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A B S T R A C T   

The preservation of structural integrity and durability is essential for the long-term viability of 
civil infrastructure projects. Addressing concrete defects promptly is crucial to achieving this 
objective. In this research, the research proposes a novel method for concrete defect analysis, 
harnessing the potential of image processing and deep learning techniques. It employs a fusion- 
based deep convolutional neural network (CNN), amalgamating the features of Inception V3, 
VGG16, and AlexNet architectures to identify and classify six distinct concrete defect charac
teristics, namely Cracks, Crazing, Efflorescence, Pop-out, Scaling, and Surface Cracks. Through 
rigorous training and validation, we thoroughly assess the performance of the proposed fusion- 
based CNN model. The testing phase reveals precision rates, with Crazing showing the lowest 
precision at 95%, and Cracks/Pop-outs achieving 98%, while other defect classifications exhibit 
exceptional 100% precision rates. The overall efficacy of our proposed model is evaluated using 
accuracy and F1-score metrics. Our findings demonstrate an impressive overall accuracy of 
98.31% and an F1-score of 0.98, affirming the robustness and reliability of our approach. The 
outcomes of this study signify a significant advancement toward accurate and automated 
detection and classification of concrete defects.  
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1. Introduction 

The design life expectancy of many buildings is rapidly approaching its end, prompting an evaluation of the structure’s safety. As 
the population ages and the cost of labor rise, the issue of how to monitor the structure continuously and autonomously with the least 
number of personnel has arisen as an essential research topic [1–3]. The degradation of building structures is a natural and un
avoidable process that begins at the initial stages of their service life [4–6]. The importance of structural health monitoring (SHM) 
cannot be emphasized, given the potential consequences of even a single damaged component on the whole system [6–8]. The 
following issues emerge when inspections are undertaken mostly by humans on site. To begin with, the large number of buildings 
makes it difficult to conduct regular inspections owing to a lack of personnel resources. Second, the outcomes of evaluations by human 
inspectors vary depending on their physical ability, expertise, and abilities [9,10]. Because of this, the development of automated and 
trustworthy inspection procedures is required [11,12]. The availability of consumer-grade digital cameras enables the maximum use of 
image processing techniques such as convolutional neural networks (CNNs) to monitor the health of the structures [13,14]. 

The use of digital technology has helped users plan and carry out monitoring and inspection tasks more effectively [15]. Koch et al. 
[16] investigated the defect and condition evaluation of concrete and asphalt civil infrastructure using computer vision-based machine 
learning. The detection of concrete cracks in civil infrastructures has been made easier in recent years due to a variety of vision-based 
methods, including segmentation via fuzzy C-means clustering [17], V-shaped features [18], gray-scale histograms [19], cascade 
features [20], and spectral analysis [21]. Deep convolutional neural networks (CNN) have recently been produced for computer vision, 
picture categorization and object recognition [22]. CNN-based crack detection algorithms for road pavement, concrete buildings, and 
nuclear power plants have been established in the wake of these successes. In a similar manner, the nuclear power plant fractures were 
identified using Bayesian algorithms, while the tunnel cracks were identified using deep learning segmentation methods. Chinese 
researchers Chen and Jahanshahi [23] suggested the use of a CNN to analyse specific video frames for detecting defects in conjunction 
with a Nave Bayes data fusion approach to combine the information retrieved from each video frame to improve overall detection 
system efficiency. For pavement fracture identification, Fan et al. [24] built a CNN model as a multi-label classifier. Here, an approach 
that alters the ratio of positive to negative samples is put up as a suggestion. Using subdivided picture cells, IL and Ozar [25] proposed a 
CNN with 1246,240 variables that consists of three convolutional layers and two fully connected layers for detecting fractures on 
asphalt pavements. 

Many modern crack detection methods are based on machine learning, which can automatically generate features from the image, 
and the features are subsequently categorised by the Softmax classifier in the last layer of the architecture. Cha et al. [26] presented an 
approach for identifying concrete fractures without the use of manual crack characteristics that uses a deep Convolutional Neural 
Network architecture. To predict concrete cracking, Zhang et al. [27] suggested a perspective deep convolutional semantic segmen
tation network. Zhang et al. [28] used a Deep Convolutional Neural Network (DCNN) to locate pavement cracks in photos captured on 
a low-cost smartphone, demonstrating that DCNN features outperformed handcrafted features in terms of accuracy. Zhang et al. [29] 
introduced CrackNet that excelled 3D shadow modelling and pixel-SVM techniques in detecting pavement cracks on the asphalt 
surface. In order to identify concrete cracks, bolt corrosion, steel corrosion, and steel delamination in quasi-real time, Cha et al. [30] 
suggested a damage assessment approach based on the faster region-based CNN (Faster R-CNN) [31]. Associating each pixel with its 
own semantic segmentation was the goal of most DCNNs [26,28]. It takes a lot of time and a lot of data for training deep learning 
networks. By using fine-tuned DCNNs that require little quantity of data and provide trustworthy results in minimum time, these may 
be reduced. Concrete constructions may be detected and classified using DCNNs that have been fine-tuned using DCNNs that were 
previously trained [32]. 

The primary goal of this research is to establish a pioneering and advanced method for analyzing concrete defects by leveraging 
cutting-edge image processing and deep learning techniques. The central objective is the development of a fusion-based deep con
volutional neural network (CNN) that effectively combines the distinguishing features of Inception V3, VGG16, and AlexNet archi
tectures. The key focus of this approach is to accurately identify and classify six specific concrete defect characteristics: Cracks, 
Crazing, Efflorescence, Pop-out, Scaling, and Surface Cracks. The proposed model undergoes rigorous training and validation pro
cedures to ensure its robust performance. Notably, precision rates are meticulously evaluated, with special attention given to Crazing, 
which exhibits a precision rate of 95%, and Cracks/Pop-outs, which demonstrate a precision rate of 98%. Remarkably, the other defect 
classifications achieve exceptional precision rates of 100%. To gauge the effectiveness of the proposed model, accuracy and F1-score 
metrics are employed, resulting in an impressive overall accuracy of 98.31% and an F1-score of 0.98. These metrics serve as strong 
indicators of the model’s reliability and efficiency in concrete defect classification. 

The ultimate objective of this research is to revolutionize concrete defect analysis by delivering an accurate and automated 
detection system. Successful implementation of this innovative approach is anticipated to have significant ramifications for enhancing 
the preservation of structural integrity and durability in civil infrastructure projects, consequently leading to improved safety and 
extended service life of essential structures. 

2. Significance of the work 

This study introduces an innovative deep fusion feature-based model that capitalizes on the capabilities of well-established con
volutional neural networks (CNNs), namely AlexNet, VGG16, and InceptionV3, to extract multi-scale features. Through this fusion 
approach, the model creates a cohesive pool of features, enabling effective crack detection in images of size 224 × 224 pixels. The 
model is meticulously trained for 30 epochs, using a batch size of 32, optimizing its performance. A prominent contribution of this 
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research lies in addressing the laborious and intricate nature of manual crack detection. By leveraging the deep fusion feature-based 
model, the study effectively addresses the challenge posed by morphological similarities among various types of cracks, including 
surface cracks induced by internal stresses and weathering conditions. Notably, the proposed model demonstrates commendable 
performance across a diverse range of test cases, encompassing cracking, crazing, efflorescence, and surface cracks. Furthermore, the 
investigation deeply explores the implications of dataset size and training epochs on the performance of model. Remarkably, it es
tablishes that even with a reduced number of training samples, the model achieves performance levels comparable to those with larger 
datasets, while exercising caution against potential overfitting when working with more extensive datasets. The researchers emphasize 
the critical role of dataset variation in ensuring model generalization, particularly when confronted with real-world instances char
acterized by substantial diversity. 

Additionally, the study sheds light on the influence of network complexity, particularly about the number of convolution layers and 
trainable parameters. Noteworthy findings reveal that the number of convolution layers exerts a more pronounced impact on network 
performance than the count of trainable parameters. This valuable insight aids in comprehending the intricate relationship between 
network architecture and its efficacy in enhancing defect detection methodologies. So, this study introduces a pioneering deep fusion 
feature-based model for crack detection, elevating the field of computer vision and defect detection. By providing valuable insights 
into dataset size, variation, and network complexity, this research contributes significantly to the scientific community. 

3. Materials and method 

3.1. Data set 

Since many defects have the same morphological and distinctive characteristics, it is crucial to classify them through physical 
observation. It took a lot of information and a sophisticated detection system to identify the characteristics and extents. As a result, 
effective mechanisms for detecting and identifying structural members’ spatial and microstructural inadequacies must be selected. 
Convolutional neural network (CNN) models and artificial neural network (ANN) decision-making mechanisms are now being used to 
discover patterns and aspects of problems in existing concrete infrastructures. An Intel Xeon® GOLD-5222 CPU and 128 GB of random- 
access memory (RAM) were used in the testing. In order to customize a pretrained network, several picture classes were used from 
various places to construct the CNN model. 

In our study, we used a dataset containing 600 photographs. To make the dataset more realistic, photos were collected from a 
variety of places and circumstances. The images were taken in the variety of environmental condition such as summer season, moist 
areas, near grassy areas and beneath the plinth slab, etc. Although, the defects appearing on the concrete member are the consequences 
of structural poor quality and adjunct environmental conditions. The images collected were prescreened based on quality and visibility 
of the photographs. Out of 600 images, 540 images were selected for learning of CNN model. Presently, we have aimed at six distinct 
defects in concrete, hence, 90 images for each defect class were finally chosen. Each of these images are employed in the learning of 
CNN models. The retrieved findings indicate that the proposed method is quite effective at detecting distinct classification of defects. 

3.1.1. Image dataset creation 
An Android phone with a 48-megapixel wide-angle and dual-lens camera is used to capture the photographs to make the process 

easier. Total 600 images were captured from the surface of the concrete wall. These 600 raw images were cropped and were metic
ulously chosen, yielding a total of 540 images that satisfied the criteria for creating the datasets. Each raw image with a resolution of 
4000 × 3000 pixels was trimmed to produce images with a resolution of 256 × 256 pixels for each specific deficit, although some of the 
cropped photos do not meet the desired defects. Table 1 lists the important photograph capture variables. 

3.1.2. Data Augmentation 
Six concrete defects were randomly chosen to assess the reliability of the defects using the quantification approach. Cracks (Crk), 

crazing (Crz), efflorescence (Efs), pop-out (Pot), scaling (Scl), and surface cracks (sfc) were among the defects. Using the approach 
outlined by Pant et al. [33], the range of the dataset was extended to 7200 images. For each defect class, an equal number of images 
(1200) were chosen. Moreover, 80% (5760) of the images were selected for training, whereas 20% (1440) of the images were pre
served for model validation. 

Table 1 
Model name and specifications of image acquisition device.  

Image Acquisition Device Android Phone 
Android Model Name Oppo A9 2020 
Image Dimensions 4000 × 3000 pixels 
Focal Length 4.05 mm 
Aperture f/1.8 
Exposure Period 1/50 s 
Flash None  
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3.2. Construction of detector CNN model 

Deep CNN has been used for computer vision and image processing since many years. Object detection, image classification, video 
processing, and segmentation are some applications of the CNN. In order to achieve its exceptional learning capabilities, Deep CNN 
employs several feature extraction stages that can automatically learn interpretations from data. Advances in computational tech
nology and the availability of large amounts of data have driven research into CNNs, leading to exciting new reports of novel deep CNN 
architectures. 

3.2.1. Convolution neural networks (CNN) 
Among the many learning algorithms for visual data, CNNs stand out for their exceptional performance in image segmentation, 

classification, identification, and retrieval [34,35]. One of CNN’s numerous strengths is in the ability of network to exploit temporal or 
spatial correlations in data. In each of CNN’s multiple learning phases, different layers of convolutional processing, subsampling, 
computation, and nonlinear logic are organized into groups, known as "layers" [36]. 

3.2.2. Convolutional layer 
The convolution layer, a series of convolutional kernels, has neurons to work as kernels in the convolutional layer. It is responsible 

for majority of the computational effort. These layers are useful for extracting features from pictures as they cope with spatial 
redundancy by swapping weights. The characteristics grow more exclusive and informative as we progress further into the network, 
while the duplication is decreased during the process by a set of filters (kernels). The information is compressed as it passes through a 
series of cascading convolutions and subsampling levels. These kernels aid in generating the image’s activation map. The convolutional 
kernel is used to segment the picture into discrete areas called receptive fields. When a picture is broken down into smaller pieces, it’s 
simpler to extract feature themes. The kernel convolves with the image with a fixed set of weights by multiplying its components with 
the appropriate elements of the receptive field. 

f kl (p, q) =
∑

C

∑

x,y
ic(x, y).ekl (u, v) (1) 

The expression for kth convolutional operation for the output feature map can be expressed by 

Fkl =
[
f kl (1, 1),………f kl (p, q),………f kl (P,Q)

]
(2) 

In Eq. (1), ic(x, y) represents the element of input image tensor Ic. The element of the input image tensor is elementally multiplied 
by ek

l (u, v) index of the kth convolutional kernel kl of the lth layer. 

3.2.3. Pooling layer 
The pooling layer results in a reduction in the sample’s overall size. It is a method for reducing the dimensionality of the data by 

cutting down on the number of elements that are entered. In a manner analogous to the convolutional layer, the pooling method 
applies a filter to the whole input; however, in contrast to the convolutional layer, this filter does not include any weights. The pooling 
layer is responsible for the loss of a significant amount of information, which is an advantageous step for CNN as it helps to reduce 
complexity and improve capacity. This layer is beneficial for extracting positional and rotational invariant dominating features, which 
helps in keeping the training program of the model in smooth running condition. 

Zkl = gp(Fkl ) (3) 

Equation shows the pooling operation in which Zk
l represents the pooled feature-map of lth layer for kth input feature-map Fk

l 
whereas gp(.) defines the type of pooling operation. 

3.2.4. Fully connected layer 
Fully connected layer is a kind of efficient way of learning non-linear configurations. The layer provides high-level information 

because of the convolutional layer. The fully connected layers are generally used for classification of the features and configured at the 
end of network. Fully connected layer operates on a global scale. It collects data from feature extraction stages and does a global 
analysis of all layers. Subsequently, the preparation of non-linear combinations is carried out during this stage, which are further used 
for the classification of the dataset. 

3.3. Proposed method 

3.3.1. Inception-V3 
Inception V3 is the latest version of Inception V1 and V2. Inception-V3 was created with the goal of lowering the computational cost 

of neural architectures without compromising generalization. The model has been proven to achieve accuracy more than 78.1%. 
Convolution, max pooling, average pooling, dropout, concatenations, and fully linked layers are among the asymmetric and symmetric 
building pieces that make up the model. The model makes several improvements such as level smoothening and factorization of 
convolution. 
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3.3.2. AlexNet 
AlexNet is classified as the first deep convolution neural network architecture to achieve breakthrough results in picture detection 

and classification. AlexNet is used in many applications to enhance the capacity of Deep CNN through the uses of several optimizing 
parameters. 

The expression for the convolutional layer and pooling layer is represented by Eqs. (4) and (5) respectively. 

z(k)ij =
∑c

c=1

∑m− 1

s=0

∑n− 1

t=0
w(k,c)
st xc(i+s)(j+t) (4) 

In Eq. (4), size of the convolutional filter is presented by m x n, pixel coordinator by i and j. The number of image channels by C, 
filter weight by w, and filter index by k. 

y(k)ij = max(a(k)
(l1 ,i+s)(l2 ,j+t)) (5)  

Where, the size of pooling filter is presented by l1,l2 i.e., s ϵ [0, l1]; and t ϵ [0, l2]. 

3.3.3. VGG-16 model 
The VGG16 is a 16-layer CNN with 13 convolutional layers and three fully connected layers. This model was developed in 2014 as 

part of the ImageNet Large Scale Visual Recognition Challenge, and it was trained using the ImageNet Dataset, which contains millions 
of photos organized into thousands of divisions that are used in the development of visual object identification software. 

3.4. Proposed fusion-based detector model 

In the proposed study, the fusion of three deep CNN model, AlexNet, VGG16 and Inception V3 is performed to extract features from 
the multiscale. For feature extraction, the input to each scale is an image of size 224 × 224 pixels. After that, the extracted features are 
merged to form a pool of features. Finally, a classification module of FC1, FC2, and FC3 is added to the model. The FC1 is a dense layer 
of size 1024 and FC2 is of size 2048. The FC3 is a softmax layer of 6 neurons. The details of the diagram are shown in Fig. 1. 

4. Observation and results 

4.1. Training and validation 

In deep learning, a vast number of nodes (generic mathematical operations) are arranged in a structured repeatable manner. The 
performance of a system is a resultant of the number and arrangement of these nodes (operations). This number of operations can be 

Fig. 1. Proposed model for auto detection of defects.  
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regarded as the neural network’s ’learning capacity.’ In machine learning and deep learning, the training phase involves feeding the 
model with labeled data to optimize its parameters and learn underlying patterns. During training, the model fine-tunes its perfor
mance by minimizing prediction errors. To prevent overfitting, a separate validation dataset is used to assess generalization to unseen 
data. This approach ensures a scientifically robust and reliable model capable of making accurate predictions on new data. 

Underfitting occurs when a network doesn’t have enough memory to understand the nuanced connection between the pictures and 
their labels. In contrast, overfitting occurs when the network’s learning capacity is so great that it learns irrelevant characteristics 
rather than useful patterns. In other words, the network’s accuracy will be quite high because it needs just recall the general 
appearance of the photos. Avoiding this overfitting should be a top priority when developing a deep learning system. The capability of 
learning must be proportional to the complexity of the job and the amount of available data. The notion of training, validation, and 
testing is necessary for accurately verifying the accuracy that a deep learning system would accomplish on future unknown data. 

The training and validation loss as well as accuracy of the proposed method is shown in Fig. 2. We can see in Fig. 2; the model loss is 
highest at 15 epochs after that decreases and reaches close to 0. Similarly, the validation accuracy is lowest at 15 epochs after that 
increase and reaches close to 99%. 

4.2. Confusion Matrix 

A confusion matrix, often called an error matrix, is a matrix that summarizes the results of applying a classification model on a 
dataset. It works well for both binary and multiclass classification tasks, and the performance of the various approaches was evaluated 
using a confusion matrix. The confusion matrix displays the TP values that were correctly categorized, the FP values that were mis
classified into the other class, the FN values that were misclassified into the relevant class, and the TN values that were correctly 
classified into the other class. 

Fig. 3 shows the confusion matrix of the proposed method, in which the row and column represent the instances in the predicted 

Fig. 2. a) The training and validation loss and b) Training and validation accuracy.  

Fig. 3. Confusion matrix of the proposed method.  
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classes and instances in the actual classes, respectively. The proposed model revealed that the sensitivity of the automated model in 
identifying distinct defects is affected by their nature of occurrence due to their relative similar characteristics. The loss in accuracy 
during automated identification due to identical characteristics has been found in past research [37,38]. 

Within the testing dataset, the confusion matrix for cracking, efflorescence, and surface cracks shows false-positive and false- 
negative values. It means 14 images of cracks, 11 images of efflorescence, and 37 images of surface cracks have been wrongly 
identified due to craze due to similar surface pattern and morphological features. On the other hand, 28 images of scaling were 
misclassified as pop-outs to each other. Presently, the proposed model was able to achieve 100% accuracy for predicting the images for 
crazing and pop-out, respectively. In overall, the model provides 98.31% accuracy for the identification of distinct defects in concretes. 
The classification performance of the suggested model was optimum and acceptable. 

The performance of the system was evaluated using performance measures which are given below: 

Accuracy,Acc =
TP+ TN

TP+ TN + FP+ FN
(6)  

Precision,PRE =
TP

TP+ FP
(7)  

Recall,RE =
TP

TP+ FN
(8)  

f1 − score = 2 ∗
PRE ∗ RE
PRE + RE

(9) 

From the confusion matrix shown in Fig. 3, the performance measure is calculated, as shown in Table 2. 

4.3. F1-score and receiver operating characteristic (ROC) curve 

In the current research, we calculated the F1-score in addition to the confusion matrix to verify the accuracy of the modified 
suggested model. Due to the different physical morphologies of the 6 defect groups, the current study found a larger proportion of true 
positives. To that end, the suggested model’s precision was improved to an impressive 0.98. The F1-score for efflorescence, pop-out, 
and scaling reaches to its best value of 0.99 for groups; crazing and surface cracks; it was 0.97 and was 0.98 for cracking. Table 2 
represents the prediction values of six concrete defect groups. 

The Receiver Operating Characteristic (ROC) curve is a graphical tool utilized to evaluate a classification model’s discrimination 
abilities across diverse decision thresholds. It visually represents the relationship between sensitivity (true positive rate) and specificity 

Table 2 
The performance measures of the proposed method.  

S. No. Defects Precision Recall F1-score 

1 Cracks (Crk)  0.98  0.99  0.98 
2 Crazing (Crz)  0.95  1.00  0.97 
3 Efflorescence (Efs)  1.00  0.99  0.99 
4 Pop-out (Pot)  0.98  1.00  0.99 
5 Scaling (Scl)  1.00  0.98  0.99 
6 Surface Cracking (Sfc)  1.00  0.94  0.97  

Fig. 4. ROC curve plot of a) Receiver operating characteristic b) Receiver operating characteristic of Cell.  
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(true negative rate) as the threshold is varied. This visualization facilitates a comprehensive assessment of the performance of model at 
different operating points, which is particularly vital for tasks involving imbalanced class distributions. By analyzing the ROC curve, 
researchers can select an optimal decision threshold that strikes a balance between minimizing false positives and maximizing true 
positives, proving beneficial in fields such as medical diagnosis and anomaly detection. Its significance extends beyond traditional 
accuracy metrics, providing deeper insights into the model’s classification performance. 

ROC study was taken into consideration for checking the accuracy of the modified proposed model. Diagnostic test performance 
and statistical model accuracy more broadly, may be assessed with the help of ROC analysis. As shown in Fig. 4, the graph obtained was 
closer to the top and left-hand side, providing more accurate results. From Fig. 4, the ROC curves for the five defect groups were more 
than 99% accurate. However, the ROC curve for efflorescence and pop-out were 100% accurately achieved. The efficacy of the 
suggested modified fused CNN model topology, as assessed by several metrics, is noteworthy. The anticipated outcomes of the 
modified fused CNN model were far superior than those predicted in CNN model [39–41]. Simultaneously, the variance between model 
training and prediction accuracy is modest, indicating that the model has good generalization ability and predictable results. 
Conclusively, the modified fused CNN model has higher prediction accuracy in single value identification for concrete structure 
defects. 

5. Discussion 

This deep learning-based image analysis offers a plethora of compelling advantages for conducting comprehensive studies of 
building defects. A key benefit lies in its capacity to automate the detection and identification of diverse defect types, encompassing 
cracks, spalling, corrosion, efflorescence, and others. By harnessing sophisticated deep learning algorithms, this automated process 
substantially reduces the time and effort required for defect identification, making it especially advantageous for large-scale infra
structure projects where manual inspection proves impractical. 

Furthermore, the high accuracy and consistency demonstrated by this fusion based deep learning model in defect detection are 
pivotal attributes for ensuring dependable assessments. The minimized risk of human errors and subjective interpretations guarantees 
that potential defects receive due attention, thereby enhancing the overall safety and structural integrity of the examined buildings. 
The remarkable speed of deep learning in analyzing vast volumes of images is another commendable asset. This capability enables 
rapid and thorough defect evaluations across extensive areas of buildings or infrastructure, facilitating efficient defect identification 
and enabling the prioritization of repair strategies. 

Timely identification of defects is of utmost importance to prevent minor issues from evolving into major structural problems. The 
suggested deep fusion models excel at detecting subtle defects in their nascent stages, providing the opportunity for prompt repairs and 
maintenance, thereby mitigating potential long-term damage and costly interventions. Moreover, this deep learning algorithms 
possess a critical capability in objectively quantifying the severity and extent of identified defects. This quantification yields valuable 
insights for engineers and decision-makers, allowing informed resource allocation and precise repair decisions. 

Besides that, through the analysis of historical data on building defects, deep learning brings forth patterns, trends, and common 
failure modes. This invaluable knowledge informs the refinement of construction practices and the design of more resilient structures, 
thus bolstering overall structural durability. In future, the integration of deep learning models into surveillance systems enables real- 
time defect monitoring, facilitating prompt identification of any sudden structural changes. This proactive monitoring mechanism 
ensures heightened safety and security by forestalling potential structural failures. 

In the present study, we have designed a deep fusion feature-based model using AlexNet, VGG16 and Inception V3. The proposed 
model can extract features from the 3 scales that are fused to form a pool of features. The crack image of size 224 × 224 pixels for 30 
epochs with a batch size of 32. The manual crack detection is a time taking phenomenon and shows various morphological similarities 
with each other. For instance, cracks and surface cracks could be due to the internal stresses and weathering conditions. The relative 
moist carrier to the structural member generates the surface cracks primarily and tends to penetrate the inside of the concrete member, 
thus, it enables the other associated gas/chemical molecules to penetrate the concrete matrix, which results in deterioration of the 
concrete [42,43]. 

Irrespective of the testing phase or network used, training datasets with fewer samples perform similarly to datasets with a big 
dataset as can be seen with cracking, crazing, efflorescence and surface cracks. While the maximum number of iteration samples was 
required for test accuracy, 7200 training datasets were adequate for the best results in the other test cases. When the training and test 
data are similar, the size of the training dataset has a favorable impact on accuracy. When the networks are utilized for a variety of 
cases in terms of lighting or spatial connections between the camera and the surface, however, increasing the dataset size increases the 
risk of overfitting. 

This approach applies to training epochs as well. With the increased number of epochs for training, reliability for test data with 
comparable circumstances improves, but for varied test instances, the networks have a propensity to overfit or have a bias towards the 
training dataset. It should also be emphasized that the degree of dataset of variance is more significant than the sample size. However, 
variation in the dataset is extremely case specific and should be assessed in relation to the amount of replication of real instances. 
Regarding the impact of network complexity on the number of convolution networks and learnable parameters, the number of 
convolution layers has a stronger influence than the number of trainable parameters. 

A similar layer configuration of AlexNet, VGG16, and InceptionV3, on the other hand, demonstrates that increasing the number of 
convolution layers improves the network performance in defect detection methods. The number of fully linked layers can be used to 
make another deduction. Simple CNNs (AlexNet and VGG networks) with hierarchical layer connections have shown resilience in a 
variety of situations. Table 3 is the replication and comparison table for the performance evaluation of various models. The meticulous 
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performance evaluations presented in Table 3, coupled with comparisons to previous studies, underscore the significance of model and 
reliability in the practical applications. 

6. Conclusion 

Defects in civil infrastructure have a detrimental effect on the long-term viability of a project. To preserve structural integrity and 
durability, concrete defects must be identified and addressed quickly. Defects in construction can arise from inadequately designed 
materials, poor craftsmanship, or failure to adhere to established building codes. A novel method for analyzing the defects in concrete 
structures based on image processing and deep learning is presented in this paper. Manual defect identification process is time 
consuming, and the cost is high especially when the building is high. To overcome the problems nowadays, machine learning and deep 
CNN is widely used to automate the process. In this research, cracks were identified using a fusion-based model. Here, we use VGG16, 
AlexNet, and Inception V3 to extract features from a crack picture at three different scales. The features are then concatenated into a 
feature tensor. As many as 5760 out of the 7200 photos were used for training, while 1440 were retained for model validation. The 
proposed model was trained and validated. The results showed that the lowest precision rates in the testing phase were found in 
crazing (95%), cracks, and pop-outs (98%), while 100% precision rates were obtained in the other classification groups. An overall 
accuracy of 98.31% and F1-score of 0.98 illustrate the efficacy of the suggested proposed model. Moreover, ROC curve area is close to 
99% which can be assumed as the model is highly sensitive and can be used to design real-time application. In the future study, we will 
implement the model on real-time data. The main limitation of the method is the dataset and computation cost of different deep 
learning algorithms. 
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