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Abstract 

Cysts are common in healthcare and can be associated with various diseases. They can develop in different body parts and 

contain fluid, semi-solid, or air. Brain cysts are masses that form in the brain, and surgical methods may be used to treat 

them. The importance of deep learning in medical imaging is steadily growing. This study attempted to detect brain cysts 

using various architectures, including Random Forest, Unet, AlexNet, and LeNet. The Random Forest algorithm was found 

to be more successful than the other algorithms. This algorithm is crucial for classification and regression problems as it 

trains a series of decision trees and consolidates their predictions to create a robust and powerful model. Magnetic 

resonance imaging was used to detect cysts. The accuracy rates for cyst detection were 79.52%, 89.99%, 90.41%, and 

97.26%, respectively. Several models were employed for this purpose, including LeNet, AlexNet, Unet, and the Random 

Forest algorithm. The accuracy rates for cyst detection were 79.52%, 89.99%, 90.41%, and 97.26%, respectively. 
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1. Introduction 

Cysts may contain air and liquid and can form in various body tissues. They can range in size from small to potentially 

harmful over time as they grow and affect surrounding tissues. 
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These fluid-filled sacs are often benign, but their presence in critical areas such as the brain can lead to significant 

clinical concerns. Depending on their location and growth rate, cysts may exert pressure on adjacent tissues, potentially 

disrupting normal physiological functions. In the brain, even small cysts can interfere with neural pathways, leading to 

symptoms ranging from mild discomfort to severe neurological deficits. Early detection and accurate classification of these 

cysts are essential for timely intervention and effective treatment planning. With the advancement of imaging technologies 

and computational methods, non-invasive diagnostic tools have become increasingly important in clinical decision-making. 

Arachnoid cysts, a type of brain cyst, are benign and occasionally observed. They can be asymptomatic or present with 

neuropsychiatric symptoms [1, 2]. Arachnoid cysts have been the subject of case studies, focusing on their effects on 

bipolar and psychotic disorders rather than obsessive-compulsive disorder [2, 3]. 

The most common symptom associated with arachnoid cysts is a headache, which is often caused by localized 

pressure. Cognitive impairment may also be present [4, 5]. Arachnoid cysts, which account for 1% of intracranial lesions, 

are typically located in the middle cranial fossa, with a higher prevalence on the left side than on the right [6-8]. The 

existing literature has primarily focused on arachnoid cysts and their potential psychiatric implications, with publications 

mainly consisting of case reports [9, 10]. 

Several studies in the literature have employed machine learning to investigate brain tumors. This study examines the 

diagnosis of brain cysts and its contribution to the fields of medical imaging and machine learning. The Brainmrnet 

architecture was compared with AlexNet, LeNet, and VGG16 architectures and achieved a success rate of 96.05% [11]. 

The Unet architecture was used and reached a level of 86% in a related study [12]. An accuracy of 92% was achieved with 

the Random Forest architecture [13] while Kernel SVM reached 90.4% accuracy [14]. A MobileNetV2 model was used to 

achieve a 95.27% result in a study on skin cancer detection[15]. 

In this study on brain cysts, the authors compared the results obtained with AlexNet, LeNet, U-Net, and Random 

Forest algorithms after enhancing the images in each algorithm. The results were 79.2% with LeNet, 89.99% with AlexNet, 

90.41% with U-Net, and 97.26% with the Random Forest algorithm. 

 

2. Literature Review 
Recent advancements in artificial intelligence (AI) have significantly impacted the field of medical imaging, 

particularly in the automated detection of brain anomalies. Deep learning (DL) techniques, especially convolutional neural 

networks (CNNs), have proven effective in various medical classification and segmentation tasks [16]. These models can 

automatically learn spatial hierarchies of features from input images, reducing the need for manual feature extraction. 

In the field of brain pathology detection, CNN-based architectures such as VGGNet, ResNet, and DenseNet have been 

used to classify tumors, cysts, and other abnormalities with high accuracy [17]. A deep CNN approach for brain tumor 

segmentation using multi-modal MRI data has shown competitive results on the BRATS dataset [18]. Similarly, the use of 

a fine-tuned VGG16 model has demonstrated effectiveness in identifying glioma and meningioma tumors from T1-

weighted MRI images [19]. 

Beyond deep learning, classical machine learning models such as Support Vector Machines (SVM), k-Nearest 

Neighbors (k-NN), and Random Forest (RF) continue to offer strong performance, particularly when paired with well-

crafted feature extraction techniques [20]. RF, in particular, has been recognized for its robustness, ability to handle high-

dimensional data, and resistance to overfitting, especially in settings with limited annotated data [21]. 

Hybrid approaches that combine DL-based feature extraction with traditional classifiers have also gained traction. For 

instance, combining Capsule Networks with Random Forest classifiers has proven that ensemble models can outperform 

end-to-end CNNs on small datasets [22]. Similarly, using pre-trained CNNs to extract features from MRI images and 

applying Random Forest for classification has yielded high diagnostic performance in Alzheimer’s detection [23]. 

Additionally, transfer learning has become an effective strategy in medical imaging due to the scarcity of labeled data. 

Pre-trained models on natural image datasets (e.g., ImageNet) can be fine-tuned for medical tasks, significantly reducing 

training time and improving accuracy [24]. These approaches are particularly effective when combined with domain-

specific preprocessing techniques, such as histogram equalization or bilateral filtering. 

In summary, the literature suggests that both deep learning and classical machine learning approaches have distinct 

strengths in medical imaging. The integration of robust preprocessing techniques and hybrid learning models remains a 

promising direction, especially for brain cyst detection tasks involving limited data and class imbalance. 

 

3. Materials and Methods 
As material, MRI data without personal information from patients were obtained from the Istanbul Betatom Imaging 

Center. There were a total of 2,194 brain images, including cystic and non-cystic cases. The images are 512x512 pixels in 

JPG format, with a size of 146 KB each. Twenty percent of the data was used for testing and eighty percent for training. 

The images were enhanced and applied to pre-trained algorithms. An example of a cystic and non-cystic image from the 

dataset is shown in Figure 1, with the cystic image on the left and the non-cystic image on the right. 
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Figure 1. 

 Cystic and Non-cystic Sample Images. 

 

3.1. Image Enhancement 

In this study, the Bilateral Filter and the Laplacian Sharpening Filter were used to enhance the image. 

These enhancement techniques improve the visibility of structural details in MRI scans, which is crucial for accurate 

feature extraction. By reducing noise and emphasizing edges, the filters help the models focus on relevant anatomical 

patterns. This preprocessing step significantly contributes to the overall performance of the classification algorithms. 

 

3.2. Bilateral Filter 

The bilateral filter is a commonly used image processing technique that preserves edges while reducing noise. It 

achieves this by comparing each pixel with other pixels within a certain filter size and weighting the values of color and 

spatial similarity according to their respective standard deviations (sigmacolor and sigmaspace). The resulting filter is then 

applied to the pixels within the filter size, resulting in a new assigned value. 

This method is particularly effective in medical imaging, where preserving fine anatomical structures is essential. By 

maintaining edge integrity while smoothing homogeneous regions, the bilateral filter enhances the clarity of critical 

features such as cyst boundaries. This balance between noise reduction and detail preservation makes it a valuable 

preprocessing step for improving model accuracy. 

 

3.3. Laplacian Sharpening Filter 

The purpose of this application is to highlight edges and contrast in an image. It achieves this by identifying 

differences or changes in the image, which in turn highlights edges. The Laplacian filter is used to calculate the second 

derivative of pixel values in an image. The steps involved in Laplacian sharpening are as follows: convolution is applied to 

the image using the Laplacian filter, each pixel is multiplied by and summed with its surrounding pixels, and the resulting 

filtered image is added to the original image to sharpen it. 

This sharpening technique is especially useful in highlighting subtle structural differences in medical images. 

Enhancing the contrast between adjacent regions allows for clearer visualization of cyst boundaries and other anomalies. 

This improved clarity supports more accurate feature extraction and contributes to the overall effectiveness of the 

classification models used in the study. 

3.4. Lenet 

LeNet is widely recognized as one of the pioneers of Convolutional Neural Network (CNN) architectures. It was 

originally developed in  Lecun et al. [25]. The network extracts features from input data using convolutional layers. The 

feature maps obtained from these layers are then used to reduce their size and emphasize important information, which can 

enhance the model's generalization ability. LeNet employs activation functions such as sigmoid and tanh to learn more 

complex relationships. 

Lenet works with small black-and-white images, typically with dimensions of 32x32 pixels. The language is clear, 

objective, and value-neutral, with consistent technical terms and common sentence structure. The first convolutional layer 

creates six 5x5 filters to apply convolutional operations on the input image. A maximum pooling layer follows to reduce 

the convolution results and emphasize the features. The text is free from grammatical errors, spelling mistakes, and 

punctuation errors. The text adheres to style guides, uses consistent citations, and follows a consistent footnote style and 

formatting features. The language is formal, avoiding contractions, colloquial words, informal expressions, and 

unnecessary jargon. The text is structured with a logical progression and causal connections between statements. The 

content of the improved text is as close as possible to the source text, and no further aspects have been added. The second 

convolutional layer has 16 filters of size 5x5 and is followed by another maximum pooling layer. The fully connected 

layers in this model consist of a flattening layer that converts the outputs of the convolution and pooling layers into a one-

dimensional vector. This is followed by a fully connected layer with 120 neurons that processes the outputs using the ReLU 

activation function. Another fully connected layer with 84 neurons follows, also processed with ReLU. The output layer is 

responsible for classification and uses the softmax activation function to calculate the probability distribution among the 

classes [26, 27]. 
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3.5. AlexNet 

AlexNet is a deep learning model that won the ImageNet Large Scale Visual Recognition Challenge in 2012. It was 

trained on a large dataset and achieved significant success in image recognition. The model consists of five convolutional 

layers that identify and learn features of images through convolution operations. The pooling layers summarize the 

convolution results by reducing dimensions and employing maximum pooling operations. The ReLU activation function is 

used in all hidden layers of AlexNet. AlexNet has three fully connected layers that utilize features extracted from the 

convolutional and pooling layers for final classification. To enhance the model's generalization ability and reduce 

overfitting, regularization is applied by randomly dropping specific neurons. 

AlexNet operates with 224x224 pixel RGB images and has five convolutional layers that generate feature maps. The 

initial convolutional layer has an 11x11 filter, while the subsequent layers use 3x3 or 5x5 filters. All layers apply the ReLU 

activation function after the first convolutional layer. To reduce the size of the feature maps, three max pooling layers are 

included. In order to improve the model's generalization ability, a normalization layer is added between the convolutional 

layers. For classification, three fully connected layers are used, taking into account the results from previous convolutional 

and pooling layers. After the first two layers, the ReLU function is applied. The last layer, which has a number of neurons 

equal to the class count, uses softmax for classification. Dropout is implemented to prevent overfitting by randomly 

deactivating neurons during training [28, 29]. 

 

3.6. Unet 

UNet is a deep learning algorithm specifically designed for biomedical image segmentation. It was introduced by 

Ronneberger and colleagues in 2015. The algorithm has a symmetric structure with transposed convolution layers located 

after many convolution layers. The feature maps obtained in convolution layers have similar scales and are added in 

transpose layers, allowing the network to merge features at different sizes. The UNet network has different depths between 

the input and output layers, which allows for the learning of features at various levels. The output layer of UNet represents 

a channel for each class per pixel, with sigmoid typically used in this layer to express the probability of belonging for each 

pixel. 

This architecture is particularly effective in medical imaging tasks, as it enables precise localization of features. Its 

design ensures that both the global context and fine details are preserved. 

The encoder section of Unet includes convolution layers to extract features, each of which includes ReLU and mostly 

double-strided convolution operations. Increasing the number of layers results in a more abstract and broad representation 

of feature maps. Skip connections are created by adding feature maps obtained at each encoder layer to the corresponding 

decoder layer of the same depth. These skip connections allow the network to enhance higher-level features using lower-

level features, resulting in better localization. The data from the encoder is transmitted to the decoder through skip 

connections. The decoder section comprises transposed convolution layers that learn and generate features across a wide 

range. ReLU is utilized in these layers. The output layer employs the sigmoid function, which includes a channel for each 

class per pixel [30-33]. 

 

3.7. Random Forest Algorithm 

The Random Forest algorithm is a machine learning algorithm that can be used for both classification and regression 

problems. It is formed by the combination of many decision trees, which are trained with random features. 

Each decision tree in the forest contributes a vote to the final prediction, which enhances the model’s robustness and 

reduces the risk of overfitting. This ensemble approach ensures that the model captures diverse patterns in the data. In 

medical imaging tasks like brain cyst detection, this diversity allows the algorithm to generalize better across different 

cases, improving diagnostic accuracy and reliability. 

This algorithm is known to perform well on large and complex datasets. During the training of each decision tree, 

random subsamples are taken from the dataset, which include features and target variables. Random subsets of features are 

selected when training decision trees, allowing each tree to be trained on different samples and ensuring their 

independence. This subsampling and feature selection enable the training of each decision tree. By combining many 

decision trees to form an ensemble, the Random Forest algorithm creates a classification based on the majority of trees in 

the ensemble. The ensemble forms a more robust and generalizable model. When making predictions on new examples, it 

combines the predictions of each tree to generate an overall prediction [34-37]. 

 

4. Discussion 
Brain cysts can cause a range of symptoms, including headaches, visual and auditory impairments, cognitive disorders, 

and abnormal head growth, depending on their type and size. This study compares the performance of LeNet, AlexNet, U-

Net, and Random Forest algorithms in detecting brain cysts. The study was conducted in the Python environment, and after 

applying image enhancement to the loaded data for LeNet, the training and validation losses during the training iterations 

and accuracy changes are shown in Figure 2. 

The LeNet algorithm achieved an accuracy of 79.52%.  

The relatively lower performance of LeNet can be attributed to its architectural limitations. Designed for small-scale 

grayscale images, LeNet lacks the depth and complexity necessary to capture high-level spatial features in MRI images of 

the brain. Additionally, its reliance on fewer convolutional layers and older activation functions such as tanh and sigmoid 

may restrict its ability to generalize well in a medical imaging context, especially in high-resolution data environments. 



 
 

               International Journal of Innovative Research and Scientific Studies, 8(5) 2025, pages: 1137-1146
 

1141 

These findings align with previous literature, where LeNet demonstrated suboptimal performance in complex biomedical 

classification tasks. 

 

 

 
Figure 2. 

Change Graph of Training and Validation Losses Across Training Iterations and Accuracy 

 

Figure 3 shows the change graph of training and validation losses across training iterations and accuracy in the study 

conducted using the Python environment for AlexNet. 

 

 
Figure 3. 

Change Graph of Training and Validation Losses Across Training Iterations and Accuracy. 

 

AlexNet achieved an accuracy of 89.99%. The study's findings for Unet are presented in Figure 4. 
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Figure 4. 

Unet Output Graphs. 

 

The Unet outputs achieved an accuracy result of 90.41%. Figures 5 and 6 show the outputs for another algorithm, the 

Random Forest Algorithm. 

The improved performance of AlexNet and Unet over LeNet suggests that deeper architectures with more advanced 

convolutional hierarchies are better suited for extracting relevant features in brain MRI images. Unet, in particular, offers 

an advantage with its encoder-decoder structure and skip connections, allowing both low-level texture and high-level 

semantic information to be retained. This makes Unet a strong candidate for medical image segmentation tasks where 

lesion localization is important. However, in this study, Unet was used for classification, not segmentation, which might 

explain why its performance, while high, did not surpass that of the Random Forest model. 

 

 
Figure 5. 

Confusion Matrix.   
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Figure 6. 

Receiver Operating Characteristic Curve. 

 

The Confusion Matrix is a tool used to evaluate the performance of algorithms in classification modeling. True 

Positive (TP) indicates when the model correctly predicts a positive example, such as correctly diagnosing a disease as 

positive. True Negative (TN) represents when the algorithm correctly predicts negative, indicating a correct negative 

diagnosis, i.e., the person is healthy. False positives (FP) and False negatives (FN) are two types of errors that can occur in 

classification models. FP occurs when the model incorrectly identifies a positive instance as negative, while FN occurs 

when the model incorrectly identifies a negative instance as positive. FP occurs when the model incorrectly identifies a 

positive instance as negative, while FN occurs when the model incorrectly identifies a negative instance as positive. 

The Receiver Operating Characteristic (ROC) is a graphical representation used to evaluate the performance of 

classification models. The ROC curve illustrates the relationship between sensitivity and specificity. Sensitivity is the true 

positive rate, calculated by dividing true positives by the total number of positive examples. Specificity is the true negative 

rate, calculated by dividing true negatives by the total number of negative examples. The axes range from 0 to 1, with high 

sensitivity and high specificity represented by values closer to 1. It is important to note that the closer the ROC curve is to 

the top-left corner, the better the model performs. The model's performance can be quantified by measuring the area under 

the ROC curve, which ranges from 0 to 1. The closer the value is to 1, the better the algorithm's performance. 

 

 
Figure 7. 

Precision-Recall Curve. 
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Figure 8. 

F1 Score – Threshold Curve. 

 

In cases of imbalanced classifications, the Precision-Recall curve may be preferred over the ROC curve. A model with 

an average precision (AP) value of 1 indicates good performance, with high precision and recall values at every possible 

threshold, suggesting effective detection of positive classifications and a low probability of false positives. 

The F1 score and Threshold Curve graph exhibit a Gaussian curve characteristic. The curve's peak indicates the 

threshold value at which the model performs best. A symmetrical shape, such as the Gaussian curve, suggests that the 

model performs similarly well at various threshold values. 

The Random Forest Algorithm was used, resulting in the best performance with an accuracy rate of 97.26%. 

The superior accuracy of the Random Forest algorithm, despite it being a classical machine learning model, highlights 

the importance of feature selection and ensemble learning in small-to-medium medical imaging datasets. Random Forest's 

inherent ability to handle high-dimensional data and its robustness to overfitting due to bootstrap aggregation make it 

particularly effective in binary classification tasks such as cyst detection. Moreover, its interpretability and lower 

computational cost compared to deep neural networks make it a practical tool in clinical settings where computational 

resources and annotated data are limited. In our study, the Random Forest-based model demonstrated superior classification 

accuracy, highlighting the effectiveness of ensemble learning methods when combined with optimized preprocessing 

techniques. This discrepancy might stem from the enhanced image preprocessing steps applied in our study or the relatively 

balanced class distribution. While many studies focus solely on deep learning approaches, our inclusion of Random Forest 

offers a compelling alternative, particularly for centers with limited computational infrastructure. These findings contribute 

to the growing evidence that classical models, when combined with optimized data preprocessing, can achieve or even 

surpass deep learning in certain diagnostic imaging tasks. 

Furthermore, the success of the Random Forest model in this context underscores the value of model simplicity and 

interpretability in clinical applications. While deep learning models often require extensive computational resources and 

large annotated datasets, classical models like Random Forest can deliver competitive results with fewer resources. This 

makes them especially suitable for deployment in smaller healthcare facilities or research environments where 

infrastructure and data availability are limited. 

 

5. Conclusion 
In this study, we conducted a comprehensive comparative evaluation of multiple machine learning and deep learning 

models, LeNet, AlexNet, U-Net, and Random Forest, for the detection of brain cysts using enhanced magnetic resonance 

imaging (MRI) data. The integration of image enhancement techniques, specifically Bilateral Filtering and Laplacian 

Sharpening, facilitated improved feature extraction, contributing to the accuracy of the models evaluated. 

The Random Forest algorithm outperformed the other models, achieving the highest classification accuracy at 97.26%, 

followed by Unet (90.41%), AlexNet (89.99%), and Lenet (79.52%). The superior performance of Random Forest 

highlights the continued relevance of ensemble-based classical machine learning algorithms, especially when dealing with 

moderate-sized, high-dimensional, and possibly imbalanced datasets where deep learning models may not always 

generalize optimally due to limited data availability. 

One of the key strengths of this study is the methodological diversity it introduces into the brain cyst detection domain 

by not restricting the evaluation solely to deep learning approaches but including traditional ensemble methods. This 

broader approach allows for a more nuanced understanding of algorithmic performance in practical clinical scenarios, 

where data quality, quantity, and heterogeneity often present significant challenges. Furthermore, the utilization of multiple 

evaluation metrics, including accuracy, precision-recall curves, F1 scores, and ROC analysis, provided a multidimensional 

assessment of model performance, offering a more robust and clinically relevant evaluation than accuracy alone. 

However, this study has certain limitations that warrant consideration. Firstly, the dataset was derived from a single 

imaging center and consisted of 2,194 images, which, while useful for initial evaluation, may not fully capture the diversity 

and variability present in larger, multi-center, and multi-vendor datasets. The relatively limited sample size and the absence 

of external validation cohorts may affect the generalizability of the findings. Secondly, the current work primarily focused 

on binary classification (cystic vs. non-cystic) without incorporating cyst subtypes or evaluating the impact of cyst size, 
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location, and morphology, all of which may carry significant clinical relevance. Furthermore, while image enhancement 

techniques were applied, the study did not explore advanced data augmentation strategies or domain adaptation methods 

that could potentially increase model robustness and generalizability. 

The findings of this study hold important implications for future research in automated medical image analysis, 

particularly in scenarios where limited annotated data are available. The demonstrated success of Random Forest suggests 

that hybrid approaches integrating classical machine learning with deep learning-based feature extraction may offer a 

promising direction for future studies. Combining the hierarchical feature learning capabilities of deep neural networks 

with the robust generalization properties of ensemble methods like Random Forest could potentially yield even higher 

performance, especially in complex, heterogeneous datasets. 

Future work should also focus on expanding the dataset to include images from multiple institutions, vendors, and 

patient populations to assess model scalability and generalizability. Incorporating multimodal data, such as clinical 

parameters, patient history, and other imaging modalities, could further enhance model performance and clinical 

applicability. Additionally, implementing explainable AI (XAI) frameworks would improve model interpretability, 

facilitating clinician trust and eventual integration into clinical workflows. 

In conclusion, while deep learning remains at the forefront of medical image analysis research, this study underscores 

the continued relevance of ensemble methods such as Random Forest in specific clinical imaging contexts. The insights 

provided here contribute to the ongoing discourse on optimal model selection for brain cyst detection and may serve as a 

reference framework for future investigations aiming to bridge the gap between algorithmic development and clinical 

deployment. 
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