
Anomaly Detection for the Identification of Building Components
Defects

NHL Stenden Lectoraat in Computer Vision & Data Science

Hamidreza Amiri
Supervisor: Lucas Alexandre Ramos

Abstract—Building inspection is essential for assessing the technical performance of buildings and planning maintenance actions to
improve their condition and functionality. Traditional manual inspection methods are time-consuming, costly, and hazardous. Utilizing
anomaly detection as a computer vision technique can automate the building inspection process. However, automated building
inspection faces challenges due to the diverse conditions, materials, and maintenance histories of buildings, as well as limitations in
imaging quality and component identification. This paper focuses on the automatic identification of defective construction components,
specifically roofs and window casings, using anomaly detection. A dataset of drone images from buildings in the Netherlands was
generated, providing diverse perspectives and a large amount of training data. The research aims to evaluate the effectiveness of
anomaly detection in identifying defects in roofs and window casings, explore the factors influencing accuracy and efficiency, and
identify limitations and challenges in real-world scenarios. The PatchCore anomaly detection model, which uses a patch-based
approach, is employed as the primary model in this research. Different backbone networks, such as WideResNet50, DeepLabv3+,
and ResNet50, and different feature layers of them were investigated for feature extraction. The best performance on the Casings
dataset was achieved by using the WideResNet50 backbone with layers 2 and 3, and despite the limited number of data and the
diversity in casing types, increasing the number of properly labeled images could further improve the model’s performance. On the
other hand, the model’s performance on the Roof dataset was generally unsatisfactory. The tiled roof dataset consistently showed
improved results, demonstrating the model’s ability to identify nominal and defective roof tiles with more data and uniformity. The
retrained ResNet50 backbone architecture outperformed the baseline performance in the PatchCore anomaly detection model.

Index Terms—Anomaly Detection, Defect Detection, Automatic Building Inspection, PatchCore Anomaly Detection, Computer Vision,
Deep Learning

1 INTRODUCTION

Building inspection plays a crucial role in technical performance
assessment of a building for planning maintenance actions to enhance
its condition and functionality [1]. One of the key tasks in building
inspection is the identification of building defects, which are
deviations from the normal or expected condition of a building that
can potentially impact its structural integrity, comfort, and energy
efficiency. The detection of building defects is traditionally
performed through manual inspection, which is time-consuming,
costly, and dangerous, particularly for extensive or tall structures [2].

By employing anomaly detection as a computer vision technique,
the building inspection process can be automated, reducing the need
for manual inspection. It could enable building owners and managers
to plan maintenance actions more effectively, enhancing the condition
and functionality of their buildings. Anomaly detection is the process
of identifying events or data points that deviate from the majority of
regular patterns in a dataset [3]. In the context of building defects,
anomaly detection can be used to identify and classify deviations from
the normal or expected condition of a building.

Automated building inspection using anomaly detection presents
several challenges. Buildings can vary greatly in their condition,
construction materials, and maintenance history, which makes it
challenging to develop a universal approach to defect identification
and classification. Building defects can take many forms, and some
may be more challenging to detect and classify than others, requiring
sophisticated techniques for automated inspection. Additionally,
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imaging can be limited by factors such as image quality, angle, and
the challenge of identifying distinct building components within a
single image, which also adds complexity to anomaly detection and
could require specific techniques and models tailored to each
component.

This study aims to develop an approach that can be used in industry
for the automatic identification of defective construction components,
based on a dataset generated by drone imaging from many buildings
in different locations in the Netherlands. The focus of this research is
developing an anomaly detection approach for improving the metrics
of identifying defects in roofs and window casings. We selected roofs
and windows for our dataset due to their abundance and the availability
of a substantial number of annotated defects. The annotations for both
the components and defects were meticulously carried out by domain
specialists.

To achieve this, we have explored the effectiveness of anomaly
detection in a real-world setting and evaluated its metrics in
identifying defects in roofs and window casings. This study addresses
the challenges of dataset diversity and annotation accuracy in
building inspection and defect detection. It adapts the PatchCore
model, a state-of-the-art anomaly detection model, and explores
leveraging alternative backbone networks, retraining them for
classification and segmentation, and utilizing deeper layers of
features. The aim is to improve performance in detecting building
defects and enhance reliability.

• What is the performance of anomaly detection techniques in
identifying defects in roofs and window casings?

• What are the key factors influencing accuracy and efficiency?

• What are the limitations and challenges associated with using
anomaly detection techniques for identifying defects in roofs and
window casings in real-world scenarios?



2 RELATED WORK

In recent years, deep learning and computer vision have been
extensively employed to develop new methods for detecting and
localizing surface defects in building components and industrial
products.

Some approaches are based on different types of Convolutional
Neural Networks (CNNs). Pathak et al. [4] utilized 2D and 3D data to
train models for detecting and localizing damages. Their proposed
method employed various Faster-RCNN configurations, such as
Resnet-101, Inception V2, Inception-Resnet, Resnet-FPN, and Nas,
for damage detection in 3D models of a UNESCO World Heritage
site in India. The results demonstrated the robustness of the proposed
approach over image data pertaining to architectural styles of heritage
monuments. Nasrollahi et al. [5] proposed a method for detecting
concrete surface defects using a Deep Neural Network (DNN) based
on LiDAR scanning. They employed PointNet, a CNN, to analyze 3D
point sets of bridge surfaces and successfully detect surface defects.
Staar et al. [6] proposed the use of CNNs for automated optical
quality inspection in industrial applications. Their approach involved
employing deep metric learning with triplet networks to detect
anomalies, even for new surface/defect classes not included in the
training data. The average area under the curve (AUC) metric for
different classes and experiments was around 0.8, indicating
promising results.

Furthermore, Generative Adversarial Networks (GANs) have been
widely used in anomaly detection problems. Hong et al. [7] proposed
a novel method for upsampling low-density point clouds, which has
applications in crack detection, depth calculation, and segmentation
tasks. By combining point cloud data with corresponding 2D images
of the object, their GAN architecture generated new, high-density
point clouds, leading to improved accuracy in crack detection, depth
calculation, and segmentation compared to previous methods.

Transformer-based networks have also been employed for anomaly
detection. Researchers have proposed defect-aware
Transformer-based networks for the surface of products in
manufacturing defect detection for industrial quality control. These
networks utilize a Transformer-based encoder architecture,
comprising multiple Transformer layers, to address the limitations of
CNNs in capturing long-range dependencies necessary for detecting
tiny and irregular defects. The integration of Defect-aware modules
equips the models with the ability to perceive and capture geometric
and characteristic features of defects. Additionally, Global Positional
Encoding (GPE) provides crucial positional information, leading to
improved model performance and increased adaptability to varying
defect patterns [8]. Another proposed approach includes a two-stage
end-to-end Transformer-based encoder-decoder for surface defect
detection in industrial quality control. This approach demonstrates
effectiveness and can be trained with a relatively small number of
samples, making it suitable for industrial applications with limited
sample sizes [9].

Siamese networks have been utilized to learn similarity metrics
between input samples. Takimoto et al. [10] proposed an anomaly
detection method using a Siamese network with an attention
mechanism and Attention Branch Loss (ABL) to address the lack of
sufficient abnormal data for training deep-learning models in
practical applications. Experimental results showed the effectiveness
of the proposed method, even with limited abnormal data.

Supervised segmentation models have also been employed for
detecting defects on surfaces. Tabernik et al. [11] presented a deep
learning approach with two sets of CNN networks for detecting and
segmenting surface cracks with a small number of training samples.
Their proposed method outperformed other state-of-the-art
segmentation networks, such as U-net and DeepLab v3, and required
only around 25-30 defective samples for training. Additionally, they
created a new dataset based on a real-world quality control case,
making it publicly available for further research and evaluation.

Unsupervised learning frameworks have been used to detect cracks
in 3D laser-scanned point clouds of building components in
post-disaster scenarios. The CrackEmbed method [12], a point-based

deep neural network, extracted discriminative point features using a
feature embedding network trained with the triplet loss function. An
unsupervised anomaly detection algorithm was then applied to
separate damaged points from non-damaged points based on their
distribution in feature space, allowing for the identification of cracked
regions. The proposed method achieved high accuracy and was
evaluated in real-world disaster scenarios.

In addition, some models adopt a memory bank of nominal features
obtained from a pre-trained backbone network to detect anomalies at
both the image and pixel levels. These models, such as PatchCore,
Padim, and SPADE [13], offer competitive inference times and achieve
state-of-the-art performance for both detection and localization.

In the realm of deep learning and computer vision, various
approaches have been developed for the detection and localization of
surface defects in building components and industrial products. These
include techniques based on CNNs, GANs, Transformers, Siamese
networks, supervised segmentation networks, and more. Among
these methods, the PatchCore anomaly detection model has garnered
attention due to its unique features and advantages. One of its main
advantages is that it only requires normal images for training, making
it attractive for many use cases. By leveraging a memory bank of
nominal features derived from a pre-trained backbone network, the
model effectively detects anomalies at both the image and pixel
levels. The model offers competitive inference times while achieving
state-of-the-art performance for both detection and localization [13].
Unlike supervised models, anomaly detection models like PatchCore
can detect previously unseen anomalies, as they are trained solely on
nominal data without relying on known defects encountered during
the training process. This advantage makes them suitable for
scenarios with limited or unavailable training data for specific
defects. Additionally, the structure of the model provides the
flexibility to explore different configurations beyond the original
paper, such as leveraging various backbones and different output
layers tailored to specific requirements. Through rigorous
experimentation and evaluation, the effectiveness of the PatchCore
model can be assessed in specific domains, contributing to
advancements in anomaly detection for real-world datasets with
diverse characteristics.

3 MATERIALS AND METHODS

This section explains important details about networks, datasets,
annotations of data, and basic calculations that have been used in this
research. The main flow of this research starts with the anomaly
detection model and related dataset and annotation.

3.1 PatchCore Anomaly Detection
In this paper, we use a state-of-the-art method for anomaly detection
in images called PatchCore. PatchCore is an anomaly detection
model that uses a patch-based approach to detect anomalies in
images. It works by dividing an image into patches and extracting
features from each patch. PatchCore has been shown to achieve
state-of-the-art performance on several benchmark datasets, including
the MVTec AD and STC datasets [13].

Figure 1 provides a visual representation of the PatchCore model
and its functioning. The model follows a two-step process for training
and testing. During the training phase, the PatchCore model takes
normal images as input and processes them using a backbone
network. The backbone network extracts patch-level features from
the input images. The backbone network used in the PatchCore
model was pre-trained on the ImageNet dataset. However, it is
important to note that the original research primarily focused on
leveraging medium-level layers to mitigate potential biases
introduced by the pre-trained network towards the features present in
ImageNet classes. In deeper layers, there is a possibility of increased
bias towards ImageNet features, which we aim to address and
investigate in this study. To reduce storage requirements and
inference time, a coreset subsampling technique is applied to select
representative patches. The features of these patches are then stored
in a memory bank. The memory bank serves as a repository of



Fig. 1: An Overview of the PatchCore Model [13]. The PatchCore model is trained by passing normal images through a backbone network to
extract patch-level features. These features are then stored in a memory bank, representing the pattern of normal images. During testing, the
patch-level features of test set images are compared to the normal patches stored in the memory bank using a nearest neighbor search. Based on
the differences or similarities of the patch-level features, an anomaly score is calculated for each patch in the image.

normal patch-level features, capturing the patterns and characteristics
of the normal images used for training. These features act as a
reference for comparison during the testing phase.

In the testing phase, the PatchCore model takes test images as
input. Similar to the training phase, the backbone network extracts
patch-level features from these test images. These features are
compared to the stored normal patch-level features in the memory
bank using a nearest neighbor search. By measuring the difference or
similarity between the patch-level features of the test images and the
stored normal patches, an anomaly score is calculated for each patch
in the test images. This anomaly score indicates the likelihood of a
patch being an anomaly or deviating from the normal patterns learned
during training. The PatchCore model leverages the collective
anomaly scores of the patches to identify and localize anomalies
within an image. A higher anomaly score suggests a higher likelihood
of an anomaly being present in the corresponding patch.

It is important to note that the visual representation provided in
Figure 1 offers a clearer understanding of the model’s architecture
and the flow of data during training and testing. By referring to the
figure, one can easily grasp the key steps involved in the PatchCore
model and how it operates to detect anomalies in images.

3.2 Backbone Networks

3.2.1 WideResNet50

The original PatchCore model utilizes a pre-trained ResNet network
based on the ImageNet dataset, specifically the WideResNet50 or
WideResNet101 architectures. However, due to potential bias in
feature extraction caused by the ImageNet classes, the model only
uses medium-level layers. We hypothesized that utilizing high-level
feature layers could improve feature accuracy. To test this hypothesis,
we conducted experiments with other networks trained on the data of
the building component images.

3.2.2 Deeplabv3+

Deeplabv3 is a model that is originally built upon the ResNet-101
network and adapted to other models later on. Deeplab makes use of
the ResNet blocks and applies atrous convolutions to compute feature
responses in fully connected networks [14]. In PyTorch, the model
was trained on the ImageNet dataset and additionally, we retrained
the DeepLabv3+ network on similar images from our dataset to
perform roof and casing segmentations. The objective of retraining
these networks was to examine whether training backbones with a
similar dataset, but for a different task, improves the performance of
the model and enables the utilization of deeper layers for more
detailed features and/or faster computations.

3.2.3 ResNet50

ResNet50 is a deep neural network architecture commonly used for
image classification tasks. It utilizes the concept of residual learning,
enabling the network to learn residual mappings instead of direct
mappings. This characteristic allows for training deeper networks
without encountering vanishing gradient issues [15]. In our research,
we employed the pre-trained ResNet50 model in PyTorch, which was
originally trained on the ImageNet dataset. Additionally, we retrained
this model specifically for the classification task of distinguishing
between nominal and defective images using the same dataset and
train-validation split. This ensures that the images used for testing
and validation in the anomaly detection model have not been
previously seen by the ResNet50 model.

3.3 Layer Selection for Feature Extraction

In the PatchCore anomaly detection model, we explored the use of
different layers of backbone networks to extract features in various
scenarios. The choice of feature layers plays a crucial role in
balancing detail and generalization. When extracting features from
deeper layers, we obtain more detailed and specific information about
the input data. However, it is important to consider the potential bias
towards the dataset on which the backbone networks were originally
trained.

Alternatively, utilizing shallower layers of the backbone networks
provides more general features that capture lower-level patterns and
concepts. However, the computation time and usage of the memory
increase due to the larger data size involved.

To address these considerations, the original paper proposed
leveraging the medium-level layers (2 and 3) of the WideResnet50
architecture as the baseline approach. This choice was made to strike
a balance between capturing sufficient detail in the features extracted
by the model and avoiding excessive bias towards the pretrained
dataset.

Furthermore, we investigated the impact of retraining the backbone
networks, which were already trained on ImageNet class, based on
the specific dataset in our research. In our research, we performed
retraining on the ResNet50 network for classification purposes, using
the same dataset and split to classify nominal and defective building
components. Additionally, we retrained a ResNet101 backbone using
Deeplabv3 for roof and windows segmentation on similar images
from our dataset to perform roof and casing segmentation. By
exploring different feature layers and considering the implications of
retraining backbone networks, we aimed to optimize the balance
between detail and generalization, and ultimately improve the
effectiveness of the anomaly detection model in our specific context.



3.4 Dataset

The data used in this study consisted of images captured by a drone
from various buildings and locations in the Netherlands, obtained
from an aerial scan company. The images were taken from different
angles and categorized into different units or buildings. with each
unit representing one or a set of buildings imaged in a single session.
The aerial images obtained from the aerial scan company were used
to generate a 3D model of the buildings. The company then employed
this 3D model to annotate each unit separately, with the annotations
projected onto the corresponding 2D images.

For anomaly detection, it is crucial to have a large number of good
or nominal images that have regular patterns. In our dataset, the
Casing and Roof components had the highest number of images, and
the images of these components showed a higher degree of similarity.
Additionally, the quality of annotation needs to be considered.
Therefore, these components were chosen as the focus of our
research, as they provided the best opportunity to work on a
well-de�ned and uniform set of images for anomaly detection. As the
�rst step of our investigation, we initially focused on obtaining masks
for these components and their corresponding defects. An example of
an original image and its corresponding annotated image with
building components and defects is shown in Figure 2 and 3. For
example in Figure 2, we speci�cally focused on casings and their
associated defects. These defects encompassed various issues such as
dirtiness, rot, damage, moss, and more. However, during the
preparation process, we encountered challenges with the projection of
annotations from the 3D model to the 2D images. As a result, there
were instances where the highlighted yellowish mask in the middle of
the image appeared unrelated to the casings. This occurred when the
annotation represented components or defects that were not visible in
the 2D image, as they were located behind or on the other side of the
building.

3.4.1 Data Preparation

To prepare the data, it was necessary to create a curated list of the
most useful images from a pool of approximately 8000 images, as
described later. This approach aimed to minimize the extensive
manual cleaning effort during the �nal data processing stage. The
objective was to extract and crop the target components from the
images, resulting in a larger number of components compared to the
initial number of images, as each image may contain multiple
components. We chose images that had well-annotated roofs, casings,
or glass, along with all components and defects, captured from an
angle as close to perpendicular as possible. This was done to ensure
that the images were taken with consistent and straight angles, which
facilitates training the model on a uniform dataset.

3.4.2 Casing Dataset

To generate cropped images of the casings, we �rst used the casing
masks to crop the images. Next, based on the overlap of the casing
annotation and defect annotation in the region of the cropped image,
we recognized whether the cropped images contained defects or not.
To ensure that the cropped images contained only the casing, we set
the pixel values outside of the casing mask to zero. Similarly, to
isolate the glass region of the casing, we set the pixel values inside
the glass mask and outside the casing mask to zero. We hypothesize
that this can help the model only focus on the relevant features of the
casing. The resulting cropped images were saved in their respective
categories, with defective cropped images having a new mask
generated as ground-truth and all defects categorized as one class.
Figure 4 shows an example of a cropped defective image with its
overlayed defect and mask �le. After the generation of cropped
images, we conducted another manual inspection to remove images
that did not include the whole casing component with an almost
90-degree angle and with no obstacle present in front of it in the
cropped image. For non-defective cropped images, it was crucial that
the entire casing component was fully intact with no defects or
obstructions present. This process ensured the selection of the most
appropriate images for further analysis, resulting in a high-quality

Fig. 2: An image and masks of the casing components and defects on
it. Masks for casings, glasses and different defects overlaid onto the
original images

Color Description
Casing
Glass
Growth: moss, algae
Damage: end-stage intensity
Dirt, deposits, discoloration
Peeling: end-stage intensity

Fig. 3: An image and masks of the roof components.

Color Description
Roof

dataset for the subsequent training of the anomaly detection models.
After performing manual cleaning, the initial set of 1100 cropped
images was reduced to 455 �nal images with 102 cleaned nominal
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