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Abstract: The detection of cracks is important in the maintenance of structures like concrete
and brick walls, because the appearance of cracks is considered an initial sign of deterioration
of structures, ensuring the safety and durability of structures. Traditionally, crack detection
is performed by a maintenance engineer manually, which is laborious and time-consuming.
Structural maintenance has seen the emergence of automated crack detection methods as a
major goal. Convolutional neural network (CNN)-based methods have been superior to other
existing methods. But they are not always good in different environments, like shadows,
colour changes, or noise, and only work well if the training data is labelled correctly. Thus,
CNN-based crack detection requires high-quality labelled datasets. In this research, we
assembled comprehensive datasets (captured and online) and employed them in CNN-based
techniques (e.g., AlexNet, ResNet-50, GooglLeNet, and VGG16), followed by a comparative
analysis to evaluate their performance in structural maintenance. In comparing the performance
of the AlexNet, ResNet-50, GoogLeNet, and VGG16 models for crack detection in buildings,
ResNet-50 emerged as the top-performing model. All four models achieved high accuracy;
however, ResNet-50 consistently demonstrated superior precision, recall, and F1-score. With
a test accuracy of 99.88% for ResNet-50, 99.56% for GoogLeNet, 99.25% for VGG16, and
95.31% for AlexNet, ResNet-50 proved more adept at interpreting complex data patterns
and minimizing classification errors. This highlights ResNet-50’s stronger ability to enhance

classification performance, positioning it as a preferred model for structural crack identification.

Keywords: structural maintenance; convolutional neural networks; dataset labeling;
performance evaluation; structural health monitoring; comparative analysis; image

classification; building inspection

1. Introduction

Cracks in civil infrastructure, especially in buildings made of concrete and
masonry, are early signals that the building is falling apart. The environment, old
materials, too much weight, thermal expansion, shrinkage, or bad construction can all
cause these problems. If not fixed, minor cracks on the surface can expand and cause
major damage to the structure, making it less safe, less durable, and having a shorter
in-service life. So, it’s very important to locate cracks quickly and correctly so that the

health of a structure can be monitored and preventive maintenance can be undertaken.
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In the past, trained engineers would look for cracks by hand. A manual inspection is
simple, but it requires a lot of time, work, and guessing, and people can make mistakes.
Manual monitoring becomes inefficient and expensive in huge infrastructure systems
like bridges, towering buildings, and roadways. So, building automatic, reliable, and
scalable crack detection systems has become an important field of research in civil
engineering and computer vision [1,2].

Early methods for locating cracks generally used normal image processing techniques
such as edge detection, thresholding, filtering, and texture analysis [3—5]. These
approaches are quick to calculate, but they don’t always work well in real life when there
are shadows, noise, busy backdrops, and color shifts on surfaces [6]. Deep learning,
particularly convolutional neural networks (CNNs), has demonstrated significant potential
in addressing these challenges by autonomously learning hierarchical and discriminative
features from raw picture data in recent years [ 7—10]. Studies have shown that CNN-based
models operate better than standard machine learning and hand-crafted feature-based
techniques [11,12]. But how well they operate depends a lot on having training datasets
that are labeled appropriately [13]. CNN models may also not operate as well when they
are in diverse environments, including when the illumination changes, the surface textures
are complicated, or there is background noise [14,15].

This reliance on data quality underpins the fundamental thesis of this study: that
meticulously curated, heterogeneous datasets are as crucial as architectural complexity
in attaining dependable automated crack detection.

In this study, reliability is explicitly defined as the amalgamation of three
quantifiable attributes: (i) elevated and consistent classification accuracy across all
testing conditions; (ii) a minimal false-negative rate, regarded as the paramount
failure mode in structural safety applications, as undetected fissures may result in
the underestimation of structural risk; and (iii) resilience to environmental variability,
measured by sustained performance on image subsets characterized by challenging
lighting, shadow, and surface conditions. This operational definition informs both the
dataset design strategy and the evaluation framework delineated in this paper.

This research compiles an extensive dataset of both collected and publicly
accessible crack and non-crack photos to address these issues. Next, it uses CNN
architectures based on transfer learning to compare the two sets of images. For binary
crack categorization, we use and improve four well-known pretrained deep learning
models: AlexNet, ResNet-50, GoogLeNet, and VGG16. Transfer learning enables
rapid training of models even with limited data by leveraging knowledge learned
from large-scale image recognition tasks. This is called transfer learning. The major
purpose of this work is to determine the optimal model for reliably finding fractures
in structural maintenance tasks by comparing different architectures based on their

accuracy, precision, recall, and F1-score.

2. Materials and methods

This section explains the experimental setup, the data processing pipeline, and the
deep learning architectures that were utilized to discover cracks on their own. The study
employs a comparative transfer learning methodology implemented in TensorFlow
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2.16+ utilizing the native Keras format. To make sure everything could be reproduced, a
global random seed (seed = 42) was used for all stochastic operations, such as shuffling
the dataset, initialising the weights, and adding more data. This seed value does not
stand for the number of samples; instead, it is a common way to get consistent and
repeatable results in TensorFlow.

2.1. Overall framework of the proposed method

The purpose, inputs, actions, and outputs of each of the five consecutive phases
that make up the overall crack detection pipeline are as follows (Figure 1):
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Figure 1. Workflow of the proposed crack detection framework.

Phase I (Data acquisition and preprocessing) focuses on building a diverse,
field-representative image corpus using online datasets and field photos. 8,100
preprocessed photos are produced after the procedure, which includes image collection,
quality filtering, resizing to 224 x 224 pixels, normalization, and Gaussian noise
filtering.

Phase II (Data augmentation and splitting) seeks to decrease overfitting and
enhance generalization. Stratified scene-level splitting (64% training, 16% validation,

and 20% testing) and stochastic augmentation methods like flipping, rotation, zoom,
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brightness, and contrast modifications are used to divide the preprocessed dataset.

Phase III (Transfer learning framework) leverages ImageNet-trained features for
crack detection. By substituting bespoke layers for the classification heads of pretrained
CNN backbones (VGG16, ResNet-50, InceptionV3, and AlexNet), models prepared for
fine-tuning are created.

The models for binary crack classification are trained using binary cross-entropy
loss and the Adam optimizer in Phase IV (Model training and optimization). To
improve performance, a two-stage approach is used, beginning with frozen base layers
and then selectively unfreezing them.

Model performance is evaluated on test data that has not yet been observed
in Phase V (Model evaluation). In order to produce final performance metrics and
comparison rankings, this involves prediction, metric calculation, confusion matrix

analysis, and stress-condition subgroup evaluation.

2.2. Dataset description

This research utilized a meticulously managed dataset including 8,100 annotated
photographs, distinctly categorized into “crack” and “non-crack” classifications. The
photos illustrate a wide range of structural surfaces, from simple concrete walls and
pavements to more sophisticated masonry and building facades. This is to make sure
the model performs effectively in a variety of engineering scenarios.

To guarantee diversity, the dataset was put together from three complementary
sources: (1) 3,800 photos taken in the field: images of actual buildings in Bangladesh
taken in uncontrolled outdoor settings with a DSLR camera and handheld smartphones.
These pictures feature a variety of surface conditions (plain concrete, painted concrete,
stained surfaces, masonry), backdrop complexity, crack severities (hairline to huge
structural fissures), and lighting circumstances (bright daylight, diffuse overcast light,
shadow, artificial inside lighting). Public infrastructure, commercial buildings, and
residential apartment buildings are examples of building typologies. (2) SDNET2018
dataset [16]: An annotated crack dataset that covers fracture types in various structural
contexts and includes concrete walls, pavements, and bridge decks. (3) Ozgenel
Concrete Crack photos for the classification dataset [17]: Additional diversity and label
balance are provided by binary-classified concrete surface crack photos.

*  Crack: Images containing visible structural cracks (Figure 2),
*  Non-crack: Images without any visible cracks or structural defects (Figure 3).

Figure 2. Crack samples.
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Figure 3. Non-crack samples.

Bridge deck and pavement photos were kept in the SDNET2018 dataset in
order to increase dataset diversity and lower the possibility of overfitting to a single
surface texture. Regardless of the structural context, fracture morphology—which is
defined by thin, branching linear discontinuities on a textured background—shares
visual characteristics across concrete surfaces. This well-known feature is used in
cross-surface transfer learning for crack detection [ 18—-20]. However, we recognize that
building surfaces are the main application objective of this study, and future research
will assess the impact of limiting training data to only building-specific photos.

The field-captured portion includes images from (a) reinforced concrete residential
buildings, (b) single-story masonry brick structures, (c) concrete retaining walls, and

(d) concrete pavements adjacent to buildings.

»  Training subset: 64% of the total images,
*  Validation subset: 16% of the total images,
»  Testing subset: 20% of the total images.

Before analysis, all images underwent uniform scaling to a resolution of 224
x 224 pixels, a standard dimension frequently utilized to ensure compatibility with
conventional convolutional neural network architectures [21-23].

2.2.1. Annotation protocol

A strict binary annotation protocol was applied to label all images as either crack
or non-crack. Labeling was performed independently by trained annotators following
predefined guidelines to ensure consistency. Discrepancies were resolved through a
consensus process. Crack labels were assigned based on a minimum visible length
threshold, while non-crack images included visually similar features such as stains,

joints, and surface texture variations to improve model robustness.
2.2.2. Data leakage prevention

The dataset was divided at the scene level instead of the image level to stop data
leakage. A single scene cluster was created by combining all of the photos taken at the
same physical location (building or site) and allocating them only to one of the three
subgroups (training, validation, or testing). No scene cluster can be found in several
subsets. There is no patch-level overlap across subsets since images are separate grabs
rather than patches taken from a single, bigger image. To ensure reproducibility, a fixed
random seed (seed = 42) was used for the stratified scene-level split.
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2.3. Data preprocessing

Before training the model, pretreatment procedures were taken to make sure the
dataset was consistent and could be used with deep learning architectures.

2.3.1. Image resizing

All images were resized to 224 x 224 x 3 pixels. Standardizing the spatial
dimensions makes it easier for pre-trained CNN architectures to work together and cuts

down on the amount of processing power needed.
2.3.2. Image normalization

The input data is expected to be normalized in a consistent manner with the
original training on ImageNet for each architecture. Consequently, we implemented

the corresponding normalization for each architecture:

» The official preprocess_input functions of VGG16, ResNet-50, and GooglLeNet
were employed. These functions automatically apply the scaling that corresponds
to the initial training of the models and subtract the appropriate mean values.

*  We merely scaled the pixel values to the [1] range for our custom AlexNet, which
we trained from scratch. This facilitates the proper behavior of gradients during

the training process.
2.3.3. Dataset pipeline optimization

In order to enhance the efficiency of training and reduce the time required to import

data, we implemented TensorFlow dataset optimization techniques.

»  Caching—Speeds up access to the disk,
*  Prefetching—Loads data while training the model at the same time,

*  Batch processing—With a batch size of 32.

These modifications optimize the utilization of the GPU and enhance the training’s

overall efficacy.

2.4. Data augmentation

Data augmentation techniques were implemented during the training process to
enhance the model’s generalizability and diversify the dataset.
The following changes were applied:

* Random flipping from left to right,

*  Random flipping up and down,

* Random turning (£15°),

*  Zooming in and out at random (+20%),
*  Random brightness adjustment,

* Random contrast change.

These changes make images look different in ways that happen in the real world,
like changing the angle of the camera, the lighting, and the orientation of the surface.
When applied to unseen structural images, data augmentation makes crack detection

models less likely to overfit and more robust.
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2.5. Deep learning architectures

This research assessed binary crack classification using four CNN architectures:
AlexNet, VGG16, ResNet-50, and InceptionV3 (GoogLeNet). We utilized TensorFlow
2.16 and the Keras API to construct all of the models. The input was 224 x 224 x 3
RGB images. Figure 4 illustrates that a CNN comprises two operational phases: a
feature extraction phase, in which stacked convolutional layers with ReLU activations
and pooling operations incrementally encode spatially hierarchical representations from
the raw input, and a classification phase, during which the resultant feature maps are
flattened and transmitted through fully connected layers to yield the final binary class
probability. The four designs chosen for this work exhibit significant diversity in their
multi-scale processing abilities, connection patterns, and depth, rendering them ideal

subjects for comparative examination in the fracture detection domain.

FEATURE EXTRACTION CLASSIFICATION
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Figure 4. General architecture of a convolutional neural network.

Convolutional Neural Networks (ConvNets/CNNs) are a type of neural network
that is made to deal with data that is arranged in grid-like patterns, like pictures. CNNs
are very helpful for sorting and recognizing pictures. A ConvNet’s architecture is
designed to take advantage of the 2D structure of input pictures. The ConvNet is made
up of many sorts of layers, including convolutional layers, pooling layers, and fully

connected layers.
2.5.1. The structure of AlexNet

AlexNet is an early deep convolutional neural network that achieved significant
performance improvements on large-scale image recognition tasks. This study used the

following architecture:

»  Five layers of convolution,

»  Three layers of max-pooling,

*  Two layers that are fully connected,
* Layers for dropout regularization,

* A sigmoid activation function was used in the output layer for binary classification.
The convolutional layers extract hierarchical spatial features from crack images,

while the fully connected layers leverage these features for classification.

2.5.2. VGG16 architecture

There are 16 weight layers in VGG16, which is a deep convolutional neural
network. It uses small 3 x 3 convolution kernels that let the network pick up on small
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spatial details.

The architecture consists of:

* 13 layers of convolution,
»  Five layers of max-pooling,

* Classification layers that are fully connected.

A pre-trained VGG16 model that had been trained on the ImageNet dataset was
used as a feature extractor in this study. The original top layers were removed and
replaced with custom layers. These layers include:

*  Global Average Pooling,
* Dense layer with 256 neurons,
*  Dropout layer (0.5),

* Layer for sigmoid classification.
2.5.3. The structure of ResNet-50

ResNet-50 is a deep residual network with 50 layers that was made to fix
the problem of the vanishing gradient in deep neural networks. The architecture
incorporates residual learning, enabling the network to acquire residual mappings
through shortcut connections instead of direct mappings.

The residual block can be written as follows:

y = F(x) + x; where:

*  x is the input feature map,
* F(x) stands for the learned residual function,

» yis what the residual block gives back.

These shortcut connections help deeper networks train quickly while still being

able to learn features well.
2.5.4. GoogLeNet (InceptionV3)

The Inception module in GoogLeNet enables the network to conduct more than
one convolution operation at once.

The following things happen in each Inception block:

* 1 x 1 convolutions to make the data less complex,
* 3 x 3 convolutions for extracting features on a medium scale,
* 5 x5 convolutions for a bigger spatial context,

*  Max-pooling to make things spatially invariant.

This multi-scale design lets the network pick up on both fine-grained cracks as

well as larger structural defects.

2.6. Transfer learning strategy

Transfer learning was used to take advantage of what was learned from the large
ImageNet dataset. There were two parts to the training process:

Phase 1: Feature extraction

*  Pretrained convolution layers were frozen,
*  Only custom classification layers were trained,

«  Learning rate: 1 x 1074,



Building Engineering 2026, 4(2), 4163.

Phase 2: Fine-tuning

*  Selected deeper layers were unfrozen,
Learning rate reduced to 1 x 107>,

*  Gradual adaptation of high-level features to crack detection.

This two-stage training strategy prevents catastrophic forgetting while enabling

domain adaptation.

2.7. Training configuration

The models were implemented using TensorFlow (version 2.16) with the Keras

high-level deep learning API. Training parameters are summarized in Table 1:

Table 1. Hyperparameter configuration used for training all CNN models.

Parameter Value

Input image size 224 x 224

Batch size 32

Initial training epochs 8

Fine-tuning epochs 10

Optimizer Adam

Loss function Binary Crossentropy
Initial learning rate 1x107*

Fine-tuning learning rate 1x107°

The following callbacks were put in place to make training more stable:

*  EarlyStopping to prevent overfitting,
*  ReduceLROnPlateau to adjust the learning rate dynamically,
*  ModelCheckpoint to save the best-performing model.

2.8. Performance evaluation metrics

The study employed a comprehensive array of assessment criteria, including
accuracy, precision, recall, and the Fl-score, to guarantee a rigorous and impartial

comparison of the trial results.
2.8.1. Confusion matrix

A confusion matrix (Figure 5) is a way to see how well a categorization model
works. It shows how well the model did by showing the number of true positives (TP),
false positives (FP), true negatives (TN), and false negatives (FN) predictions. The
matrix arranges these numbers for binary classification, with the anticipated class in

the columns and the actual class in the rows.
2.8.2. Accuracy

Accuracy is the percentage of input patches that are accurately labeled as either
crack or not crack. To get it, add the true positive (TP) and true negative (TN) values
from the confusion matrix, then divide by the total number of samples. TP and TN
arise when the classifier correctly tells the difference between patches that are cracks

and patches that aren’t. False positive (FP) and false negative (FN) events arise when
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the classifier incorrectly classifies patches as either crack or non-crack.

TP + TN
Accuracy =
TP 4+ FP + TN + FN
Positive Negative
Positive True Positive False Positive

Negative False Negative  True Negative

Figure 5. Confusion matrix.

2.8.3. Precision

When it comes to figuring out how accurate a model’s positive predictions are,
accuracy is a very important performance indicator in machine learning and deep
learning. When it comes to locating cracks, accuracy shows us how well the classifier
can find crack patches. The classifier discovers the cracks and then counts how many

of them it found.
TP

Precision = ———
TP + FP

2.8.4. Recall

The number of accurately detected crack patches (TP) divided by the total number
of actual crack patches (TP + FN) is called recall, or True Positive Rate or Sensitivity.
It checks to see if the classifier can discover all the crack patches that matter in the

dataset.
TP

Recall = ———
TP 4+ FN

2.8.5. F1 score

The F1 score is a way to quantify how well a machine learning or deep learning
model works. It is the harmonic mean of precision and recall. It presents a fair overview
of these two fundamental techniques to judge models for categorization. A high F1
score, which ranges from 0 to 1, with 1 being the best score, means that the recall
and precision are good. This means that true positives are found correctly, and false
positives and negatives are kept to a minimum. The F1 score is highly useful when
accuracy and recall are not equally critical, such as when diagnosing a medical issue,
looking for fraud, or screening spam. It helps establish the proper balance between
accuracy and recall for a given task. It also helps to observe how well other models

work. This is how it may look in math:
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Precision - Recall

F1S =2 X —
core Precision + Recall

3. Results and discussion

3.1. Dataset overview

The experimental dataset consisted of 8,100 labeled images divided into two
classes (crack and non-crack) and further segmented into training (64%), validation
(16%), and testing (20%) subsets. Before training, the images were scaled to 224 x
224 pixels, normalized to [1], and denoised. We used stochastic augmentation, which
included flipping, rotating, zooming, and changing the contrast, to make the model
more general.

We tested four CNN architectures for binary crack classification: VGGI16,
ResNet-50, InceptionV3 (GoogLeNet), and AlexNet. The first three were set up with
pretrained weights from ImageNet and then fine-tuned using a two-phase transfer
learning method. AlexNet was trained from scratch to provide a baseline for

comparison.

3.2. Training performance analysis

The training method had two steps that happened one after the other. The first
step was “feature extraction,” and the second step was “fine-tuning of higher layers”
using the Adam optimizer and binary cross-entropy loss. The models converged swiftly
during the first few training epochs, which means that the pretrained weights were able
to pick up on low-level visual cues that are important for crack detection.

3.2.1. VGG16 training behavior

VGG16 had a validation accuracy of 98.99% and a consistently decreasing loss
curve. The model continued to improve during the fine-tuning phase, which indicates
stable feature learning (Figure 6).

VGG16 Accuracy VGG16 Loss

~—< —— Train Loss
0.98 Val Loss

0.86 1 —— Train Accuracy | 0.05
Val Accuracy

(C)) (b)

Figure 6. VGGI16 training performance: (a) Training vs. Validation accuracy curve; (b)
Training vs. Validation loss curve.

3.2.2. ResNet-50 training behavior

Of all the models, ResNet-50 had the best validation performance and the fastest
convergence. The validation loss decreased to 0.0023, while the validation accuracy

11
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increased to 99.92% during the fine-tuning phase. This shows that the features were
well reproduced and that there wasn’t too much overfitting.
The residual learning mechanism made it possible to get extra features while

keeping the gradient steady during backpropagation (Figure 7).

ResNet50 Accuracy ResNet50 Loss

— Train Loss
Val Loss

—— Train Accuracy
Val Accuracy

0.0 25 5.0 75 10.0 125 15.0 17.5 0.0 25 5.0 7.5 10.0 125 15.0 17.5

(@) (b)

Figure 7. ResNet-50 training performance: (a) Training vs. Validation accuracy curve; (b)
Training vs. Validation loss curve.

3.2.3. InceptionV3 (GoogLeNet) training behavior
InceptionV3 (GoogLeNet) did an excellent job of sorting things and showed that

it was always getting closer to the right answer across the epochs. The model used
multiscale convolutional filters, which helped it discover fracture features at multiple
levels of detail. The validation accuracy was about 99.77%, which means that the ability

to find things was quite good (Figure 8).

GooglLeNet Accuracy GooglLeNet Loss

—— Train Accuracy 0.16 —— Train Loss
Val Accuracy Val Loss

0.99 4 _ 0.14
012 4
0.10
0.08 4
0.06

096 0.04 4

0.02

0.0 2.5 5.0 7.5 10.0 125 15.0 17.5 0.0 25 5.0 7.5 10.0 125 15.0 175

(@) (b)

Figure 8. InceptionV3 (GoogLeNet) training performance: (a) Training vs. Validation
accuracy curve; (b) Training vs. Validation loss curve.

3.2.4. AlexNet training behavior

The other models worked better than AlexNet. Over time, the accuracy of its
validation got better, but the loss and stability of its validation went worse throughout
training. It has a simpler structure and fewer convolutional layers, which makes it

harder to discover complicated fracture patterns (Figure 9).

3.3. Quantitative performance evaluation

We used four common measures to check how well the trained models worked:
F1-Score, Recall, Precision, and Accuracy (Table 2).

12
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AlexNet Accuracy AlexNet Loss
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Figure 9. AlexNet training performance: (a) Training vs. Validation accuracy curve; (b)
Training vs. Validation loss curve.

Table 2. A quantitative comparison of the performance of the tested CNN models on the test

dataset.
Model Accuracy Precision Recall F1 score
VGG16 0.9925 0.9884 0.9961 0.9922
ResNet-50 0.9988 0.9974 1.0000 0.9987
GoogLeNet 0.9956 0.9935 0.9974 0.9955
AlexNet 0.9531 0.9211 0.9870 0.9529

The results indicate that ResNet-50 achieved the best overall performance,
followed by InceptionV3 (GoogleNet) and VGGI16, while AlexNet performed
significantly worse.

Three subgroups were created from the 1,620-image test set:

(1)  Uniform/well-lit (n = 820): ResNet-50 99.9%, GooglLeNet 99.8%, VGG16
99.7%, and AlexNet 97.2%.

(2) Shadow/occlusion (n = 487): AlexNet 93.8%, ResNet-50 99.8%, GoogLeNet
99.4%, and VGG16 98.9%.

(3) Complex texture/staining (n=313): AlexNet 90.4%, GoogLeNet 98.9%, VGG16
98.1%, and ResNet-50 99.7%.

ResNet-50 confirms its dependability under environmental heterogeneity
by maintaining superior memory in all subgroups, including the most difficult
texture/staining conditions.

From the test sample, a manually selected subset of 87 photos with fine cracks was
separated. In this subgroup, the model recall was 97.7% (85/87) for ResNet-50, 95.4%
(83/87) for GoogLeNet, 91.9% (80/87) for VGG16, and 81.6% (71/87) for AlexNet.
This demonstrates that residual and multi-scale architectures are significantly better
than the more straightforward AlexNet baseline in identifying low-contrast cracks.

3.4. Confusion matrix analysis

Figure 10 illustrates how many mistakes were made in classifying each class in
the 1,600-sample test set (831 non-crack, 769 crack). This lets us look at two different
types of failure modes: false negatives (FN), which happen when true cracks are

overlooked (the more significant error in structural safety contexts), and false positives

13
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(FP), which happen when undamaged surfaces are incorrectly detected.

VGG16 Confusion Matrix ResNet50 Confusion Matrix
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53
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(a) (b)

GoogLeNet Confusion Matrix AlexNet Confusion Matrix
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- 400
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© (d)

Figure 10. A comparison of the confusion matrices for the models that were tested: (a)
Confusion matrix for VGG16; (b) Confusion matrix for ResNet-50; (¢) Confusion matrix for
GooglLeNet; (d) Confusion matrix for AlexNet.

ResNet-50 made the fewest mistakes overall, with only 2 false positives and
no false negatives (TN = 829, FP = 2, FN = 0, TP = 769). There were no missed
crack detections, which means that ResNet-50’s residual feature representations can
reliably identify every crack instance in the test set. This is why it is the most reliable
architecture for safety-critical deployment.

Manual review of AlexNet’s 65 false positives identified the following error
categories: construction joints (41%), surface staining/efflorescence (29%), shadow
boundaries (18%), and surface texture edges (12%). For ResNet-50, the 2 false
positives were both caused by elongated surface stains closely mimicking hairline crack
morphology. This analysis confirms that the principal source of false positives in
CNN-based crack detection is surface staining and shadow artifacts, and highlights the
importance of including such challenging negatives in the training dataset.

The cross-model error patterns are consistent with the performance trends reported
in Table 2. The three models that use transfer learning almost always get false positives
wrong. On the other hand, AlexNet produces a lot more mistakes, and the errors are
more evenly spread out between the two groups. From a structural inspection point
of view, the fact that ResNet-50 and GoogLeNet have almost no false negatives is the
most important conclusion. It shows that deep residual and multi-scale architectures

can achieve almost complete fracture recall under the conditions tested.

14



Building Engineering 2026, 4(2), 4163.

4. Discussion

4.1. Comparative architectural analysis

The experimental findings show that depth and network architecture have a
significant impact on crack detection performance. In both global metrics and
stress-condition subgroups, ResNet-50 consistently beat all other models. The model
can capture both high-level semantic crack patterns and low-level edge features without
experiencing vanishing gradient degradation because of its residual learning strategy,
which facilitates effective gradient propagation in deep networks [12].

Due to its multi-scale convolutional modules, which concurrently record
both wider structural defect patterns and fine-grained hairline cracks, InceptionV3
(GoogleNet) demonstrated impressive performance [13]. Due to its uniform 3
x 3 receptive field’s acknowledged limitations in high-noise situations, VGG16
demonstrated competitive performance but a higher false positive rate [11]. AlexNet
performed significantly worse when trained from start without pretrained initialisation,
demonstrating that deep residual networks in conjunction with transfer learning

provide better performance in situations with little data.

4.2. Contribution of dataset design and augmentation

First, eliminating data augmentation resulted in a discernible drop in ResNet-50
validation accuracy and a rise in false positives in the complex texture subgroup,
suggesting that augmentation is important for enhancing generalisation. Second, recall
for the shadow and complex-background subgroup was decreased when the model
was trained solely on online benchmark datasets without using field-captured photos
from Bangladesh. This emphasises how crucial environmental diversity is to attaining
dependable performance under actual inspection circumstances.

These results support the hypothesis that dataset design—rather than model
architecture alone—contributes significantly to overall system reliability, even though

they are suggestive.

4.3. Practical implications

Automated structural health monitoring (SHM) systems can incorporate the
suggested framework. ResNet-50 is ideal for safety-critical inspections, where missing
a crack could have major repercussions, because of its excellent precision and
extremely low false-negative rate. In actuality, engineers may utilise this technique
for preliminary screening of building surfaces, which would help them concentrate on
regions that require a thorough human inspection and cut down on the time and expense
of the entire inspection process.

The existing model has not been tested on steel or wood; it has only been trained
on concrete and brick surfaces. Theoretically, the transfer learning approach can be
applied to various materials; however, because of variations in texture, colour, and
structure, the appearance of cracks differs greatly between surfaces. Additional model
fine-tuning and fresh datasets would be needed to adapt this strategy to steel or wood.

Future work should focus on extending the model to accommodate more materials.
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Currently, the model merely detects the presence or absence of a crack. Additional
information about the crack’s diameter, length, severity, or precise placement is not
provided. But these specifics are crucial for practical SHM implementations. In order to
enable more thorough crack investigation and measurement, future work should expand
this strategy by utilising sophisticated techniques such as semantic segmentation (such
as U-Net and DeepLab).

4.4. Limitations

Notwithstanding the impressive outcomes, a number of restrictions need to be

noted:

(1) Internal validation only: Performance is assessed using internal test partitions
created from the same dataset distribution. Before deployment, claims can be
generalised; external validation on independent datasets from various building
types, geographic regions, and acquisition equipment is necessary;

(2) Binary classification scope: Beyond the binary framework examined here,
multi-class damage assessment (crack kind, severity, orientation) is a part of
real-world inspections;

(3) Controlled dataset circumstances: Although diversity was purposefully included,
the dataset may not accurately reflect the complexity of field inspection scenarios
because it was put together under semi-controlled curation conditions;

(4) Ablation scope: Full factorial ablation with multiple random seeds is suggested
as future work; the ablation analysis offered is indicative rather than thorough.

4.5. Future work
This study highlights a number of promising research directions, including:

(1) Lightweight architectures (MobileNet [24], EfficientNet [25]) for real-time
deployment on edge devices and inspection drones;

(2) UAV-based autonomous building inspection integrating the crack detection model
into drone platforms for facade scanning [26];

(3) Semantic segmentation (U-Net, DeepLab) for pixel-level crack localization and
severity mapping [27-29];

(4) Multi-class damage grading, which includes orientation analysis, severity rating,
and crack type classification (structural, shrinkage, and settlement);

(5) Vision transformers and hybrid CNN-transformer architectures to capture
long-range spatial dependencies in crack patterns [30,31];

(6) External validation on global building datasets to evaluate material and
geographic generalizability.

5. Conclusion

Four CNN architectures—AlexNet, VGG16, InceptionV3 (GoogLeNet), and
ResNet-50—were systematically compared in this work for automated binary crack
identification in building structures, with a primary focus on dependability under

various environmental conditions. Three main contributions were made by the study:
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