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Abstract

The automatic detection of brain tumors from magnetic resonance imaging (MRI) scans is a major
challenge in the medical field. Traditional methods relying on radiologist expertise are time-consuming
and subject to varying interpretations. This article presents a comparative study of two deep learning
approaches for the binary classification of grayscale brain MRI images, applied to a public dataset
available on Kaggle. The first approach is based on a sequential convolutional neural network (CNN)
built from scratch, consisting of five convolutional blocks with batch normalization. The second
approach utilizes a pre-trained ResNet50 model adapted for grayscale images. Both models were trained
for 50 epochs and evaluated on a test set of 447 images. The results show remarkable and similar
performance across certain metrics: the sequential model achieved an overall accuracy of 95.53%, an
AUC-ROC of 98.45%, and an F1-score of 94.71% at the optimal Youden threshold (0.72). The ResNet50
model achieved an overall accuracy of 95.08%, an AUC-ROC of 98.81%, and an F1-score of 94% at the
optimal threshold (0.39). The main difference lies in data generalization: ResNet50 showed a training-
validation gap of only 4.47%, compared to 8.34% for the sequential model. These results, obtained using
a limited-size public dataset, demonstrate the clinical potential of both approaches for diagnostic support,
while highlighting the need for validation prior to any clinical deployment.
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1. Introduction

Brain cancers are central nervous system tumors that can develop in the brain, brainstem, cerebellum,
or spinal cord.

According to the American Cancer Society (ACS) cancer statistics center, there were 23,820
new cases of brain tumors in the United States in 2019, and approximately 17,760 deaths attributed to
the disease that year. Early detection and accurate characterization are beneficial for effective
treatment and optimal clinical outcomes.

However, interpreting standard MRI scans for brain tumor detection can be complex and requires
expertise, as it involves distinguishing tumor tissue from normal tissue, including gray matter and
cerebrospinal fluid.

Accurate brain tumor segmentation is crucial for medical diagnosis, surgical planning, and

treatment planning.
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Performance in medical image analysis depends heavily on the chosen deep network
architecture, highlighting the need for comparative studies to evaluate the effectiveness of different
architectures

In this study, we compare two CNN architectures applied to the binary classification of brain
tumors (Tumor vs. Non-tumor) using grayscale MRI images. The first model is built from scratch,
while the second is based on transfer learning using a ResNet50 model pre-trained on ImageNet. The
objective is to evaluate the effectiveness of each approach in terms of accuracy and determine which
model generalizes better to the data, with the aim of proposing a reliable solution to assist in clinical
diagnosis.

2. Data and Preprocessing

2.1 Dataset Description

The dataset used in this study comes from the Kaggle platform (Brain MRI Images for Brain Tumor
Detection). The images are grayscale brain MRIs classified into two categories (Tumor/Non-tumor).
The test set used to evaluate the models consists of 447 images, comprising 256 images in the Non-
tumor class and 191 images in the Tumor class. To ensure the reproducibility of the experiments, the
training and validation sets were split using a fixed random seed (seed=42).

2.2 Image preprocessing

In our study, the data were split into a training set (70%), a validation set (20%), and a test set (10%).
Image preprocessing involved resizing images to 236x286 pixels—corresponding to the average
dimensions of the original dataset images—followed by normalizing pixel values to the [0, 1] range by
dividing by 255. Data augmentation techniques—specifically random rotations, horizontal and vertical
flips, and brightness variations—were applied solely during training to enhance model robustness and
reduce the risk of overfitting. To ensure a fair comparison, the normalization and data augmentation
conditions were kept identical.

3. Model architectures

3.1 Sequential CNN Model

The sequential model is built from scratch and consists of five successive convolutional blocks. Fach
block follows the Conv2D — BatchNormalization — MaxPooling2D pattern to enable visual feature
extraction. Table 1 and Figure 1 present the model architecture.

Table 1: Sequential CNN Architecture

Layer Output format Parameters
Conv2D (32 filters, 3x3) + BN (None, 236, 286, 32) 448
MaxPooling2D (2x2) (None, 118, 143, 32) 0

Conv2D (64 filters, 3x3) + BN (None, 118, 143, 64) 18 752
MaxPooling2D (2x2) (None, 59, 71, 64) 0

Conv2D (128 filters, 3x3) + BN (None, 59, 71, 128) 74 368
MaxPooling2D (2x2) (None, 29, 35, 128) 0

Conv2D (128 filters, 3%3) + BN (None, 29, 35, 128) 148 096

MaxPooling2D (2x2) (None, 14, 17, 128) 0



Layer Output format Parameters

Conv2D (256 filters, 3x3) + BN (None, 14, 17, 256) 296 192
MaxPooling2D (2x2) (None, 7, 8, 256) 0
GlobalAveragePooling2D (None, 256) 0
Dense (128) + Dropout (None, 1238) 32 896
Dense (1, sigmoid) (None, 1) 129

Approximately 571,000 trainable parameters.

The GlobalAveragePooling2D layer is used to reduce the risk of overfitting. A dense layer of 128
neurons is followed by a Dropout layer for regularization. The output layer consists of a single neuron

with sigmoid activation.
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Figure 1: Summary of the Sequential CNN model architecture.

3.2 ResNet50 Model

The second model is a deep residual network with 50 layers, pre-trained on the ImageNet dataset. To
adapt this model to grayscale MRI images, we used an initial Conv2D layer that converts the single-
channel input into a 3-channel representation (gray_to_rgb). This adaptation allowed us to leverage
the weights pre-trained on ImageNet while accepting grayscale images. Built upon the ResNet50 base
and a GlobalAveragePooling2D layer is “fc1,” a classification head consisting of a Dense layer (12
units), BatchNormalization, Dropout, and a final Dense layer with a sigmoid activation. The model
has approximately 23.85 million parameters.



Model: "ResNet5©_ IRM™

input_gray ( )
gray_to_rgb (

(

resnet
gap

‘ bn_head (
{ dropout (

output (

Total params: (906.98 MB)

Trainable params: (98.78 MB)

Non-trainable params: (208.50 KB)

Figure 2: Summary of the ResNet50 model architecture.

4. Training and evaluation protocol

To ensure the comparability of results, both models were trained using an identical protocol. We
employed a binary cross-entropy loss function, which is suitable for binary classification. Training for
both models was conducted over 50 epochs. We optimized the decision threshold using the Youden
index (sensitivity + specificity - 1) to determine the optimal threshold for each model. A baseline
threshold of 0.5 was also used, and evaluation was performed on a dataset of 447 images. To enable a
comprehensive assessment of the models' diagnostic performance, we utilized evaluation metrics such
as overall accuracy, sensitivity, specificity, positive predictive value (PPV), F1-score, and AUC-ROC.

5. Results

5.1 Training the Sequential CNN

The CNN training curves (Figure 3) show a gradual convergence of training accuracy toward 98.30%
over 50 epochs. The best performance is observed at epoch 34, with a validation accuracy of 89.96%.
Training loss decreases toward zero, whereas validation loss exhibits significant fluctuations. The gap
between training and validation accuracy is 8.34%, indicating a reasonable level of overfitting.
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Figure 3: Accuracy and loss curves for the Sequential CNN over 50 epochs.

5.2 ROC curve of the sequential CNN

The ROC curve of the sequential CNN (Figure 4) shows good performance, with an AUC-ROC of
98.45%. The optimal Youden threshold is found at 0.72, maximizing the trade-off between the model's
sensitivity and specificity.
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Figure 4: AUC-ROC curve of the sequential model.

5.3 Classification performance of the Sequential CNN

At the baseline threshold of 0.5, the sequential CNN achieves an overall accuracy of 95.08%, a
sensitivity of 94.76%, and a specificity of 95.31%. The confusion matrix (Figure 6) shows 12 false
negatives and 10 false positives out of 447 cases in the test set.
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Figure 5: Classification metrics for the sequential CNN at the baseline threshold (0.5).
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Figure 6: Confusion matrix for the Sequential CNN at the baseline threshold (0.5).

It is observed that at the optimal Youden threshold (0.72), performance improves, with an overall
accuracy of 95.53%, sensitivity of 93.72%, specificity of 96.88%, and an Fl-score of 94.71%. The

confusion matrix (Figure 8) shows 248 true negatives, 179 true positives, 8 false positives, and 12 false
negatives.



Figure 7: Sequential CNN classification metrics at the optimal Youden threshold.
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Figure 8: Confusion matrix for the Sequential CNN at the optimal Youden threshold.

5.4 Training the ResNet50 model

The training curves for the ResNet50 model (Figure 9) show more stable convergence than those of
the sequential CNN model, achieving a training accuracy of 98.27% and a validation accuracy of 93.80%
by the 33rd epoch. A reduction in the overfitting gap is observed—4.47% compared to 8.34% for the
sequential CNN—indicating that the ResNet50 model generalizes better on the dataset.
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Figure 9: Accuracy and loss curves for the ResNet50 model.

5.5 ResNet50 AUC-ROC curve

The AUC-ROC curve (Figure 10) for the pre-trained model shows a value of 98.81%, which is slightly
higher than that of the sequential CNN (98.45%). The optimal Youden threshold achieved its best
balance at 0.39.
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Figure 10: ResNet50 AUC-ROC curve at 98.81%.



5.6 ResNet50 classification performance

At the baseline threshold of 0.5, ResNet50 achieved an overall accuracy of 95.30%, a sensitivity of
94.76%, and a specificity of 95.70%. The confusion matrix (Figure 12) shows 11 false negatives and 10
false positives.
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Figure 11: ResNet classification metrics at the baseline threshold.
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Figure 12: Confusion matrix for ResNet50 at the baseline threshold.

The performance of ResNet50 at the optimal Youden threshold consists of an overall accuracy of
95.08%, an improved sensitivity of 95.29%, and a specificity of 94.92%. The confusion matrix (Figure
14) shows 243 true negatives, 182 true positives, 13 false positives, and 9 false negatives. A reduction
in false negatives is observed (9 versus 12 for the CNN), which is clinically significant.



w0

94.9

fl-=core sSUppPC

1=tumaor
Tumaor

Figure 13: ResNet50 classification metrics at the optimal threshold (0.39).
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Figure 14: ResNet50 confusion matrix.



5.7 Comparative analysis

Table 2: Comparison of performance at the optimal threshold (CNN at 0.72 and ResNet50 at 0.39)

Metric Sequential CNN ResNet50
Overall accuracy 95.53% 95.08%
Sensitivity (Tumor Recall) 93.72% 95.29%
Specificity 96.88% 94.92%
Precision (PPV) 95.72% 93%
F1-score (Tumor) 94.71% 94%
AUC-ROC 98.45% 98.81%
Best epoch 34/50 33/50
Training accuracy 98.30% 98.27%
Validation accuracy 89.96% 93.80%
Variance (overfitting) 8.34% 4.47%
Total parameters ~571,000 ~23,850,000

The comparative analysis reveals several key findings. In terms of overall accuracy, the two models
are nearly equivalent (CNN at 95.53% vs. ResNet50 at 95.08%), with a slight advantage for the
sequential CNN at its optimal threshold. However, ResNet50 performs better in terms of clinical
sensitivity (95.29% vs. 93.72%) as it detects more true tumors. This is evidenced by the lower number
of false negatives (9 vs. 12), a crucial factor in a medical context where missing a tumor carries serious
consequences.

The CNN demonstrates superior specificity (96.88% vs. 94.92%), indicating fewer false positives.
ResNet50's AUC-ROC (98.81%) exceeds that of the sequential CNN (98.45%), indicating better overall
discrimination. The difference in overfitting levels (4.47% for ResNet50 vs. 8.34% for the CNN)
highlights the power of transfer learning in improving generalization.

From a computational standpoint, the sequential CNN is significantly more lightweight
(approximately 571,000 parameters) than ResNet50 (approximately 23.85 million parameters). This
factor must be considered regarding deployment if hardware resources are limited.

6. Discussion

The results demonstrate that both approaches are clinically relevant for the automatic detection of
brain tumors in grayscale MRI images. The performance of the sequential CNN built from scratch is
remarkable, despite having 42 times fewer parameters than ResNet50.

6.1 Specific contribution of grayscale adaptation

Adapting ResNet50 for grayscale images using a single-to-three-channel Conv2D conversion layer
constitutes a methodological contribution of our work. Unlike naive approaches that simply replicate
the grayscale channel across three planes, our conversion layer learns an optimized projection that
maximizes the utilization of representations pre-trained on ImageNet. This is evidenced by the
reduced overfitting gap (4.47% vs. 8.34%) and confirms that the learned transformation better preserves
the structure of MRI textures.



6.2 MRI image structures and deep network properties

Brain MRI images exhibit specific structures—namely textures, intensity gradients, and edge patterns
—that serve as distinguishing features between tumorous and healthy tissues. The convolutional
layers of ResNet50, trained on ImageNet, encode edge, texture, and shape detectors that prove
transferable to these MRI structures. This structural transferability between natural and medical
representations explains ResNet50's superior generalization capability compared to a sequential CNN
trained from scratch.

6.3 Comparison with other architectures from the literature

To enrich the comparative analysis, we position our results relative to other architectures
representative of recent literature (Table 3).

Table 3: Positioning relative to the literature (binary classification of brain tumors in MRI)

Study Architecture Accuracy AUC-ROC MRI images
Our study Sequential CNN 95.53% 98.45% Yes
Our study ResNet50 (adapted) 95.08% 98.81% Yes
Halloum & Ez-Zahraouy [9] VGG16/VGG19/ResNet50  94.96% N/A No
Srinivasan et al. [7] Multi-class hybrid CNN 96% N/A No
Swati et al. [20] VGG19 + fine-tuning 94.8% N/A No

Our results are comparable to the best values reported in the literature for the binary classification of
brain MRIs.

7. Study limitations

Several limitations of the study can be noted: the Kaggle dataset originates from diverse sources with
varying acquisition conditions, which may affect model robustness.

Binary classification (tumor vs. non-tumor) does not distinguish between specific tumor types (e.g.,
gliomas, meningiomas), thereby limiting direct clinical applicability. Furthermore, the lack of external
validation on an independent dataset prevents conclusions regarding the models' generalizability.

8. Conclusion

This study presented and compared two deep learning approaches for brain tumor detection using
grayscale MRI images. Both architectures demonstrated high performance on a dataset of 447 images,
achieving an AUC-ROC of 98% for both methods.

Despite its architectural simplicity and low parameter count, the sequential CNN achieved an overall
accuracy of 95.53% and an AUC-ROC of 98.45%. ResNet stands out due to better generalization
(overfitting gap of 4.47% vs. 8.34%), superior sensitivity (95.29% vs. 93.72%), and a slightly higher AUC-
ROC. These results confirm the value of transfer learning.

Future work could explore several avenues for improvement, namely: extending the model to multi-
class classification to distinguish between tumor types; exploring techniques to visualize activation
regions; conducting a systematic comparison with VGG16 and Inception V3 on the same dataset; and
utilizing a larger, more diverse dataset.
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