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Abstract: This paper is dedicated to researching and implementing an intelligent detection algorithm for
building exterior wall defects based on deep learning. The algorithm will fully leverage the advantages of deep
learning in image processing and feature extraction, combined with computer vision technology, to achieve
automatic identification and classification of building exterior wall defects. During the research process, we
will first collect a large amount of image data of building exterior walls and annotate them to construct a
training dataset. Subsequently, we will design and train a deep learning model to learn the feature
representations of defects from the images. To improve the detection performance of the model, we will also
explore different model architectures and optimization strategies, and conduct thorough experimental
validation. Once the deep learning model is trained, we will integrate it into an intelligent detection system. This
system will be able to receive image inputs of building exterior walls and automatically output defect detection
results, including information such as the location, type, and severity of the defects. This will greatly improve
the efficiency and accuracy of building exterior wall defect detection, providing strong support for building
safety and maintenance. In addition, we will conduct a comprehensive evaluation of the algorithm's
performance, including indicators such as detection accuracy, recall rate, and processing speed. At the same
time, we will also consider the robustness and generalization ability of the algorithm to ensure its excellent
performance in practical applications.
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I. INTRODUCTION

With the acceleration of urbanization and the rapid development of the construction industry, the safety
and aesthetics of building exterior walls are increasingly valued. However, due to various reasons such as
construction quality, material aging, and environmental factors, various defects such as cracks, peeling, and
pollution often appear on the exterior walls of buildings. These flaws not only affect the overall aesthetics of the
building, but may also pose a threat to the structural safety of the building. Therefore, timely and accurate
detection of defects on the exterior walls of buildings is of great significance. The traditional method of
detecting defects in building exterior walls mainly relies on manual inspection. This method is time-consuming
and labor-intensive, and is easily influenced by human factors, resulting in low accuracy and reliability of the
detection results. With the rapid development of artificial intelligence technology, especially the application of
deep learning in the field of computer vision, new solutions have been provided for detecting defects in building
exterior walls. Deep learning, as a neural network-based artificial intelligence technology, can solve complex
problems through multi-level data representation learning. In the field of computer vision, deep learning has
been widely applied in tasks such as image classification, object detection, and semantic segmentation, and has
achieved significant results. Therefore, applying deep learning to the detection of exterior wall defects in
buildings is expected to achieve automatic, fast, and accurate recognition of defects, improving detection
efficiency and accuracy. In addition, with the continuous advancement of big data technology and the popularity
of image acquisition devices, obtaining image data of building exterior walls has become increasingly easy. This
provides rich data resources for the training of deep learning models, enabling them to better learn the feature
representations of defects and further improve detection performance as shown in Fig.1.
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Il. CURRENT RESEARCH STATUS

In China, with the development of smart communities and smart buildings, intelligent detection of
defects on building exterior walls has received widespread attention. Many research institutions and universities
are committed to developing intelligent detection algorithms based on deep learning to improve detection
efficiency and accuracy. These algorithms typically utilize deep learning techniques such as convolutional
neural networks (CNN) to extract and classify features from building exterior wall images, thereby achieving
automatic detection of defects. In addition, domestic research also focuses on the real-time and robustness of
algorithms to meet the detection needs under different environments and lighting conditions. In terms of specific
implementation, domestic researchers have developed some building exterior wall defect detection systems
based on deep learning. These systems typically include steps such as data collection, preprocessing, model
training, testing, and optimization. By collecting a large amount of building exterior wall image data, annotating
and preprocessing it, researchers can construct high-quality datasets for training deep learning models. After the
model training is completed, researchers will also test and optimize the model to improve its detection
performance and generalization ability.

In foreign countries, deep learning driven intelligent detection algorithms for building exterior wall
defects have also received widespread attention. Many internationally renowned research institutions and
universities are conducting relevant research work and have achieved a series of important research results.
These studies also focus on the accuracy and real-time performance of algorithms, and strive to develop
intelligent detection systems that can adapt to complex environments and lighting conditions.

In foreign research, some advanced deep learning models, such as the YOLO series (such as YOLOV?7,
YOLOVS, etc.), have been widely used in the detection of exterior wall defects in buildings. These models have
powerful feature extraction and classification capabilities, and can accurately identify defect areas in complex
image backgrounds. In addition, foreign research also focuses on the robustness and scalability of algorithms to
adapt to different application scenarios and changes in detection requirements. In terms of specific applications,
foreign researchers have developed some deep learning-based building exterior wall defect detection systems
and tools. These systems and tools can achieve automatic analysis and processing of building exterior wall
images, quickly and accurately detect defect areas, and provide strong support for subsequent maintenance and
repair work.

Overall, deep learning driven intelligent detection algorithms for building exterior wall defects have
made significant research progress both domestically and internationally. These studies not only improve
detection efficiency and accuracy, but also provide strong technical support for the development of smart
communities and smart buildings. However, there are still some challenges and issues in current research, such
as the robustness, real-time performance, and scalability of algorithms.

I1l. PROPOSED RESEARCH OBJECTIVES
The research and implementation of intelligent detection algorithms for building exterior wall defects
driven by deep learning have multiple important research objectives. The achievement of these objectives will
help improve detection accuracy, enhance algorithm robustness, improve detection efficiency, achieve
intelligent detection and decision-making, and promote technological innovation and application expansion.
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3.1 Improve detection accuracy

One of the core objectives of the research is to improve the accuracy of defect detection on building
exterior walls. Through deep learning algorithms, it is possible to automatically learn feature representations of
defects from a large amount of annotated image data, thereby achieving accurate recognition of defects. This
requires algorithms to be able to handle complex image backgrounds, accurately distinguish between defects
and normal areas, and reduce false positives and false negatives.

3.2 Enhance algorithm robustness

In practical applications, the image of building exterior walls may be affected by various factors such
as lighting, shadows, and occlusion, leading to a decrease in image quality. Therefore, the research objective
also includes enhancing the robustness of the algorithm, so that it can accurately detect defects under different
lighting conditions, shooting angles, and distances.

3.3 Improve detection efficiency

One of the research goals is to improve the detection efficiency of algorithms in order to achieve real-
time or near real time detection. This includes optimizing algorithm structure, reducing computational
complexity, and utilizing efficient computing platforms and acceleration techniques. Through these means,
detection time can be shortened and the response speed of the detection system can be improved.

3.4 Realize intelligent detection and decision-making

In addition to simple defect detection, research is also dedicated to achieving intelligent detection and
decision-making. This includes combining the test results with subsequent maintenance, repair, and other work,
providing managers with intuitive reports on the distribution of test results, including information on defect
location, shape, size, and type. At the same time, other sensors and information technologies such as laser
scanning and 3D thermal imaging can be combined to achieve more comprehensive detection and analysis of
building exterior wall defects.
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Fig.2 Promote technological innovation and application expansion

3.5 Promote technological innovation and application expansion

Finally, the research objectives also include promoting technological innovation and application
expansion. By conducting in-depth research on the application of deep learning algorithms in defect detection of
building exterior walls, it can promote the continuous progress of related technologies and expand their
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applications in other fields as shown in Fig.2. This helps to enhance the intelligence level of the entire industry,
promote industrial upgrading and transformation.

IV. PROPOSED TECHNOLOGICAL ROUTE
Defects on the exterior walls of buildings, such as cracks, peeling, and exposed reinforcement, pose a
serious threat to the safety and durability of buildings. Traditional manual detection methods are time-
consuming and labor-intensive, and the detection results are easily affected by human factors. Therefore,
researching deep learning driven intelligent detection algorithms for building exterior wall defects is of great
significance, as it can improve detection efficiency, reduce labor costs, and provide strong support for building
maintenance and management.

4.1 Deep Learning Model Selection

In intelligent detection of exterior wall defects in buildings, commonly used deep learning models
include the YOLO series (such as YOLOv7, YOLOVS, etc.) and other object detection models. These models
have powerful feature extraction and object detection capabilities, making them suitable for detecting defects on
building exterior walls in complex environments. The YOLO (You Only Look Once) series model is one of the
classic algorithms in the field of object detection. It can achieve target classification and localization through a
single forward propagation, with fast detection speed and high detection accuracy. The YOLO series model is
widely used in the detection of defects such as cracks and peeling on the exterior walls of buildings. In addition
to the YOLO series models, object detection models such as Faster R-CNN and SSD have also been used for
detecting defects in building exterior walls. These models each have their own characteristics and can be
selected according to specific application scenarios and requirements.

4.2 Dataset construction and annotation

The training of deep learning models requires a large amount of labeled datasets. In the detection of
exterior wall defects in buildings, the construction and annotation of datasets are key steps. Collect image data
of building exterior walls through devices such as drones and cameras. These data should include various types
of defects, such as cracks, peeling, exposed reinforcement, etc. Use image annotation tools (such as Labellmg)
to annotate the collected image data. The annotation content includes information such as the location and
category of defects. The annotated data will be used for training deep learning models.

4.3 Model Training and Optimization

The training process of deep learning models requires continuous adjustment of model parameters to
optimize detection performance. Train deep learning models using annotated datasets. During the training
process, it is necessary to pay attention to indicators such as the loss function and accuracy of the model to
evaluate its performance. Adjust the parameters of the model, such as learning rate, batch size, etc., based on the
training results to optimize the detection performance of the model. Using techniques such as data augmentation
and regularization to optimize the model and improve its generalization ability and robustness.

The YOLO series models, such as YOLOvV5 and YOLOV7, are known for their fast inference speed. In
the detection of external wall defects in buildings, this means that defects in the image can be analyzed and
identified in real time, and necessary maintenance measures can be taken in a timely manner. Compared to other
deep learning models, the YOLO series models have lower computational costs while maintaining high
accuracy, making them more suitable for running on devices with limited resources. The YOLO series models
are capable of handling targets of different scales, which is crucial for detecting defects on building exterior
walls, as defects may appear in different sizes and shapes. Through advanced network architectures such as
Darknet (the backbone network of YOLOvV3 and YOLQOv4) or improved versions (such as Mobile One module
and coordinate attention module in YOLOV7), YOLO series models can extract key features from images and
accurately identify defects. The open-source nature of the YOLO series models allows researchers and
developers to customize and improve them according to specific needs. For example, the detection performance
of the model for building exterior wall defects can be improved by adjusting model parameters, optimizing
network architecture, or introducing new data augmentation techniques. The YOLO series models can adapt
well to various datasets, including the dataset of building exterior wall defects. Through training and adjustment,
the model can learn and recognize specific types and features of defects. Compared with traditional methods for
inspecting building exterior walls, the defect detection system based on the YOLO series model can
significantly reduce manual intervention, improve detection efficiency and accuracy. By promptly detecting and
addressing defects, potential damage and safety risks can be avoided, thereby reducing building maintenance
costs.

In deep learning driven intelligent detection algorithms for building exterior wall defects, data
collection is a crucial step. Use a mobile phone or professional camera to capture images of building exterior
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walls. These devices are easy to operate and capable of capturing high-quality images, making them suitable for
preliminary data collection. For high-rise buildings or hard to access exterior wall areas, drones equipped with
high-definition cameras can be used for filming. Drones can move flexibly, providing images from different
angles and heights, which helps to collect more comprehensive data. Use open-source image annotation tools
such as Labeling to annotate the collected images. These tools provide a simple user interface that allows users
to define target areas and categories in an image through bounding boxes and labeled tags. Data augmentation
involves geometric transformations such as flipping, rotating, scaling, and cropping the original image to
increase the diversity and quantity of the data. These transformations help the model learn defect features at
different angles and sizes. Apply pixel transformation techniques such as noise, blur, brightness adjustment,
saturation adjustment, etc. to simulate images under different lighting and shooting conditions. This helps
improve the model's adaptability to complex environments. Divide the annotated image data into a training set
and a validation set. The training set is used for the training process of the model, while the validation set is used
to evaluate the performance of the model. Usually, the training set accounts for a relatively large proportion,
while the validation set accounts for a relatively small proportion. Ensure that the dataset has a unified format
and storage structure for easy model reading and processing. For example, images and corresponding annotation
files can be organized according to a specific folder structure. Ensure that the collected image data is clear,
accurate, and can truly reflect the defects on the exterior walls of the building. Avoid using blurry, low-quality,
or irrelevant images. Collect defect images containing different types, sizes, and positions as much as possible to
improve the generalization ability of the model. During the data collection process, attention should be paid to
protecting personal privacy and information security, and avoiding the leakage of sensitive information.

V. DATA AUGMENTATION
Data augmentation is a widely used technique in deep learning that can systematically generate more
training data by performing various transformations on raw data, thereby improving the generalization ability of
the model.

5.1 Supervised data augmentation
Supervised data augmentation uses preset data transformation rules to augment existing data, mainly
including single sample data augmentation and multi sample data augmentation.

5.1.1 Single sample data augmentation
Single sample data augmentation refers to the process of enhancing a sample by focusing entirely on the sample
itself, which can be divided into geometric transformation and color transformation categories.

s

]

Fig‘.3 Testing sample

e Geometric transformation class: perform geometric transformations on images, including flipping,
rotating, cropping, deforming, scaling, and other operations.

e Flip: including horizontal flip and vertical flip, suitable for tasks that are not sensitive to direction, such as
image classification.

¢ Rotation: Randomly rotate images to generate images with different rotation angles and directions, suitable
for tasks that require rotation invariance.
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Fig.4 Testi sample

e Crop: Randomly crop a portion of an image to generate multiple different crop results, which is a common
method in computer vision tasks.

e Scaling: Randomly scaling an image to generate images of different sizes, suitable for tasks that require
scale invariance.

e Color transformation class: Changing the content of the image itself, including operations such as noise,
blur, color transformation, erasing, and filling.

¢ Noise: Adding random noise, such as Gaussian noise, to the image can make the model more robust.

e Blur: Blur the image to simulate the effect of different focal lengths or motion blur.

e Color transformation: Adjust the brightness, contrast, saturation, and other color attributes of the image to
generate different color transformation results.

e Erasure: Randomly erase a portion of the image to simulate occlusion or damage.

Fig.5 Testing Sample

5.1.2 Diversified data augmentation

The diverse data augmentation methods utilize multiple samples to generate new ones, mainly including the
following methods:

. SMOTE (Synthetic Minority Over sampling Technique): deals with sample imbalance problems by
artificially synthesizing new samples. It is based on interpolation to synthesize new samples for small sample
classes, thereby improving classifier performance.

. Sample Pairing: Randomly select two images from the training set, perform basic data augmentation
on each image, and overlay them in the form of pixel averages to synthesize a new sample. This method is more
effective for medical imaging.

) Mix-up: Use linear interpolation to obtain new sample data. It is based on the principle of minimizing
neighborhood risk and can improve the generalization error of deep learning models.

5.2 Unsupervised data augmentation
Unsupervised data augmentation methods do not rely on label information and can be divided into two
directions: generating new data and learning augmentation strategies.

e GAN (Generative Adversarial Networks): Generate images that are consistent with the distribution of the
training dataset through adversarial training of generative and adversarial networks. GAN can capture the
potential distribution of data and generate high-quality new samples.

e Auto Augment: Learning data augmentation methods suitable for the current task through models. Auto
Augment can automatically search for the optimal data augmentation strategy, thereby improving the
performance of the model.

WWW.irjes.com 93 | Page



Research on Intelligent Detection Technology for Building Exterior Wall Defects Based on ..

5.3 Precautions for data augmentation

e Avoid excessive enhancement: Overusing data augmentation methods may have a negative impact on the
performance of the model. Therefore, when using data augmentation, it is important to avoid excessive
augmentation and maintain the authenticity of the data.

e Select enhancement methods based on tasks: Different tasks and datasets have different characteristics
and require the selection of appropriate data augmentation methods. For example, for image classification
tasks, flipping, rotating, and cropping are commonly used enhancement methods; For medical image
segmentation tasks, more sophisticated enhancement methods may be required, such as adjusting contrast,
brightness, and using Sample Pairing.

VI. PROPOSED EXPERIMENTAL PLAN
In order to conduct experimental comparisons, we need to clarify the objectives, indicators, and
experimental design of the comparison. In the context you mentioned, | assume that you want to compare the
performance of different deep learning models (such as YOLOv7, YOLOVS, etc.) in building exterior wall
damage detection tasks. The following is a proposed experimental comparison plan to compare the accuracy,
real-time performance, and robustness of deep learning models such as YOLOv7 and YOLOV8 in building
exterior wall damage detection tasks.

1. Evaluation indicators

e Accuracy: Measured by the degree of matching between the predicted results of the computational model
and the true labels. Common accuracy metrics include Precision, Recall, and F1 Score.

o Real time performance: Evaluate by measuring the time required for the model to process each image.
Real time performance is crucial for the user experience in practical applications.

¢ Robustness: Evaluate the performance of the model under different lighting conditions, noise levels, and
occlusion situations. A robust model can maintain stable performance in complex environments.

2. Experimental Design

o Dataset preparation: Build a dataset containing images of damaged exterior walls of buildings and
annotate them. The dataset should include different types of damages (such as cracks, exposed
reinforcement, peeling, etc.) and cover different lighting conditions and shooting angles as much as
possible.

e  Model training: Train YOLOvV7, YOLOVS, and other models using the same dataset and training strategy.
Ensure that each model is adequately trained to achieve optimal performance.
Performance evaluation: Evaluate the performance of each model on the validation set. Record the
accuracy, real-time performance, and robustness metrics of each model and conduct comparative analysis.

e Visualization results: Show the performance differences of different models by drawing visual charts
such as accuracy recall curves and F1 score curves. These charts help to visually compare the advantages
and disadvantages of different models.

3. Precautions

e Experimental environment: Ensure that all experiments are conducted in the same hardware and software
environment to eliminate the impact of environmental differences on experimental results.

e Randomness control: During the training process, the same random seed is used to initialize the model
weights and parameters to reduce the randomness of experimental results.

e Multiple experiments: In order to obtain more reliable results, it is recommended to conduct multiple
experiments on each model and take the average as the final result.

4. Expected results

Through experimental comparison, we can expect to obtain the following results.Different models may
have differences in accuracy. By comparing metrics such as accuracy, recall, and F1 score, we can evaluate
which model is more accurate in detecting damage to building exterior walls. Different models may have
differences in processing speed. By measuring the time required for each model to process each image, we can
evaluate which model performs better in real-time.Under different lighting conditions, noise levels, and
occlusion situations, the performance of different models may vary. By comparing the experimental results
under these conditions, we can evaluate which model has stronger robustness.
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