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Abstract

Cracks in concrete cause structural damage, and it is important to identify and classify them. The objective of the research
was to describe the behavior and predict the type of failure in concrete cylinders using convolutional neural networks. The
methodology consisted of creating a database of 2650 images of failure types in concrete cylinders tested in compression
at the Laboratory of Testing and Strength of Materials of the National University of Jaen, Cajamarca, Peru. To identify
cracks on the concrete surface, the database was divided into training (60%), validation (20%), and testing (20%), and a
transfer learning approach was developed using the MobileNet, DenseNet121, ResNet50, and VGG16 algorithms from the
Keras library, programmed in Python. To validate the performance of each model, the following indicators were used:
recall, precision, and F1 score. The results show that the models studied correctly classified the type of failure in concrete
with accuracies of 96, 91, 86, and 90%, with the MobileNet algorithm being the best predictor with 96%. The novelty of
the study was the development of deep learning algorithms with different architectures that can be used in structural health
assessment as an automated and reliable method compared to traditional ones. In addition, these trained algorithms can be
used as source code in drones for structural monitoring.
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1. Introduction

Concrete is a widely used construction material in the world due to its mechanical properties such as fire resistance,
durability, and formability [1]. It is used in the construction of bridges, buildings, and roads due to its low cost and
mechanical properties. However, it is susceptible to moisture, corrosion of reinforcement, high temperature,
overloading, and differential settlement of soil, which causes cracks in its structure to appear in the stress zones [2, 3],
which show deterioration and affect the safety, workability, and durability of concrete structures [4]. Research has
deepened the study of its mechanical properties [5], being the compressive strength and the type of failure the most
evaluated properties, through laboratory tests where the preparation of concrete cylinders of 150x300 mm (ASTM C-
172) is performed to be evaluated in a hydraulic press (ASTM C-39).

Cracks are an important representation in structural evaluation because they provide information on the situational
condition of concrete structures [6] and allow the quality of the materials used in the production of concrete to be
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assessed through crack analysis. They are classified by traditional methods, which tend to be subjective, error-prone,
ineffective, unreliable [7-9], costly, time-consuming, and limited because they do not allow the total evaluation of the
structure, as they cannot access dangerous areas [6, 10], since they are based on visual inspection and professional
evaluation. The identification, classification, and analysis allow for the evaluation of the safety and durability of
concrete, indicating when timely maintenance should be performed to avoid structural deterioration, which will
guarantee the service life and reliability of concrete structures [11]. Its early detection and evaluation prevent further
damage and ensure structural safety, thus avoiding possible accidents. Therefore, the speed and accuracy of classification
algorithms constitute key elements for the detection of damage in concrete. Several methods use deep learning models
that automate the process [5, 12], using inspection techniques based on computer vision for the classification of crack

types [7].

Artificial Intelligence (Al) has permeated virtually all engineering applications due to recent advances in computer
technology. Machine learning and deep learning are two major subfields of Al that incorporate and extend learning
capabilities into data classification during the preprocessing phase [8]. Machine learning has been widely applied in
civil engineering, particularly in structural engineering, for tasks such as predicting the shear strength of grouted
reinforced concrete, calculating damage in structures, and identifying the seismic failure mode in reinforced concrete
shear walls [9]. Deep learning identifies hierarchical patterns and features using a convolutional neural network (CNN)
as an efficient and automated method to detect and classify cracks in concrete structures [13]. Deep learning-based
models play a significant and successful role in the accurate characterization, classification, and detection of exposed
cracks in complex environments [14].

Crack classification algorithms have been developed to improve the inspection and maintenance of civil
infrastructure. Koch et al. [15] reviewed computer vision-based methods and classified them into three types:
preprocessing (features), models (patterns), and 3D reconstruction, with learning and non-learning-based approaches.
Most of the non-learning-based approaches use image processing techniques such as noise filtering, edge detection,
binary thresholding, and morphological operations [16, 17], techniques that have limitations when dealing with
situations with complicated backgrounds, noise, and visual disturbances such as shadows. Adhikari et al. [18] proposed
a method that combines histogram enhancement, median filtering, and thresholding for crack detection, but this approach
also faces challenges when the images lack high contrast. Other approaches, such as the histogram threshold-based
method proposed by Dinh et al. [19], have also shown limitations in their ability to deal with high-contrast surface
images. There is an ongoing need for more robust and accurate algorithms with transfer learning approaches that can
address the challenges of crack detection in complex environments. The present research has addressed these gaps
present in the literature by proposing different architectures of deep learning algorithms that automatically identify
relevant features and patterns from the training data, which have been enhanced by data augmentation techniques that
solve the limitations of contrast, noise, and complex backgrounds, allowing the algorithms to identify cracks under these
scenarios.

The objective of the research was to use convolutional neural networks to classify crack types in concrete cores using
deep learning algorithms: MobileNet, DenseNet121, ResNet50, and VGG16, configured with different architectures, for
a more equitable and measurable approach in the automation of the crack identification and classification process as an
alternative to the traditional method, which will improve accuracy and reduce evaluation costs.

The contribution of the research lies in the configuration of algorithms with different parameters, trained with a
proprietary database of different types of failures, extracted from the testing and strength of materials laboratory, for the
recognition of patterns and distinctive characteristics, in the classification of the type of concrete failure in six categories:
Type I, 11, 111, 1V, V and V1. In addition, the proposed classification has not been addressed in the previous research
analyzed, since most of them focus on the classification into non-crack and crack. In this sense, this approach, based on
the ASTM C-39 standard, allows us to accurately represent and extract more information on concrete failures, being
fundamental as a parameter in the structural evaluation of infrastructures.

2. Literature Review

Several researchers have explored automated crack detection and classification methods using image-based machine
learning, such as convolutional neural networks (CNNs). Lee et al. [20], used an autonomous deep-learning crack
detection algorithm to support timely and proactive management of concrete structures with an accuracy of 83.40%. Ali
et al. [21], proposed an algorithm using a two-branch CNN architecture to effectively discriminate relevant cracks and
other components such as noise and edge-like image components in concrete surfaces with an accuracy of 99.70%. Ye
etal. [22], used the STCNet | model, a fast detection network architecture using deep learning-based dilated convolution,
to detect apparent cracks in concrete runways with an accuracy of 99.33%. Li et al. [23], use the ResNet model to
automatically identify and locate cracks in concrete dam structures with an accuracy of 99.39%. Several authors use
different CNN models, varying convolutional layers, parameters, and activation functions (see Table 1), to classify
cracks in concrete.
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Table 1. Convolutional neural network models for crack classification

Model Convolutional layers  Parameters (million) Activation function Precision Reference
CCA+CRA 10 NA. N.A. 83.40% Lee etal. [20]
ResNet-50 4 840 RelLU 99.70% Alietal. [21]
STCNet I 18 1.59 LeakyReLU/Sigmoid 99.33% Yeetal [22]
ResNet 17 24.03 ReLU/Softmax 99.39% Lietal [23]
InceptionV3 48 239 N.A. 90.90% Nguyen et al. [8]
SegCrack 4 2844 GELU (Gaussian Error Linear Unit) 96.66% Wang & Su [24]
RUC-Net 8 N.A. RELU 88.33% Yu etal. [25]

CNNs are powerful tools for learning and extracting features from image data, making it easy to identify subtle
information that might otherwise be difficult to detect [26]. Implemented in place of computer vision algorithms to
automatically and accurately detect and classify concrete damage images, they have shown great potential in image-
based object detection tasks [27]. CNNs are composed of deep layers of operations, where layered filters automatically
and hierarchically learn features from the raw data, known as deep learning (DL). DL systems benefit from fast
computation, so implementations on graphics processing units (GPUs), cloud-based computing services, or fast
processors have been standardized [28]. In the field of civil engineering, due to advances in digital image processing
and machine learning algorithms, DL is increasingly used to build classification and failure detection models for
different structural elements [26], allowing highly efficient monitoring by image classification algorithms by training
on large databases of concrete failures [29].

Some of the main algorithms used and recommended by different researchers for the training and validation of the
models were:

MobileNet: Developed by Google for small models with low power and low latency requirements. They are designed
for tasks such as classification, detection, embedding, and segmentation. Uses a depth-separable convolution instead of
a standard convolution to extract high-level features from the input data. This technique minimizes parameter size and
computational latency, making it suitable for use on embedded platforms [30].

DenseNet121: DenseNet is a neural network architecture that uses dense connectivity and consists of a dense block,
a transition layer, and a growth rate. The output of each dense block is concatenated into a single input tensor. DenseNet
has four types of architectures with different numbers of dense blocks, and DenseNet121 is a special type with a scheme
of (6, 12, 24, and 16) dense blocks. To reduce overfitting for tasks with smaller training sets, DenseNet121 uses global
average clustering and softmax classifiers instead of fully connected layers [31].

ResNet50: This is a pre-trained neural network trained on ImageNet, a dataset of nearly 1.2 million images. The
features and weights learned during this training can be used for other tasks through a process called transfer learning.
Fine-tuning is a technique that allows the network to adapt to new tasks with different numbers of classes and categories,
using fewer epochs than training from scratch [32].

VGG16: It is a very classical convolutional neural network model and its network structure is very simple. It
significantly reduces the model parameters because the model layers are reduced at the same time. Therefore, the
efficiency of crack detection is improved by extracting useful features with fewer parameters [33].

3. Materials and Methods
3.1. Methodology

The study was based on a supervised deep learning approach for predicting the type of failure in concrete. Figure
1 shows the methodological flowchart that guided the conduct of the study. A database was created with images of
failure types collected from the laboratory; the data were divided into training, validation, and test sets; then CNNs
were programmed in Google Colab with different architectures that were trained and validated with the dataset.
Finally, the type of failures in the test set was predicted by evaluating the model through performance and accuracy
with metrics such as precision, sensitivity, and specificity. A high-performance GPU was used to accelerate the
training of CNN models, and the software included machine learning libraries, TensorFlow and Keras, to build and
train CNN models.
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Figure 1. Methodology flowchart

3.2. Concrete Cylinders

The concrete cylinders were manufactured according to ASTM C-172, Figure 2-a shows a diameter of 150 mm
and a height of 300 mm, and then tested according to ASTM C-39 using a hydraulic press that applies a gradually
increasing load until the concrete cylinder breaks, thus obtaining the compressive strength. Figure 2-b shows the
fracture, where a crack pattern can be observed that provides valuable information about the quality of the materials
used in the mix. The cracks are classified into six types: Type I, I, Ill, 1V, V, and VI. This test is used in the
construction industry to evaluate the quality of the concrete used in a structure, as it provides information on the
compressive strength of the material.

a) Concrete cylinder b) Cracks after application
of forces

Figure 2. a-Concrete cylinder before and b- after application of the load

3.3. CNN

It employs convolutional kernels to perform multiple transformations on each layer. Unlike conventional neural
networks, the layers of a CNN are not fully connected, but are sparsely connected, which is called local connection. This
local connection takes advantage of the spatial correlation between the layers of the neural network, which is suitable
for extracting relevant features in image data, speech, natural language text, etc. [34]. Figure 3 shows the structure of
the CNN used to classify the types of failures in concrete, composed of the input layer, the image of the breakage of the
concrete cylinder, and the hidden layers composed of the Convolutional layer, Pooling layer, and the output layer
composed by the type of failure in the concrete cores. Each image is processed by the CNN using filters and
transformations in its dimensions until the class (type of concrete failure) is determined.
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Figure 3. Convolutional neural network structure

3.4. Databases

The database was obtained from the Laboratory of Testing and Strength of Materials of the National University of
Jaén, between the years 2019-2023, Figure 4 shows the images of cracks of concrete cylinders, of different types: Type
I, Type Il, Type IlI, Type VI, Type V and Type VI, with a total of 2650 images with a resolution of 1280x720 pixels
and three color space channels (RGB). They were cropped into 224x224 pixel images with different surface finishes and
illumination conditions, as this reduces the computational load on the model, accelerating convergence and crack
classification, and allowing predictions greater than 90% [35]. In addition, data augmentation techniques were applied
to improve the quality and quantity of training data to build an efficient model [36]. The techniques used included:
flipping, cropping, rotation, and color space transformation, among others. The images were stored in a single file
according to the type of defect in the Google Drive platform.

Figure 4. Failure type database

3.5. Development, Training, and Validation of CNN

The data matrix was constructed using the Python Keras library, a high-level convolutional neural network API that
can run on top of the TensorFlow or Theano libraries. Using the Colab cloud computing interface with a high-
performance NVIDIA Tesla V100 GPU and 26.9 GB of RAM on the Google Colab platform, these configurations allow
for the massive parallel computing needed to train large models. The database was imported from Google Drive and the
input parameters were configured for each convolutional neural network, then the dataset was created for training (60%),
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validation (20%), and testing (20%), and the models MobileNet, DenseNet 121, ResNet 50 and VGG16 were imported

with loss = categorical_crossentropy, optimize = adam, metrics = accuracy and epochs = 50, the models were generated
with the parameters shown in Table 2.

Table 2. Parameters of the different models

MobileNet DenseNet 121 ResNet50 VGG16

Total params 825M 17.07 M 36.45 M 139.59 M

Each CNN was configured as shown in Figures 5 to 8, representing different architectures and activation functions.
Figure 5, shows the architecture of the MobileNet model [37], which consists of (a) an input layer that receives the
image of the concrete fault type utilizing a 224x224 pixel matrix and color channel, (b) the information is processed in
the depth-separable convolutional layers that perform a 1x1 convolution, (c) the bottleneck residual layers reduce the
dimensionality of the input data before applying the convolutional layers, which reduces the number of channels and
the amount of computation required, (d) the information is passed to the ave-pool layer by clustering points, where the
average of the pixel clusters is calculated, (e) the fully connected (FC) layer with six neurons classifies the type of flaw
in the concrete based on the features extracted from the previous layers.

(Ix1,16) Block2 Block4 Block 6Block 8 Block 10 Block 12 Block 14 Block 16  (1x1, 1280)
L 1 o I — L i 1

Type 1
Type 11
Type 111
Type IV
Type V
Type VI
(1x1,32) Block 1 Block3 Block5 Block 7 Blojc; 9 Bl;;k 11 B—lo—rc;( 13 Bl;[;i( 15 (Ix.ITI~2)80) FEE) Outpln
Conv. Bottleneck Ave-pool FC ;
Residual
Figure 5. MobileNet model
Type |
Type 11
Type 111
Type IV
Type V
Type VI
Output
Conv. 1 Conv. 2 Conv. 3 Conv. 4 gm Conv.5
7x7, 64 1x1, 164 1x1, 128 1x1, 256 1x1, 512 ‘ FC
3x3, 64 3x3, 128 3x3, 256 3%3,/512
Ix1, 256 1x1, 512 1x1, 1024 1x1, 2048

Figure 6. ResNet50 model
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Figure 8. VGG16 model

Figure 6 shows the architecture of the ResNet50 model [38], which consists of (a) a convolutional layer with 64
filters of size 7x7 that processes the image of the failure type in concrete; (b) the information is passed to four residual
blocks with similar structure but with different filters in each convolutional layer (conv. 2,3,4 and 5) of 1x1, 3x3 and
1x1 to improve the representation of the features and (c) the Fully Connected (FC) output layer classifies the failure type
with the Softmax activation function, converting the outputs into probabilities of belonging to each class. The
architecture is characterized by the use of residual blocks that allow maintaining the flow of information through the
network, which contributes to better performance in image classification tasks.

Figure 7 illustrates the structure of the DenseNet121 model [39], which consists of (a) a convolutional layer (cov)
that extracts the image information of the concrete defect type; (b) the information is passed to the max-pooling layer
(max-pool) for the extraction and reduction of the initial features, (c) these are connected to the dense block layers 1, 2,
3 and 4, composed of several convolutional layers in series, where the output of each layer is concatenated with the
input of all the following layers in the block, allowing a direct connection between all of them, which facilitates the
access to the features extracted in previous stages, improving the efficiency and the information flow in the network,
between these dense blocks are used (d) a transition convolutional layer. Then, the previous layer is connected to (e) the
pooling layer (ave-pooal), to reduce the number of features before advancing to the next block, thus controlling the size
of the network and the computational complexity. After the dense blocks, connected layers are added to classify the
defect type.

Figure 8 shows the structure of the VGG16 model [40], which consists of the following elements: (a) an input layer
that receives the defect image in 224x224 pixels and RGB colors; followed by (b) 13 convolutional layers with 64 filters,
each of size 3x3, and a ReLU activation function to extract relevant features. The information is then passed to the (c)
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MaxPooling layer with a 2x2 window and a stride of 2, which aims to reduce the spatial dimensions. Next, (d) additional
convolutional layers with 128, 256, and 512 filters are applied, followed by ReLU activation functions. (e) A penultimate
MaxPooling layer with a 2x2 window and a stride of two further reduces the dimensions. Then three fully connected
layers are added (f) A layer with 4096 neurons and a ReLU activation function. Finally, the previous layer is connected
to the last layer with six neurons and a softmax activation function to classify the defect type.

3.6. CNN Performance Evaluation

To evaluate the effectiveness of the previously trained models in crack-type classification, several common
performance indices were used for CNNs: (1) model overfitting, (2) validation accuracy, and (3), F;_score-

TP

Precision = (D)
TP + FP

Recall = -2 2
TP + FN

2*Recall*Precision

Fl—score = Recall + Precision (3)
Where TP (True positive), TN (True negative), FN (False negative), and FP (False positive) represent different
scenarios based on the actual and predicted classes of the images [15].

TP: represents the case where both the actual class and the predicted class are crack images, indicating correct crack
detection in the images.

TN: This is the scenario in which both the actual class and the predicted class are background images, allowing
correct identification of areas without cracks in the images.

FN: This is the situation where the actual class is a broken image, but the prediction incorrectly identifies it as a
background image, resulting in missed crack detection.

FP: Represents the actual class of a background image, but the prediction incorrectly identifies it as a crack image,
which means a false alarm or misidentification of non-cracked areas as cracks.

In the statistical analysis of binary classification, the F1 score serves as a measure of accuracy within a model, it
combines two other performance indices, namely "precision” and "recall” (see Equation 3). The F1 score ranges from 0
(indicating an inability to classify correctly) to 1 (representing perfect classification). By combining accuracy and recall,
the F1 score provides a comprehensive assessment of model accuracy [8]. Using these indicators, we evaluated the
performance of the crack classification model quantitatively

4. Results

After generating from Python the models MobileNet, RestNet50, DenseNet121, and VGG16, configured with
different architectures and input variables, using 2650 images, the failure types of 530 experimentally obtained fracture
images were estimated and compared to validate the models. Figure 9 shows the training generation, obtaining the best
results in terms of accuracy with the MobileNet model with 96% and an error of 4% in 50 epochs, capturing the different
characteristics of the cracks in the concrete images. The other models presented a precession greater than 85%, being
reliable to be used as a basis for the classification of other concrete pathologies.

Train Accuracy of Models

100 1 MobileNet
RestNet50

- DenseNet121

90 1 VGG16

80 1

70 1

60

Accuracy (%)

50 1

401

Epoch

Figure 9. Accuracy of models during training
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Figure 10 shows the validation of the models in predicting the type of failure, applied to the test dataset, obtaining
96% accuracy with the MobileNet model, which identifies patterns and characterizes each type with an error of 4%, the
other models presented an error of less than 15%. To choose the number of epochs, the work was based on Qu et al.
[33], taking into account the factors: the complexity of the data set, model architecture, and convergence of the training
process, calculating in 50 the optimal number of epochs determined through experimentation and validation, to improve
the performance of the models, reducing the computational time.

Validation Accuracy of Models

100 A

- MobileNet
- RestNet50
- DenseNet121

90 1

80 1

70 A1

60 -

Accuracy (%)

50 1

40

30 A

Epoch
Figure 10. Model accuracy during validation

The MobileNet, RestNet50, DenseNet121, and VGG16 models and their statistics are shown in Table 3 to 6; being
evaluated using the experimentally obtained database in terms of accuracy (see Equations 1 to 3)

Table 3. MobileNet model statistics

Model Type P (%) R (%) F1(%)
| 89 89 89
1l 83 86 85
. 98 97 98
MobileNet
91 96 93
\% 97 99 98
VI 100 88 94

Table 4. RestNet50 model statistics

Model Type P((%) R (%) F1(%)

| 81 81 81

1l 76 83 86

1 98 91 95

RestNet50

86 86 86

\ 94 96 95

Vi 86 90 88

Table 5. DenseNet121 model statistics

Model Type P((%) R (%) F1(%)

| 70 70 70

1 66 100 80
11 94 78 85

DenseNet121

v 65 70 67
\Y 92 100 96
VI 100 67 80

2113



Civil Engineering Journal Vol. 9, No. 09, September, 2023

Table 6. VGG16 model statistics

Model Type P (%) R (%) F1(%)

| 75 78 76
1l 70 83 7
1 91 92 92
VGG16
v 85 80 82
\% 97 97 97
Vi 89 80 84

Table 3 shows the statistics of the MobileNet model in predicting the types of concrete failures (types I to V1),
expressed in terms of precision (P), recall (R), and F1 score. Type | achieves an accuracy, recall, and F1 score of
89%, maintaining a balance in its classifications. Type Il has an accuracy of 83%, a recall of 86%, and an F1-score
of 85%, with a higher true positive rate but lower accuracy. Type Ill has an accuracy of 98%, a recall of 97%, and
an F1 score of 98%, showing high classification performance. Type IV shows an accuracy of 91%, a recall of 96%,
and an F1 score of 93%, making it a solid and balanced model. Type V achieves an accuracy of 97%, a recall of
99%, and an F1 score of 98%, excelling in the accurate classification of positive samples. Finally, type VI achieves
a perfect accuracy of 100%, but its recall is 88% and its F1 score is 94%, demonstrating high accuracy but with
losses of positive samples.

Table 4 shows the statistics of the ResNet50 model evaluated in different types of faults using the metrics of precision
(P), recall (R), and F1 measurement. It shows good performance, especially with Type 11, with an accuracy of 98% and
a recall of 91%, indicating that the model achieves an accurate and efficient detection of this class. Type V also shows
performance with an accuracy of 94% and a recall of 96%, resulting in an F1 measurement of 95%. On the other hand,
Type 1l shows a balanced performance with an accuracy of 76% and a recall of 83%, which is an acceptable detection
in this class. The results of the other classes, such as Type I, Type 1V, and Type VI, show values close to 81, 86, and
88% in the three metrics.

Table 5 shows the statistics of the DenseNet121 model in predicting concrete failure types using the metrics of
precision (P), recall (R), and F1-measure. Type | had accuracy, recall, and an F1 measure of 70%, indicating a balanced
detection, but with room for improvement in this class. In the case of Type I, it shows a recall of 100%, being able to
recover all true instances of this class, but the accuracy was 66%, indicating that not all predictions are correct, resulting
in an F1 measure of 80%. Type |11 shows an accuracy of 94% and a recall of 78%, reflecting accurate detection but with
a lower ability to recover true instances, resulting in an F1 measurement of 85%. Type IV shows an accuracy of 65%
and a recall of 70%, which is acceptable in this class, with an F1 measurement of 67%. On the other hand, Type V has
a recall of 92% and 100%, respectively, resulting in an F1 measurement of 96%, highlighting a great performance in
this class. Finally, type VI shows an accuracy of 100%, with a recall of 67% due to undetected instances, resulting in an
F1 measurement of 80%.

Table 6 shows the statistics of the VGG16 model in terms of accuracy (P), recall (R), and F1 measurement, evaluated
for different types of defects. In Type I, the model shows an accuracy of 75%, a recall of 78%, and an F1 measurement
of 76%, indicating a balanced detection with room for improvement in this class. Type Il shows 70% accuracy, 83%
recall, and 77% F1 measurement, demonstrating robust recoverability but with relatively lower accuracy. For Type I,
the model shows 91% accuracy, 92% recall, and 92% F1 measurement, reflecting accurate and complete detection in
this class. Type IV shows 85% accuracy, 80% recall, and 82% F1 measurement. In Type V, the model achieves 97%
accuracy, recall, and F1 measurement, indicating accurate and complete detection in this class. Finally, type VI shows
an accuracy of 89%, a recall of 80%, and an F1 measurement of 84%.

The confusion matrix compares the actual vs. predicted labels with the correctly predicted classes plotted on the
diagonal and calculates parameters such as precision, recall, and overall classification accuracy. Figure 11 shows the
summary of the validation of the models with the actual vs. predicted class of the concrete core failure types: Type I, 11,
11,1V, V, and VI, validated with a test set labeled with their respective failure types. By analyzing the confusion matrices
of the four models, we observed different levels of identification accuracy, with the MobileNet model demonstrating
exceptional performance, reaching 96% accuracy in classifying the failure types.
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Figure 11. Confusion matrix of the different models

The models with the highest accuracy in estimating the failure type in concrete cores were MobileNet and RestNet50
with 96% and 91%, respectively. Table 7 shows the accuracy of the models used to classify the failure type. The
"Accuracy" column shows the overall accuracy of each model, which is the proportion of correct predictions in the test
data set, noting that the MobileNet model achieved the highest accuracy with a value of 96%. The "Macro Avg" and
"Weighted Ave" columns represent the macro and weighted average accuracy metrics, respectively, of all classes on a
uniform basis, taking into account the class imbalance and the assignment of weights according to frequency. The
MobileNet model leads both metrics with values of 0.93 and 0.96, but the other models show significant results, with
RestNet50, DenseNet121, and VGG16 achieving accuracies of 91, 86, and 90%, respectively. The results provide
information for the scientific community to evaluate and select the appropriate model for future concrete failure
classification applications.

Table 7. Model accuracy

Model Accuracy (%) Macro Avg.  Weighted Ave.
MobileNet 96 0.93 0.96
RestNet50 91 0.87 0.91

DenseNet121 86 0.80 0.86
VGG16 90 0.85 0.90

5. Discussion

The research was carried out in the province of Jaen, Peru, because the buildings have cracks and fissures in the
structural elements, so the type of concrete failure must be identified to determine the quality of the materials. Table 8
shows the size of the databases, the dimensions of the images, the distribution of the data set, and the classes present in
each study. First, it should be noted that most of the previous studies focus on crack detection in images using a variety
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of data sizes and splits. Li et al. [23], Falaschetti et al. [28], Nguyen et al. [8], Wang et al. [24], Song et al. [4], Wu et al.
[41], and Islam et al. [13] all have "crack" and "non-crack™ as the detection target. On the other hand, some studies focus
on a more diverse dataset, such as Chen et al. [26], which includes the classes of "concrete cracking", "concrete spalling”,
"rebar exposure", and "background”, allowing for more detailed identification of different types of concrete damage.
Compared to these references, the study presents a proprietary database with a total of 2650 images, each with a
dimension of 224x224 pixels. The database contains six different classes of concrete cylinder failures identified as "Type
1", "Type 1", "Type 11", "Type IV", "Type V", and "Type VI". This is a significant contribution to the field of concrete
failure detection, as it provides a diverse and specific database for identifying different types of concrete damage.
Furthermore, it should be noted that some studies, such as Wang et al. [24] and Li et al. [23], use a 7:2:1 data split for
training, validation, and testing, respectively, while others, such as Falaschetti et al. [28], use a 7:1.5:1.5 split. The study
follows a representative dataset split of 60% for training, 20% for validation, and 20% for testing, which ensures a robust
evaluation of model performance. In terms of dimensions, the database uses 224x224 pixels images, while other studies
use sizes such as 227x227, 256x256, 480x480, and 608x608 pixels. Although there are variations in the dimensions, it
is important to note that all the studies present an adequate resolution for the detection of flaws and cracks in concrete.
As the database was composed of 2650 images, it is comparable to or even larger than other references, such as Nguyen
et al. [8] with 1097 images and Chen [26] with 600 images.

Table 8. Comparison of database and labels used for crack-type classification

Reference Database Dimension  Division of the data set Classes

Li et al. [23] 50,476 227 x 227 7:2:1 Crack and Background
Falaschetti et al. [28] 40,000 227 x 227 7:1.5:1.5 Crack and non-crack
Nguyen et al. [8] 1,097 256 x 256 - Crack and non-crack
Wang et al. [24] 2,735 608 x 608 7:2:1 Crack and non-crack
Song et al. [4] 962 512 x 512 - Crack and non-crack
Wau et al. [41] 500 - 6:1.5:2.5 Crack and non-crack
Islam et al. [13] 40,000 227 x 227 - Crack and non-crack
Qiao et al. [14] 1800 480 x 480 8:2 Crack and non-crack

Concrete cracking, concrete spalling, exposure of

Chen et al. [26] 600 221 x 221 reinforcing bars, and Background

Present Study 2650 224 x 224 - Type |, Type 11, Type Hl1, Type VI, Type V, and Type VI

Table 9 shows the different hardware and software used by the authors for crack classification. Falaschetti et al. [28]
used the CNN V2 model without specifying the hardware, using TensorFlow v.2.5.0 and Keras v.2.5.0 as software to
train and evaluate the model. Wang et al. [24] used the SegCrack model on a GeForce GTX 1080Ti GPU with 11 GB
of memory. However, they do not mention the software used to train the model. Song et al. [4] used the ResNet50 model
on hardware consisting of an Intel(R) Core(TM) i5-8500CPU processor with a GeForce RTX 2060 GPU and 16 GB of
RAM and a Windows 10 64-bit operating system with Python 3.7 and TensorFlow as the deep learning library. Chen et
al. [26] used an NVIDIA GeForce GTX 960M GPU and MATLAB 2019 as software for their study. For the study, the
MobileNet model was used with NVIDIA Tesla V100 hardware and TensorFlow v.2.13.0, and Keras v.2.2.4 software
for model training and evaluation. By using the Tesla V100 GPU, significantly reduced training and prediction times
were achieved compared to other models and hardware configurations, which accelerated the detection process and
allowed for greater efficiency in generating early warnings of defects. It is important to note that each study used
different models and hardware and software configurations according to the needs and resources available. The selection
of the MobileNet model and the Tesla V100 GPU was based on the efficiency and performance they provided for the
detection task.

Table 9. Comparison of hardware and software used for crack-type classification

Reference Database Hardware Software

. - TensorFlow v. 2.5.0
Falaschetti et al. [28] CNN V2

- Kerasv. 2.5.0
Wang et al. [24] SegCrack GeForce GTX 1080Ti 11 GB GPU.
Intel(R) Core(TM) i5-8500CPU@3.00 GHz,  Windows 10-64-bit,
Song etal. [4] ResNet50 GeForce RTX 2060, 16 GB RAM, Python 3.7, TensorFlow.
Chen et al. [26] - NVIDIA GeForce GTX 960M. MATLAB 2019.
PresentStudy ~ MobileNet NVIDIA Tesla \V/100. -TensorFlowv. 2.13.0
-Kerasv. 2.2.4.
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Table 10 shows the accuracy of other models concerning the one obtained in this research. Falaschetti et al. [28]
used a CNN V2 model and obtained an accuracy of 99.33%. Although the accuracy was 96%, it is within the range of
reliability, considering that the approach was based on the MobileNet model, which was designed to provide a balance
between accuracy and computational efficiency. Nevertheless, the model showed competitive performance and was
suitable for various practical applications. The Inception\V3 model used by Nguyen et al. [8] achieved an accuracy of
90.90% and an F1 value of 0.90. Wang et al. [24] used the SegCrack model and achieved an accuracy of 96.66% and an
F1 value of 0.96. When compared to the proposed approach, the results obtained by the aforementioned authors are
similar, as they achieved an accuracy of 96% and an F1 value of 97%. These results indicate that the model proposed as
SegCrack has similar performance in correctly classifying the type of failure. As for the YOLOV4, AlexNet, and EMA-
DenseNet models used by Wu et al. [41], Islam et al. [13], and Qiao et al. [14], respectively, MobileNet presents an
accuracy between 81.97% and 97.34%, which is higher and similar to the results obtained in the research compared to
these.

Table 10. Comparison of crack-type classification accuracy

Reference Model Accuracy (%) F1
Falaschetti et al. [28] CNN V2 99.33
Nguyen et al. [8] InceptionV3 90.90 0.90
Wang et al. [24] SegCrack 96,66 0.96
Wu et al. [41] YOLOv4 97.34 0.97
Islam et al. [13] AlexNet 99.92 99.86
Qiao et al. [14] EMA-DenseNet 81.97
Chen et al. [26] AlexNet 86.00
Present Study MobileNet 96.00 97.00

6. Conclusion

Given the lack of open access data, this research has created a database with 2650 images of six types of failures:
Type I, 11, I, 1V, V, and VI in concrete cylinders obtained from ASTM C39 tests during the years 2019-2023. Four
convolutional neural network models with learning transfer were proposed: MobileNet, RestNet50, DenseNet121, and
VGG16, to be classifiers and pattern recognizers in crack classification, using the Python Keras library. For this purpose,
the dataset was divided into training (60%), validation (20%), and testing (20%), as recommended in the literature. Each
model was trained for 50 epochs. After validation, the predicted classes were evaluated against the real ones (concrete
failure types) using the confusion matrix. The MobileNet model proved to be the best estimator of concrete failure type,
reaching an accuracy of 96% and an error of 4%. This allows automation in the identification of specific core failure
types. Comparing MobileNet with other models in crack classification, it is more accurate, with a difference of more
than 5% compared to InceptionV3 and YOLOvV4. The results validated in the research with accuracies of 96, 91, and
90% have great potential for engineers and researchers to make informed decisions and solve problems related to the
classification of failure types in concrete cylinders. This will enable monitoring and automation in the generation of
early warning signals in concrete structures. The research provides a solid foundation for future advances in concrete
failure detection and classification and opens the possibility of applying these techniques to other areas of civil and
structural engineering.
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