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Abstract: A key element of structural damage monitoring and restoration efforts in old structures is crack detection. 
Conventional manual inspection techniques lack scalability, are labor intensive, and are susceptible to human error. This work 
investigated the performance of K-Nearest Neighbors (KNN), Random Forest, and ResNet18 models in autonomously finding 
cracks from the Historical-Crack18-19 dataset. The classes were balanced by increasing the dataset, which consists of, 3139 
non-cracked images and 757 cracked images before training. Classification reports, confusion matrices, and predictions based 
on samples helped assess the models. The tests produced findings demonstrating that ResNet18 far outperformed Random 
Forest and KNN. Comparatively, KNN is 82% and Random Forest is 88%; the accuracy of ResNet18 is 99%. ResNet18, which 
is based on deep learning, had the best accuracy, Recall, and F1-Score metrics. It also had a way to tell the difference between 
surfaces that are cracked and those that are not. These findings show image convolutional neural networks (CNNs) are better 
at finding cracks, which means they could be used to keep an eye on old buildings in the real world. We will use sophisticated 
deep learning architectures and domain adaptation methods in future work to increase the model's resilience on many datasets 
even further.  
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1. INTRODUCTION 
Heritage buildings continue to be a fragile and 
fundamental piece of the world’s cultural heritage because 
of their relevance and significant architectural and 
historical significance [1]. They are fragile, intricate, and 
have extremely artistic, historical, and cultural value. 
They, however, suffer from a variety of damages, 
including the presence of cracks located on their walls, 
which is an inherent problem. Cracks in a building’s 
construction significantly affect properties such as 
durability, energy, and the structural soundness of a 
masonry-based building, irrespective of the geographical 
location. Crack-fault classification is the critical phase in 
building fault research [2].  

A non-destructive crack detection system labels 
concrete surfaces and compares them with traditional 
crack detection methods [3]. This can help save and 
maintain buildings by finding early signs of damage 
related to building defects and performing preventative 
maintenance. Appropriate crack recognition in buildings 
and infrastructure decreases the possibility of premature 
failure and reduces both remediation costs and time, so 
mechanical and civil engineers are called to act firmly at 
the degradation stage of the structure. But because manual 
inspections take a long time, tunnel construction and 

renewal are happening faster and faster, and there is a lot 
of data that needs to be handled, positioned, and split 
quickly, this system finds possible threats to the building 
right away [4]. 

This section will provide an overview of the existing 
techniques for defect detection, with a primary focus on 
crack classification. Masses of walls, columns, and beams 
may be covered due to various reasons, such as 
substandard quality of materials, human-made errors, 
environmental factors like earthquakes, and natural 
disasters. In contrast, historical buildings are material 
proof of low to medium-rise, solidly built objects. Most 
historical buildings placed their stone materials on a 
foundation and kept them away from free moisture contact. 
What kind of building foundation a building has can affect 
how likely it is that cracks will form on the walls, columns, 
slab beams, and other parts of the building. It can also 
cause jams and endoses to form in the lower stories [5].  

Today, scientists are studying the crack formation 
mechanism in external monumental walls. Historical 
research has uncovered a variety of reasons for crack 
formation. Cracking and disastrous consequences occur 
during the crack formation [6]. It is very important to make 
sure that the walls are protected with the right structural 
system until there is a critical concentration and 
development of failure mechanisms that can cause cracks 
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to form on building walls and facades that are subjected to 
high horizontal and vertical loads during their service life. 
It is predicted that the crack formation affecting the facades 
of historical building walls is composed of different 
behaviors depending on the stone materials and 
environmental effects used in construction [7].  However, 
there have been no innovative technological and material 
solutions to resolve this problem. 

Developers have used several methodologies to solve 
the crack formation problem in historical building facades; 
these methods identified a source for the crack's formation 
and provided important sensor technologies to prevent the 
cracks from expanding. However, the studies are not 
sufficient due to the limited number of material and 
method alternatives for crack solutions. In other words, 
extensive scientific studies have been determined and 
selected for use. The main type of crack repair, in which 
important return materials are used along with existing 
materials, is the perforation technique. Filling and framing 
works are sometimes used to help. Fill the voids 
surrounding the crack before treating it. Optimal solution 
techniques should be developed, taking into account the 
structures of the building, the type of damage, and the 
architectural value of the affected stone [8].  

Many machine learning and deep learning models solve 
image classification, object detection, and image 
segmentation problems. The simplest and most popularly 
used machine learning model is k-nearest neighbours 
(KNN) because of its simplicity and high accuracy in small 
data classification tasks [9]. Decision tree-based learning 
algorithms like random forest (RF) are widely used for 
classification tasks in machine learning [10]. Deep 
convolutional neural networks (DCNN) with more layers 
are effectively used for classification, object detection, and 
image segmentation problems. Similarly, the capability of 
residual networks (ResNet) to learn deep features also 
makes them useful for image classification [11]. This 
research aims to evaluate and compare the performance of 
KNN, RF, and ResNet18 for crack classification in 
historical buildings. The Historical-Crack18-19 dataset 
was utilized, which contains 757 crack images and 3139 
non-crack images. To address the class imbalance, data 
augmentation techniques were applied to increase the 
number of cracked images to match the non-cracked 
images. Then the dataset was split into training, validation, 
and testing sets using a 70%-15%-15% ratio. Each model 
is taught and judged on how well it can classify things 
using Precision, Recall, F1-Score, and confusion matrix 
analysis. 

This paper was structured as follows: Section 2 reviews 
related work in crack detection using machine learning and 
deep learning. Section 3 describes the dataset and 
methodology, including preprocessing, augmentation, and 
model training. Section 4 presents the experimental results 
and performance analysis. Section 5 discusses the findings, 
limitations, and potential improvements, and finally, 
concludes the study and outlines directions for future 
research. 

2. RELATED WORK  
Automated crack detection has been widely explored using 

both traditional machine learning and deep learning 
techniques. Early studies relied on handcrafted feature 
extraction and classical machine learning models for crack 
classification. For instance, Navpreet et al. [12] make 
several improvements in automated concrete crack 
detection. First, it uses self-supervised learning to 
circumvent the disadvantages of supervised models, which 
need big, hard-to-get labeled datasets. The authors enhance 
detection using self-supervised learning feature extraction 
and a crack detection classifier. The article also compares 
the self-supervised DinoV2 model against five supervised 
models and finds good fracture detection accuracy and 
robustness. The research demonstrated that self-supervised 
generalization is better in complex backdrop situations, a 
common real-world challenge. Self-supervised training 
may employ unlabeled images in real-world situations 
when labeled data is costly and time-consuming. The study 
automates crack diagnosis for structural integrity 
maintenance, which ensures bridge and building safety and 
durability. 

Mishra on the other hand [13], used machine learning 
with a large cohort to study the impact of early damage 
identification on the longevity of ancient structures by 
monitoring their structural health (SHM). Evaluation of 
ancient structures is challenging because to their unique 
construction processes and materials, resulting in SHM 
issues. The authors recommend using fuzzy logic and ML 
to evaluate the structural health of historic buildings, 
minimizing damage assessment uncertainty. The research 
explores different methods for forecasting building 
structural integrity, including support vector regression 
and artificial neural networks (ANN). The report 
recommends using advanced technologies to maintain 
cultural heritage sites. 

A technique that integrates deep learning with machine 
learning was used by Thohari et al. [14]. Classification 
makes use of machine learning, whereas feature extraction 
makes use of deep learning. This study uses MobileNetV2 
for deep learning and XGBoost, Random Forest, K-NN, 
Naive Bayes, SVM, and SVM for machine learning 
classifiers. As shown by the test results, XGBoost 
algorithms are capable of producing 99% accuracy, 
sensitivity, and specificity when the 80:20 dataset is 
divided. The deployment of Raspberry Pi allows for the 
execution of tests in a real-world setting. Results from tests 
demonstrate that, in a well-lit environment, the prototype 
can identify surface cracks in the structure from a distance 
of 10 meters. On average, 42 frames per second is the real-
time pace at which the crack detection procedure is 
executed. 

Fang et al. [15] used deep learning techniques with 
image processing approaches for ancient architecture's 
aged and diversified materials. The research meticulously 
collects data from many antique buildings and uses 
sophisticated preprocessing approaches to tackle aged 
surfaces' particular problems. The process of creating a 
bespoke machine learning model that fits historical 
building is discussed. Experimental findings show the 
model's improved structural fracture detection over 
existing approaches. This study helps preserve ancient 
structures and shows how machine learning can be used in 
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architectural restoration. The discoveries might change 
how we preserve and restore our architectural legacy, 
guaranteeing its durability and integrity. 

A comprehensive picture dataset, BD3: Building 
Defects Detection Dataset, was given by Kottari et al. [16] 
to benchmark computer vision algorithms to improve 
automated building inspection system resilience and 
generalizability. BD3 has 3,965 high-quality, personally 
gathered, annotated photos. BD3 contains photographs of 
algae, large crack, small crack, peeling, spalling, and stain, 
as well as typical building circumstances, unlike other 
datasets that concentrate on crack and non-crack images. 
The authors benchmarked the BD3 using five cutting-edge 
computer vision algorithms to categorize defect and 
normal photos. Vision Transformer (ViT) had the highest 
F1-Scores of 0.9342 and 0.9879 on the original and 
supplemented datasets, respectively. Benchmarking defect 
detection techniques is possible using the public BD3 
dataset and repeatable codebase. 

The methodology employed in this study aligns with 
previous research on crack detection using both traditional 
machine learning and deep learning approaches. Similar to 
studies such as Tsalera et al. [17], Kibriya [18] and Kumar 
et al. [19] Lakshmanaprabu et al. [20], our work utilizes 
KNN and RF with raw pixel intensity features for 
classification, highlighting the challenges associated with 
handcrafted feature extraction. Additionally, our use of 
data augmentation and dataset standardization is consistent 
with prior research, such as Li et al. [21] and Yang et al. 
[22], where deep learning models like CNNs, particularly 
ResNet, were applied to crack detection tasks. 
Furthermore, our study supports findings from Yao [23], 
which demonstrated that CNN-based models significantly 
outperform traditional classifiers in terms of accuracy and 
robustness. By confirming the effectiveness of deep 
learning over traditional methods, this study reinforces 
existing literature while also identifying gaps in feature 
extraction and model generalization across different 
datasets and material types. These studies provide a 
foundation for our work, where comparing traditional 
machine learning models with deep learning-based 
ResNet18 was done for crack detection in historical 
buildings. Our research builds upon prior work by 
incorporating data augmentation techniques and analyzing 
model performance across a balanced dataset. 

3. METHODOLOGY 

3.1 Description of Historical-Crack18-19 Dataset 
The Historical-Crack18-19 dataset [24] is a collection of 
crack and non-crack images captured from historical 
buildings. It consists of 757 cracked images and 3139 non-
cracked images, making it highly imbalanced. The dataset 
includes variations in lighting, surface texture, and crack 
shapes, which present challenges for accurate 
classification, as shown in Figure 1. 
 

  

  
Figure 1. Samples of Historical-Crack18-19 dataset 

3.2 Preprocessing and Augmentation Steps 
Data augmentation techniques were applied to address the 
class imbalance, increasing the number of cracked images 
to match the non-cracked images. Augmentation 
techniques included rotation, flipping, brightness 
adjustments, and Gaussian noise to introduce variability 
and improve model generalization. After augmentation, 
the dataset was split into 70% training, 15% validation, and 
15% testing sets to ensure proper evaluation of the models. 
Figure 2 shows the dataset statistics summary before and 
after applying the augmentation. 
 

 
(a) Dataset before augmentation 

 

 
(b) Dataset after augmentation 

Figure 2. Class distribution of the dataset before and 
after the augmentation process 
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3.3 Explanation of Models 

3.3.1 K-Nearest Neighbors (KNN) 
The model is a simple, distance-based classifier that relies 
on the majority vote of the k-nearest data points [25]. It 
was chosen as a baseline model due to its ease of 
implementation and interpretability. 

3.3.2 Random Forest (RF)  
The method is a tree-based ensemble method that utilizes 
multiple decision trees to enhance the robustness of 
classification [26]. It was selected because of its 
effectively handles structured datasets with extracted 
features. 

3.3.3 ResNet18  
The architecture is a deep CNN that utilizes residual 
learning to enhance the accuracy of feature extraction and 
classification [27]. It was selected due to its capacity to 
identify intricate spatial patterns in crack images. Although 
deeper models such as ResNet50 have been used in prior 
works, we selected ResNet18 due to its significantly 
smaller architecture, which enables faster training and 
lower computational overhead. ResNet18 contains only 
11.7 million parameters compared to ResNet50’s 25.6 
million, making it better suited for medium-sized datasets 
like Historical-Crack18-19 and for environments with 
limited computational resources. Moreover, our empirical 
results demonstrated that ResNet18 achieved 99% 
classification accuracy without overfitting, suggesting that 
deeper models were not necessary for achieving optimal 
performance on this dataset. This makes ResNet18 a more 
practical and efficient choice for crack detection in 
heritage conservation tasks, especially where real-time or 
edge deployment is a consideration. 

3.4 Model Evaluation Metrics 
Using accuracy, Precision, Recall, F1-Score, and 
confusion matrices, which provide a whole picture of 
classification performance, the performance of the crack 
detection models was assessed. Calculating the fraction of 
properly categorized samples to the total number of 
samples [28] helps one to evaluate the general accuracy of 
the model. In unbalanced datasets, however, accuracy by 
itself may not be a fair assessment. Precision measures the 
number of correctly found positive samples out of all 
expected positive samples [29]. This shows how well the 
model avoids false positives. Recall, which is also called 
sensitivity, is the percentage of real positive samples that 
were correctly identified [30]. It shows how well the model 
can find fractures. Particularly in situations where class 
distributions are unequal, the F1 score offers a fair 
assessment via the harmonic mean of accuracy and Recall 
[31]. By showing the numbers of true positives, true 
negatives, false positives, and false negatives, confusion 
matrices also make model predictions more visual [32]. 
This helps us understand categorization mistakes better. 
By means of these measures, our work guarantees a strong 
assessment of both deep learning models (ResNet18) and 
conventional machine learning models (KNN, Random 
Forest) in fracture diagnosis. 

The following standard formulas were used to compute 
the performance metrics based on the confusion matrix 
values: Let TP = True Positives, TN = True Negatives, FP 
= False Positives, and FN = False Negatives. 

 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹
  (1) 

    

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
  (2) 

    

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹
 

(3) 

    

𝐹𝐹1 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 2 ×
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 × 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

 
(4) 

 
These metrics provide a comprehensive evaluation of 

model performance, especially in imbalanced 
classification tasks like crack detection. 

3.5 Model Hyperparameters and Justification 
For each model evaluated in this study, appropriate 
hyperparameter tuning was conducted to optimize 
performance. The following describes the parameters 
explored, selection techniques applied, and justifications 
for their use: 
3.5.1 KNN: Grid search with 5-fold cross-validation was 

employed to identify optimal hyperparameters. The 
search space included the number of neighbors (k ∈ 
[1–20]), weighting strategies (uniform, distance), 
and distance metrics (euclidean, manhattan, 
minkowski). The best performance was achieved 
with k = 5, distance-based weighting, and the 
Minkowski metric with p = 3. This configuration 
demonstrated a balance between classification 
accuracy and robustness to class imbalance, 
especially for detecting cracks. 

3.5.2 RF: A comprehensive hyperparameter search was 
conducted across several parameters: number of 
estimators (n_estimators ∈ [50, 100, 200, 300]), 
maximum tree depth (max_depth ∈ [None, 10, 20, 
30]), minimum samples required to split an internal 
node (min_samples_split ∈ [2, 5, 10]), and minimum 
samples required at a leaf node (min_samples_leaf ∈ 
[1, 2, 4]). The optimal configuration was found to be 
n_estimators = 200, max_depth = 20, 
min_samples_split = 5, and min_samples_leaf = 2, 
which offered strong generalization performance 
with minimized overfitting. 

3.5.3 ResNet18: A pretrained ResNet18 model from the 
PyTorch library was utilized with transfer learning. 
The final fully connected layer was replaced to suit 
the binary classification task (cracked vs. non-
cracked). Training was performed for 10 epochs with 
a batch size of 32 using the Adam optimizer and a 
learning rate of 0.001. CrossEntropyLoss was used 
as the objective function. These parameters were 
determined based on empirical tuning, ensuring 
stable convergence and high validation accuracy 
while maintaining reasonable computational cost. 
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All parameter tuning procedures were carried out using 
standardized training-validation splits, and final 
evaluations were conducted on held-out test sets. This 
ensures reproducibility and fairness in model comparisons. 

3.6 Feature Extraction for KNN and Random Forest 
In this study, both KNN and RF utilize the same feature 
extraction approach, which involves grayscale conversion, 
image resizing, pixel flattening, and standardization. First, 
converting all images to grayscale using 
transforms.Grayscale(), reducing computational 
complexity by eliminating color information. Next, using 
transforms to resize images to a uniform 64-by-64 
resolution.Resize((64, 64)), ensuring consistency across 
the dataset. The pictures are then turned into tensors and 
flattened into one-dimensional feature vectors with 4096-
pixel intensity values (64 by 64, or 4096 features per 
picture). These are then used directly as input for 
classification. StandardScaler() is used to make sure that 
all feature values are normal, with a mean of zero and a 
variance of one. This makes sure that both distance-based 
(KNN) and tree-based (RF) models can process the data 
effectively. Instead of using hand-made features like 
Histogram of Oriented Gradients (HOG) or Principal 
Component Analysis (PCA), which are used in deep 
learning methods to get hierarchical features, this method 
only uses raw pixel intensity values. Even though simple 
classification works, more advanced techniques for 
extracting features could make the model even better by 
capturing structural details beyond just pixel intensities.   

While grayscale conversion simplifies input 
representation by removing color channels, we recognize 
that brightness variations—such as shadows or stains—can 
sometimes mimic crack patterns. To address this 
challenge, our augmentation strategy included brightness 
modulation and noise perturbations to expose the model to 
a wide range of visual conditions. These transformations 
enabled the models, especially ResNet18, to learn 
discriminative features that distinguish structural cracks 
from illumination artifacts. Furthermore, the high accuracy 
and low false positive rates observed in ResNet18 indicate 
that the model was able to generalize well despite 
grayscale-based preprocessing. 

4. RESULTS AND DISCUSSION 
Classification reports and confusion matrices were 
generated for each model to evaluate its performance. This 
section showcases the specific results of the tests 
conducted on the Historical-Crack18-19 data set, utilizing 
KNN, Random Forest, and ResNet18. Based on the 
findings, the models are evaluated and the most important 
experiments and observations are presented. 

4.1 KNN 
The KNN classifier demonstrates a moderate performance 
in crack detection within historical buildings, achieving an 
overall accuracy of 82%. The classification report shown 
in Table 1 reveals that the model exhibits a high Precision 
of 0.90 for detecting cracked surfaces, indicating that when 
it predicts an image as being cracked, it is correct 90% of 
the time. Its Recall for cracked images, on the other hand, 

is only 0.72, which means that 28% of real cracks are 
mistakenly marked as not cracked. If this isn't caught, it 
could pose serious structural risks. Conversely, the model 
achieves a high Recall of 0.92 for non-cracked images, 
ensuring that most intact surfaces are correctly identified.  

Table 1. Classification report of KNN 

 Precision Recall F1-Score support 
Cracked 0.90 0.72 0.80 469 

Non-Cracked 0.77 0.92 0.84 474 
accuracy   0.82 943 

Macro avg 0.84 0.82 0.82 943 
Weighted avg 0.84 0.82 0.82 943 

 
The confusion matrix shown in Figure 3 further 

highlights this discrepancy, with 130 cracked images 
misclassified as non-cracked, while only 37 non-cracked 
images are incorrectly labeled as cracked. This imbalance 
shows that the model is good at finding areas that aren't 
cracked, but it's not so good at finding all cracks. This 
might be because of KNN's problems with feature 
representation. 

 

 
Figure 3. Confusion matrix of KNN 

Some things that could be done to make it better are 
choosing the nearest neighbor parameter (K) more 
carefully, using more advanced feature extraction methods 
like deep-learning-based convolutional neural networks 
(CNNs), and adding more data to the model to help it better 
recognize different crack patterns. It may also be helpful to 
compare different classifiers, like Support Vector 
Machines (SVM), Random Forest (RF), and ResNet18, in 
order to find better ways to find cracks. Using feature 
fusion, dimensionality reduction, and hyperparameter 
tuning to deal with these problems could make KNN much 
more reliable and useful for crack detection tasks. 

4.2 Random Forest 
The KNN model is less accurate at finding cracks, but the 
Random Forest classifier is better at it, getting an overall 
accuracy of 88%. Table 2 shows the classification report. 
It shows that the model has a Precision of 0.90 and a Recall 
of 0.86 for cracked images and a Precision of 0.87 and a 
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Recall of 0.90 for images that are not cracked. These 
results suggest that the model is effective in distinguishing 
between cracked and non-cracked surfaces while reducing 
misclassifications. 

Table 2. Classification report of Random Forest 

 Precision Recall F1-Score support 
Cracked 0.90 0.86 0.88 465 

Non-Cracked 0.87 0.90 0.89 478 
accuracy   0.88 943 

Macro avg 0.88 0.88 0.88 943 
Weighted avg 0.88 0.88 0.88 943 

 
The confusion matrix shown in Figure 4. further 

supports this observation, with 402 correctly classified 
cracked images and 431 properly identified non-cracked 
images. However, there remain 63 false negatives, where 
actual cracked images were misclassified as non-cracked, 
and 47 false positives, where non-cracked images were 
misclassified as cracked. The Random Forest model has a 
higher Recall for cracked images (0.86 vs. 0.72) than 
KNN. This means that cracks are less likely to go 
unnoticed, which is important for monitoring the health of 
structures. 

 

 
Figure 4. Confusion matrix of Random Forest 

Random Forest's ensemble learning system, which 
combines multiple decision trees to improve 
generalization, is what makes it better at classifying things. 
Hyperparameter tuning, feature engineering, and the 
addition of deep-learning-based features could further 
enhance the model's performance. These could help it get 
rid of more false negatives while keeping its high 
classification accuracy. Future work may explore hybrid 
models integrating convolutional neural networks (CNNs) 
with Random Forest to leverage both deep feature 
extraction and robust classification. 

4.3 ResNet18 
The ResNet18 model does a great job of finding cracks, 
achieving almost perfect classification with a 99% success 
rate overall. The classification report in Table 3 shows a 
Precision, Recall, and F1-Score of 0.99 for both cracked 

and non-cracked images. This means that the model 
correctly identifies almost all cases with only a small 
amount of misclassification. 

Table 3. Classification report of RESNET18 

 Precision Recall F1-Score support 
Cracked 0.99 0.99 0.99 473 

Non-Cracked 0.99 0.99 0.99 470 
accuracy    943 

Macro avg 0.99 0.99 0.99 943 
Weighted avg 0.99 0.99 0.99 943 

 
In Tables 1–3, the classification reports include Macro 

Average and Weighted Average metrics for precision, 
recall, and F1-score: 

• The Macro Average calculates the unweighted 
mean across both classes, treating each class 
equally regardless of support (i.e., number of 
samples). 

• The Weighted Average accounts for class 
imbalance by computing a weighted mean based on 
the number of samples in each class. 
 

In the case of ResNet18 (Table 3), both the macro and 
weighted averages are identical (0.99) because the model 
classified both cracked and non-cracked images with 
almost equal and perfect performance, and the dataset was 
balanced after augmentation. This symmetry results in 
identical scores for both averaging strategies. However, for 
KNN and Random Forest (Tables 1 and 2), the averages 
differ slightly due to class imbalance and varying per-class 
performance. 

The confusion matrix shown in Figure 5 further 
substantiates this, showing only six false negatives and 
four false positives across 943 total samples. ResNet18 
makes a lot fewer mistakes when it comes to 
misclassification compared to KNN and Random Forest 
classifiers. This shows how deep learning can help with 
feature extraction and classification. 

 

 
Figure 5. Confusion matrix of RESNET18 

ResNet18's residual learning framework is responsible 
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for the better performance. It captures complex patterns 
and textures in crack images, which leads to strong 
generalization. This finding shows that deep convolutional 
neural networks (CNNs) could be used to automatically 
find cracks in historic buildings, where accuracy is very 
important for keeping an eye on their health. However, 
while the model's accuracy is remarkably high, further 
validation on larger and more diverse datasets is necessary 
to assess its generalizability. Also, in the future, 
researchers could look into model optimization methods 
like fine-tuning, pruning, and knowledge distillation to 
make computations faster without lowering the accuracy. 

Table 4. Comparative performance of KNN, Random 
Forest, and ResNet18 models. 

Model Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

KNN 82 83 81 82 
Random 
Forest 88 89 87 88 

ResNet18 99 99 99 99 
 
The comparative results in Table 4 clearly demonstrate 

the superiority of the ResNet18 model over the traditional 
machine learning approaches (KNN and Random Forest) 
in classifying crack versus non-crack images. While KNN 
and Random Forest achieve respectable accuracies of 82% 
and 88%, respectively, their performance is constrained by 
reliance on manually flattened grayscale pixel features, 
which are sensitive to texture variability and lighting 
inconsistencies. In contrast, ResNet18 attains a near-
perfect accuracy of 99%, along with equally high 
Precision, Recall, and F1-Score, indicating not only 
accurate classification but also a consistent ability to 
correctly detect both positive and negative classes. These 
findings highlight the advantage of deep convolutional 
neural networks in automatically extracting robust spatial 
features, enabling superior generalization even under 
complex visual conditions typical in historical building 
surfaces. The significant performance gap further supports 
the use of deep learning models in critical structural health 
monitoring tasks where detection reliability is paramount. 

To further highlight the contribution of the ResNet18 
model, Figure 6 and Figure 7 present the training and 
validation loss and accuracy over 10 epochs. As shown, the 
model achieves stable convergence with minimal 
divergence between training and validation curves, 
indicating effective generalization without significant 
overfitting. The consistent increase in accuracy and 
decrease in loss further confirms the robustness of 
ResNet18 for crack detection in the given dataset. 

 

 
Figure 6. Training and validation loss of the ResNet18 

model across 10 epochs. 

 
Figure 7. Training and validation accuracy of the 

ResNet18 model across 10 epochs 

4.4 Significance of Model Comparison 
The comparative analysis between KNN, RF, and 
ResNet18 provides insights into the capabilities and 
limitations of each method in handling the complexities of 
historical crack images. While KNN and RF rely on 
flattened grayscale pixel intensities and struggle with 
surface variability, ResNet18 leverages deep hierarchical 
features to achieve near-perfect classification. The 
significant performance gap—82% for KNN, 88% for RF, 
and 99% for ResNet18—emphasizes the importance of 
advanced deep learning models in structural health 
monitoring, particularly for heritage buildings where 
misclassification can lead to serious preservation risks. 
This comparison underscores the growing relevance of 
deep learning over traditional ML methods for practical 
crack detection applications. Table 4 shows the 
comparative performance and characteristics of the chosen 
methods. 
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Table 4. Comparative performance and characteristics of 
KNN, Random Forest, and ResNet18 models on the 

Historical-Crack18-19 dataset. 
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4.5 Misclassified Images 
Both KNN and Random Forest classifiers get crack images 
wrong for a number of reasons, such as texture complexity, 
lighting differences, and problems with how features are 
represented as shown in Figure 8. When KNN is used, 
samples are often wrongly labeled because the model relies 
on distance-based similarity measures, which have trouble 
with small differences in crack patterns and surface 
textures. Because they look a lot like smooth surfaces in 
the feature space, cracks with fuzzy edges or changing 
contrast may be mistaken for areas that aren't cracked. 
Additionally, lighting inconsistencies and background 
noise can lead to misclassifications, particularly in cases 
where shadows or structural elements mimic crack-like 
patterns. The Random Forest classifier, on the other hand, 
may still misclassify images even though it uses multiple 
decision trees for classification if the importance of a 
feature does not capture fine-grained crack details well 
enough. The presence of complex surface textures and 
overlapping patterns can mislead the model, causing non-
cracked areas with strong edge structures to be mistaken 
for cracks. Also, the model can't generalize across different 
crack formations because it relies on handcrafted features 
instead of deep feature extraction. To deal with these 
problems, adding deep-learning-based feature extraction 
techniques like convolutional neural networks (CNNs) 
could help classifiers tell the difference between surfaces 
that are cracked and those that are not. 

 

 

 

 
Figure 8. Samples of the misclassified images for KNN 

and Random Forest 

4.6 Computational Time Analysis 
In addition to accuracy, practical deployment also 
demands consideration of computational efficiency. 
During experimentation, we observed that KNN required 
the least training time as it is a lazy learner—training 
involves storing the dataset without learning weights. 
However, its inference time increases with dataset size due 
to distance calculations. Random Forest offered a good 
balance, with moderate training time and relatively fast 
predictions. In contrast, ResNet18, while delivering the 
highest accuracy (99%), required the longest training time 
due to its deep architecture and large number of 
parameters. Specifically, ResNet18 took approximately 10 
minutes to train on GPU for 10 epochs, whereas Random 
Forest and KNN completed training in under 4 minutes on 
CPU. This trade-off illustrates that deep learning methods, 
although computationally heavier, are more suited to 
applications where accuracy is critical. In contrast, 
classical ML models may be favored for quick deployment 
or resource-constrained environments, albeit at the cost of 
reduced performance. 

5. CONCLUSION 
This study compared the performance of KNN, Random 
Forest, and ResNet18 for automated crack detection in 
historical buildings using the Historical-Crack18-19 
dataset. The findings indicate that deep learning models 
outperform traditional machine learning classifiers, with 
ResNet18 achieving 99% accuracy, while KNN and 
Random Forest attained 82% and 88%, respectively. The 
misclassifications in KNN and Random Forest were 
primarily influenced by texture variations, lighting 
inconsistencies, and limitations in feature representation, 
whereas ResNet18 leveraged deep feature extraction to 
achieve near-perfect Precision and Recall. These results 
highlight the importance of convolutional neural networks 
(CNNs) in ensuring highly reliable structural health 
monitoring. Despite these promising outcomes, future 
research should explore hybrid models that integrate both 
traditional and deep learning approaches to enhance 
robustness. Additionally, techniques such as transfer 
learning and advanced data augmentation should be 
investigated to improve model generalization across 
diverse datasets and material types. The integration of deep 
learning into automated crack detection systems presents a 
significant advancement in the preservation and 
maintenance of historical buildings, ensuring their 
structural integrity for future generations. 
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