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Abstract—

The prompt discovery and proper management of
infrastructure cracks is crucial to ensuring public
safety. An innovative deep-learning method for
fracture prediction using images is introduced in this
work named Deep fracture. The model's capacity to
detect fractures is improved by the use of transfer
learning and the Mobile Net architecture, which
harness the power of Convolutional Neural Networks
(CNNs). In order to overcome data shortage, the
suggested approach employs picture augmentation
methods and undergoes thorough data pre processing.
By training and validating the model on a broad
dataset, we show that it can effectively differentiate
between photos with and without cracks. A bespoke
top layer that uses thick layers and global average
pooling is used to fine-tune the classifier. In order to
evaluate the efficacy of the model, this study presents
a thorough assessment methodology that incorporates
classification reports and confusion matrices.
Demonstrating its potential for practical use in
infrastructure maintenance and safety situations,
Deep Crack demonstrates amazing accuracy,
precision, and recall in predicting the existence of
cracks. This study provides a novel approach to crack
detection by bridging the gap between deep learning
and image processing. In addition to showing that
Mobile Net and transfer learning work, the suggested
approach sheds light on deep learning's wider uses in
infrastructure management and civil engineering.

. Keywords— Crack Prediction, Deep Learning,
Mobile Net, Transfer Learning, Image Processing

INTRODUCTION

Public safety is paramount when it comes to
infrastructure  cracks, which need prompt
identification in order to enable proper repair. Deep
Crack, a revolutionary deep-learning method for
crack prediction using images, is introduced in this
work. Using convolutional neural networks (CNNs),

this research suggests a new MobileNet architecture
with transfer learning to improve the model's crack
detection skills [1]. To overcome data scarcity and
improve the model's flexibility, the suggested study
approach includes thorough data pre-processing that
makes use of modern picture augmentation methods.
Extensive training and validation on a broad dataset
demonstrate the usefulness of the proposed model in
distinguishing between photos with and without
cracks. A bespoke top layer integrating global
average pooling and dense layers is used to fine-tune
the suggested model, further optimizing the classifier
[2]. Incorporating components like confusion
matrices and classification reports, this research
stands out by introducing a rigorous assessment
approach. With this approach, we can evaluate the
model's accuracy, precision, and recall in a thorough
way. With its impressive accuracy in fracture
prediction, Deep fracture shows promise for practical
uses in infrastructure safety and maintenance [5]. An
new technique for crack identification is presented by
this study, which makes a substantial contribution to
the convergence of deep learning and image
processing. In addition to demonstrating the efficacy
of Mobile Net and transfer learning, our suggested
approach paves the way for deeper learning's further
uses in civil engineering and infrastructure
management. We uncover a formidable tool that
tackles a crucial infrastructure concern and sheds
light on the potential revolutionary influence of deep
learning in improving public safety and infrastructure
resilience as we explore the complexities of Deep
Crack [6].

RELATED WORKS

The use of deep learning for structural health
monitoring and image-based flaw identification has
been the subject of several investigations. Using
convolutional neural networks (CNNs), we were able

442


http://www.ijasem.org/

CIENCE ENGINEERING AND MANAGEMENT

to identify structural defects in concrete with
impressive  accuracy, differentiating  between
fractured and unbroken surfaces [3]. In a similar vein,
fracture detection models were fine-tuned by
combining transfer learning with the VGGI16
architecture [4]. Although previous studies provide
useful information on image-based flaw detection,
our work is unique since we used the Mobile Net
architecture and applied transfer learning carefully.
Learning improves the model's ability to adapt and
generalize to new datasets by facilitating knowledge
transfer from pre-trained models, which is made
possible by wusing Mobile Net's lightweight
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architecture. Our approach solves resource
restrictions without sacrificing. As the field of image-
based fracture prediction is constantly changing, our
work offers a new and interesting angle by
introducing Deep fracture, a powerful tool for
detecting cracks in a variety of infrastructure
situations. Several research have provided useful
information and approaches to tackle the difficulties
of real-world crack detection using deep learning
methods [7]. With a particular emphasis on the
challenges offered by varied lighting conditions and
surface textures, one research investigated the use of
a modified U-Net architecture for fracture
identification in pavement photos. Important steps
toward developing reliable crack detection in real-
world settings were uncovered by this study.
Integrating generative adversarial networks (GANs)
into crack detection systems was the subject of
another project. The method showed good
improvements in  model performance and
generalization, especially in cases with less annotated
data, by using GANs to enrich the data [9]. A
research used a combination of deep learning
algorithms and remote sensing using high-resolution
aerial photos to identify structural defects in bridges.
Early identification of fractures and deformations in
large-scale infrastructure exhibited encouraging
results in the model, emphasizing the potential of this
method for preventative maintenance. A hybrid deep
learning approach was presented for automated crack
detection, which integrates Convolutional Neural
Networks (CNNs) with Long Short-Term Memory
Networks (LSTMs). In order to better understand
how cracks propagate over time, this research aimed
to record the cracks' progression over time.
Additionally, a research suggested a method for

ISSN 2454-9940

Www.ijasem.org
Vol 19, Issue 2, 2025

fracture identification in historical structures using a
pre-trained ResNet model and a transfer learning
strategy. For successful flaw identification, our study
highlighted the necessity of domain adaptation,
which involves customizing models to unique
settings like heritage buildings [10]. All things
considered, these studies add to the existing body of
knowledge in the field of infrastructure monitoring
and maintenance III by introducing new ways of
looking for cracks; they tackle different problems in
different ways, and they demonstrate how flexible
deep learning techniques can be in a variety of
contexts.

METHODOLOGY

Our research aims to promote the field of fracture
prediction by introducing a cutting-edge deep
learning framework called "Deep Crack." This novel
method relies on combining the Mobile Net
architecture with transfer learning methods, creating a
strong and flexible system that can accurately detect
and anticipate fractures in various environments. To
ensure that Deep Crack performs as expected, our
approach is well-organized and focuses on the most
important factors. In what follows, we'll go into great
depth about our methodology, explaining everything
from how we prepared the dataset to how we fine-
tuned the model parameters, and finally, how our
novel crack prediction system came to be. A. Getting
the Dataset Ready Various photos of damaged and
complete buildings were taken from a large dataset
that we used. The dataset was split into two halves,
the training set and the testing set, to ensure that there
was an equal number of cracked and unbroken
samples. In order to train a model to detect fine
features in fracture patterns, this is a crucial step. (a)
Collecting Datasets Our Kaggle dataset contains
40,000 photos with both intact and broken structures,
with the former represented positively and the latter
negatively. Careful selection of photos allowed the
representation of a wide range of situations, including
fracture patterns and structural states. c) Dataset
partitioning In order to train and evaluate robust
models, we painstakingly separated the dataset into
training and testing sets. A fair distribution of
fractured and undamaged samples was ensured by
meticulously carrying out this segmentation
procedure. An essential part of our approach, this
careful equilibrium allows the model to pick up on
subtle details associated with different fracture
patterns. d) The Importance of Equilibrium Our
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approach relies on a balanced dataset that has been
meticulously curated. To give the model a fighting
chance in a variety of complex situations, we include
broken and complete structures equally. By using this
calculated approach, we can make sure that the model
isn't biased in its learning, which will make it better
at handling real-world situations. B. Architecture of
the Model Exploring the complexities of our model's
architecture reveals a refined fusion of state-of-the-art
design ideas, with the Mobile Net architecture
shining brightest. Our groundbreaking approach is
based on this convolutional neural network, which
was painstakingly designed for use in embedded
vision and mobile applications. Using depth-wise
separable  convolutions, a  paradigm-shifting
technique that both reduces computational
complexity and maintains a high performance
standard, is at the heart of MobileNet's capabilities.
Our model takes use of Mobile Net's power to detect
intricate patterns and characteristics in the input data
by embracing this architectural marvel. This research
kept MobileNet's core architecture but included a
critical enhancement to boost the model's
performance even more. Adding a Global Average
Pooling layer is a smart move that will help us grasp
the data's geographical linkages better. To provide a
more complete picture of the input, this enhancement
is critical for capturing features' essence over the
whole spatial domain. In addition to this, the
suggested model evolved significantly by adding
layers that were closely coupled. These layers
facilitate the model's ability to extract and incorporate
crucial elements for our particular classification
assignment by acting as complex conduits for
information flow. In order to handle complicated data
patterns, our approach relies on a synergistic
partnership between the basic Mobile Net structure, a
Global Average Pooling layer, and deeply linked
layers. This architectural improvement highlights our
dedication to developing a model that fully utilizes
cutting-edge convolutional neural networks and is
specifically designed to meet the requirements of our
specific classification assignment. Thanks to the
updated model, it can now detect, understand, and
forecast with more precision, further establishing
itself as a cutting-edge and powerful tool for picture
categorization using deep learning.
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Fig 1: Flowchart of Deep Crack Model

As you can see from the graphic, our research
followed a methodical procedure to find cracks using
the Deep Crack model. C. System for Instruction The
Adam optimizer, known for its efficacy in optimizing
deep neural networks, was used to train the model.
We used an early halting mechanism and a learning
rate of 0.001 to reduce the likelihood of overfitting.
The model was able to stop training when it reached a
plateau in performance on the validation set. In
addition, shearing, width shifting, and zooming were
used as data augmentation methods during training.
This method promotes strong learning and improves
the model's generalizability by subjecting it to a range
of modified pictures.

RESULTS AND DISCUSSION

Methodology for Education We evaluated our model
using the industry-standard criteria for classification:
accuracy, precision, recall, and  Fl-score.
Impressively, the findings achieved excellent levels
of accuracy. The model's capacity to classify while
catching a high proportion of relevant cases was
shown by precision and recall values that surpassed
0.98 for both positive and negative classes. For every
class, the model's overall efficacy was shown by the
F1 score, which combines recall and accuracy,
surpassing 0.99. The model's classification
performance for a binary-natured task s
comprehensively summarized in Table 1. You can
see the two target classes, "Negative" and "Positive,"
in the "Class" column over there on the right. In the
columns that were just shown to you, you can see the
accuracy, recall, and F1 score for every class. In the
'Support' column, you can see how many instances
there are of each class. The total model accuracy, in
this example 2000, is determined in the 'Accuracy’
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row by dividing the number of cases correctly
predicted by the total number of occurrences. The
general correctness of the model is assessed using
this ratio. The 'Weighted Average' column accounts
for uneven distribution of classes by giving each a
weight according to their frequency of occurrence. In
contrast, the 'Macro Average' column gives the
combined metrics for both groups, without bias. The
following table provides an easy-to-read summary of
the model's results across many measures for
assessment.
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Class Precision Recall Fl-
[ (%) Score

(el

Megative Qg U Qg

Positive 03 94 Q%

Accuracy Q%

Macro g ] Qg
Average

Weighted g 9 Qg
Average

TABLE I. Class : PERFORMANCE METRICS
SUMMARY [1]

Clpardeston Wetres

Frene

= F1-5cce

Fig 2: Classification Metrics

Figure 2 shows important parameters for
categorization in several domains. It has the metrics
on the X-axis and lists categories like Negative,'
'Positive,’ 'Accuracy,’ 'Macro  Average,! and
'Weighted Average' on the y-axis. Horizontal bars
represent each group. The number of examples per
class is indicated by support, whereas precision,
recall, and Fl-score denote accuracy and
completeness, respectively. The color code is
explained in the legend on the right. The model's
performance subtleties may be fully grasped with the
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help of this clear depiction, which facilitates quick
comparison.

Performance Metrics for Different Methods
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08 ] - fecall
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Fig 3: Performance Metrics for Different
Methods

[1] Table 2 provides a detailed summary of the
performance measures used in the research for the
different techniques. The columns include metrics,
and each row represents a different approach. Each
cell's numerical value represents a metric score for
that specific procedure. When comparing different
approaches to problems like picture categorization,
these measures are vital.

TABLE Il. Methods Precision (%) :
PERFORMANCE METRICS SUMMARY

Methods Precision Fl1- Accuracy Recall
(%a) Score (] (Wl
"l
Dizep 09 09 249 R
Crack
RFCH-h 54 &0 a3 B4
RFCM-a L] 54 a4 20
FCM B0 B0 B 74
Mask R- 6l 59 G4 [0
CMN

Fig 4 compares the accuracy of different
methods,

Demonstrating their ability to accurately foretell both
good and bad situations. Each method's success in
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classifying is shown by the higher the bar, which
indicates a better overall accuracy.

Accuracy Companson

Deeplrack FC Mask B-CNN - RFCN-a RFCN-D
Methods
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Fig 4: Accuracy Comparison

The Fl-score, a measure of method-specific balance
between recall and accuracy, is shown in Figure 5. If
the F1 score is high, it means that the false positive
and false negative rates are balanced. You can see
how each strategy performed in the grand scheme of
things in this graph.

F1-Score Companson

1]

DespCrack Mask R-CNN  RFCMN-& RFCM-b
Methods

F1-S00re

Fig 5: F1-Score Comparison

Figure 6 shows that various methods can be precise
by showcasing how different procedures may provide
good predictions. The accuracy of these methods is
further shown by this graph. Each method is
dependable in detecting positive instances as
increasing accuracy reduces the frequency of false
positives.
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Precision Companson

DeepCrack FCH Maszk R-CNM - RFCN-a RFCHB
Mathods

Fig 6: Precision Comparison

The recall values for each strategy are shown in
Figure 7, which highlights their efficacy in catching
positive situations. Each method's capacity to
accurately detect positive instances is shown by the
higher the bar, the lower the false negative rate.

Recall Comparison
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Fig 7: Recall Comparison

Figure shows the measures of performance for five
distinct approaches. With one bar for each statistic,
each technique is shown. The graph makes it simple
to compare and contrast the strategies by providing a
comparative summary of their performance across the
given metrics. Each statistic is visually unique with
its own color, making it easy for viewers to examine
and understand the data. Section B: Validation and
Testing An image collection consisting of 80%
training pictures and 20% test images was created.
Training and testing sets were intelligently created
from the dataset. By dividing the data in this way, we
can be confident that the model will be able to learn
complex patterns from both visible and unseen data.
The model's ability to generalize to new, unknown
pictures is enhanced by its balanced distribution,
giving it a good fit for real-world applications.
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- Performance Metrics by Class
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Fig 8: Performance Metrics by Class

The performance metrics for both the negative and
positive classes are shown in Figure 8. A total of
three bars, one for each measure, are used to depict
each category. The blue precision bars indicate how
well the model detects instances of the class. We can
see this in the results. In this case, the orange recall
bars show that the model was able to capture all
relevant instances of the class. Last but not least, the
green F1-Score bars provide a fair evaluation that
considers recall and accuracy equally.

The model's remarkable performance, with few
misclassifications, is seen in Figure 9's confusion
matrix analysis. There was a high degree of accuracy
in differentiating between distinct patterns, since
most mistakes occurred when the model conflated
features that were similar. Insights on the model's
strengths and possible improvement areas are
provided by this study, which will help direct future
efforts to optimize processes.
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Fig 9: Confusion Matrix

CONCLUSION AND FUTURE

WORK:

Finally, the suggested MobileNet-based model
proved to be very useful for our particular objective
by doing exceptionally well in picture classification.
To overcome the difficulties caused by characteristics
that seem identical, further study may include honing
the model on selected data subsets. This should lead
to even greater accuracy. Furthermore, there is
potential to get even better outcomes in a variety of
real-world circumstances by investigating advanced
transfer learning approaches or experimenting with

more complex structures.

REFERENCES

[1]. Wu, Xinhua, and Xiujie Liu. "Building
crack identification and total quality
management method based on deep
learning." Pattern Recognition Letters 145
(2021): 225-231.

[2]. Kunal, Kishor, and Namesh Killemsetty.
"Study on control of cracks in a Structure
through Visual Identification & Inspection.”
IOSR Journal Engineering 11.5 (2014): 64-
72. of Mechanical and Civil

[3]. R. T. et al "Automated Crack and Damage
Identification in Premises using Aerial
Images based on Machine Learning
Techniques," (I-SMAC), Dharan, Nepal,
2022, pp. 498-504, doi: 10.1109/I-
SMAC55078.2022.9987391..

447


http://www.ijasem.org/

(J.u ‘) INTERNATIONAL JOURNAL OF APPLIED
$

[4].

[5].

[6].

[7].

[8].

[9].

CIENCE ENGINEERING AND MANAGEMENT

Barter, Simon, et al. "An experimental
evaluation of fatigue crack growth."
Engineering failure analysis 12.1 (2005): 99-
128.

Zheng, Minjuan, Zhijun Lei, and Kun
Zhang. "Intelligent detection of building
cracks based on deep learning." Image and
Vision Computing 103 (2020): 103987.
Torok, Matthew M., Mani Golparvar-Fard,
and Kevin B. Kochersberger. "Image-based
automated 3D crack detection for post-
disaster building assessment." Journal of
Computing in Civil Engineering 28.5
(2014): A4014004.

Laefer, Debra F., Jane Gannon, and Elaine
Deely. "Reliability of crack detection
methods for baseline condition
assessments." Journal of Infrastructure
Systems 16.2 (2010): 129 137.

Rao, S. Govinda, R. RamBabu, BS Anil
Kumar, V. Srinivas, and P. Varaprasada
Rao. "Detection of traffic congestion from
surveillance videos using machine learning
techniques." In 2022 Sixth International
Conference on I-SMAC (loT in Social,
Mobile, Analytics and Cloud) (I-SMAC), pp.
572-579. 1EEE, 2022.

Agrawal, K. K. ., P. . Sharma, G. . Kaur, S. .
Keswani, R. . Rambabu, S. K. . Behra, K. .
Tolani, and N. S. . Bhati. “Deep Learning-
Enabled Image Segmentation for Precise
Retinopathy  Diagnosis”.  International
Journal of Intelligent Systems and
Applications in Engineering, vol. 12, no.
12s, Jan. 2024, pp- 567-74,
https://ijisae.org/index.php/IJISAE/article/vi
ew/4541.

[10]. Samota, H. ., Sharma, S. ., Khan,

H. ., Malathy, M. ., Singh, G. ., Surjeet, S.
and Rambabu, R. . (2024) “A Novel
Approach  to  Predicting  Personality
Behaviour from Social Media Data Using
Deep Learning”, International Journal of
Intelligent Systems and Applications in
Engineering,  12(15s), pp. 539-547.
Available at:
https://ijisae.org/index.php/IJISAE/article/vi
ew/4788

[11]. Chen, Kaiwen, et al. "Automated

crack segmentation in close-range building
fagcade inspection images using deep
learning techniques." Journal of Building
Engineering 43 (2021): 102913.

[12]. Babu, J. Chinna, et al. "loT-based

intelligent system for internal crack

ISSN 2454-9940
Www.ijasem.org
Vol 19, Issue 2, 2025

detection in building blocks." Journal of
Nanomaterials 2022 (2022): 1-8.

[13]. Adam, Edriss Eisa Babikir, and A.

Sathesh. "Construction of accurate crack
identification on concrete structure using
hybrid deep learning approach." Journal of
Innovative Image Processing (JIIP) 3.02
(2021): 85-99.

448


http://www.ijasem.org/

