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Abstract — The reliable and timely detection of cracks in
concrete structures is essential for maintaining the safety,
functionality, and longevity of civil infrastructure, including
buildings, bridges, highways, and dams. Structural cracks can
emerge due to multiple factors such as material fatigue,
environmental stressors, seismic activity, and thermal expansion,
necessitating accurate and efficient monitoring systems.
Traditional inspection techniques, including manual visual
inspection and non-destructive testing, are labour-intensive, prone
to subjectivity, and often lack scalability. To address these
limitations, the research presents CrackNet-VGG, a deep
learning-based framework that leverages the VGGI16
convolutional neural network architecture for automatic binary
classification of surface cracks in concrete images. The proposed
model leverages transfer learning by fine-tuning the VGG16
architecture on concrete surface datasets, utilising its
convolutional layers for robust feature extraction and its fully
connected layers for final binary classification. The model is
trained and evaluated on publicly available benchmark datasets,
categorised into two classes: cracked and non-cracked surfaces.
Experimental results demonstrate that CrackNet-VGG achieves a
high classification accuracy of 96.07 %, with 95.57 % precision
and 95.31 % recall, surpassing several baseline deep learning
models in terms of accuracy. These results validate the
applicability of CrackNet-VGG as an effective solution for
automated concrete crack detection in real-world scenarios.

Keywords — Concrete crack detection, convolutional neural
network, deep learning, structural health monitoring, VGG16
architecture.

[. INTRODUCTION

The safety and longevity of civil infrastructure, such as
bridges, buildings, roads, and dams, are critical to public
welfare and economic stability [1]. However, these structures
are prone to deterioration due to factors such as aging,
insufficient maintenance, outdated design standards, and
exposure to environmental stresses or natural disasters [2].
Events like earthquakes, extreme temperature fluctuations, and
windstorms can exacerbate structural weaknesses, leading to
cracks, corrosion, and other critical defects. Traditionally,
visual inspection has been the most common approach for
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assessing the condition of concrete structures [3]. While
effective to some extent, manual inspection is time-consuming,
labour-intensive, and often subjective, especially when dealing
with large-scale or difficult-to-access areas. Recent
advancements in technology have introduced automated
inspection methods, including the use of Unmanned Aerial
Vehicles (UAVs) and deep learning techniques, which offer
significant improvements in accuracy, efficiency, and
reliability for detecting surface defects in concrete
infrastructure [4].

Timely and accurate detection of cracks is among the most
important ~ components ~ when  monitoring  concrete
infrastructure, as these defects indicate the safety, reliability,
and serviceability of a structure [5]. Additionally, natural
disasters such as earthquakes and environmental stressors such
as extreme weather can exacerbate structural degradation and,
additionally, significantly  disrupt transportation and
communications systems, ultimately hindering emergency
response capability and delaying community recovery. Hence,
designing and maintaining infrastructure to withstand one or
several stressors is vitally important to minimise damage and
conserve lives. However, critical, crack detection is still mostly
done by manual inspection, which is subject to many
constraints. Manual inspection is not only labour-intensive but
also time-consuming and generally needs a sizable team to
survey large areas [6]. Consequently, this demand for
automated solutions has spurred possibilities of creating
solutions to rectify the inefficiencies and challenges
conventional approaches demonstrate.

Investment in infrastructure can cause many problems,
including overcrowding, traffic jams, and power outages. These
issues negatively affect economic growth and overall quality of
life for both individuals and communities [7]. Structural
degradation is often apparent by visible indicators, such as
cracking, scaling, spalling, and efflorescence. Generally,
inspections are performed based on inspectors’ knowledge,
experience, and engineering abilities by subjectively observing
these defects [8]. This type of inspection is subjective, labour-
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intensive and time-consuming; additionally, it will require
inspection of not easily accessible parts of complex structures.
This presents real challenges [9]. To address these limitations,
this study proposes a semi-automated inspection model that
leverages image processing and deep learning techniques to
detect surface flaws in concrete structures. Manual inspections
not only cause disruptions to traffic flow leading to delays and
congestion, but also pose serious safety risks to workers,
particularly when conducted on active roadways or in
hazardous conditions. Moreover, human factors such as fatigue,
distraction, and personal bias can adversely affect the accuracy
and consistency of the inspection outcomes [10].

To address the limitations of traditional manual pavement
inspection methods, advanced technologies such as Machine
Learning (ML) and Computer Vision (CV) offer promising
solutions for automating the pavement crack detection process.
These technologies can efficiently analyse high-resolution
images and sensor data acquired from inspection vehicles,
drones, or stationary systems to provide detailed and objective
assessments of pavement conditions. Automated detection
systems not only enable the monitoring of extensive road
networks in significantly less time but also minimise
dependence on manual labour, thereby reducing operational
costs and associated human errors. Moreover, such systems
enhance safety by limiting the exposure of workers to
hazardous road environments and improving the accuracy and
consistency of the collected data. To meet these needs, this
study introduces CrackNet-VGG, a robust and lightweight deep
learning model designed for real-time pavement crack
detection. The main contributions of this study are as follows:

* A novel crack detection model named CrackNet-VGG is
proposed, which integrates a VGG16-based encoder with
a customised decoder using skip connections to enhance
feature preservation and segmentation accuracy.

+ Extensive comparative analysis and ablation studies
validate the effectiveness of the proposed model,
achieving superior accuracy, precision, and recall
compared to existing baselines.

The rest of the paper is organised in the following way.
Section 2 reviews the existing literature on crack detection and
segmentation. Section 3 presents the suggested CrackNet-VGG
architecture and a justification of the model’s architecture.
Section 4 describes the design of the experimental setup, results
and their discussion, as well as comparative analysis and
ablation studies. Lastly, Section 5 summarises the paper and
discusses possible future work.

II. LITERATURE REVIEW

Automated crack detection has increasingly become a focus
of research in the area of Structural Health Monitoring (SHM)
due to the considerable need for accurate, scalable, and timely
methods to evaluate and monitor infrastructure. Conventional
inspection methods often require reliance on manual labour and
are, therefore, not only subjective but also time-consuming and
subject to human error. Recent literature has shifted to
developing and applying computer vision and deep learning

methods to detect and segment cracks in pavements and
concrete structures.

Ni etal. proposed an automated solution using a deep
learning method that integrates multiscale feature
representation to perform pixel-level analysis at different
depths [11]. They used a GoogleNet-based convolutional neural
model designed for differentiating between patterns of cracks.
To improve the localisation capabilities of the detection
method, the authors established a hierarchical level of merging
features between layers. Another study reported an overall
detection accuracy and precision score of 80.13 %. Sharma
et al. [12] recognised the importance of continuous monitoring
of cracks for their development, depth, and severity, since this
knowledge is essential for infrastructure maintenance. They
also sought crack detection techniques that could achieve both
speed and accuracy. Zou et al. [13] introduced DeepCrack, a
deep learning-based system for crack detection in pavement
images. This model employs convolutional neural networks to
recognise high-level structural patterns, such as ridges that
relate to cracks. The DeepCrack framework extends SegNet’s
encoder-decoder architecture, fusing features extracted from
layers in both the encoder and decoder models to get the most
accurate representation of cracks in pavement images. Hsieh
et al. [14] performed a review of image segmentation for cracks
in pavement images with machine learning and deep learning
models, including publicly available datasets. The models
identified with the highest accuracy in the segmentation of
cracks included Fully Convolutional Networks (FCNs) and U-
Net models.

Nguyen et al. [15] released a two-stage CNN architecture to
detect and segment road cracks at the pixel level. In the first
stage, the model reduces noise and other unwanted artefacts,
decreasing the search area to only possible locations of cracks
as output. In the second stage, the model takes the refined first
stage output and learns the contextual features of cracks
properly. The authors reported F1-scores overall greater than
0.91 across 3 datasets, showing their model is reliable and
capable. Another study, using a conventional Convolutional
Neural Network (CNN) [16], which also used road cracks as
test objects, produced a precision of 0.89 and a recall of 0.93.
While the results are promising, the authors also acknowledged
challenges with noisy backgrounds, which created
inconsistencies in detection. Another model, using a Deep
Encoder-Decoder architecture [17], produced a recall of
7198 % and a precision of 77.68 %. While their model
provided an end-to-end framework for segmentation and was
overall usable, their model had moderate recall and low
Intersection over Union (IoU), primarily with more
complicated crack patterns.

Existing approaches have demonstrated varying degrees of
success in crack detection. However, they still face several
limitations, including poor performance in noisy environments,
low precision for fine or narrow cracks, and inefficiencies in
real-time inference. Additionally, many models struggle with
generalizability due to limited datasets or lack of robustness
against complex backgrounds. These gaps highlight the
pressing need for a more accurate, efficient, and scalable
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solution. To address these shortcomings, this study introduces
CrackNet-VGG, a VGG16-based deep convolutional neural
network optimised for binary classification of concrete surface
cracks, offering superior accuracy, precision, and real-time
applicability compared to existing methods.

III. THE PROPOSED MODEL

The proposed crack detection and segmentation framework —
CrackNet-VGG — is a hybrid encoder—decoder architecture
following the VGG16 model as presented in Fig. 1. The
architecture begins with input images that have undergone pre-
processing with grayscale conversion, binarization, intensity
normalization, and noise smoothing by way of filters. These
pre-processing tasks improve the visual quality and structural
consistency of the input data to ensure robust extraction of
features for the encoder. In the encoder, VGG16 pre-trained on
ImageNet is used to extract hierarchical features from input
images. Convolutional blocks of VGG 16 were used to build the
encoder layers and to extract low- to high-level visual features
that are required to detect fine structural cracks. Skip
connections were used between the encoder and decoder layers
using the corresponding layers to maintain spatial
characteristics. The decoder is built using successive up-
sampling operations with convolutional layers, which also
reconstructs the spatial resolution of feature maps while
progressively localising the crack regions. As these features are
up-sampled, the skip connections to corresponding encoder
outputs provide contextual knowledge and sharpen boundary
localisation. The final output is a crack segmentation mask that
classifies each pixel as a crack colour or background, thereby
enabling the localisation of structural damage on concrete
surfaces accurately and understandably at the pixel level.

SDNET2018

Training
80%

input layer

VGG16

pl

Testing
modify dense layer 20%

early stopping

v
[—Lj
[Lcracks Evauation |

Model Train

cracks Detection [+

cracks Evaluation

Fig. 1. Process flow of VGG16 for CrackNet-VGG.

A. Dataset Collection

The proposed model, CrackNet-VGG, for detecting and
segmenting cracks within concrete surfaces was trained and
evaluated utilising the two publicly available datasets: Concrete
Damage Surface-I (CDS-I) and Concrete Damage Surface-II
(CDS-II). CDS-I relates to the SDNET2018 dataset, which
includes a total of 40 000 images divided equally across the two
classes (20 000 images depicting cracked surfaces (positive
class) and 20 000 images of non-cracked surfaces (negative
class). The illuminated surface images in CDS-I were taken
under wet and dry conditions, reflecting various lighting and
surface compositions. CDS-I included no pre-applied data
augmentation whatsoever. The 40 000 images in CDS-I contain
preserved visible characteristics existing in the original data,
maintaining realism.

The second dataset, CDS-II, deals with surface crack
detection and is likewise a binary classification problem —
cracked or not cracked images. This dataset contains additional
variance in both surface texture and environmental variances to
support training and increase the generalization of a trained
model. Each dataset followed a standard train/test split of 80/20,
using the majority of the data for training and only 20 % for
testing. This standard split assures the model can be evaluated
on generalization with new data. Data augmentation methods
such as flipping horizontally and vertically, rotating, and
zooming were used in the training to increase the diversity of
the input image and avoid overfitting. Together these datasets
acted as a good and varied dataset for performance evaluation
of the proposed deep learning-based crack detection
framework. The datasets are described in Table 1.

TABLE I
DATASET DETAILS
Dataset | Class Total Images | URL
Cracked and e
CDS-1 Non- Cracked 40 000 https://tinyurl.com/3a7vyz75
Cracked and e i
CDS-II Non-Cracked 20 000 https://tinyurl.com/avjjcw65

B. Data Pre-processing

A systematic pre-processing pipeline is implemented to
improve image quality, limit noise, and standardise the input
format before images are fed into the deep learning model for
crack detection. The raw crack images are obtained in the field
and can sometimes contain several artefacts, such as surface
scratches, variable lighting, and lens distortions [18§].
Brightness differences from lens vignetting can affect the
quality of images, and when diffusers are implemented, LED
illumination can also cause this variance across the image plane
[19]. Artefacts can blur fine details in crack images. If the model
has not been designed with the artificial characteristics of the
images, then artefacts can affect the model’s performance.

In pre-processing, the first step was to create grayscale
images from the raw Red-Green-Blue (RGB) images. The
reasoning for converting to grayscale was twofold: from a
processing standpoint, it also reduced the computational
burden; and, from a feature selection standpoint, grayscale
(intensity-based) information emphasises the structural aspects
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of the fracture, which are needed to identify the cracks (the
colour information is not as useful). After converting to
grayscale, each grayscale image was thresholded to a binary
format (two-tone) where the crack regions were represented in
white (value =1) and the background was represented in black
(value = 0). This binary format also helps enhance the contrast
of the defect, highlight the difference between defective and
non-defective regions, and make the results more visually
effective. After applying thresholding, each image was
normalized to a floating-point representation where the pixel
values are described between 0 and 1 [20]. This was helpful in
providing numerical stability to scale in the next layers of the
neural network. After the normalization process, each image
was smoothed using a filter (i.e., a Gaussian or a median filter)
to help remove high-frequency noise and any small irrelevant
artefacts that could be misidentified as crack features.
Maintaining the boundaries of the cracks is paramount, but
minimising information that could be misidentified is also
important.

Positive Images

Fig. 2. Examples of the negative and positive images.

C. VGG16 Encoder (Pre-trained on ImageNet)

The VGG16 model is then incorporated as the foundational
architecture, leveraging its pre-trained weights on the ImageNet
dataset. The top layers of the model, responsible for generic
image classification, are removed, and the remaining layers are
frozen to retain the learned features. Subsequently, a custom
dense layer tailored for binary classification is added to the
model. This modification ensures that the model is equipped to
distinguish between cracked and non-cracked surfaces. Figure
3 shows the model of VGG16.

The encoder component of the proposed hybrid model
leverages the VGG16 architecture as a foundational backbone
for hierarchical feature extraction. Originally introduced by
Simonyan and Zisserman, VGG16 is a deep convolutional
neural network composed of 13 convolutional layers and five
max-pooling layers, arranged in a sequential manner with
uniform 3x3 kernel filters and ReLU activation functions. Its
structural simplicity and proven representational capacity make
it a strong candidate for extracting low- to high-level visual
features in crack detection tasks. The encoder component of the
proposed hybrid model leverages the VGG16 architecture as a
foundational backbone for hierarchical feature extraction.

Formally, given an input RGB image [ € R?>*?**3, the
encoder processes it through a series of convolutional
operation:

F=ReLU(W,*F,, +b,), M

where F; denotes the output feature map at layer /, W, and b,
represent the learnable weights and biases of the [-th
convolutional layer, and * denotes the convolutional operator.
Each convolutional block is followed by a max-pooling
operation that reduced the spatial resolution by factor of 2,
progressively capturing higher level abstraction.

The encoder structure is partitioned into five convolutional
blocks, each comprising two or three convolutional layers
followed by a max-pooling layer. Table II summarises the
output resolution at each block level and the associated skip
connections utilised in the decoding phase.

conv 5-1
conv 5-2
conv 5-3

% |
<~ |
= =
f=4 c
Q [=]
© (%]

Convolutional layers

——

Output

Fully-connected
Layers

Fig. 3. The proposed VGG16 model structure.
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TABLE I
VGG16-BASED ENCODER FEATURE MAP DIMENSIONS AND SKIP CONNECTION

MAPPING

Block Layer Depth Output Size Consli{eistion

Block 1 2 Conv + Pool 112 x 112 x 64 N

Block 2 2 Conv + Pool 56 x 56 x 128 v

Block 3 3 Conv + Pool 28 x 28 x 256 v

Block 4 3 Conv + Pool 14 x 14 x 512 v

Block 5 3 Conv + Pool 7 x7 %512 X

To preserve important spatial features lost during the down-
sampling process, intermediate outputs from Blocks 1 to 4 are
retained as skip connections and later fused with the
corresponding up-sampling layers in the decoder. This
approach enables the recovery of fine-grained boundary and
texture information, which is critical for crack localisation. The
encoder is initialised with weights pre-trained on the ImageNet
dataset, enabling the model to benefit from generalized visual
representations.

These pre-trained parameters @vggie can either be fixed
during training or fine-tuned to adapt to the specific distribution
of crack images:

F;nc = E([; ®VGGlﬁ)’F;nc € R7X7X512 > (2)
where E(-) denotes the feature extraction function implemented
by the VGG16 encoder.

By leveraging transfer learning, the VGG16-based encoder
facilitates faster convergence and improved generalization,
particularly beneficial given the limited availability of
annotated crack datasets.

D. Decoder Architecture with Skip Connections

Following the VGG16-based encoding stage, the decoder is
designed to reconstruct high-resolution crack segmentation
maps by progressively sampling the abstracted feature
representations. Inspired by the U-Net architecture, the decoder
employs a series of up-sampling and convolutional operations
to recover spatial resolution while simultaneously integrating
multi-scale contextual information through skip connections
[21]. Each decoding stage performs the following operations:
(1) up-sampling of the feature maps using nearest-neighbour
interpolation or learnable transposed convolution, (ii)
concatenation with the corresponding feature maps from the
encoder (skip connections), and (iii) refinement through a
sequence of convolutional layers activated by ReLU functions.

Formally, let F,-(d) denote the feature map at decoder stage i,

and let s; represent the skip connection from the encoder block i.
The decoding operation can be described as follows:

F,,(d) = c(Conv(Concat(Up(Fiif)),s.))), 3)

i

where:

» Up(+) denotes an up-sampling operation (typically by a
factor of 2);

» Concat(") is the channel-wise concatenation of decoder
and skip connection features;

* Conv(-) represents a 3x3 convolutional layer;

* o(") is the ReLU activation function.

The decoder mirrors the encoder in both structure and spatial
resolution, progressively reconstructing the segmentation map
through a series of up-sampling and convolutional operations.

The deepest encoded representation, 7, € R™"°", is initially

up-sampled to a resolution of 14x14 and concatenated with the
corresponding feature maps from Block 4 (s4) via skip
connections. This process continues through successive
decoder stages, where feature maps are up-sampled and
concatenated with skip connections from Blocks 3, 2, and 1,
yielding progressively larger feature representations of
dimensions 28x28, 56x56, and 112x112, respectively. A final
up-sampling operation is applied to recover the full spatial
resolution of 224x224, matching that of the input image.

At the final decoding stage, a 1x1 convolutional layer
followed by a sigmoid activation function is used to project the
multi-channel feature map into a single-channel probability
map representing the likelihood of crack presence at each pixel.
Mathematically, this is expressed as

Y, = G(Conlel(Fl(d))),where Y’ e R Here, Y'

denotes the predicted probability map, with each pixel value
indicating the model’s confidence in classifying that pixel as
part of a crack. By integrating high-level semantic information
from deeper layers with low-level spatial cues preserved
through skip connections, the decoder effectively enhances the
localisation of crack boundaries. This architectural strategy
significantly improves the model’s capacity to detect fine-
grained and fragmented structural details that are often subtle
and easily missed by conventional approaches.

E. Crack Segmentation Mask (Output)

The final output of the proposed hybrid model is a pixel-wise
binary segmentation map that delineates crack regions from the
background. This mask is derived from the final decoder feature
map through a 1x1 convolutional layer followed by a sigmoid
activation function, which maps the multi-channel feature

representation into a single-channel probability distribution

over the spatial domain of the input image. Let Fl(d) e R

denote the last decoded feature map, where C is the number of
feature channels. The final segmentation mask Y ' is computed
as follows:
’
o= o(W, E+b,). )

where:

o Wou € RV and boy € R are the weights and bias of

the 1x1 convolution layer;
+ * denotes the convolution operation;
* o(*) is the element-wise sigmoid activation function.
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The resulting segmentation mask Y'e R?>¥224! contains

values in the range [0, 1], representing the model’s confidence
in predicting each pixel as part of a crack. During inference, a
threshold ¢ is applied to convert the probabilistic output into a
binary mask:

T (i) =13 Tl ©

where (i, j) denotes the pixel coordinates in the image and
t € (0, 1) is a predefined threshold, commonly set to 0.5. The
segmentation mask output enables precise localisation of
cracks, even in cases where cracks are thin, discontinuous, or
low in contrast. The binary output can be further processed
using morphological operations or component analysis to
quantify crack length, area, or orientation features critical for
structural assessment applications.

IV. RESULTS

The proposed model was implemented using Python and
TensorFlow on a workstation equipped with an Intel Core 17
processor, 32 GB of RAM, and an NVIDIA RTX 3080 GPU
with 10 GB of VRAM, enabling efficient parallel training.
During training, the input images were resized to 224x224
pixels to match the VGG16 input requirements. A batch size of
16 was chosen to balance memory usage and convergence
speed. The model was trained using the Adam optimizer with
an initial learning rate of 0.0001, which was reduced
dynamically based on validation loss. The binary cross-entropy
loss function was used for segmentation, and early stopping
with a patience of 10 epochs was applied to prevent overfitting.
The training was conducted over 40 epochs with data
augmentation techniques such as rotation, flipping, and
zooming to enhance the model’s robustness to image
variability. These hyperparameters were empirically selected
based on multiple experiments to ensure optimal segmentation
performance.

The crack detection model achieved good results in overall
performance across both benchmark datasets as reported in
Table III. The CDS-I dataset accuracy was 95.68 % with a
precision of 95.12 % and a recall of 94.87 %, which confirmed
well-balanced and identifiable cracked surfaces and non-
cracked surfaces. The CDS-II dataset demonstrated an even
higher accuracy of 96.45 %, a precision of 96.02 % and a recall
of 95.74 %. These results evidently indicate the model’s solid
ability to generalize across various surface conditions and
image specifications while minimising the number of false
positives and false negatives in crack detection.

TABLE III
RESULTS IN TERMS OF ACCURACY, PRECISION AND RECALL
Dataset Accuracy (%) | Precision (%) | Recall (%)
CDS-1 95.68 95.12 94.87
CDS-11 96.45 96.02 95.74

The performance of the proposed crack detection model was
further evaluated using confusion matrices for two datasets:

CDS-I and CDS-II, as shown in Fig. 4. In the case of CDS-I,
the model effectively distinguished between cracked and non-
cracked surfaces, demonstrating a strong ability to correctly
classify both categories. The matrix shows a high number of
true positives and true negatives, with relatively low instances
of false positives and false negatives, indicating minimal
misclassification. Similarly, the CDS-II confusion matrix
reflects a consistent pattern of reliable detection, with the model
accurately identifying most of the cracked and non-cracked
surfaces. The balanced distribution of correct predictions across
both classes highlights the model’s robustness and
generalization capability across different pavement datasets.
These results reinforce the potential of the proposed system in
supporting efficient and automated pavement condition
monitoring.

Confusion Matrix - CDS-I

17500

- 15000
12500

< 10000

- 7500

Actual: Cracked

Actual

Actual: Not Cracked

- 5000

- 2500

Predicted: Not Cracked
Predicted

(i) CDS-I

P'reclicted‘: Cracked

Confusion Matrix - CDS-II

Actual: Cracked

Actual

Actual: Not Cracked

- 2000

Predicted: Not Cracked

Predicted: Cracked
Predicted

(i) CDS-II
Fig. 4. Confusion matrix of CrackNet-VGG on CDS-I and CDS-II.

The training and validation loss curves of the proposed
CrackNet-VGG model were analysed over 40 epochs to assess
its learning behaviour and convergence, as illustrated in Fig. 5.
The gradual decline and stabilization of both curves indicate
effective optimisation, confirming the model’s stability and
strong generalization capability across the CDS-I and CDS-II
datasets.
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Loss Curve
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Fig. 5. Training and validation loss of CDS-I and CDS-II.

The comparative analysis evaluates the effectiveness of the
proposed model against three established baseline methods to
highlight its advancements in crack detection accuracy and
reliability. While baseline approaches demonstrate promising
results using fuzzy clustering (Baseline 1 [22]), transformer-
based architecture (Baseline 2 [23]), and enhanced background
classification (Baseline 3 [24]), they each exhibit limitations in
handling low-contrast features, scalability to high-resolution
data, or false detection rates. In contrast, the proposed VGG16-
based encoder-decoder model with skip connections
outperforms these methods by achieving superior pixel-level
segmentation accuracy, especially under complex and noisy
surface conditions, as evidenced by its performance on both
CDS-I and CDS-II datasets. The results are shown in Fig. 6.

89 M
84
79
74
69
64

CrackNet-VGG

Performance Measures (%)

Baseline 1 Baseline2 Baseline 3

mAccuracy mPrecision mRecall

Fig. 6. Comparative analysis of CrackNet-VGG with baseline approaches.

The comparative analysis demonstrates the superior
performance of the proposed CrackNet-VGG model over
existing baseline methods. Baseline 1, based on fuzzy C-Means
clustering, achieved an accuracy of 90.45 %, precision of
89.45 %, and recall of 88.95 %, indicating limitations in
detecting fine cracks, especially in low-contrast images.
Baseline 2, which employs a two-stage crack transformer-based
framework, performed better with 94.91 % accuracy, 94.01 %
precision, and 93.25 % recall, but its complexity and high
dependency on pre-selection limit its generalizability.
Baseline 3, which introduces background classification into
CNNs, recorded an accuracy of 92.24 %, precision of 91.58 %,
and recall 0f 91.02 %. In contrast, the proposed CrackNet-VGG
model outperformed all baselines by achieving an accuracy of
96.07 %, precision of 95.57 %, and recall of 95.31 %. These
results validate the effectiveness of the encoder-decoder
architecture with skip connections in capturing both high-level
and fine-grained features, enabling more accurate and robust
crack segmentation across various surface conditions.

An ablation study is presented in Table IV to evaluate the
learning performance of the respective elements in CrackNet-
VGG with consistent removal/modification of elements in the
architecture. Each of the architecture modifications resulted in
lower performance, as highlighted in Table IV. While the
complete version of the CrackNet-VGG implementation, which
has skip connections, a pre-trained VGG encoder, and final
decoder refinement elements with normalization and activation
functions, achieved the highest performance illustrating an
accuracy of 96.07 % (precision: 95.57 %, recall: 95.31 %),
removing the skip connections resulted in a drop in accuracy
(93.22 %) and recall (91.88 %), indicating the importance of
multi-scale contextual information required for optimal crack
segmentation.

TABLE IV

ABLATION STUDY
Variant Accuracy Precision Recall
CrackNet-VGG (Full Modal) 96.07 95.57 95.31
Without Skip Connections 93.22 92.41 91.88
Without Pre-trained VGG
(Random Init) 92.35 91.12 90.78
Bas_lc Decoder (No Norm / 91.88 90.76 90.02
Activations)

Removing pre-trained VGG weights (initialising the encoder
at random) reduced our accuracy to 92.35 %, suggesting that
large-scale image datasets play an important role in transfer
learning to improve feature extraction mechanisms for the crack
detection task, and also replacing the decoder with a basic
decoder that has no normalization or non-linear activations
reduced performance (accuracy: 91.88 %), thus indicating that
the decoder is necessary for refinement steps that should happen
in order to preserve the fine structural details of cracks. Overall,
this demonstrates the validity of each element of the CrackNet-
VGG architecture and how the enhancements of segmentations
with architectural refinements support robust and accurate
crack detection.
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V. CONCLUSION

This study introduced CrackNet-VGG, a deep convolutional
neural network model based on the VGGI16 architecture,
specifically optimised for the binary classification of cracks in
concrete surfaces. The model addresses several limitations of
traditional inspection methods and prior deep learning
approaches, including subjectivity, time consumption, low
precision in noisy backgrounds, and high inference time. The
results of the proposed model confirm its effectiveness in real-
time crack detection scenarios and highlight its potential for
integration into practical structural health monitoring systems.
Future work will focus on extending CrackNet-VGG to support
multi-class classification for detecting various types of surface
defects such as spalling, efflorescence, and scaling.
Additionally, integration with drone-based image acquisition
systems, edge computing devices, and real-time video
processing pipelines will be explored to enable large-scale
deployment in field environments. Incorporating transfer
learning with domain-specific data and enhancing model
robustness under varying lighting and environmental conditions
will also be key areas for further research.
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