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Abstract: The detection of physical damage in buildings is a critical task in ensuring the safety and integrity of structures. In
this study, the effectiveness of deep learning methods for detecting physical damage in buildings, specifically focusing on
cracks, defects, moisture, and undamaged classes was investigated. Transfer learning methods, including VGG16, GoogLeNet,
and ResNet50, were used to classify a dataset of 7200 images. The dataset was split into training, validation, and testing sets,
and the performance of the models was evaluated by using metrics such as accuracy, precision, recall, and F1-score. Results
show that all three models achieved high accuracy on the test set, with VGG16 and ResNet50 outperforming GoogLeNet.
Additionally, precision, recall, and F1-score metrics indicate strong performance across all classes, with VGG16 and ResNet50
achieving particularly high scores. It is demonstrated the effectiveness of deep learning methods for physical damage detection
in buildings and provides insights into the comparative performance of transfer learning methods.
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Binalarda Fiziksel Hasar Tespiti icin Derin Ogrenme: Transfer Ogrenme Yéntemlerinin
Karsilastirilmasi

Oz: Binalardaki fiziksel hasarn tespiti, yapilarin giivenligini ve biitiinliigiinii saglamada kritik bir gérevdir. Bu ¢alismada,
ozellikle catlaklar, kusurlar, nem ve hasarsiz siniflara odaklanarak binalardaki fiziksel hasar1 tespit etmek igin derin 6grenme
yontemlerinin etkinligi arastirtlmistir. VGG16, GoogLeNet ve ResNet50 dahil olmak {izere transfer 6grenme yontemleri, 7200
goriintiiden olusan bir veri kiimesini siniflandirmak i¢in kullanilmistir. Veri kiimesi egitim, dogrulama ve test kiimelerine
ayrilmis ve modellerin performansi dogruluk, kesinlik, geri ¢agirma ve F1-skoru gibi dl¢iitler kullanilarak degerlendirilmistir.
Sonuglar, ii¢ modelin de test setinde yiiksek dogruluk elde ettigini, VGG16 ve ResNet50'nin GoogLeNet'ten daha iyi
performans gosterdigini ortaya koymustur. Ayrica, hassasiyet, geri ¢agirma ve Fl-skoru odlgiimleri tiim siniflarda giiglii
performans gosterirken, VGG16 ve ResNet50 ozellikle yiiksek puanlar elde etmistir. Binalarda fiziksel hasar tespiti i¢in derin
o0grenme yontemlerinin etkinligi gosterilmis ve transfer 6grenme yontemlerinin karsilagtirmali performansina iliskin i¢goriiler
saglanmigtir.

Anahtar kelimeler: Yapisal hasar siniflandirmasi, derin 6grenme, evrisimli sinir aglari, transfer 6grenme.
1. Introduction

The detection of physical damage in buildings is a critical task for ensuring their safety and longevity.
Physical damage can take various forms, including cracks, deformation, and moisture, and can be caused by factors
such as natural disasters, structural weaknesses, or aging. Detecting and assessing physical damage is typically
performed by human inspectors, who visually inspect buildings for signs of damage. However, this process can be
time-consuming, costly, and subject to human error [1].

Recent advances in machine learning, particularly deep learning, have opened up new possibilities for
automated physical damage detection in buildings. Deep learning is a subset of machine learning that uses neural
networks to learn patterns and features from large datasets and has been successfully applied to various image
classification tasks, including medical diagnosis, object recognition, and natural language processing [2].

This study investigates the effectiveness of deep learning methods for detecting physical damage in buildings.
Four classes of physical damage: crack, defect, moisture, and undamaged are taken into consideration. We use a
dataset of 7200 images, with 1800 images in each class, and employ transfer learning methods to classify the
images. Transfer learning is a popular approach in deep learning that leverages pre-trained models on large datasets
to improve the performance of smaller, task-specific datasets [3], [4].
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Specifically, we compare the performance of three transfer learning methods: VGG16, GooglLeNet, and
ResNet50. VGG16Net is a deep convolutional neural network architecture used for image recognition and
classification. It was developed by the Visual Geometry Group (VGG) at the University of Oxford in 2014 and
consists of 16 layers of convolutional and fully connected neural network layers. VGG16Net achieved state-of-
the-art performance in several image recognition and classification tasks and has been widely used as a pre-trained
model in transfer learning for various computer vision applications [5]. GoogLeNet, also known as Inception V1,
is another CNN that won the ImageNet competition in 2014 and is known for its efficient use of computational
resources [6]. ResNet50 is a more recent CNN architecture that uses residual connections to improve the training
of deep neural networks [7].

We split our dataset into training, validation, and testing sets, and evaluate the performance of the models
using metrics such as accuracy, precision, recall, and Fl-score. Our study contributes to the growing body of
literature on using deep learning for physical damage detection in buildings and provides insights into the
comparative performance of transfer learning methods. The results of our study have important implications for
the development of automated systems for building inspection and maintenance, which can improve the safety and
longevity of buildings while reducing costs and human error.

2. Literature Review

Deep learning-based approaches have shown remarkable results in the field of computer vision, particularly
in object detection and classification tasks. In recent years, these methods have also been applied to building
damage detection tasks, with promising results. The detection of physical damage in buildings is a critical task for
ensuring their safety and structural integrity. Traditional methods for damage detection require expert knowledge
and are often time-consuming and expensive. The use of machine learning methods for physical damage detection
in buildings has gained significant attention in recent years. Deep learning, in particular, has shown promise for
automated building inspection and maintenance, which can improve safety, reduce costs, and increase efficiency.

Several studies have investigated the application of deep learning methods for building damage detection.
For example, Kung et al. [8] proposed a method that combined UAV with a deep learning model to detect external
wall tile deterioration of buildings, using images taken by the UAV. The authors made modifications to improve
the efficiency of their method and tested the model's accuracy for efflorescence (Accuracy 91%, Recall 80%),
spalling (Accuracy 76%, Recall 100%), cracking (Accuracy 86%, Recall 86%), and defacement (Accuracy 98%,
Recall 78%). The model achieved high accuracy and recall rates for efflorescence, cracking, and defacement, but
slightly lower rates for spalling. Similarly, Flah [9] has introduced an automated inspection model that employs
image processing and deep learning techniques to identify defects in concrete structures that are not easily
accessible. This model has demonstrated a remarkable classification accuracy of 97.63%, 96.5%, and 96.17% for
the training, validation, and testing datasets, respectively. Additionally, it has achieved low quantification error in
determining crack length, width, and angle of orientation.

In another study, Wang et al. [10] Wang et al. [10] have presented a two-tier approach for detecting and
segmenting objects using Faster R-CNN and Mask R-CNN, respectively. This approach is specifically designed
to identify and quantify the damage on historic glazed tiles. The method achieved an average precision of 0.910
and 0.890 for roll roofing and pan tiles, respectively, and an average precision of 0.975 for damage segmentation.
A hierarchical CNN and gated recurrent unit framework were suggested by Yang et al. [11] for detecting structural
damage, incorporating both spatial and temporal relationships. This framework was assessed using two datasets:
the IASC-ASCE structural health monitoring benchmark and a scale model of a three-span continuous rigid frame
bridge structure. The results of the evaluation showed that the proposed method outperformed other existing
approaches with a detection rate of 84.3%. A new approach for rapid investigation and damage detection of the
Great Wall was presented by Wang et al. [12], which combined mobile crowd sensing with deep learning
techniques. The proposed Great Watcher system demonstrated an accuracy of 78.2% in classifying damage to the
Great Wall. Furthermore, a surface damage identification and location technique based on Faster R-CNN was
introduced, which quickly identified and located damage to masonry structures on the Great Wall. Nex et al. [13]
proposed a CNN model for visible structural damage detection using heterogeneous and large datasets covering
different locations, spatial resolutions, and platforms. The results showed that quality metrics are influenced by
the composition of training samples used in the network and pre-trained networks optimized for different spatial
resolutions.

In another study, Jiang et al. [14] proposed a method based on deep learning called DDSNet, combines
optimized YOLOv4 and deeplabv3+ models for two-stage pavement crack detection and segmentation. They
stated that the accuracy is improved by 2.23% and 7.47%, respectively, and the inference speed is increased by
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35.3% and 50.3%, respectively. Lin et al. [15] proposed a structural damage detection approach using deep
convolutional neural networks that can automatically extract features from low-level waveform signals. Their
results show that the CNN approach achieves high accuracy, even with noisy data, and can identify multiple
damages while also providing insights into the learned hierarchical features.

Transfer learning has also been widely used in deep learning-based building damage detection. For example,
Dais et al. [16] used deep learning technique, including transfer learning, for crack detection on images of masonry
walls, achieving 95.3% accuracy at patch level and 79.6% F1-score on pixel level. Similarly, Perez et al. [17]
developed a deep learning-based method using fine-tuning transfer learning to classify images of building defects
caused by dampness into four categories and achieved an overall accuracy of 87.50% on a separate evaluation set
of 732 images with high precision in defect localization using the class activation mapping technique. In their
study, Teng et al. [18] put forward a structural damage detection approach that relies on digital twin (DT) and
transfer learning. DT technology was utilized to obtain a vast number of damage samples of numerical models,
which were then used to train a convolutional neural network (CNN) as a pre-trained network. The pre-trained
CNN was subsequently transferred to experimentally tested structures and a real bridge structure using transfer
learning technology. The proposed method achieved a remarkable detection accuracy of up to 97.3% for the real
bridge structure. Elghaish et al. [19] tested four pre-trained CNN models and developed a new CNN model to
detect and classify types of highway cracks. The accuracies of the pre-trained models were above average, with
GoogleNet achieving the highest accuracy of §9.08%. The newly developed CNN model outperformed all pre-
trained models with an accuracy of 97.62% using Adam's optimization algorithm at a learning rate of 0.001. Feng
et al. [20] processed the image data collected by high-resolution cameras from the hydro-junction infrastructure
and used it for damage detection. They emphasized that the network they created by changing the structure of
Inception-v3 has an accuracy value of 96.8% in damage detection. Gulgec et al. [21] used the CNN method to
classify damaged and undamaged samples modeled by finite element simulations to detect deficiencies that affect
the performance of the building. Based on the findings, they stated that their application has high accuracy,
robustness and computational efficiency.

In addition to deep learning, other machine learning methods have been used for building damage detection.
For instance, Eltouny et al. [22] presented a density-based unsupervised learning technique for detecting and
localizing structural damage, which employs cumulative intensity measures for feature extraction and a statistical
model construction process based on kernel density maximum entropy and Bayesian optimization. The efficacy
of this framework was tested using three case studies, and the outcomes indicated an average accuracy of 92% in
detecting and localizing damage in both numerical and experimental structures.

Although there have been several studies on the detection of building defects using deep learning techniques,
most of them have focused on a specific type of defect or have used a relatively small dataset. In this study, we
aim to develop a deep learning model that can detect and classify four types of building defects, including crack,
deformation, moisture, and undamaged areas, using a larger dataset of 7200 images. We evaluate the performance
of three popular deep learning models, VGG16, GoogLeNet, and ResNet50, on this dataset and compare their
results. The findings of this study could potentially aid in the efficient and accurate detection of building defects,
thereby reducing the costs and time associated with manual inspection and maintenance.

3. Materials and Methods

The visual data in the dataset include images of building elements made of building materials such as brick,
stone, reinforced concrete, plaster and wood. In addition to these, deterioration and building damage on walls and
decorations are also included. Most of the images were obtained from the authors' own archives and not used by
other researchers in any previous study. A dataset of 7200 images was collected for this study, which included
four categories of physical damage in buildings: crack, deformation, moisture, and undamaged [23]. The dataset
was divided into four equal parts, with each category containing 1800 images. The dimensions of the images were
227x227x3. Three popular transfer learning models, VGG16, GoogLeNet, and ResNet50, were used for this study.
The structure of transfer learning applied in this study is depicted in Figure 1. The collected data were preprocessed
before training the models. The images were resized to fit the input size of the models. The data were also
normalized to have a mean of 0 and a standard deviation of 1. The randomly selected images from each class,
including cracked walls, deformed structures, moisture damage, and undamaged buildings can be seen in Figure
2.
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Figure 1. Structure of pre-trained neural network [24].
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Figure 2. Randomly selected images from each class.

In the fine-tuning process, the pre-trained models were first loaded with their pre-trained weights, and the
output layers were removed. A new output layer was added with the appropriate number of units for the 4-class
classification task. The output layer was then trained with the dataset while keeping the weights of the pre-trained
layers frozen. Finally, the weights of all layers were fine-tuned with the dataset. The models were trained using
both MATLAB Deep Learning Designer and Python software. The training process was performed with a mini-
batch size of 20 in MATLAB and 32 in Python. The number of epochs for training was 150 in MATLAB and 50
in Python, with a learning rate of 0.00001 in MATLAB and 0.0001 in Python. The validation dataset, which
consisted of 20% of the training dataset, was used to optimize the hyperparameters. To visually represent the
training and validation accuracy and loss over epochs, line plots were created for each of the models. Confusion
matrices were also generated to visualize the number of correct and incorrect predictions for each class.

The models' performance was evaluated using several metrics, including accuracy, precision, recall, and F1-
score. The accuracy of the models was calculated as the percentage of correctly classified images in the test dataset.
The precision, recall, and F1-score were calculated for each class based on their scores.

The models were trained on a computer equipped with an Nvidia GeForce RTX 2070 Super graphics card.
MATLAB Deep Learning Designer and Python 3.10.11 with TensorFlow 2.10.0, CUDA 11.2, and cuDNN 8.1
were used for implementing the transfer learning methods. The training parameters used in the MATLAB deep
learning models are shown in Figure 3.
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The model was trained using a solver of SGDM, a mini-batch size of 20, a max epoch of 150, an initial
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Figure 3. Training parameters for Matlab deep learning designer.

learning rate of 0.00001, and a learning rate drop factor of 0.1 (see Figure 2).

4. Results and Analysis

Three different deep learning models, VGG16, GoogLeNet, and ResNet50, were trained and tested on a
dataset of 7200 images that were divided into four classes: crack, defect, moisture, and undamaged. The models
were evaluated based on their accuracy, loss, and confusion matrices. The precision, recall, and F1-score metrics

were also calculated for each class.

The accuracy and loss graphs obtained from Python experiments for the three models are shown in Figure 4-
6 respectively. As can be seen from the graphs, all three models show a similar trend, with a gradual increase in

accuracy and a decrease in loss over the epochs.
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Figure 4. Accuracy and loss for VGG16 model.

295



1.0

0.9

0.8

0.7

Accuracy

0.6

0.5

10

0.9

0.8

0.7

0.6

Accuracy

0.5

0.4

0.3

Deep Learning for Physical Damage Detection in Buildings: A Comparison of Transfer Learning Methods

GoogleNet Model Accuracy

—— Training
—— Validation /“/_/\/“/—’w—'—

[ 10 20 30 40
Epoch

50

0.2

0.0

GoogleNet Model Loss

—— Training

1 — validation

0 10

20 30 40 50
Epoch

Figure 5. Accuracy and loss for GoogleNet model.

ResNet50 Model Accuracy

—— Training

- - —_—
—— Validation —~—~_—">" "

o 10 20 30 40
Epoch

50

3.04

2.5

2.0

0.5

0.0

ResNet50 Model Loss

—— Training
—— Validation

|

o 10

20 30 40 50
Epoch

Figure 6. Accuracy and loss for ResNet50 model.

The confusion matrices for the three models are shown in Figure 7-9 respectively. As can be seen from the
matrices, all three models perform well in detecting the different types of physical damage in buildings, with high
accuracy rates for each class. However, the VGG16 and ResNet50 models outperform the GoogLeNet model in
terms of overall accuracy. ResNet50 model has the best model according to confusion matrix results.
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Figure 7. Confusion matrix for VGG16 model.
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Figure 9. Confusion matrix for ResNet50 model.

The validation and testing accuracy values for the three models are shown in Table 1. The results indicate
that all three models perform well, with high accuracy rates for both validation and testing datasets. The VGG16
and ResNet50 models show the highest accuracy rates, with both models achieving over 99% accuracy in the

validation dataset.

Table 1. Validation and testing accuracy for three models

Model Matlab Validation Accuracy (%) Matlab Testing Accuracy (%) Python Testing Accuracy (%)
VGG16 99.83 99.51 96.53
GoogLeNet 99.22 97.92 97.71
ResNet50 99.83 99.79 97.22

The precision, recall, and F1-score metrics for the three models are shown in Table 2. The results indicate
that all three models perform well in detecting physical damage in buildings, with high precision, recall, and F1-
score values for each class. However, the VGG16 and ResNet50 models show higher values than the GoogL.eNet

model for most of the classes.
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Table 2. Precision, recall, and f1-score metrics for three models

Model Class Precision (%) Recall (%) F1-score (%)
VGG16 Crack 98.09 100.00 99.04
Deformation 100.00 98.89 99.44
Moisture 100.00 99.17 99.58
Undamaged 100.00 100.00 100.00
GoogLeNet Crack 95.98 99.44 97.68
Deformation 97.24 97.78 97.51
Moisture 99.71 95.00 97.30
Undamaged 98.90 99.44 99.17
ResNet50 Crack 99.72 100.00 99.86
Deformation 100.00 99.44 99.72
Moisture 99.45 100.00 99.72
Undamaged 100.00 99.72 99.86

Overall, the results of this study suggest that deep learning models can be effective in detecting physical
damage in buildings using image data. The VGG16 and ResNet50 models show higher accuracy rates and better
performance metrics than the GoogLeNet model.

5. Discussion

The results of this study demonstrate that deep learning models can be successfully applied to detect physical
damage in buildings using image analysis techniques. The use of transfer learning with VGG16, GoogLeNet, and
ResNet50 allowed for the accurate classification of images into four different classes of crack, deformation,
moisture, and undamaged, with overall test accuracy scores ranging from 96.53% to 99.79%. The high accuracy
and precision of the models suggest that deep learning could be a useful tool for identifying building damage in a
variety of real-world scenarios.

In terms of model performance, VGG16 and ResNet50 achieved the highest accuracy scores in the
experiments. This could be due to the deeper architecture of these models, which allowed for more complex
features to be learned and extracted from the input images. GooglLeNet, although achieving high accuracy scores,
was slightly less accurate than the other two models. This could be attributed to the use of "inception modules" in
its architecture. GoogLeNet stacks multiple inception modules together to form a deep neural network. The main
idea of the Inception module is that of running multiple operations (pooling, convolution). So, this may not have
been as effective at capturing the features relevant to building damage in this particular dataset.

The results also indicate that the model performance was not significantly impacted by the choice of software
or hardware used for training. Both Matlab and Python experiments using GPU achieved high accuracy scores,
and the differences in accuracy scores between the two software were relatively small.

Finally, it should be noted that this study has several limitations. The dataset used in this study was limited
to only four classes of building damage and did not include other types of damage such as fire or structural damage.
Additionally, the dataset was generated artificially and may not fully represent the complexities and variations in
real-world building damage scenarios. Nevertheless, this study provides a foundation for future research in the use
of deep learning for building damage detection.

6. Conclusion

In conclusion, this study demonstrates the potential of deep learning models for detecting physical damage in
buildings using image analysis techniques. The use of transfer learning with VGG16, GoogLeNet, and ResNet50
resulted in the accurate classification of images into four different classes of crack, deformation, moisture, and
undamaged. The high accuracy and precision of the models suggest that deep learning could be a useful tool for
identifying building damage in a variety of real-world scenarios.

Future research could expand on this study by incorporating more diverse and complex datasets and exploring
other deep-learning architectures. Additionally, this study provides a foundation for the development of automated
building damage detection systems that could help prevent further damage and ensure the safety of occupants in
affected buildings.
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