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Featured Application: To improve the integrated management in building conservation and en-
courage the AECO sector actors to adopt preventive maintenance in the field of cultural heritage.

Abstract: Currently, there is extensive research focused on automatic strategies for the segmentation
and classification of 3D point clouds, which can accelerate the study of a landmark and integrate it
with heterogeneous data and attributes, useful to facilitate the digital management of architectural
heritage data. In this work, an automated image-based survey has been exploited a Region- Based
Convolutional Neural Network. The training phase has been executed providing examples of images
with the anomalies to be detected. At the same time, a laser scanning process was conducted to
obtain a point cloud, which acts as a reference for the BIM process. In a final step, a process of
projecting information from the images onto the BIM recreates the pathology shapes on the model’s
objects, which generates a decision support system for the built environment. The innovation of
this research concerns the development of a workflow in which it is possible to automatize the
recognition and classification of defects in historical buildings, to finally interpolate this geometric
and numerical information with a BIM methodology, obtaining a representation and quantification of
the information adapted to the facility management process. The use of innovative techniques such
as artificial intelligence algorithms and different plug-ins becomes the main strength of this project.

Keywords: survey metadata; R-CNN neural network; database design; cultural heritage; information
management

1. Introduction

Currently, the increase and easier use of quality images are leading to their intensive
use in the Architecture, Engineering, Construction, and Operations (AECO) sector along
the whole life cycle of construction assets, including in their Facility and Asset Management
(FM/AM) [1,2]. It is recognized that object recognition, object segmentation and semantic
segmentation are important to support construction and FM/AM activities: inspection,
progress monitoring, resource tracking and as-built modeling [1].

Data acquisition by new technologies in the engineering and architectural field has
demonstrated wide diffusion, mainly due to the capacity to digitalize constructive elements
and artefacts with accuracy and generate information models useful for the phases of
analysis, simulation and interpretation [3]. In this way, the integration of multiple layers of
information is offered that can be linked across industry, community, researchers and all
the construction stakeholders with flexibility and timeliness, which traditional techniques
could not demonstrate [4]. Moreover, the increasing complexity of buildings highlights
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the need for the AECO sector to manage a large amount of data, where digitalization
is the current solution [5]. In this scenario, the building digitalization process offers the
opportunity to create virtual databases able to collect data from different disciplines in an
efficient way [6–8].

This work aims to explore the potential of machine learning and deep learning ap-
proaches for the supervised classification of degradation pathologies applied to a case study,
which can be reproduced in other building typologies. The research activity aims to develop
an innovative workflow, applicable to existing buildings, where it is possible to automatize
the recognition and classification of degradation pathologies and their characteristics, to
allow integrated FM/AM through a BIM model.

The particularity of the approach resides in the use of artificial intelligence (AI) so-
lutions to automatically classify anomalies, not only by type but also to include their
parameters, such as surface, gravity and the urgency of the intervention, and, finally, to
combine these results in a BIM platform oriented to FM and AM. The established workflow
can be divided into four steps.

First, data acquisition with the application of a Terrestrial Laser Scanner (TLS) was
carried out, which is a type of digital survey and a non-destructive technique. As a result,
partial point clouds were obtained at each station, and after a subsequent data elaboration
step through the application of software algorithms, an integral point cloud of the whole
complex with the building geometry assembly was obtained. Then, by applying the
scan to the BIM process, a 3D modeling step was developed, in which it was possible to
achieve the reconstruction of complex geometries and creation of automatic families using
programming software and plug-ins such as Dynamo. On the other hand, a data processing
step with the identification of pathologies based on the photos of several building defects
was performed, applying deep learning (DL) algorithms. Finally, the integration of the
DL model in Revit as a plug-in was performed, to proceed with the automatic anomaly
detection. For future work, a database is intended to be designed, gathering maintenance
actions of different components, as well as its periodicity and service life, with the main
objective of making the search easier and encouraging users and managers to protect
historical heritage.

In addition to the numerous advantages of the application of the BIM process for
FM/AM during the different phases of a project, several problems were also identified.
The most obvious is probably the one related to the complicated digital recognition and
categorization of façade anomalies (to identify deterioration phenomena), a topic that this
research intends to address.

The challenge and the scientific contribution of this research are the automation of
the anomaly assessment processes that usually are carried out manually, in which the
anomalies’ interpretation and their representation both present complexities that lead to
differences when compared with the reality. Another point of interest is that this automation
is not only limited to geometric reconstruction as far as the detection of this is restricted
to categorization and numerical data. Thus, it will finally be possible to generate a virtual
container of information in a BIM environment, both geometric and informative, which will
become the basis of a rational, transparent and verifiable reconstruction of the architectural
evidence with the potential for maintenance and protection of the built environment. The
main relevance of this work is the validation of the linkup between DL prediction and BIM
models based on the pilot developed.

2. Digitalization and Computer Vision Technics
2.1. BIM

Building Information Modeling (BIM) represents a methodology able to manage a
building in its entire life cycle. However, its use remains limited and it is rarely adopted by
facility/asset managers, mainly due to its complex 3D modeling requirements and the lack
of shared references and strategic guidelines for semantic data. On the other hand, with the
advent of artificial intelligence (AI) solutions, the need for automated and reliable methods
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to classify 3D point clouds or meshes is becoming fundamental. Several methodologies are
based on the automatic classification and/or segmentation of architectural elements with
the use of deep learning (DL) methods, allowing the development of algorithms that are
able to make decisions based on empirical training data, as a preparative phase for the BIM
process [9–11].

The issue of automatically detecting anomalies in buildings has been developing.
However, there is a general lack of standards for the representation of building pathologies,
usually described by generic patterns and colors annotated on a specific legend in a 2D
graphic representation [10]. The inspection and monitoring of these anomalies are crucial
in planning maintenance and repairs. This thus provides an innovative scientific basis for
study and research: the documentation becomes a sort of three-dimensional digital backup
of an asset in its current state. Additionally, the integration of the results into BIM digital
models will help managers to decide on the implementation of the most adequate FM/AM
strategies to optimize the interventions of maintenance, rehabilitation and restoration. Thus,
the BIM environment serves as a collector and container of information, from which the
information can be processed and extracted by computer vision techniques, namely Convo-
lutional Neural Networks (CNN), and digitalization techniques, such as laser scanning and
photogrammetry, which help to represent the pathologies in the BIM environment.

2.2. Convolutional Neural Network

As a deep learning algorithm, the CNN is commonly applied to input images, assign-
ing importance to various features in the image and learning through this process how
to differentiate between them [12]. CNN is very useful for supervised and unsupervised
learning. In the current work, CNN is employed for supervised learning, since the inputs
of the system and the outputs to obtain are known.

As for supervised learning, an input image can be categorized and classified by means
of a CNN, since it learns and maps a given image to its corresponding category by detecting
the features of the image. A CNN is composed of layers, and the more layers the CNN has,
the greater is the learning rate of the CNN for high-level feature representations for the
classification task. Based on rearranging the CNN layers, several architectures have been
developed for several purposes, such as LeNet [13], which was applied to handwritten
digit identification, AlexNet [14,15], which is a small architecture for computer vision, and
Residual Network (ResNet) [16], used in the present study. ResNet from Microsoft allows
the identification of skip connections in the residual blocks, which allows us to train very
deep CNN architectures.

CNN architectures have been used by computer vision algorithms for image classifica-
tion, detection, generation and segmentation, as presented in the next section. However,
for many practical scenarios, there is not enough data available for supervised learn-
ing. Thus, in these cases, the CNN is trained for a different problem, where a large
amount of training data is available, and then the CNN has to learn the new task by
means of transferring knowledge from one task to another [12], which is denominated as a
fine-tuning mechanism.

Nonetheless, related to the lack of datasets and to avoid overfitting, data augmentation
is one approach that aims to regularize the networking using data-level techniques. When
the number of training examples is low, data augmentation can enlarge the dataset to allow
the more robust training of large-scale models. This approach of regularization of the CNN
consists of making several copies from a single image using operations such as rotation,
cropping, flipping, scaling and translation.

To evaluate the quality of the predictions produced by the networks on the training
data, the loss function is used, which is the final layer of the CNN. It quantifies the difference
between the estimated output of the model and the correct output. In this case, the F1 score
was implemented, and it combines the measurements of precision and recall to produce a
single value that indicates the overall quality of the model. This metric works well even
with datasets that have disproportionate classes [17].
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2.3. Computer Vision

Based on CNN, computer vision consists of a technology that accepts inputs in the form
of images (photos or videos) and provides the automatic analysis of these images [18,19].
Moreover, information and data science include methods for representing building infor-
mation [20] and methods for AI processing of data, including machine learning (ML) and
pattern recognition [21–23].

The semantic understanding process is based on the image collection (image databases)
for construction anomalies’ detection.

The image recognition process permits the objects’ or patterns’ automatic recognition
from one or more images. The image segmentation process consists of the image being
partitioned into different regions according to established criteria as expressive features
permitting the shape information’s extraction, the noise background reduction and, conse-
quently, making image recognition easier. Thus, image segmentation is naturally applied
before image classification [24].

In the construction sector, different applications have been developed. The 3D point
cloud classification process based on machine learning has been used for the automatic
recognition of architectural components such as columns, facades or windows in large
datasets [25]; archeologic mosaic image segmentation based on deep cascade learning [26]
for the remote inspection of reinforced concrete (RC) structures using Unmanned Aerial
Vehicles (UAVs) and based on the advanced digital image processing the automatic identi-
fication of various types of RC pathologies, particularly biological colonies, efflorescence,
cracks and exposed steel rebars [10,27]; automatic surface concrete damage recognition
(cracks, rebar exposure, delamination and intact surface) utilizing a multi-level atten-
tion convolutional neural network [28]; concrete surface cracks’ automatic identification
and analysis using deep learning and machine learning techniques [29–32]; and concrete
spalling [33]. All of this research highlights the accuracy and importance of these methods
for the inspection, maintenance and preservation of the built assets and to assure their
performance and quality along with their service life. Computer vision-based techniques
have been developed to automatically detect and categorize surface concrete anomalies,
avoiding human visual inspections and the associated probability of error.

The research project makes use of computer programming systems for the processing
of all the data collected and its automation in a BIM environment, which will constitute the
geometric basis from which in-depth and analytical scientific research will be undertaken.
The data processing and training pipeline for the DL models are built using the Python
programming language with the PyTorch [34] framework, besides others. The models
are trained in a single GPU NVIDIA Tesla V100, and the metrics and result statistics are
obtained using scikit-learn [35].

3. Materials and Methods

Having the objective of this work in mind, which is to automatize the recognition and
classification of building anomalies and to connect this with the BIM model, the following
methodology (presented in Figure 1) was adopted, whose implementation will be described
in the section of the case study (Section 4).

Regarding the survey and data acquisition, the methodology used the integration of
data from different sources: direct observation, fieldwork and labs, archival data and laser
scanning. The main goal is to obtain a 3D point cloud and orthoimages, both to be used
as a geometrical and morphological basis by engineers and architects in the development
of interventions in the built environment. Thus, the Scan-to-BIM workflow was applied:
this is a reverse modeling technique that uses digital sensing technologies to obtain point
clouds, which become the basis for BIM modeling. The so-called workflow is divided
into three steps: (i) survey design with the position of the scans, (ii) data processing and
(iii) BIM modeling.
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Moreover, a dataset composed of images of several anomalies from several buildings
was collected and recorded. These images were organized and classified according to
the type of anomalies, in which a dictionary of images was developed by means of the
one hot encoding process in DL. Then, they were used as the input parameters for the
development of the image recognition process in the DL model. The building geometric
assembly and the data processing step consisted of processing the results obtained in the
Cyclone Register 360 software. Two sub-phases are scheduled: (i) the reconstruction of
a 3D geometric model of the structure based on georeferenced images and laser scanner
algorithms, and (ii) the automatic identification of pathologies based on the collected
images and through the application of image processing tools to be explained below. The
data processing was performed with Cyclone Register 360 software utilizing the Iterative
Closest Point algorithm.

The supervised classification consists in the automatic identification of created patholo-
gies based on the collected images and through the application of image processing tools
available by means of deep learning tools (DL). The 3D building model was developed by
means of the 3D point cloud obtained. The scanner processing was performed in Cyclone
Register 360 software from Leica; then, by means of RECAP Pro, it was possible to import
the point cloud into Autodesk Revit software.

4. Case Study

To implement the designed methodology a case study was chosen. The case study is
the Church of Santa Casa da Misericordia of Aveiro (Figures 2 and 3), in Aveiro, Portugal,
which was built in the XVI and XVII centuries and is an important part of the architectural
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and historical heritage of the city of Aveiro in mainland Portugal. Designed by the architect
Gregório Lourenço, the church is characterized by a religious, mannerist architecture. It
presents a rectangular plan composed of a single nave and deep chancel and the rectangular
inner courtyard of the Dispatch House. The roof is composed of two slopes with ceramic
tile cover. Over the centuries, this building has benefited from several restoration and
consolidation interventions. It is a masonry structure, with wedges and opening frames of
stone, with a ceramic tile coating on the interior facade, vaults and pulpit and baptismal
sinks of limestone.
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The front of the church, 14 m wide, develops through rectilinear lines marked by the
wedges that finish as Tuscan pilasters, on which rests the general threshold, growing up the
triangular pediment, bordered laterally by small pyramids with a pedestal in the extension
of the wedges as in the line of the eaves. In the center, the finish is achieved by a high
cross of stone, also with a pedestal, in the closure of the gable. The austere character of the
church’s frontage is aggravated by the application of stamped blue and white ceramic tiles,
dated from 1867 [36].

The building was surveyed for data acquisition by utilizing different sources, namely
direct observation, fieldwork, archival data and a Terrestrial Laser Scanner (TLS), to obtain
a 3D point cloud. Regarding the survey campaign developed with the TLS, the instrument
used was the Leica BLK360. This equipment is a stationary laser scanner of the Continuous
Wave–Frequency Modulation (CW-FM) type. The system can measure with great precision
the direction of pointing, in addition to a distance meter that emits continuous light
radiation. A survey design should first define the TLS station locations to ensure complete
coverage of the object at the required spatial resolution and to avoid areas of occlusion.
Considering the architectonical features in the interior space of the church, the instrument
was set to have a resolution of 6 mm in 10 m. The 3D point cloud model was obtained by
means of 12 scans. With a total of 12 internal scans and 5 external scans (belonging only
to the façade), the TLS acquisition campaign took almost 3 h, with a single-scan time of
approximately 6 min.

The 3D building model was produced by means of the 3D point cloud obtained. The
scanner processing was performed in Cyclone Register 360 software from Leica, which
processes the scans to eliminate the reconstruction of a 3D geometric model of the structure
based on georeferenced images and laser scanner algorithms. The data processing was
performed with Cyclone Register 360 utilizing the Iterative Closest Point algorithm: given
the set of scans, the ICP algorithm searches for all the possible connections between the
pairs of point clouds with overlap. For each connection, a pairwise ICP is performed
and the best matching point pairs between the two scans are saved. A final non-linear
minimization is run only among these matching point pairs of all the connections. The
global registration error of these point pairs is minimized, having as unknown variables
the scan poses [37].

As previously noted, the scanner processing was performed in Cyclone Register
360 software; then, by means of RECAP Pro, it was possible to import the point cloud into
the Revit software, in which the building modeling was performed. Regarding the accuracy
of the geometry, the level of development used was LOD 300, which allows the modeling
of specific families, objects or assemblies in terms of quantity, size, shape, location and
orientation. It also allows the addition of parametric information to objects, by means of
the creation of shared parameters, with information belonging to the output corresponding
to the construction period, demolition, type of anomaly, severity, percentage of surface and
intervention actions.

Figure 4 represents the 3D point cloud and the BIM model produced in Revit. Figure 5
presents the BIM model in Revit. This step makes it possible to obtain the digital represen-
tation of the building, which allows for the integration of parametric data into objects and
for the coordination of the model by several stakeholders and facility managers.

Besides the TLS survey, a dataset composed of 204 images was gathered. Several
anomalies from several buildings were taken and recorded. In this process of data acquisi-
tion, the color of the surface was varied so as not to hinder the algorithm. Thus, in the next
section, the supervised classification performed by means of images will be explored.

4.1. Dataset Gathering

Data are essential to train DL models [38]. In the current work, a dataset of images
and their respective labels were the input to train the computer vision model. In total,
204 images of anomalies from different buildings were considered in the dataset. Table 1
presents examples of the classes and the images considered for this work.
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Table 1. Examples of inputs images considered in DL model dataset.

Class of
Anomaly/Folder Input Images

1—Black crust
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Table 1. Cont.

Class of
Anomaly/Folder Input Images

10—Horizontal and
mapped cracking

Appl. Sci. 2022, 12, x FOR PEER REVIEW 13 of 23 
 

10—Horizontal and
mapped cracking

  
   

11—Cover detachment and
vertical cracking

     

12—Ascending humidity,
cover detachment and

efflorescence

  

   
 

 

13—Ascencional humidity
and efflorescence

   

14—Ascencional humidity

   

The images presented in Table 1 are part of the dataset used to train the DL model. The neural networks learn and 
map the input image to its corresponding category by detecting the features of the image. After the model is trained, 
the new images with anomalies will be classified and categorized by the fine-tuning mechanism. 

4.2. Supervised Classification—Data Processing 

Appl. Sci. 2022, 12, x FOR PEER REVIEW 13 of 23 
 

10—Horizontal and
mapped cracking

  
   

11—Cover detachment and
vertical cracking

     

12—Ascending humidity,
cover detachment and

efflorescence

  

   
 

 

13—Ascencional humidity
and efflorescence

   

14—Ascencional humidity

   

The images presented in Table 1 are part of the dataset used to train the DL model. The neural networks learn and 
map the input image to its corresponding category by detecting the features of the image. After the model is trained, 
the new images with anomalies will be classified and categorized by the fine-tuning mechanism. 

4.2. Supervised Classification—Data Processing 

11—Cover detachment
and vertical cracking

Appl. Sci. 2022, 12, x FOR PEER REVIEW 13 of 23 
 

10—Horizontal and
mapped cracking

  
   

11—Cover detachment and
vertical cracking

     

12—Ascending humidity,
cover detachment and

efflorescence

  

   
 

 

13—Ascencional humidity
and efflorescence

   

14—Ascencional humidity

   

The images presented in Table 1 are part of the dataset used to train the DL model. The neural networks learn and 
map the input image to its corresponding category by detecting the features of the image. After the model is trained, 
the new images with anomalies will be classified and categorized by the fine-tuning mechanism. 

4.2. Supervised Classification—Data Processing 

Appl. Sci. 2022, 12, x FOR PEER REVIEW 13 of 23 
 

10—Horizontal and
mapped cracking

  
   

11—Cover detachment and
vertical cracking

     

12—Ascending humidity,
cover detachment and

efflorescence

  

   
 

 

13—Ascencional humidity
and efflorescence

   

14—Ascencional humidity

   

The images presented in Table 1 are part of the dataset used to train the DL model. The neural networks learn and 
map the input image to its corresponding category by detecting the features of the image. After the model is trained, 
the new images with anomalies will be classified and categorized by the fine-tuning mechanism. 

4.2. Supervised Classification—Data Processing 

12—Ascending humidity,
cover detachment and
efflorescence

Appl. Sci. 2022, 12, x FOR PEER REVIEW 13 of 23 
 

10—Horizontal and
mapped cracking

  
   

11—Cover detachment and
vertical cracking

     

12—Ascending humidity,
cover detachment and

efflorescence

  

   
 

 

13—Ascencional humidity
and efflorescence

   

14—Ascencional humidity

   

The images presented in Table 1 are part of the dataset used to train the DL model. The neural networks learn and 
map the input image to its corresponding category by detecting the features of the image. After the model is trained, 
the new images with anomalies will be classified and categorized by the fine-tuning mechanism. 

4.2. Supervised Classification—Data Processing 

Appl. Sci. 2022, 12, x FOR PEER REVIEW 13 of 23 
 

10—Horizontal and
mapped cracking

  
   

11—Cover detachment and
vertical cracking

     

12—Ascending humidity,
cover detachment and

efflorescence

  

   
 

 

13—Ascencional humidity
and efflorescence

   

14—Ascencional humidity

   

The images presented in Table 1 are part of the dataset used to train the DL model. The neural networks learn and 
map the input image to its corresponding category by detecting the features of the image. After the model is trained, 
the new images with anomalies will be classified and categorized by the fine-tuning mechanism. 

4.2. Supervised Classification—Data Processing 

13—Ascencional humidity
and efflorescence

Appl. Sci. 2022, 12, x FOR PEER REVIEW 13 of 23 
 

10—Horizontal and
mapped cracking

  
   

11—Cover detachment and
vertical cracking

     

12—Ascending humidity,
cover detachment and

efflorescence

  

   
 

 

13—Ascencional humidity
and efflorescence

   

14—Ascencional humidity

   

The images presented in Table 1 are part of the dataset used to train the DL model. The neural networks learn and 
map the input image to its corresponding category by detecting the features of the image. After the model is trained, 
the new images with anomalies will be classified and categorized by the fine-tuning mechanism. 

4.2. Supervised Classification—Data Processing 

Appl. Sci. 2022, 12, x FOR PEER REVIEW 13 of 23 
 

10—Horizontal and
mapped cracking

  
   

11—Cover detachment and
vertical cracking

     

12—Ascending humidity,
cover detachment and

efflorescence

  

   
 

 

13—Ascencional humidity
and efflorescence

   

14—Ascencional humidity

   

The images presented in Table 1 are part of the dataset used to train the DL model. The neural networks learn and 
map the input image to its corresponding category by detecting the features of the image. After the model is trained, 
the new images with anomalies will be classified and categorized by the fine-tuning mechanism. 

4.2. Supervised Classification—Data Processing 

14—Ascencional humidity

Appl. Sci. 2022, 12, x FOR PEER REVIEW 13 of 23 
 

10—Horizontal and
mapped cracking

  
   

11—Cover detachment and
vertical cracking

     

12—Ascending humidity,
cover detachment and

efflorescence

  

   
 

 

13—Ascencional humidity
and efflorescence

   

14—Ascencional humidity

   

The images presented in Table 1 are part of the dataset used to train the DL model. The neural networks learn and 
map the input image to its corresponding category by detecting the features of the image. After the model is trained, 
the new images with anomalies will be classified and categorized by the fine-tuning mechanism. 

4.2. Supervised Classification—Data Processing 

Appl. Sci. 2022, 12, x FOR PEER REVIEW 13 of 23 
 

10—Horizontal and
mapped cracking

  
   

11—Cover detachment and
vertical cracking

     

12—Ascending humidity,
cover detachment and

efflorescence

  

   
 

 

13—Ascencional humidity
and efflorescence

   

14—Ascencional humidity

   

The images presented in Table 1 are part of the dataset used to train the DL model. The neural networks learn and 
map the input image to its corresponding category by detecting the features of the image. After the model is trained, 
the new images with anomalies will be classified and categorized by the fine-tuning mechanism. 

4.2. Supervised Classification—Data Processing 

The images presented in Table 1 are part of the dataset used to train the DL model. The
neural networks learn and map the input image to its corresponding category by detecting



Appl. Sci. 2022, 12, 7403 12 of 18

the features of the image. After the model is trained, the new images with anomalies will
be classified and categorized by the fine-tuning mechanism.

4.2. Supervised Classification—Data Processing

In this step, the automatic identification of the created pathologies based on the
collected images and through the application of image processing tools available by means
of deep learning tools (DL) is implemented. This step adopts supervised classification, in
which the DL model is trained considering the representative data to classify by the user.

The machine learning model was produced in Jupyter Lab, where PyTorch, fast.ai,
pandas, glob and matplotlib were some of the libraries used to proceed with the model. This
DL model is placed online by means of an application web on Binder. This application web
is then connected to Revit by means of a plug-in, which allows the subsequent automated
classification of anomalies within Revit.

The dataset collected during the data acquisition represents several building anomalies
and it was used to proceed with a DL model to automate the detection of anomalies in
facades. In the DL model, the automatic segmentation and classification are performed
by the PyTorch pipeline, where the images are pre-processed. First, all images are labeled
according to their structural defects, which, in this case, correspond to 14 classes (each
class corresponds to an anomaly). Then, each image is resized to the dimensions of
224 × 224 pixels to fit within the GPU memory.

The full image dataset consists of 204 images, which were subject to a random split to
obtain 80% of the images as a training dataset and 20% as a validation/test dataset. Since
the dataset of images was not particularly large, to avoid overfitting of the models, the
dataset was enlarged using data augmentation, by applying random transformations into
the training dataset, as follows:

- random rotation in an angle between [−45; 45 degrees] with a probability of 100%;
- random horizontal flip with a probability of 50%;
- random vertical flip with a probability of 50%;
- random resized crop of the images with a scale of 0.8, 1.0 and a ratio of 1.

The transformation of all images to black-and-white (BW) format was also included,
to ensure that the models could learn the structural defect features presented in the images.
All images were then normalized, so their pixel color values varied within the range of
∈ R[−1.,1.]. Afterwards, the images were converted to tensor format to be used by the
CNN model.

As the main backbone model for the classification task, the Residual Network (ResNet)
was selected as the base architecture. ResNets were first proposed in [16] and consist of a
deep neural network (DNN) built as blocks of convolutional layers together with shortcut
connections (or skip layers) that help the ResNet to avoid problems associated with DNNs
—in particular, the well-known gradient vanishing/exploding problem [39]. In this analysis,
the discriminant power of the ResNet with an increasing number of layers—ResNet-18,
ResNet-34, ResNet-50 and ResNet-101—was tested.

All models were trained using the Adam optimizer [40] with an initial learning rate
of 3e-4; the models were trained for 10 epochs, and the learning rate was reduced by half
of its value every time the loss did not improve. This dynamic change in value for the
learning rate is referred to as a reduction in the plateau. As a loss function for the model,
the negative log-likelihood (NLLLoss) was used, which was appropriate to this case due
to the number of classes in the dataset. To evaluate the performance of each CNN model,
the F1 score metric was used. The values of the scores for each ResNet architecture are
displayed in Table 2.
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Table 2. F1 score rates on ResNet validation.

Architecture F1 Score

Top 1 Top 5
ResNet-18 0.5598 0.5906
ResNet-34 0.6034 0.5915
ResNet-50 0.5214 0.5110
ResNet-101 0.3484 0.3587

The F1 score is a metric that combines precision with recall, and its value indicates
the general quality of the model. By means of the architectures used—ResNet—the model
had obtained more than 50% accuracy, except for ResNet-101. It is possible to notice that
34-layer/residual nets are comparably more accurate.

For the architectures used and presented in Table 2, it is possible to conclude that the
precision is above 50% and less than 75%. This can be justified by the size of the dataset,
which promotes the phenomenon of overfitting. Since the dataset will continue to be
increased with photos, it is expected that the accuracy will increase.

In this case, more layers in the learning model do not always means a better learning
model with a lower rate of error. When the dataset is not particularly large, adding
more layers to the deep neural networks causes the model to become stagnant or start to
degraded. When deeper networks are able to start converging, with the network depth
increasing, the accuracy becomes saturated and then degrades rapidly [16].

According to [16], the 18-layer plain/residual nets are comparably accurate, but the
18-layer ResNet converges faster. According to this author, the deeper ResNet has smaller
magnitudes of responses, and when there are more layers, an individual layer of ResNet
tends to modify the signal less.

4.3. Plug-In into Revit

In this step, a DL model for the automated classification of building anomalies was
developed in Python, and it is available online by means of an app. Then, it was possible to
integrate this application into the Revit software, by means of a script in C#.

The DL model has the main objective of automatically detecting building anomalies.
To be connected with Revit, this model was integrated into the software by means of the
NET, the API provided by Autodesk Revit, which allows programming in C#. Besides
this, the Software Development Toolkit (SDK) was installed for Autodesk Revit 2022 and
provides extensive NET code samples and documentation to develop the Revit API.

The add-in in Ribbon was added, as well as the button “Classifyanomaly” (Figure 6).
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The app is available at https://bit.ly/3sMavvd (accessed on 20 July 2022). This link is
associated with the app and, when used, it will open a webpage by means of Binder, in
which it is possible to upload images of building anomalies. Figures 7 and 8 present the
app for classifying images by means of Binder and examples of anomaly classification by
means of the DL model.

https://bit.ly/3sMavvd
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Previously, the DL model learned how to classify the images by means of the dataset
of images previously introduced. After the uploading of a new image to classify, the
probability of this image belonging to the classification is given.

Figure 9 presents the classification of an anomaly for which the application generated
an inappropriate classification.

Sometimes, the classification is not correct, as presented in Figure 9. However, by
increasing the dataset, it will be possible to increase the accuracy of the prediction model.
Besides this, another application that is more user-friendly and direct is intended to be used,
such as Heroku. This would give more visibility to the app and would make it possible to
be used by all the stakeholders and users of the BIM methodology.

The image classified and the information about the anomaly can be integrated into
the BIM model by means of shared parameters and object properties. This would be
essential to contribute to the process of monitoring the building condition and to avoid
data fragmentation. The BIM methodology, as a collaborative methodology, allows users to
access this add-in and it can be used by all stakeholders in the project.
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4.4. Database Design

Preventive maintenance and planned conservation involve the drafting of a plan,
which, based on the assessment of the building’s health, provides a program of checks and
actions to monitor and resolve any critical issues. Information on damage or problems
that may arise, a control program to monitor their occurrence or development and actions
to be taken can be entered for each element. Based on these data, the system allows the
condition assessment of the element and restoration activities to be recorded over time, and
future inspections and actions to be planned. The database has been developed based on
the classes of the anomalies included in this work, and it will be presented in future works.

5. Results

During this work, a methodology was developed that included building digitalization
techniques, 3D building modeling, a prediction model based on DL algorithms and an
add-in development to integrate the prediction model into Revit.

It was realized that although laser scanning is an easy and fast technique to obtain the
digital geometry of the building, in this case study, the variation of the scanners along the
building height was not possible. For this reason, there were some gaps in the 3D point
cloud obtained.

Regarding the DL prediction model developed, it was verified that the accuracy
of the algorithm ranged between 50% and 75%. This means that the recognition of the
building anomalies by introducing new images is possible and correct, but, in specific
cases, the classification is not rigorous. Regardless of the data augmentation functions
applied, the accuracy obtained is a result of the small dataset gathered and also possible
overfitting. Besides this, most of the time, building anomalies do not appear isolated. In
this study, individual and combined classes of anomalies were created for the training
dataset. However, more combinations of anomalies must be set to avoid the overfitting
phenomenon. As long as the dataset is fed with more images, better accuracy from the
model is expected.

Then, an add-in was developed to integrate the prediction model into the Revit
software. This step was performed by means of Binder to make it possible to provide an
online app available for all users. Afterwards, a script in C# was developed, which provides
a link from the Binder app to the Ribbon button of the Revit software. Despite being free,
Binder apps present all the code when the app is open to upload the image, which is
not user-friendly for those who are not familiar with programming. Thus, the usage of
another application that is more user-friendly and direct is intended, such as Heroku, under
the payment of a license. This would give more visibility to the app and would make it
possible to be used by all the stakeholders and users of the BIM methodology. The case
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study presented in the current work made it possible to validate the linkage between DL
prediction models and the BIM environment, which contributes to a more efficient process
of anomaly detection in Revit software.

Building digitalization has been seen as a solution to deal with the increasing com-
plexity and amount of data in AECO and their consequent management. This, along with
computer vision techniques and the BIM methodology, facilitates the decision-making dur-
ing the building life cycle and helps in the implementation of the most adequate FM/AM
strategies to optimize interventions of maintenance, rehabilitation and restoration.

6. Conclusions

This work aimed to provide an automated tool to recognize and classify building
anomalies inside the BIM environment. In this case, BIM would be a container of all
information related to images and object degradation and a promoter of collaboration
between stakeholders and managers. It also allows for automated anomaly assessment, as
well as updating the information in real time in the BIM model, avoiding loss of information
and supporting the decision-making for asset management. The case study showed the
linkage between the models, which was an important step to present a Revit software tool
with complete features using deep learning.

The study presented provides a significant contribution to historical building manage-
ment, since the automated recognition and classification of building anomalies will allow
the prediction of the degradation of the assets, and not only record historical information
but also interpolate a classification and prediction model with the BIM methodology.

In addition, as future works, to improve the integrated management in building con-
servation, the research also aims to develop a database of maintenance actions, correlated
with the anomalies’ identification and characterization. The main purpose of this database
is to encourage and support the AECO sector stakeholders, including archaeologists, con-
servators and restorers, to adopt effective preventive and predictive maintenance in the
field of cultural heritage.

Author Contributions: Conceptualization, F.R. and V.C.; methodology, R.M.; software, F.F.; valida-
tion, R.M., F.F. and E.R.; resources, F.R. and H.R.; writing—original draft preparation, V.C., F.R. and
R.M.; writing—review and editing, F.R., H.R. and R.M. All authors have read and agreed to the
published version of the manuscript.

Funding: This research work was partially funded by the Portuguese Government through the
FCT (Foundation for Science and Technology) and European Social Fund under the PhD grant
SFRH/BD/147532/2019, awarded to the last author. This work was supported by the Foundation for
Science and Technology (FCT)-Aveiro Research Centre for Risks and Sustainability in Construction
(RISCO), Universidade de Aveiro, Portugal [FCT/UIDB/ECI/04450/2020].

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Wei, Y.; Kasireddy, V.; Akinci, B. 3D Imaging in Construction and Infrastructure Management: Technological Assessment and

Future Research Directions. In Workshop of the European Group for Intelligent Computing in Engineering; Lecture Notes in Computer
Science; Springer: Cham, Switzerland, 2018; Volume 10863, pp. 37–60. [CrossRef]

2. Wei, Y.; Akinci, B. Construction Scene Parsing (CSP): Structured Annotations of Image Segmentation for Construction Semantic
Understanding. In International Conference on Computing in Civil and Building Engineering; Lecture Notes in Computer Science;
Springer: Cham, Switzerland, 2020; Volume 98, pp. 1152–1161. [CrossRef]

3. Barba, S.; Ferreyra, C.; Cotella, V.A.; di Filippo, A.; Amalfitano, S. A SLAM Integrated Approach for Digital Heritage Documen-
tation. In International Conference on Human-Computer Interaction; Springer International Publishing: Cham, Switzerland, 2021;
Volume 12794, pp. 27–39. [CrossRef]

http://doi.org/10.1007/978-3-319-91635-4_3
http://doi.org/10.1007/978-3-030-51295-8_80
http://doi.org/10.1007/978-3-030-77411-0_3


Appl. Sci. 2022, 12, 7403 17 of 18

4. Parn, E.; Edwards, D. Conceptualising the FinDD API plug-in: A study of BIM-FM integration. Autom. Constr. 2017, 80,
11–21. [CrossRef]

5. Alaloul, W.S.; Liew, M.S.; Zawawi, N.A.W.A.; Mohammed, B.S. Industry Revolution IR 4.0: Future Opportunities and Challenges
in Construction Industry. MATEC Web Conf. 2018, 203, 02010. [CrossRef]

6. Matarneh, S.T.; Danso-Amoako, M.; Al-Bizri, S.; Gaterell, M.; Matarneh, R. Building information modeling for facilities manage-
ment: A literature review and future research directions. J. Build. Eng. 2019, 24, 100755. [CrossRef]

7. Hu, Z.; Tian, P.; Li, S.; Zhang, J. Advances in Engineering Software BIM-based integrated delivery technologies for intelligent
MEP management in the operation and maintenance phase. Adv. Eng. Softw. 2018, 115, 2017–2019. [CrossRef]

8. Lu, Q.; Xie, X.; Heaton, J.; Parlikad, A.K.; Schooling, J. From BIM Towards Digital Twin: Strategy and Future Development for
Smart Asset Management. In Service Oriented, Holonic and Multi-agent Manufacturing Systems for Industry of the Future: SOHOMA
2019; Studies in Computational, Intelligence; Borangiu, T., Trentesaux, D., Leitão, P., Giret Boggino, A., Botti, V., Eds.; Springer:
Cham, Switzerland, 2020; Volume 853, pp. 392–404. [CrossRef]

9. Borin, P.; Cavazzini, F. Condition assessment of RC bridges. Integrating machine learning, photogrammetry and BIM. Int. Arch.
Photogramm. Remote Sens. Spat. Inf. Sci. 2019, XLII-2/W15, 201–208. [CrossRef]

10. Ribeiro, D.; Santos, R.; Shibasaki, A.; Montenegro, P.; Carvalho, H.; Calçada, R. Remote inspection of RC structures using
unmanned aerial vehicles and heuristic image processing. Eng. Fail. Anal. 2020, 117, 104813. [CrossRef]

11. Grilli, E.; Dininno, D.; Petrucci, G.; Remondino, F. From 2D to 3D supervised segmentation and classification for cultural heritage
applications. Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 2018, XLII-2, 399–406. [CrossRef]

12. Khan, S.; Rahmani, H.; Shah, S.A.A.; Bennamoun, M. A Guide to Convolutional Neural Networks for Computer Vision. Synth.
Lect. Comput. Vis. 2018, 8, 207. [CrossRef]

13. Lecun, Y.; Bottou, L.; Bengio, Y.; Haffner, P. Gradient-based learning applied to document recognition. Proc. IEEE 1998, 86,
2278–2324. [CrossRef]

14. Krizhevsky, A. Learning Multiple Layers of Features from Tiny Images; Technical Report TR-2009; University of Toronto: Toronto, ON,
Canada, 2009.

15. Krizhevsky, A.; Sutskever, I.; Hinton, G.E. Imagenet classification with deep convolutional neural networks. Adv. Neural Inf.
Processing Syst. 2012, 60, 84–90. [CrossRef]

16. He, K.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. In Proceedings of the 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27–30 June 2016; pp. 770–778. [CrossRef]

17. Scikit-Learn. Sklearn.metrics.f1_score. 2022, p. 1. Available online: https://scikit-learn.org/stable/modules/generated/sklearn.
metrics.f1_score.html# (accessed on 23 June 2022).

18. Bradski, G.; Kaehler, A. Learning OpenCV—Computer Vision with the OpenCV Library; O’Reilly Media, Inc.: Sebastopol, CA, USA,
2009; Volume 16.

19. Fisher, R.B.; Breckon, T.P.; Dawson-Howe, K.; Fitzgibbon, A.; Robertson, C.; Trucco, E.; Williams, C.K.I. Dictionary of Computer
Vision and Image Processing. Dict. Comput. Vis. Image Process. 2016. [CrossRef]

20. Sacks, R.; Eastman, C.M.; Lee, G. Parametric 3D modeling in building construction with examples from precast concrete. Autom.
Constr. 2004, 13, 291–312. [CrossRef]

21. Bishop, C.M. Pattern Recognition and Machine Learning–CERN Document Server; Springer: New York, NY, USA, 2006.
22. Efron, B.; Hastie, T. Computer Age Statistical Inference–Bradley Efron, Trevor Hastie–Google Livros; Galle, P., Ed.; Institute of

Mathematical Statistics Monographs, Cambridge University Press: New York, NY, USA, 2002.
23. Rogers, S.; Girolami, M. A first course in machine learning. In Chapman & Hall/CRC Machine Learning & Pattern Recognition Series;

A Chapman & Hall, book; CRC Press: Boca Raton, FL, USA; Taylor & Francis Group: London, UK, 2017.
24. Xu, X. Integrating Segmentation and association Relationship for image Recognition. In Proceedings of the 2021 the 11th

International Workshop on Computer Science and Engineering (WCSE2021), Shanghai, China, 19–21 June 2021. [CrossRef]
25. Grilli, E.; Özdemir, E.; Remondino, F. Application of Machine and Deep Learning Strategies for the Classification of Heritage

Point Clouds. Int. Arch. Photogramm. Remote Sens. Spat. Inf. Sci. 2019, XLII-4/W18, 447–454. [CrossRef]
26. Felicetti, A.; Paolanti, M.; Zingaretti, P.; Pierdicca, R.; Malinverni, E.S. Mo.Se.: Mosaic image segmentation based on deep

cascading learning. Virtual Archaeol. Rev. 2021, 12, 25–38. [CrossRef]
27. Mohan, A.; Poobal, S. Crack detection using image processing: A critical review and analysis. Alex. Eng. J. 2018, 57,

787–798. [CrossRef]
28. Shin, H.K.; Ahn, Y.H.; Lee, S.H.; Kim, H.Y. Automatic Concrete Damage Recognition Using Multi-Level Attention Convolutional

Neural Network. Materials 2020, 13, 5549. [CrossRef]
29. Wu, X.; Liu, X. Building crack identification and total quality management method based on deep learning. Pattern Recognit. Lett.

2021, 145, 225–231. [CrossRef]
30. Zheng, M.; Lei, Z.; Zhang, K. Intelligent detection of building cracks based on deep learning. Image Vis. Comput. 2020,

103, 103987. [CrossRef]
31. Aravind, N.; Nagajothi, S.; Elavenil, S. Machine learning model for predicting the crack detection and pattern recognition of

geopolymer concrete beams. Constr. Build. Mater. 2021, 297, 123785. [CrossRef]
32. Kim, B.; Cho, S. Automated Vision-Based Detection of Cracks on Concrete Surfaces Using a Deep Learning Technique. Sensors

2018, 18, 3452. [CrossRef]

http://doi.org/10.1016/j.autcon.2017.03.015
http://doi.org/10.1051/matecconf/201820302010
http://doi.org/10.1016/j.jobe.2019.100755
http://doi.org/10.1016/j.advengsoft.2017.08.007
http://doi.org/10.1007/978-3-030-27477-1_30
http://doi.org/10.5194/isprs-archives-XLII-2-W15-201-2019
http://doi.org/10.1016/j.engfailanal.2020.104813
http://doi.org/10.5194/isprs-archives-XLII-2-399-2018
http://doi.org/10.2200/s00822ed1v01y201712cov015
http://doi.org/10.1109/5.726791
http://doi.org/10.1145/3065386
http://doi.org/10.1109/CVPR.2016.90
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.f1_score.html#
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.f1_score.html#
http://doi.org/10.1002/9781119286462
http://doi.org/10.1016/S0926-5805(03)00043-8
http://doi.org/10.18178/wese.2021.06.010
http://doi.org/10.5194/isprs-archives-XLII-4-W18-447-2019
http://doi.org/10.4995/var.2021.14179
http://doi.org/10.1016/j.aej.2017.01.020
http://doi.org/10.3390/ma13235549
http://doi.org/10.1016/j.patrec.2021.01.034
http://doi.org/10.1016/j.imavis.2020.103987
http://doi.org/10.1016/j.conbuildmat.2021.123785
http://doi.org/10.3390/s18103452


Appl. Sci. 2022, 12, 7403 18 of 18

33. Cao, M.-T.; Nguyen, N.-M.; Chang, K.-T.; Tran, X.-L.; Hoang, N.-D. Automatic recognition of concrete spall using image processing
and metaheuristic optimized LogitBoost classification tree. Adv. Eng. Softw. 2021, 159, 103031. [CrossRef]

34. Paszke, A.; Gross, S.; Massa, F.; Lerer, A.; Bradbury, J.; Chanan, G.; Killen, T.; Lin, Z.; Gimelshein, N.; Antiga, L.; et al. PyTorch:
An imperative style, high-performance deep learning library. In Proceedings of the 33rd International Conference on Neural
Information Processing System, Vancouver, BC, Canada, 8—14 December 2019.

35. Pedregosa, E.; Varoquaux, F.; Michel, G.; Thirion, V.; Grisel, B.; Blondel, O.; Prettenhofer, M.; Weiss, P.; Dubourg, R.; Vanderplas,
V.; et al. Scikit-learn: Machine Learning in Python. J. Mach. Learn. Res. 2011, 12, 2825–2830. [CrossRef]

36. Portuguese General Direction of Cultural Heritage—Portuguese Ministry of Culture. Church of Santa Casa de Miser-icórdia
of Aveiro. 2016. Available online: http://www.monumentos.gov.pt/Site/APP_PagesUser/SIPA.aspx?id=5173 (accessed on
23 June 2022).

37. Santamaría, J.; Cordón, O.; Damas, S. A comparative study of state-of-the-art evolutionary image registration methods for 3D
modeling. Comput. Vis. Image Underst. 2011, 115, 1340–1354. [CrossRef]

38. Howard, S.; Gugger, J. AI Deep Applications Without a PhD. In Learning for Coders with Fastai & Pytorch; O’Reilly Media, Inc.:
Sebastopol, CA, USA, 2020.

39. Bengio, P.; Simard, Y.; Frasconi, P. Learning long-term dependencies with gradient descent is difficult. IEEE Trans. Neural Net.
1994, 5, 157–166. [CrossRef]

40. Kingma, D.P.; Ba, J.L. Adam: A method for stochastic optimization. In Proceedings of the 3rd International Conference for
Learning Representations, San Diego, CA, USA, 7–9 May 2015; pp. 1–15.

http://doi.org/10.1016/j.advengsoft.2021.103031
http://doi.org/10.1289/EHP4713
http://www.monumentos.gov.pt/Site/APP_PagesUser/SIPA.aspx?id=5173
http://doi.org/10.1016/j.cviu.2011.05.006
http://doi.org/10.1109/72.279181

	Introduction 
	Digitalization and Computer Vision Technics 
	BIM 
	Convolutional Neural Network 
	Computer Vision 

	Materials and Methods 
	Case Study 
	Dataset Gathering 
	Supervised Classification—Data Processing 
	Plug-In into Revit 
	Database Design 

	Results 
	Conclusions 
	References

