [10] due to the time they were 57 
constructed. Besides, manual BIM reconstruction is tedious and time-consuming. 58 
Therefore, in order to promote more efficient O&M of the many ageing buildings in 59 
the world's infrastructure, an efficient automated method for producing BIM of 60 
existing buildings is needed. 61 

BIM reconstruction has been extensively studied. Existing studies have primarily 62 
used two types of data sources, i.e., point clouds and 2D drawings. 63 

Point clouds, which can be acquired by depth cameras, Light Detection and 64 
Ranging (LiDAR), stereo cameras, radar, or Unmanned Aerial Vehicle (UAV) tilt 65 
photography, can capture accurate as-is building conditions. A typical process of point 66 
cloud-based BIM reconstruction methods is scan-to-BIM, which focuses on object 67 
recognition and geometric modelling [11] using various approaches, such as scan-vs-68 
BIM [12,13] or deep learning methods [14,15]. Compared to manual modelling, scan-69 
to-BIM significantly accelerates the BIM reconstruction process [11]. Point clouds 70 
contain rich geometric information but can only provide limited non-geometric 71 
information. Detailed parameters of MEP components, such as the boiler's heating 72 
capacity and the pump's volume flow rate, which are necessary for O&M [16], are 73 
unavailable in the point cloud. In addition, the MEP system components may be 74 
hidden in the walls, floors, or suspended ceilings, making it difficult to reconstruct 75 
these obscured parts [17]. Moreover, the acquisition and processing of point clouds 76 
require a considerable workload and cost [18].  77 

 
1 To reduce ambiguity, BIM in this study represents the BIM model. 
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 Compared to point clouds, 2D drawings provide another cost-effective and 78 
reliable option for BIM reconstruction. As one of the deliverables after project 79 
completion, 2D drawings are easy to access and enable intact BIM reconstruction [17]. 80 
2D drawings contain holistic project information, including detailed components' 81 
geometry and semantics, which contribute to information-rich 3D models [17] and the 82 
O&M of MEP systems. In addition, as 2D drawings are not susceptible to information 83 
loss due to occlusion, the reconstructed 3D models can be used as a prior model to 84 
assist in the point cloud-based methods (e.g., by reducing the search space for object 85 
recognition [19]). Although the geometry reconstructed from 2D drawings may not 86 
match the actual building condition perfectly due to assembly deviations [14] and 87 
drawing errors, this study continues to consider 2D drawings a realiable data source 88 
by assuming that 1) assembly deviations are acceptable as they must meet the 89 
requirements of specifications and 2) drawing errors can be reduced through drawing 90 
pre-processing [20]. Consequently, this study focuses on reconstructing BIM from 2D 91 
drawings for MEP systems. 92 

Substantial research [17,21,22] has been conducted on 2D drawing-based BIM 93 
reconstruction. Most of these studies have concentrated on architectural and structural 94 
drawings, where most components are in regular shapes. MEP drawings, on the 95 
contrary, contain multiscale, irregular components. Multiple scales mean the 96 
dimensions of components vary significantly. Irregularity implies that components' 97 
shapes may change along the X, Y, or Z axes and cannot be accurately annotated. 98 
Most studies separate geometric extraction from semantic extraction and are unable to 99 
simultaneously extract accurate semantics and geometry of multiscale, irregular MEP 100 
components. In addition, research on MEP drawings is scarce and unable to 101 
reconstruct the irregular shape of MEP components [23]. There is still room for 102 
improvement in information extraction and component modelling of irregular 103 
components in MEP systems. 104 

Considering these limitations, this study proposes a 2D drawing-based MEP 105 
model reconstruction method for irregular MEP components. Unlike existing studies, 106 
this study 1) allows accurate semantic and geometric extraction of multiscale, 107 
irregular MEP components through instance segmentation and semantic-assisted 108 
image processing; and 2) produces efficient BIM reconstruction via an open-source 109 
solution. The study will provide the O&M industry with an accurate and efficient tool 110 
for reconstructing the MEP model, which will help enhance the efficiency and quality 111 
of the O&M of MEP systems in ageing buildings, leading to building energy 112 
conservation and emission reduction. 113 

2. Literature review 114 

This section reviews 2D drawing-based BIM reconstruction methods from data 115 
sources, information extraction, and modelling methods. Based on the review, the 116 
research gaps are identified, and the most appropriate data sources and methods for 117 



 4 / 5 
 

reconstructing the MEP model are selected. 118 

2.1 Data sources for BIM reconstruction 119 

Two primary data sources for 2D drawing-based BIM reconstruction are CAD 120 
and raster drawings [17].  121 

Before the BIM era, the Architecture, Engineering, Construction, and Facilities 122 
Management (AEC/FM) industries had widely used CAD software for design, 123 
construction, and O&M [20]. Hence, CAD drawings that store copious building 124 
information can be found for many ageing buildings [10]. By stratifying the drawings, 125 
CAD drawings provide accurate geometric information and enable delicate BIM 126 
reconstruction [24]. However, due to diverse naming, drawing, and annotation styles, 127 
information extraction from MEP CAD drawings can be challenging. It takes 128 
tremendous time and effort to pre-process the drawings [17,20], design the 129 
information extraction rules [20], or manually annotate the geometrical primitives 130 
(e.g., vertices and lines) [25]. Besides, an as-designed model library would be needed 131 
to support 3D modelling, as the modelling parameters of some elements (e.g., valves 132 
and pumps) can be insufficient in the drawings.  133 

Raster drawings are electronically scanned or photocopied paper drawings that 134 
are easily accessible. Compared to CAD drawings, semantic extraction from raster 135 
drawings is more straightforward. Well-established and promising raster image-based 136 
deep learning methods, such as object detection and instance segmentation, can be 137 
used for symbol detection. Annotating raster drawings is relatively easier than 138 
annotating CAD drawings because symbols can be annotated holistically. On the other 139 
hand, raster drawings have less accurate geometric information and suffer from severe 140 
symbol obscuration and line segment overlap, as all geometrical primitives are 141 
represented by discrete pixels and are placed in the same layer. Nonetheless, these 142 
gaps can be closed with image processing methods [26] that allow for accurate 143 
geometric extraction.  144 

Motivated by the above observations, this study selects raster images derived 145 
from layered CAD drawings as the data source for the following reasons. First, raster 146 
images can leverage well-established raster image-deep learning methods to simplify 147 
semantic extraction, reducing manual intervention and annotation costs. Second, 148 
raster images exported from different layers in CAD drawings help alleviate symbol 149 
occlusion and line segment overlap. Third, although the geometric information in 150 
raster drawings is less accurate than in CAD drawings, this gap can be narrowed by 151 
using proper image processing methods.  152 

2.2 Information extraction from 2D drawings for BIM reconstruction 153 

 Geometric and semantic information about components is essential for BIM 154 
reconstruction. Specifically, geometric information refers to the elements' locations 155 
and shapes (or dimensions), such as the coordinates of element contours; semantic 156 
information describes element characteristics, such as element types [21]. This section 157 
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introduces the primary method for extracting geometric and semantic information, 158 
shows where current research is lacking, and then chooses and illustrates the most 159 
suitable methods for extracting information from 2D MEP raster drawings.  160 

Regarding geometric extraction, current studies have used various approaches to 161 
recognise elements' locations, contours, and dimensions. These methods include 162 
image processing, pattern recognition, and annotation analytics. Image processing 163 
methods, such as the Hough circle transform [22], connected domain labelling [27], 164 
and contour detection [28], can detect the accurate pixel region and contours of 165 
geometrical primitives. Pattern recognition methods generally leverage pre-defined 166 
rules or templates to detect the locations and shapes of specific symbols [21]. These 167 
methods are effective for parts with distinctive patterns. However, they are sensitive 168 
to parts with rotations and scale variations [29]. Annotation analytics methods [22] 169 
obtain components' dimensions by analysing dimensional annotations. Although these 170 
methods perform well for regular components, they cannot provide irregular 171 
components' exact locations and shapes. 172 
 As for semantic extraction, most studies focus on element-type recognition. The 173 
methods used can be divided into hand-designed methods and deep learning methods. 174 
The hand-designed methods [30] work better for specific divisible components, e.g., 175 
diffusers and Variable Air Volume (VAV), and produce high-quality results. However, 176 
designing features or rules requires considerable time and expertise, and their 177 
generalisation and robustness are poor [31]. These problems can be solved by deep 178 
learning methods such as object detection, semantic segmentation, and instance 179 
segmentation, which use neural networks to extract features [17]. Object detection 180 
methods [17,31] are more effective for divisible instances while being less effective 181 
for amorphous components (e.g., ducts) [25]. Compared to object detection, semantic 182 
segmentation [32] has better recognition performance for amorphous components, 183 
capable of capturing the outer contour of elements. Their shortcoming is their 184 
inability to distinguish between different instances. Instance segmentation [33]  can 185 
detect elements' bounding boxes and outer contours. They have better support for 186 
divisible and amorphous components. The problem is that the contours detected do 187 
not exactly match the actual shape, as they do not sufficiently consider the geometric 188 
information, resulting in rough boundaries [33].  189 
 Depending on the information extraction process, existing studies can be divided 190 
into two paradigms. The first detects components' geometrical primitives using image 191 
processing methods, then leverages hand-designed methods to recognise the 192 
semantics of these geometrical primitives [21]. The second uses deep learning 193 
methods to recognise more robust semantics and infer geometry from dimensional 194 
annotations [17]. However, these studies, which used deep learning and image 195 
processing methods separately, were unable to obtain accurate semantics and 196 
geometry of multiscale, irregular MEP components simultaneously. While image 197 
processing methods provide accurate geometry of multiscale, irregular MEP 198 
components, hand-designed methods do not enable robust semantic extraction. 199 
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Although deep learning methods can robustly recognise the semantics of amorphous 200 
MEP components, dimensional annotations can provide limited geometric information. 201 
 Theoretically, integrating instance segmentation with image processing methods 202 
supports accurate semantic and geometric extractions, because 1) the instance 203 
segmentation methods can provide robust semantics and rough object contours, which 204 
help reduce the interference from other irrelevant components in geometric extraction, 205 
and 2) image processing methods can compensate for the deficiency of instance 206 
segmentation methods in geometric extraction. As a result, for information extraction, 207 
this study employs instance segmentation and image processing methods. 208 

2.3 Data schema for BIM reconstruction 209 

A BIM data schema is essential for organising and storing the information 210 
extracted from drawings. Revit and Industry Foundation Classes (IFC) files are the 211 
current mainstream BIM file formats, capable of storing rich geometric and semantic 212 
information and allowing information management during the entire lifecycle of an 213 
AEC/FM project [34]. Although many engineers use Revit, its files are not open 214 
source. An additional data schema conversion process is required to ensure data 215 
exchange between different BIM software. Compared to Revit files, IFC is an open 216 
and vendor-neutral BIM data schema that supports efficient data exchange and 217 
collaboration among multi-professional participants. Considering the cross-party 218 
involvement in the O&M of ageing buildings, this study chooses the IFC schema as 219 
the carrier of extracted BIM data.  220 

Most previous IFC-based BIM reconstruction studies focused on regular elements 221 
in architectural and structural drawings, such as beams and columns. They produced 222 
BIM reconstruction by combining element semantics with dimensional annotations 223 
[17,22] or extruding element contours along the Z-axis [21,24]. However, these 224 
modelling paradigms are not fully applicable to MEP drawings, because dimensional 225 
annotations cannot provide accurate geometric information for irregular components, 226 
and component shapes may change along the Z-axis. In addition, existing MEP 227 
drawing-based studies modelled MEP components except for ducts as rectangular 228 
bodies, ignoring the actual components' contours [20,23]. However, different contours 229 
of components may represent different physical functions. There is room for 230 
improvement when it comes to modelling irregular MEP components. 231 

2.4 Research gaps 232 
It is observed that most 2D drawing-based MEP model reconstruction methods 1) 233 

separate the image processing-based geometric extraction from the deep learning-234 
based semantic extraction and cannot simultaneously extract the accurate semantics 235 
and geometry of multiscale, irregular MEP components; and 2) are unable to model 236 
the irregular shapes of MEP components. As a result, the accurate and information-237 
rich 3D MEP model cannot be reconstructed, affecting the BIM application in the 238 
O&M of MEP systems.  239 
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3. Research objectives and questions 240 

This research aims to reconstruct building information models from 2D drawings 241 
for MEP systems. The research objectives are (1) to automatically extract the 242 
semantic and geometric information of the MEP components from 2D drawings and 243 
(2) to create an IFC-based MEP model with accurate shapes preserved. To achieve 244 
these objectives, the subsequent questions will be answered. 245 
 First, how to extract accurate semantic information about the irregular and 246 
multiscale MEP components in oversized drawings? Although the instance 247 
segmentation model supports divisible and amorphous component recognition, 248 
accurate semantic recognition for multiscale components from oversized images using 249 
the instance segmentation model would be challenging. For example, if a large-size 250 
raster image (e.g., 5480 x 2880) was used directly for training, it would need to be 251 
rescaled to a smaller size (e.g., 600 x 600) for input into the model. This process will 252 
cause most of the detailed information to be lost, leading to poor detection 253 
performance for small-scale objects. If, on the other hand, small image patches were 254 
used to train models, large-scale objects would be harder to detect because an image 255 
patch only shows a small part of a large-scale object. 256 
 Second, how to extract accurate geometric information about the irregular and 257 
amorphous MEP components? While the instance segmentation model can provide 258 
component contours, the irregular component contours detected by the instance 259 
segmentation model can be inaccurate. Fig. 1, for example, shows that some vertices 260 
are missing, straight lines are detected as curves, and the detected mask does not fully 261 
cover the element's shape. These issues will make distinguishing the geometric 262 
primitives of different components extremely difficult, further affecting the accuracy 263 
of the 3D shapes created. 264 

  
(a) Missing vertexes and straight lines being 
detected as curves 

(b) The detected mask does not fully cover the 
duct's shape 

Fig. 1. A result of instance segmentation. 265 
 Third, how to model the IFC-based BIM for irregular MEP components with their 266 
accurate shapes preserved? Currently, IFC modelling of irregular MEP components 267 
can be challenging as there is a lack of tools to efficiently model components with 268 
irregular shapes. If irregular components are modelled based on the IFC schema, the 269 
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component's vertex coordinates need to be specified manually. For components whose 270 
shape changes in the Z-direction, such as a hose composed of triangular faces, it is 271 
non-trivial to obtain their vertex coordinates, which will hinder the modelling 272 
efficiency of irregular components. 273 
 To answer these questions, a 2D drawing-based BIM reconstruction framework 274 
for MEP systems is proposed. This framework is comprised of three modules: 275 
semantic information extraction, geometric information extraction, and BIM 276 
automatic modelling. In the following sections, the technical particulars of the three 277 
modules will be presented. 278 

4. Methodology 279 

The proposed three-module framework is shown in Fig. 2. In particular, the 280 
locations, shapes, and types of MEP components constitute the geometric and 281 
semantic information in this study. A strategy for image cropping is implemented in 282 
the semantic information extraction module to facilitate multiscale object recognition 283 
in oversized drawings. This strategy can improve the identification accuracy of 284 
multiscale objects by using cropped images for training and mapping the detection 285 
results onto the original image for testing. In the geometric information extraction 286 
module, two novel semantic-assisted image processing methods for fine-grained 287 
geometric extraction of irregular components are developed. These methods, which 288 
match instance segmentation results with geometrical primitives detected by image 289 
processing techniques, can accurately distinguish the geometrical primitives of 290 
irregular components. In the BIM automatic modelling module, pythonOCC 2 and 291 
IfcOpenShell3 are introduced to automate IFC-based BIM reconstruction for irregular 292 
MEP components. IfcOpenShell is an open-source IFC library and geometry engine, 293 
whereas pythonOCC is an open-source full-size 3D geometry library. The 294 
combination of pythonOCC and IfcOpenShell can model irregular element shapes 295 
with only a few parameters, greatly enhancing irregular components' modelling 296 
efficiency. 297 

 
2 https://github.com/tpaviot/pythonocc-core 
3 http://ifcopenshell.org 
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 298 
Fig. 2. The roadmap of the proposed framework. 299 

4.1 Semantic information extraction 300 

The semantic information extraction module aims to extract multiscale irregular 301 
MEP components' semantic information from large-size images. The following 302 
section will introduce the strategy and instance segmentation model used. 303 

4.1.1 Image cropping strategy for multiscale component recognition 304 
The image cropping strategy proposed by Eten [35] is adopted to improve 305 

multiscale object instance segmentation of large-size raster drawings. This strategy 306 
that segments large-size images into small-size images using sliding windows can 307 
reduce the image size and object scale differences, as shown in Fig. 3. In both the 308 
training and testing phases, the sliding window slides from left to right and from top 309 
to bottom on the image with a given overlap ratio (20% by default, as suggested by 310 
Wang et al. [36]) to segment the original image as well as the annotations. In the test 311 
phase, after non-maximum suppression processing, small-size image detection results 312 
are mapped onto the original image. This strategy preserves image details, increases 313 
training samples, and reduces annotation workload, which helps enhance model 314 
performance on large-size images and multiscale objects. 315 
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Fig. 3. Schematic diagram of using sliding windows to split images and annotations. 316 

4.1.2 Cascade Mask R-CNN instance segmentation 317 
The Cascade Mask R-CNN [37] model is a two-stage instance segmentation 318 

model with high semantic recognition accuracy suitable for current tasks with multi-319 
category and high positioning requirements. The main feature of the Cascade Mask R-320 
CNN model is that it introduces a cascade detector. This detector allows object 321 
detection and semantic segmentation at different Intersection-over-Union (IoU) 322 
thresholds in different stages, significantly enhancing detection efficiency and 323 
accuracy.  324 

The Cascade Mask R-CNN model consists of four modules: a backbone network, 325 
a Feature Pyramid Network (FPN), a Region Proposal Network (RPN), and a cascade 326 
detector. The backbone network, pre-trained on a generic image dataset, can extract 327 
the essential features. FPN fuses features at different scales, improving the multiscale 328 
object detection capability of the network. RPN discriminates between foreground 329 
and background and generates region proposals. The cascade detector contains multi-330 
stages and predicts object semantics, bounding boxes, and object masks for each stage. 331 
The detector in each stage has a different IoU threshold, which can filter different 332 
negative samples. By integrating these modules, the Cascade Mask R-CNN model 333 
enables reliable instance segmentation for tasks with many categories and high 334 
localisation requirements. Combined with the image cropping strategy, the Cascade 335 
Mask R-CNN model can robustly detect and segment irregular MEP components in 336 
large-size images, providing bounding boxes, contours, and semantic information for 337 
geometric extraction and IFC modelling. 338 

4.2 Semantic-assisted geometric information extraction 339 
 In order to obtain fine-grained geometry and distinguish the geometric primitives 340 
of irregular elements, this module benefits from semantic information and develops 341 
two semantic-assisted image processing methods for contour detection and skeleton 342 
extraction, respectively. The detailed processes and the coordinate system conversion 343 
method will be described in the following sections. 344 
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4.2.1 Semantic-assisted contour detection 345 
 Obtaining accurate contours is critical for modelling irregular components, 346 
especially those whose shape remains constant along the Z-direction, such as ducts 347 
and VAV, as they can be modelled by extruding the contours vertically. Based on the 348 
results of the instance segmentation, the geometric information extraction module 349 
uses a semantic-assisted contour detection method to obtain the exact shape of 350 
irregular MEP components. The specific process is presented as follows. First, the 351 
module merges all the bounding boxes and masks of the same class that the instance 352 
segmentation model detects, as shown in the blue boxes and green and purple masks 353 
in Fig. 4(a). Bounding box merging means creating a maximum bounding box by 354 
calculating the minimum and maximum coordinates from the boxes with scores above 355 
a given threshold (e.g., 0.6). Then, the original image can be segmented by the 356 
merged bounding box. This step helps reduce the interference of other extraneous 357 
components with contour detection. Afterwards, the module marks the connected 358 
domains on the segmented images using a connected domain labelling algorithm. A 359 
connected domain is a collection of adjacent pixels with the same intensity. For 360 
example, different coloured regions represent different connected domains, as shown 361 
in Fig. 4(b). This step aids in the separation of geometric primitives from different 362 
components. Finally, for each connected domain, the module counts the proportion of 363 
pixels within the connected domain that overlap with the position of the merged mask. 364 
If this proportion exceeds the specified threshold, the connected domain is retained, 365 
and contour detection is performed; otherwise, the connected domain is excluded. 366 
This step further eliminates other irrelevant components and distinguishes the 367 
geometric primitives of different components. Eventually, the accurate contour and 368 
semantic information of components can be obtained by matching their connected 369 
domains and masks. 370 
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(a) Results of instance segmentation (b) Results of fine contour detection 

Fig. 4. Contour detection of ducts. 371 

4.2.2 Semantic-assisted skeleton extraction 372 
Another challenge is to extract the geometric information of components whose 373 

shapes change in the Z-direction, such as pipes and hoses. Apart from the contour 374 
information, modelling these components requires accurate skeleton information. 375 
Consequently, a semantic-assisted skeleton extraction method is developed. 376 
Specifically, the centerlines of these components are first detected based on their 377 
rough contours using the skeleton extraction method, i.e., OpenCV's 378 
cv2.ximgproc.thinning function. However, the starting and ending points of the 379 
centerline detected may be inaccurate, as it achieves thinning by iteratively shrinking 380 
the pixels of the outer contour. As illustrated in Fig. 5(b), the detected centerline is the 381 
curve between two green points, while the target centerline should be the curve 382 
between orange points. To solve this problem, this study assumes that the slope of the 383 
line segment between the orange and green dots is constant, as the distance between 384 
these two dots is close to the pipes' radius. The exact starting and ending points of the 385 
centerline can then be determined by extending the line segment to the bounding box. 386 
After locating the centerlines, these components can be modelled easily with their 387 
diameters. 388 

 
(a) Detected air pipe               (b) Extracted air pipe skeleton 

Fig. 5. Air pipe skeleton extraction. 389 

4.2.3 Coordinate system conversion 390 
The detected pixel coordinates of components' contours and centerlines in 391 

previous sections cannot be used directly for modelling, as they do not correspond to 392 
the dimensions and locations indicated on the drawings. Therefore, it is necessary to 393 
convert the Pixel Coordinate System (PCS) to the Drawing Coordinate System (DCS). 394 
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This conversion requires the determination of the DCS origin location and the pixel 395 
scale. For the former, this study employs the Hough circle transform and Optical 396 
Character Recognition (OCR) techniques to detect the locations and semantics of axis 397 
labels. The Hough circle transform is a feature extraction method to detect circles in 398 
images. OCR is a technique for detecting the text location and transforming the 399 
detected text into computer-encoded text. Afterwards, the DCS origin position (𝑢𝑢0�,�𝑣𝑣0) 400 
can be inferred from the pixel coordinates of the smallest axis labels in the X and Y 401 
directions, as shown in Fig. 6. As for the pixel scale calculation, the inter-axis 402 
annotations 𝐿𝐿𝑥𝑥 and 𝐿𝐿𝑦𝑦 are first identified using OCR on the area enclosed by the axis 403 
network, as shown in the light blue area in Fig. 6. The pixel scale can then be 404 
calculated using the following equation after measuring the pixel distances 𝑃𝑃𝑥𝑥 and 𝑃𝑃𝑦𝑦 405 
between the axis labels:  406 

 𝑆𝑆𝑥𝑥 =
∑ 𝐿𝐿𝑥𝑥𝑖𝑖
𝑛𝑛
𝑖𝑖=1

∑ 𝑃𝑃𝑥𝑥𝑖𝑖
𝑛𝑛
𝑖𝑖=1

, 𝑆𝑆𝑦𝑦 =
∑ 𝐿𝐿𝑦𝑦𝑖𝑖
𝑚𝑚
𝑖𝑖=1

∑ 𝑃𝑃𝑦𝑦𝑖𝑖
𝑚𝑚
𝑖𝑖=1

, (1) 407 

where n and m are the numbers of inter-axis labels on the X- and Y-directions, 408 
respectively. Equation (1) calculates the ratio of each pixel to the annotation length by 409 
dividing the grid annotation length by the pixel number between grids. With the DCS 410 
origin location and the pixel scale being calculated, the PCS can be converted to DCS 411 
using the equation below: 412 

 �
𝑥𝑥
𝑦𝑦
1
� = �

𝑆𝑆𝑥𝑥 0 −𝑢𝑢0𝑆𝑆𝑥𝑥
0 −𝑆𝑆𝑦𝑦 𝑣𝑣0𝑆𝑆𝑦𝑦
0 0 1

� �
𝑢𝑢
𝑣𝑣
1
�. (2) 413 

Equation (2) first converts the PCS origin 𝑶𝑶PCS to the pixel coordinates (𝑢𝑢0�,�𝑣𝑣0) where 414 
the DCS origin 𝑶𝑶DCS  is located, and then scales the pixel coordinates to drawing 415 
coordinates using pixel scales 𝑆𝑆𝑥𝑥 and 𝑆𝑆𝑦𝑦 in the X- and Y-directions, respectively. 416 
 417 
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 418 
Fig. 6. Schematic diagram of pixel coordinate system and drawing coordinate system. 419 

4.3 BIM automatic modelling 420 

 After extracting the semantic and geometric information of components and 421 
converting the PCS to DCS, the BIM automatic modelling module can create an IFC-422 
based BIM file using pythonOCC and IfcOpenShell. Specifically, two main steps are 423 
(a) matching the semantics of the components with IFC entities and (b) generating a 424 
geometric representation of the components. In the first step, this module matches 425 
components with IFC entities using the mapping rule shown in Table 1. In the second 426 
step, the module generates the geometric representation of components using different 427 
entities to represent the components' geometry, as illustrated in Fig. 7. For 428 
components whose shape remains constant along the Z-direction, the module uses the 429 
extrusion method. This method creates an IfcExtrudedAreaSolid entity to represent 430 
the components' geometry using detected contours and pre-defined extrusion lengths 431 
and directions. For components whose shape changes in the Z-direction, such as air 432 
terminals and hoses, this module first uses the pythonOCC engine to generate the 3D 433 
shape of these components. For example, an air inlet is considered a combination of a 434 
wedge and a box; therefore, the air inlet can be easily modelled using the 435 
BRepPrimAPI_MakeBox and BRepPrimAPI_MakeWedge functions of the 436 
pythonOCC engine. These 3D shapes in boundary representation format are then 437 
converted by IfcOpenShell to a geometric representation using the 438 
IfcFaceBasedSurfaceModel entity. It is worth noting that since the plan drawing only 439 
provides the X- and Y-axis coordinates, the Z-axis coordinates must be set manually 440 
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to avoid collisions.  441 
Table 1. Component types and IFC entities mapping table. 442 

Component type IFC entity 
Duct and hose IfcFlowSegment 

Air terminal and grille IfcFlowTerminal 
FCU, AHU, muffler, and VAV IfcAirTerminalBox 

 443 

 444 
Fig. 7. Schematic diagram of the IFC file structure. 445 

5. Experiment 446 

 To verify the feasibility and reliability of the proposed method, 2D MEP 447 
drawings from existing buildings were used for the experiment. The detailed 448 
experimental setup and results are presented in the following sections. The code is 449 
available on GitHub (https://github.com/CrossStyle/MEP2BIM). 450 

5.1 Experimental setup 451 
 This section elaborates on the experimental data, environment, parameters, and 452 
evaluation metrics. 453 

5.1.1 Experimental data 454 
A dataset of 2D MEP drawings is created, including 335 images. These images 455 

are cropped from nine raster images exported from different layers in CAD drawings 456 
of two existing buildings. The training and test sets are divided from these cropped 457 
images with a ratio of 3:1. Specifically, the layer information in CAD drawings is 458 
utilised to mitigate the overlap of symbols and line segments. Fig. 8 shows that the 459 
number of mutually occluded components in the drawings is significantly reduced 460 
after separating different layers. The tools used in this conversion are AutoCAD and 461 
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Ezdxf (https://github.com/mozman/ezdxf), which convert DWG drawings to DXF 462 
files and then to PNG images. The line width in CAD drawings is set to the minimum 463 
line width, i.e., 0.00mm in AutoCAD, to reduce the error caused by the line width. 464 
Afterwards, these images are cropped from left to right and from top to bottom with 465 
an overlap ratio of 20% by default to provide diverse training and test data. The size 466 
of the sliding window is 600 by 600. It is worth noting that the overlap ratio is 467 
adjusted accordingly due to class imbalances and varying graphical densities. For 468 
example, the ratio is set higher (such as 50%) for classes with small sample sizes or 469 
drawings with more dense graphical primitives. 470 

The statistics of the number and area of each component type are shown in Table 471 
2. These components can be grouped into three categories depending on their size. 472 
Specifically, ducts are classified as large-size components, as they account for only 473 
27.0% of the quantity but occupy 78.2% of the area. In contrast, Fan Coil Units 474 
(FCUs), VAV, grilles, and air terminals are small-size components, as their area shares 475 
are much lower than their quantity shares. The rest of the components, i.e., mufflers 476 
and Air Handling Units (AHUs), are medium-sized. Their area shares are slightly 477 
larger than their quantity shares. 478 

  
 

 

 
(a) Original drawings (b) Ducts (c) Air terminals and 

grilles 
(d) MEP devices 

Fig. 8. Exported drawings in layers. 479 
 480 

Table 2. The quantity and area of each type of component. 481 
Type IFC entity Scale Quantity Area (𝑚𝑚2) Quantity (%) Area (%) 
Duct IfcFlowSegment Large 72 224.680 0.270 0.782 

Muffler IfcAirTerminalBox Medium 2 2.942 0.007 0.010 
AHU IfcAirTerminalBox Medium 2 4.065 0.007 0.014 
FCU IfcAirTerminalBox Small 18 6.111 0.067 0.021 
VAV IfcAirTerminalBox Small 27 11.555 0.101 0.040 
Grille IfcFlowTerminal Small 98 25.843 0.367 0.090 

Air terminal IfcFlowTerminal Small 48 12.000 0.180 0.042 

5.1.2 Experimental environment and parameters 482 
 The experiment environment is Windows 11, 64 G of RAM, a 3070 laptop 483 
graphics card, an i7-10870H processor, Python 3.9, and PyTorch 1.8.1. The total 484 
number of training epochs is 12, and the learning rate is reduced to one-tenth of the 485 
previous one in the 8th and 11th epochs. The optimiser is stochastic gradient descent 486 
with a momentum of 0.9 and a weight decay of 0.00001.  487 
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5.1.3 Evaluation Metrics 488 
 Different evaluation metrics are adopted to evaluate the accuracy of semantic 489 
extraction, geometric extraction, and component modelling. 490 
 For semantic extraction, this study chooses Average Precision (AP), which can 491 
evaluate the localisation and segmentation accuracy of the instance segmentation 492 
model at different IoU thresholds and scales. Specifically, 𝐴𝐴𝑃𝑃50 and 𝐴𝐴𝑃𝑃70 represent 493 
the AP value when the IoU threshold is 0.5 and 0.7, respectively. The mean Average 494 
Precision (mAP) is the average of the AP calculated when the IoU threshold is 0.5 to 495 
0.95 with a step size of 0.05. 𝐴𝐴𝑃𝑃𝑆𝑆, 𝐴𝐴𝑃𝑃𝑀𝑀  and 𝐴𝐴𝑃𝑃𝐿𝐿  represent the AP values for small 496 
targets (pixel area less than 32×32), medium targets (pixel area between 32×32 and 497 
96×96), and large targets (pixel area greater than 96×96), respectively. The procedure 498 
for calculating AP is shown in the following equation: 499 
 𝐴𝐴𝐴𝐴 = ∫ 𝑝𝑝(𝑟𝑟)𝑑𝑑𝑑𝑑, (3) 500 
where p represents the precision, r represents the recall, and AP is the area enclosed 501 
by the p-r curve and the coordinate axis.  502 
 The evaluation metrics for geometric extraction and component modelling are 503 
perimeter and area, as they allow straightforward evaluation of the shape generated 504 
from 2D drawings. The calculation procedure is shown below: 505 

 𝐸𝐸𝑟𝑟𝐴𝐴 = 𝐴𝐴−𝐴𝐴GT
𝐴𝐴GT

,𝐴𝐴 = 𝐴𝐴pixel × 𝑁𝑁pixel, (4) 506 

 𝐸𝐸𝑟𝑟𝑃𝑃 = 𝑃𝑃−𝑃𝑃GT
𝑃𝑃GT

, (5) 507 

where A and P denote the area and perimeter, respectively; 𝐴𝐴GT and 𝑃𝑃GT represent the 508 
ground truth values of A and P, respectively; 𝐸𝐸𝑟𝑟𝐴𝐴  and 𝐸𝐸𝑟𝑟𝑃𝑃  denote the error of the 509 
generated components' area and perimeter, respectively. A can be calculated by 510 
multiplying the pixel number 𝑁𝑁pixel in the detected connected domain by the DCS 511 
area of each pixel 𝐴𝐴pixel. P can be calculated by accumulating the distance between 512 
vertices in the detected contour. 513 

5.2 Experimental results 514 
This section presents the experimental results of three tasks, i.e., semantic 515 

information extraction, geometric information extraction, and IFC modelling. 516 

5.2.1 Semantic information extraction results 517 
 The training loss, training accuracy, and test mAP are shown in Fig. 9. In the first 518 
400 iterations, loss declined dramatically, and the accuracy of two stages of the 519 
Cascade Mask R-CNN model (i.e., S1 acc and S2 acc) in the training phase and the 520 
mAP of two tasks (i.e., object detection and instance segmentation) in the test phase 521 
rose rapidly. Although the magnitude of their changes became smaller in the 522 
following iterations, the loss was still going down and both mAPs were still going up, 523 
which shows that there was no overfitting. 524 
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 525 
Fig. 9. The diagram of training loss, training accuracy, and test mAP. S1 acc and S2 acc represent the 526 
accuracy of the two stages of the Cascade Mask R-CNN model in the training phase. Bbox mAP and 527 
Segm mAP are the mAPs for the object detection and instance segmentation tasks in the test phase, 528 
respectively. 529 
 530 

The qualitative results of the Cascade Mask R-CNN model are shown in Fig. 10. 531 
Fig. 10 shows that the model works well for detecting components of different scales 532 
and shapes, both regular and irregular. 533 

 534 

 
(a) Large targets: ducts 

 
(b) Small targets: air terminals and grilles 

 
(c) Large and medium targets: ducts and mufflers 

 
(d) Small targets: VAV and FCUs 

Fig. 10. Qualitative results of the Cascade Mask R-CNN instance segmentation model. 535 
 536 

The quantitative results of the Cascade Mask R-CNN model are shown in Table 3 537 
and Table 4. According to Table 3, the mAP of the model is higher than 0.9, with 538 
excellent performance in object detection and instance segmentation tasks. The model 539 
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also achieved good large- and medium-scale results, with the AP metrics greater than 540 
0.9, followed by the small-scale components. Table 4 presents the performance of 541 
various components. The mAPs of all components' object detection and instance 542 
segmentation are greater than 0.80, indicating good overall performance. The above 543 
qualitative and quantitative results demonstrate the reliability of the Cascade Mask R-544 
CNN model in the semantic information extraction task. 545 

Table 3. Quantitative results of the Cascade Mask R-CNN model in different AP metrics. 546 
Task mAP 𝐴𝐴𝑃𝑃50 𝐴𝐴𝑃𝑃70 𝐴𝐴𝑃𝑃𝑆𝑆 𝐴𝐴𝑃𝑃𝑀𝑀 𝐴𝐴𝑃𝑃𝐿𝐿 

Object detection 0.939  0.998  0.995  0.900  0.942  0.984 
Instance segmentation 0.918  0.998  0.998  0.865  0.920  0.912 

 547 
Table 4. mAP of the Cascade Mask R-CNN model in different classes. 548 

Task Muffler Duct Duct1 Air 
pipe VAV4 VAV5 FCU10 FCU8 FCU4 Air 

terminal AHU Grille Grille1 

Bbox* 0.968 0.864 0.940 1.000 1.000 0.883 0.925 0.900 0.954 0.927 1.000 0.950 0.883 
Segm* 0.907 0.851 0.821 0.911 1.000 0.857 0.925 0.900 0.949 0.904 1.000 0.953 0.873 

* Bbox and Segm represent the object detection and instance segmentation tasks, respectively. 549 

5.2.2 Geometric information extraction and IFC reconstruction results 550 
 The reconstructed IFC models of two MEP systems are shown in Fig. 11. Both 551 
regular and irregular MEP system components in the 2D drawings are recognised and 552 
reconstructed. After extracting semantic and geometric information, the reconstruction 553 
durations are 2.85s for MEP systems 1 of 335 components and 0.79s for MEP systems 554 
2 of 282 components. The reconstructed 3D models and reconstruction errors of some 555 
components are presented in Table 5. Table 5 shows that the extracted component 556 
perimeter and area errors are less than 5%. These results demonstrate the reliability, 557 
accuracy, and efficiency of the proposed geometric information and IFC 558 
reconstruction methods. 559 

 
(a) Reconstructed MEP system 1 
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(b) Reconstructed MEP system 2 

Fig. 11. Reconstructed IFC models. 560 
 561 

Table 5. Geometric extraction and IFC reconstruction results of some components. 562 
Type 

(Perimeter&Area) Detection results IFC reconstruction results Errors 

VAV-4 
(P: 4.351m, 
A: 0.481𝑚𝑚2) 

  

P:-0.16% 
A:-0.20% 

FCU-10 
(P: 3.300m, 
A: 0.455𝑚𝑚2)  

 

P:-0.59% 
A:- 0.41% 

Hose 
(NA) 

  

NA 

Air terminal 
(P: 1.200m, 
A: 0.090𝑚𝑚2) 

  

P:±0.00% 
A:±0.00% 

Duct 
(P: 63.299m, 
A: 16.189𝑚𝑚2) 

  

P:-4.12% 
A:-3.03% 

6. Discussion 563 

This study provides a feasible and reliable method for reconstructing irregular 564 
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MEP models based on 2D drawings. As mentioned in the previous section, regular 565 
and irregular MEP system components in the 2D drawings can be recognised and 566 
modelled accurately and efficiently. However, there are still factors that affect or limit 567 
the information extraction and the IFC modelling process. The following section will 568 
discuss the effect of the image cropping strategy on semantic extraction and analyse 569 
the factors that cause inaccurate contours on geometric extraction and the constraints 570 
on IFC modelling. 571 

6.1 Effect of image cropping strategy on semantic extraction 572 

 The image cropping strategy is adopted for multiscale object segmentation in the 573 
MEP drawings. To illustrate the effectiveness of this strategy, three different testing 574 
strategies are compared. Specifically, these strategies are to use (a) unsegmented 575 
images, (b) segmented non-overlapping small images, and (c) segmented partial-576 
overlapping small images for testing. The experimental results are shown in Fig. 12 577 
and Table 6. Fig. 12(a) shows that considerable detailed information is lost when 578 
using the unsegmented image for testing. Most of this detailed information can be 579 
retrieved using non-overlapping segmented images, as shown in Fig. 12(b). Fig. 12(c) 580 
demonstrates that all components are correctly detected. Table 6 also displays similar 581 
results. The best results were obtained using the segmented partial overlapped setting, 582 
with all AP metrics greater than 0.8. These results demonstrate that the image 583 
cropping strategy helps improve model performance on multiscale object 584 
segmentation, validating its effectiveness. 585 

 
(a) Testing using unsegmented 
images 

 
(b) Testing using segmented non-
overlapping small images 

 
(c) Testing using segmented partial-
overlapping small images 

Fig. 12. A comparison of three strategies with a score threshold of 0.9. The outlined green rectangles 586 
are the shapes of ducts to be detected. 587 
 588 

Table 6. mAP comparison of three different strategies for testing. 589 

Testing strategy Object detection Instance segmentation 
mAP 𝐴𝐴𝑃𝑃𝑆𝑆 𝐴𝐴𝑃𝑃𝑀𝑀 𝐴𝐴𝑃𝑃𝐿𝐿 mAP 𝐴𝐴𝑃𝑃𝑆𝑆 𝐴𝐴𝑃𝑃𝑀𝑀 𝐴𝐴𝑃𝑃𝐿𝐿 

Unsegment 0.141 0.120 0.175 0.078 0.146 0.122 0.174 0.082 
Segmented non-

overlap 0.886 0.759 0.882 0.952 0.857 0.740 0.849 0.894 

Segmented partial-
overlap 0.962 0.855 0.968 0.994 0.932 0.818 0.938 0.920 

 590 
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6.2 Error analysis of geometric extraction 591 

Accurate contours contribute to accurate 3D reconstruction. However, the 592 
contours may change due to different settings of line widths and resolutions that affect 593 
the number of pixels occupied by symbols. This section will analyse and discuss the 594 
impact of line width and resolution on geometric extraction. 595 

6.2.1 Influence of line widths on the accuracy of geometric extraction 596 
Different line widths may result in differences in components' outer contours, 597 

thereby affecting the accuracy of the extracted geometric information. Take VAV-4 as 598 
an example, as depicted in Fig. 13. The increase in line widths leads to an increase in 599 
the number of pixels occupied by the contour, causing the contour to expand, as 600 
shown in Table 7. To evaluate the effect of this contour expansion caused by line 601 
widths, three line widths, i.e., 0.00mm, 0.25mm, and 0.50mm, are compared, where 602 
0.00mm refers to the minimum line width in AutoCAD. The experimental results are 603 
shown in Table 7 and Fig. 14. Table 7 reveals that the errors in the area and perimeter 604 
of VAV-4 increase as the line width increases. Fig. 14 demonstrates that an increase in 605 
line width leads to inaccurate corner points in the generated IFC model. As a result, 606 
the line width of the drawings used in this study will be set to 0.00mm to reduce the 607 
error caused by the line width. 608 

 609 
Fig. 13. A 2D drawing of VAV-4. 610 

   
(a) Line width: 0.00mm (b) Line width: 0.25mm (c) Line width: 0.50mm 

Fig. 14. Generated IFC models at three different line widths. 611 
Table 7. The relative error of the area and perimeter of VAV-4 extracted at three line widths. 612 

GT 

 
Line width: 0.00mm 

 
Line width: 0.25mm 

 
Line width: 0.50mm 

P (m): 
4.351 

4.292 
(-1.33%) 

4.371 
(+0.48%) 

4.462 
（+2.57%） 

A (𝑚𝑚2): 
0.481 

0.479 
(-0.49%) 

0.537 
(+11.57%) 

0.585 
(+21.56%) 

 613 

6.2.2 Influence of image dimensions on geometry information extraction 614 
 In addition to line widths, image dimensions also affect the number of pixels 615 



 23 / 24 
 

occupied by the symbols. To investigate this effect, the VAV-4 depicted in Fig. 13 616 
continues to be used as an example, and its original image dimensions are 102×57. 617 
The VAV-4 is magnified by a factor of five and ten for comparison. The results are 618 
shown in Table 8 and Fig. 15. Table 8 demonstrates that if the line width is set to 619 
0.00mm, increasing the image dimensions helps reduce the error of the area and 620 
perimeter. Figs. 15(a)-(c) also support this conclusion, as the IFC model generated 621 
using the enlarged image has more accurate corner points. However, it is worth noting 622 
that this conclusion applies only when the line width is 0.00mm. The last column of 623 
Table 8 and Fig. 15(d) demonstrate that if the line width is not 0.00mm, the error will 624 
be greater. Therefore, in order to improve the accuracy of detected contours in CAD 625 
drawings, the image's dimensions should be appropriately scaled up after setting the 626 
line width to 0.00mm. Since the line widths of paper drawings are not adjustable, the 627 
image's dimensions should not be increased to avoid errors caused by line expansion. 628 

 
(a) The default generated IFC (line width: 0.00mm) 

 
(b) Zoom in five times (line width: 0.00mm) 

 
(c) Zoom in ten times (line width: 0.00mm) 

 

 
(d) Zoom in ten times (line width: 0.25mm) 

Fig. 15. Generated IFC models at different image dimensions and line widths. 629 
Table 8. The relative error of the area and perimeter of VAV-4 extracted at different image dimensions 630 
and line widths. 631 

GT x1 (0.00mm) x5 (0.00mm) x10 (0.00mm) x10 (0.25mm) 
P (m): 
4.351 

4.292 
(-1.33%) 

4.332 
(-0.42%) 

4.344 
（-0.16%） 

4.392 
（+0.94%） 

A (𝑚𝑚2): 
0.481 

0.479 
(-0.49%) 

0.483 
(+0.45%) 

0.482 
(+0.20%) 

0.534 
(+11.09%) 

6.3 Generated IFC analysis 632 

 Despite the promising results of the proposed method in detecting and modelling 633 
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irregular components, there are still constraints in converting 2D elements to IFC 634 
models. This section will discuss these restrictions and the quality of the resulting IFC 635 
file. 636 

6.3.1 MEP elements to IFC conversion 637 
 Two types of components may not be converted correctly: (a) the element with a 638 
similar shape but different semantics, and (b) the element whose shape in the drawing 639 
does not represent its actual physical shape. Typical elements of the first type are 640 
ducts and pipes. They are both represented by two parallel lines but with different 641 
annotations, as shown in Fig. 16. The proposed methods cannot be applied to these 642 
components because those with similar shapes will have similar visual features and, 643 
therefore, the same semantics. To correctly reconstruct the shape of MEP elements, 644 
the element shapes in the drawing should be the actual projection of their 3D physical 645 
shapes, as the proposed method infers 3D shapes from 2D contours. However, not all 646 
components meet this requirement, e.g., sensors and valves, as shown in Fig. 17. 647 
These devices are generally represented by abstract symbols, which do not represent 648 
their actual shapes. Furthermore, since Z-axis coordinates are not available from plan 649 
drawings, they need to be set manually. However, the manually set coordinates may 650 
not match the actual pose of the element that does not have constant Z-axis 651 
coordinates, such as hoses. Table 9 displays the conversion of MEP components to 652 
IFC models. 653 
 

  
(a) A duct of size 400 × 250 (b) A round tube of 200 diameter 

Fig. 16. Components with similar shapes but have different annotations. 654 
 655 

 
 

(a) A valve (b) A CO2 sensor 
Fig. 17. Two abstract symbols in the MEP drawings. 656 

 657 
Table 9. The IFC conversion of MEP components. 658 

Components that can be 
converted with high accuracy 

Components that can be 
converted but may have 

deviations 
Non-convertible components 

Ducts, AHUs, VAV, FCUs, 
grilles, air terminals, and 
mufflers 

Hoses and tubes 
Sensors, switches, valves, 
pumps and abstract device 
symbols 

 659 
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6.3.2 Resulting IFC file quality 660 
 Fig. 18 depicts a sample IFC file using the IFC4 schema. Since this study focuses 661 
on semantic and geometric extraction, the object type and geometry of MEP elements 662 
are included in the IFC file but not their detailed attributes in annotations. As 663 
discussed in the previous section, it is possible to accurately reconstruct the 664 
components whose shapes in the drawing represent their actual shapes. However, 665 
incorrect cases persist. The recovered components have gaps, collisions, and serrated 666 
surfaces, as shown in Fig. 19. Gaps and collisions are caused by contour lines because 667 
they occupy a certain number of pixels. Errors may be introduced in these areas when 668 
separating elements by connected domain. The serrated surface is the result of discrete 669 
pixel coordinates because the contours created by pixel coordinates are not smooth. 670 
The primary purpose of the generated IFC file is to create the logic chain of MEP 671 
components based on their types, shapes, and spatial locations for fault detection and 672 
diagnosis.  673 

 674 
Fig. 18. The created IFC files. 675 

 676 

 
 

(a) Serrations and gaps of components. (b) Collision between components. 
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Fig. 19. Inaccurate cases in the generated IFC files. 677 

7. Limitations and future work 678 

Even though previous experiments have demonstrated that the proposed method 679 
can be used to reconstruct MEP models, the current research still has limitations.  680 

In terms of semantic extraction, identifying the semantics of the same or similar-681 
shaped object, e.g., ducts and tubes, is challenging. This method may therefore not be 682 
applicable to 2D drawings in which all pipes and tubes are depicted as single or 683 
parallel lines. The primary reason is that the current method only uses visual features 684 
and does not take annotations into account. Future studies may recognise the element 685 
types in the annotations to refine the detection results. Due to the lack of 2D drawings 686 
in the created dataset, the current study was unable to perform fine-grained semantic 687 
recognition, such as differentiating between ducts and connected components. Future 688 
research can collect more data to address this limitation, as a larger dataset 689 
compensates for class unbalance and improves model robustness. 690 

Regarding geometric extraction, this study has three limitations. Firstly, due to 691 
the influence of line width and discrete pixel coordinates, the generated IFC files may 692 
contain collisions, gaps, or serrated surfaces. Future research may consider linking the 693 
pixel area in the raster drawings with the geometric primitives in the CAD drawings. 694 
Both semantics and geometry can be obtained precisely in this manner. Secondly, the 695 
current method requires manual pre-processing to correct drawing errors, such as line 696 
segments that are not properly closed or out of range, as depicted in Fig. 20. These 697 
errors result in inaccurate contours for components. Future studies may wish to 698 
develop drawing error correction methods that automatically perform topology 699 
analysis to merge the closest endpoints. Thirdly, the Z-axis coordinates are missing 700 
from the plan drawing and thus need to be set manually, resulting in incorrect 3D 701 
poses. Future studies can combine elevation drawings with other data sources (e.g., 702 
on-site images or point clouds) to extract this information. 703 

As for IFC modelling, the proposed method cannot reconstruct those abstract 704 
symbols whose shapes in the drawings do not represent their physical shapes. Future 705 
studies may consider developing a method that predicts the modelling parameters of 706 
abstract symbols with element types as input. Besides, the resulting IFC file lacks the 707 
detailed properties of components, such as the cooling and volumetric capacity of the 708 
AHU. Thus, it cannot be used directly for simulation. Future studies can enrich this 709 
information by analysing the text in annotations, symbol descriptions, and equipment 710 
schedules with OCR methods. 711 
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(a) The line segment is not closed correctly. (b) Line segment out of range. 
Fig. 20. Examples of drafting errors. 712 

8. Conclusions 713 

Recovering BIM from 2D drawings to support the effective O&M of MEP 714 
systems helps conserve energy and reduce emissions in ageing buildings. However, 715 
the precise semantic and geometric information needed for O&M is difficult to obtain 716 
from the drawings, primarily due to the multiscale and irregular nature of MEP 717 
components. This study aimed to recover information-rich BIM with accurate shapes 718 
from 2D MEP drawings to facilitate the BIM application in the O&M of MEP systems 719 
in ageing buildings. To this end, a three-module framework for automatic MEP model 720 
reconstruction was developed. Compared to previous studies, the framework features 721 
the following innovations. 722 

The objective of the semantic information extraction module was to extract 723 
accurate semantics and coarse contours of MEP components. Previous studies [23,30] 724 
used handcrafted features to obtain semantic information and represented MEP 725 
components using rectangular boxes. As such, the accuracy of the extracted semantics 726 
and geometry is prone to being affected by the diverse, multiscale, and irregular 727 
components. In contrast, the developed module adopts the Cascade Mask R-CNN 728 
model, which can detect diverse and irregular components robustly. Besides, when 729 
combining layered drawings with the image cropping strategy, the module enables 730 
multiscale object segmentation in large-size raster drawings. Experimental results 731 
show that the model has a mAP over 0.9 in both the object detection and semantic 732 
segmentation tasks, indicating that the module can accurately recognise the semantics 733 
and contours of multiscale irregular components.  734 

The geometry extraction module was developed to extract components' fine 735 
geometry. Existing studies either use pre-defined rules [22] or the combination of 736 
object detection with annotations [17] for geometric extraction. However, these 737 
practices are unsuitable for irregular MEP components, whose amorphous shapes 738 
cannot be precisely described by rules or annotations. Unlike these studies, the 739 
developed module takes advantage of semantic information and extracts the shape and 740 
location of components through semantic-assisted image processing. The robust 741 
semantics of instance segmentation help reduce the interference from other irrelevant 742 
components in geometric extraction. The results show that the error in the area and 743 
perimeter of the contours detected is less than 5%, which validates the accuracy and 744 
reliability of this module.  745 

The BIM automatic reconstruction module was designed to produce IFC for MEP 746 
components. Most IFC schema-based studies' modelling processes are complicated 747 
and inefficient due to a lack of support for modelling irregular-shaped components. 748 
Compared to these studies, the developed module leverages pythonOCC and 749 
IfcOpenShell to realise automated IFC modelling for irregular MEP components. The 750 
module takes only 2.85s and 0.79s to generate two MEP systems containing 335 and 751 
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282 regular and irregular components, respectively. These results demonstrate the 752 
superior modelling efficiency of this module. In conclusion, the developed framework 753 
improves the efficiency and accuracy of MEP model reconstruction. It will provide 754 
reliable semantic and geometric data on MEP components to aid in the O&M of MEP 755 
systems in ageing buildings. 756 
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