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Abstract— Magnetic Resonance Imaging (MRI) offers a crucial role in diagnosing brain tumor early in the day and pre-treatment planning.. Nevertheless, automated diagnostic systems are required because manual analysis of the MRI scans takes time and is prone to human errors. In the present paper, Cognitive Multi-Scale Tumor Detection Network (CMTD-Net) is a new deep learning model that will be used to detect and classify brain tumors with high accuracy based on the MRI images. The given model will combine preprocessing, multi-scale feature extraction, cognitive scale selection, and feature fusion to be accurate in capturing both the characteristics of tumors with different sizes and structural patterns. The Cognitive Scale Selection Module assumes a dynamic allocation of importance weights to the various scales of features depending on their entropy and texture variation so that the network focuses on the most informative tumor variables. The evaluation was done experimentally using an open brain MRI dataset and compared to the current models such as CNN, VGG16, ResNet50, and U-Net. The sensitivity of the proposed CMTD-Net was 97.4 and the Dice score, Matthew’s correlation coefficient, and intersection-over-union were 0.97, 0.93 and 0.97 respectively with low false positive rate of 2.2. These findings prove efficiency and accuracy of the given framework in terms of automated brain tumor detection and classification.
Keywords— Brain Tumor Detection, Magnetic Resonance Imaging (MRI), Deep Learning, Multi-Scale Feature Extraction, Cognitive Scale Selection, Medical Image Classification.
I. INTRODUCTION
Brain tumors are some of the most urgent neurobiological conditions that need timely discovery and precise identification to increase the number of patients who survive and to make an improved treatment decision. The magnetic Resonance Imaging (MRI) has become burdened with the diagnosis of the brain tumor because it offers a high-resolution imaging of the brain tissues and the tumor structures. Nevertheless, traditional inspection of MRI scans by physicians is tedious and open to inter-observer errors that are why the creation of automated computer-aided diagnostic systems is encouraged. Over the last few years, deep learning methods have demonstrated great promise in medical image analysis especially in brain tumor detection and brain tumor classification. Different convolutional neural network models have been put forward to automatically identify discriminative evidence of MRI images and enhance the classification effectiveness [1], [2]. ResNet-based models have also been popularly studied in the context of transfer learning to perform tumor classification and cell generalization of features [3].
U-Net and similar segmentation methods also have enhanced tumor localization including reliable localization of tumor boundaries in MRI images [4], [8]. To learn features at a multi-scale and use hybrid frameworks of deep learning have been explored more recently to learn complex tumor traits and better classification accuracy [7], [9], [10]. Other transformer-based architectures have also been presented to improve the global feature in the medical image analysis [11], [12]. To continue with these developments, most of the available methods still have shortcomings regarding their ability to capture tumor characteristics across scale with high-level of computational efficiency.
To overcome these difficulties, this paper introduces a new Cognitive Multi-Scale Tumor Detection Network (CMTD-Net) on MRI-based brain tumor detection and classification. The uniqueness of the suggested method has been in the combination of multi-scale feature extraction with Cognitive Scale Selection Module that dynamically analyses and ranks informative feature scales according to entropy and texture variation. This feature is an adaptive mechanism to allow the model to concentrate on the most interesting tumor features hence classification accuracy and reliability in automated medical diagnosis systems..
A. Major Contributions
Cognitive Multi-Scale Tumor Detection Network (CMTD-Net) is a new deep learning architecture that is suggested to be used in automated detection and classification of brain tumors based on MRI images. The model incorporates multi scale feature learning to identify the nature of the tumor of diverse size and structure.
A powerful preprocessing and normalization pipeline of MRI is proposed to promote the quality of images by noise reduction and standardization of the intensity, which leads to increased reliability of feature extraction to analyze brain tumors.
The proposed network has a multi-scale feature extraction plan that allows it to examine the MRI images at various receptive areas, allowing the model to discover both finer tumor texture and gross structural alterations.
Cognitive Scale Selection Module (CSSM) is realized to dynamically and conditionally impose entropy and texture variation importance weights on the various feature scales to ensure that the network specializes in the most informative features on the tumor.
There is a wide-ranged experimental testing conducted by using publicly available brain MRI data, comparing the offered approach with CNN, VGG16, ResNet50 and U-Net models.
The results of the experiment indicate that the proposed CMTD-Net has better performance sensitively, Dice score, MCC, and IoU and has balanced computation efficiency..
II. LITERATURE REVIEW
Deep learning techniques have made an enormous impact on training in brain tumor detection and classification based on MRI images. Depending on the purpose, many types of convolutional neural networks have been created to maximize feature detection and classification. The next proposing paper [1] predicted a hybrid deep CNN model to classify brain tumors with multiple classes by combining several convolutional layers in order to enhance the feature learning by MRI images. On the same note, VGG-16 architecture has been used extensively in classifying brain tumors more because of its high hierarchical ability to extract features and high capability in performing medical imaging tasks as is the case in [2]. Strategies of transfer learning have also been implemented to enhance the level of accuracy in classification as well as associated cost reduction where it was observed that a modified ResNet50 model was used to accurately classify brain tumors at a reduced cost as reported in [3]. 
Other techniques that have been significant are segmentation-based techniques that have been used to localize the tumor. In [4], a variant of the U-Net architecture called Edge U-Net was proposed, which integrates the information about boundaries to improve the accuracy of segmentation in MRI images. The paper [5] examined reconstruction-based deep learning models with a fine-tuning method that can complement the classification performance and minimize feature redundancy. Moreover, explainable deep neural network models are also examined to enhance interpretability in clinical diagnosis systems to enable medical professionals to have a better understanding of automated prediction as presented in [6].
Multi-scale feature learning has been investigated in several studies in order to provide a better capture of tumor characteristics. In [7], a multi-scale fractal feature network using fractal residual learning was suggested to capture hierarchical tumor features by using MRI images. In [8], region-of-interest-based localization along and U-Net segmentation was proposed to enhance the ability to detect tumors by targeting pertinent regions of the brain. Moreover, hierarchical multi-scale dilated feature fusion networks have also been generated in order to enhance the multiclass tumor diagnosis by incorporating features extracted at various spatial scales as introduced in [9].
The deep learning frameworks have also been considered as hybrid types in order to enhance strength and classification accuracy. In [10], a hybrid MRI-based deep learning model with a combination of several neural network methods was proposed to increase the accuracy of tumor classification. Recently the attention of medical imaging has switched to transformer based architectures. It was proposed in [11] that a tumor detecting system using vision transformers with attention can be designed with better feature representation properties. On the same note, hybrid CNN-Transformer systems were proposed in [12] to merge the convolutional feature tolerance with global attention designs to enhance medical image segmentation.
Automated studies of tumor detection methods have also been investigated through survey. A bibliometric review described in [13] addressed how methods of machine learning in brain tumor detection have evolved over the years and emphasized the growing popularity of deep learning methods. Previous deep learning models of tumor segmentation with the MRI showed encouraging performance with the use of CNN models as reported in [14]. In [15], data augmentation methods were created using deep convolutional generator adversarial networks and vision transformers to help solve the lack of medical imaging data and achieve better classification.
There are also other interdisciplinary applications that Artificial intelligence techniques have been intensely used in. A consumer analysis based on AI utilization of IoT systems was introduced in [16], and it showed that intelligent data analysis can be successfully used in high-complicated conditions. The sensor network security and data processing architecture have also advanced research in the field of sensor network security that has been applied in the creation of intelligent computing systems as explained in [17]. The engineering applications of neural network optimization have been used to design microstrip patch antennas used in radar application also in the form of optimization techniques and this is a good example of how neural network optimization techniques are versatile as elaborated in [18].
Strategic decision making and business analytics is another field that artificial intelligence has been applied, and application of AI-based decision support systems were investigated to improve the strategies in management as addressed in [19]. In the same vein, predictive analytics solutions that are data-driven, have been offered to aid in the process of innovation and strategic planning, based on advanced machine learning models, as appeared in [20]. Moreover, more recent studies have been conducted on the nanoelectronics sensor technology to be used in the real-time health and environmental monitoring applications; it has been shown that intelligent sensing systems are increasingly being applied to health and biomedical care and monitoring as explained in [21].
Although recent deep learning and AI-based models have made great advances, it remains common that most of the methods do not adequately represent tumor features at various levels in the multiple spatial scales with the required level of computational efficiency. It is thus expected that the proposed CMTD-Net scheme will overcome these shortcomings through a combination of cognitive multi-scale feature extraction and adaptive scale selection to enhance brain tumor detection and classification slew rates and resilience.
Despite positive findings of previous studies in the field of MRI-based brain tumor detection through CNN, transformer, or hybrid deep learning models, most of them have difficulties in simultaneously modelling the characteristics of tumors at multiple spatial scales and at the same time being computationally efficient. Thus, there is a need to have a more adaptable multi-scale learning model to enhance the accuracy of tumor detection and classification.
A. Problem Statement
Detection and classification of brain tumors using MRI images continue to be a challenging endeavor in medical image processing because of the complicated structure, irregular shape, and various size of the tumor areas. Conventional machine learning and standard deep learning solutions can typically not readily represent such variations and this may result in misclassification and poor diagnostic accuracy. Some deep learning networks, namely CNN, VGG16 and ResNet architectures, have been used with brain tumor classification, but these networks are mostly based on single-scale feature extraction and cannot represent fine-grained texture features and macro-scale structural distortion that can be observed in MRI images [1]-[3]. Likewise, models that use segmentation, like U-Net, have enhanced better localization of the tumor, although they are yet to be sufficient and fast enough in defining the location of the tumor and have yet to be computationally efficient [4], [8]. More recent hybrid and transformer-based models have tried to enhance the representation of the features but still problems associated with the redundancy of the features and the complexity of the model are prevalent [9]-[12]. This is why there is need to have an adaptive deep learning structure that can seriously identify multi-scale tumor characteristics without compromising in terms of classification accuracy.
III. PROPOSED METHODOLOGY
The proposed Cognitive Multi-Scale Tumor Detection Network (CMTD-Net) is an idea to enhance brain tumor detection and classification of MRI images through the combined forces of multi-stage image processing and adaptive deep learning strategies. The overall architecture of CMTD-Net system is illustrated in Figure 1. The brain tumors have a high degree of variability in terms of size, texture and structural pattern, a fact that complicates their accurate detection with the traditional of the single-scale deep learning models. To overcome these shortcomings, the suggested framework involves the usage of preprocessing, multi-scale feature extraction, and an adaptive scale selection approach, which gives more priority to the most informative tumor features. The pipeline used by the system receives MRI images and treats them in a series of stages which are data acquisition, preprocessing and normalization, data augmentation, multi-scale feature extraction, cognitive scale selection, feature fusion, and classification. Each step of the processing pipeline is modelled with mathematical formulations, so that it has a systematic and reproducible structure. The suggested method produces better representation of features and increases the accuracy of the classification through selective bias of key tumor features that occur on MRI scans. 
[image: ]
Fig.1 Overall Architecture of the Proposed Cognitive Multi-Scale Tumor Detection Network (CMTD-Net)

A. MRI Data Acquisition
The initial phase of the suggested framework is on how to acquire and represent MRI brain images that are utilised in tumor detection and classification. Magnetic Resonance Imaging makes it possible to visualize the soft tissues with high level of detail and the abnormal brain structure can be seen in detail. MRI images are handled in this work in the form of a structured dataset that is the input to the deep learning model. Every MRI scan will be in a matrix format whereby the intensity of pixels would be anatomical data within the brain structure. The dataset formulation takes the mathematical expression (1), and I(x,y) is the intensity level of MRI picture at point x and y. M and N are the dimensions of the image in respect to height and width respectively. 
				(1)
Equation (2) represents the entire dataset where D represents the set of MRI images, and n is the number of samples that can be analyzed.
				(2)
 In order to have a correct assessment of the model, the data is chosen into two parts training and testing (3). 
				(3)
 will refer to the training subset of the deep learning model and  will refer to the evaluation subset of the classification. 
B. Image Preprocessing and Normalization
	Noise, variations in intensity and redundant background structures are common in the MRI images and can influence the ability of deep neural networks to learn. Thus, preprocessing is used to clean up the image and normalize the dataset first before extracting features. Equation (4) represents the smoothing process where  is the filtered MRI image obtained by the application of the Gaussian smoothing. In this expression  is the initial picture strength and  is the Gaussian philtre kernel which can be utilised in the noise suppression process.
			(4)
 In Equation (5),  is the standard deviation that characterizes smoothing and is seen to represent the mathematical expression of the Gaussian kernel. Once noise is removed, intensity normalization is used to ensure the same levels of contrast in MRI images.
				(5)
 It presents this operation (6) in which Inorm is the normalized image intensity. M and S represent the average value of the image and the standard deviation of pixel values respectively in this expression.
					(6)
 Lastly, the MRI images are down-sampled to constant spatial dimension that is friendly to the neural network. The process of resizing can be modelled to (7) in which the variables Iresize and H and W show the resized MRI image and target height and width of the image respectively. 
			(7)
C. Data Augmentation
Deep learning forms of AI normally need vast and varied data to perform highly in generalization. Nevertheless, medical imaging data is not always available in large volumes because of it is constrained by the ability to take measurements and the privacy of patients. To curb this shortcoming, data augmentation methodologies are utilized to artificially increase the data in maintaining the significant characteristics of the tumor. To imitate the essence of rotating the scans of the brain, Image rotation (8). In this expression, Irot refers to the rotated MRI image and the refers to the angle through which the original image is rotated.
					(8)
Flipping horizontally is also introduced so as to bring mirror variations into the dataset and it is defined as in (9). In this expression, the abbreviated letter Iflip is used to denote the inverted image and the letter W is used to represent the width of the image to be employed in the horizontal transformation. 
				(9)
Operation scaling is also used to model changes in tumor and spatial resolution. This change is expressed in (10), Iscale refers to the scaled image and k is the scaling factor that determines the extent of scaling either to reduce or enlarge the image. Such augmentation methods enhance an increase in the diversity of datasets and contribute to the ability of the proposed model to learn the invariant features of tumor structures. 
					(10)

D. Multi-Scale Feature Extraction
	Tumors of the brain have high variability in the shape, size as well as the pattern of texture. A convolutional model based on single scale might not be able to spearhead fine-grained tumor textures and gross structural irregularities. Consequently, the proposed CMTD-Net adopts the feature extraction mechanism which use multi-scale to analyses MRI images of variable sizes of the receptive field. The convolution process that creates the feature map can be expressed in of (11) where Fi is the feature map produced by the scale at the i th scale and Ki is the convolution kernel of a given scale.
					(11)
The steps involved in the spatial convolution to calculate the values of features are mathematically calculated in (12), where m and n are the dimensions of the convolution kernel.
	(12)
Following non-linear activation, there is convolution followed by non-linear activation intended to bring elements of model expressiveness as shown in (13). 
					(13)
Ai in this expression refers to activated feature map after the use of the Rectified Linear Unit function. In order to cut the number of spatial dimensions and leave key structural data intact, max-pooling is used as shown in (14) where Pi is the map of features pooled through the pooling process.
				(14)
E. Cognitive Scale Selection Module
The Cognitive Scale Selection Module is the main innovation of the proposed framework. Other traditional methods of multi-scaling levels tend to carry cross-scales features at equal level thus making them redundant or irrelevant to the classification. This concept is the limitation that is overcome in the suggested module which supports the assignment of importance to various feature scales depending upon their significance to tumor pattern. To obtain the information content through each feature map, its entropy is computed as shown in (15). 
				(15)

Ei in this expression refers to the entropy of the feature map and pi means the distribution of feature intensities. Variance of texture in feature maps is determined by textural variance in form of (16); Ti is the variation of textural and Var is the operation of variance on the values of features.
					(16)
Calculation of the first scale importance scores is according to  (17), where Si is a composite of both entropy and variation of the texture scores. 
					(17)
SoftMax is used to normalize these scores of importance as shown in (18) with Wi being the normalized weight given to any scale.
					(18)
The last chosen feature representation is calculated with respect to (19), with Fselected representing the weighted feature representation of all scales.
				(19)

F. Feature Fusion and Representation Learning
The successful selection of scales after the scale selection phase means that the corresponding feature maps need to be combined into a single representation that describes tumor features in detail. The feature fusion is achieved by fusing the process of selected multi-scale feature maps into one map. This process is defined by (20) where Fusion represents the fused feature map which is a concatenation of several feature maps that represent different scales. Fused representation is then subjected to a fully-connected transformation to acquire higher-level tumor features.
			(20)
This change can be expressed as follows in (21), where H represents the representation of hidden features that are generated by the neural network. 
				(21)
The following formulation is used in this formulation: Wf is the weight matrix that is related to the fusion layer and b is the bias parameter to shift the activation response. An activation function is used to add non-linear learning capability as presented in (22).
					(22)
 Z in this is the activated feature representation following the application of the Rectified Linear Unit activation function. This concatenated form of representation gives a compact and discriminative characters of tumor.
G. Tumor Detection and Classification
The last step in the proposed framework is to conduct tumor recognition and classification, depending on the acquired feature representation. The functionality of the fusion stage results in an activated feature vector sent to a classification layer where the feature is used to estimate the likelihood of distribution across the tumor categories. The classification operation has been defined in (23), y will refer to the predicted vector of probabilities of the various tumor classes. In this equation, Wc is the weight matrix of classification and bc is the term of bias of the classifier. 
			(23)
The predicted tumor class of the predicted tumor is calculated by using (24), with y being the class predicted by taking the greatest probability value in the probability vector. To obtain a good training of the model, a loss function determines the difference between the truth and predicted labels. 
					(24)
The Equation (25) is used to describe this process; L is the cross-entropy loss that has to be optimized. In this formulation y stands to be the actual class label and y stands out to be the actual probability that the classifier gives.
					(25)
The suggested CMTD-Net architecture incorporates preprocessing, augmentation, multi-scale feature retrieval, adaptive scale classification, and deep classification features to deliver a solution to detect and categories MRI brain tumor effectively. Every step of the approach helps to enhance the features representation and increase the level of reliability of tumor detecting. Selected scale tool cognitive mechanism is important in highlighting the most informative scales of features and eliminating overlapping information. Using multi-scale learning and adjusting the weights of the features, the proposed model will have a clearer insight into the tumor features that occur in the pictures of the MRI. This system makes it possible to organize the performance of diagnostics and deal with the automatic analysis of medical images.
IV. EXPERIMENTAL SETUP
Description of the dataset: A publicly available dataset of brain MRIs retrieved in the Figshare repository was used to experimentally test the proposed Cognitive Multi-Scale Tumor Detection Network (CMTD-Net). The data set consists of T1-weighted contrast-enhanced MRI images that have been sorted into three broad tumor groups which would include glioma, meningioma, and pituitary tumors. The dataset is composed of a few thousand labelled MRI images of various patients, which restricts its scope, rendering it to have enough variety with respect to tumor shape, size, and location. This scaled all the images to the same spatial resolution before model training, and all the images were normalized to ensure consistency of intensity distribution across the dataset. A subset consisting of training, validation, and testing was formed to achieve the validity of the assessment. The pentage of images that were utilized during training was about 70 percent, validation was 15 percent and testing was 15 percent to establish the performance of the proposed model.
Experimental Environment: All the experiments were done in a deep learning environment written in the Python programming language. An example of the deep learning frameworks was the TensorFlow and Kera’s because it was flexible, capable of implementing more advanced neural network configurations as the proposed model. The experiments were run in a workstation computer with an Intel Core i7 Processor, RAM of 16GB and a NVIDIA graphics card to fast-track the computations in the deep learning. GPU acceleration achieved a vast improvement in training time of the model as well as allowed processing massive datasets of MRI images effectively.
Training Setting: The proposed CMTD-Net model was trained on the Adam optimizer because the algorithm has the capability of adaptive learning. Learning rate was then adjusted to 0.001 and they used a batch of 32 images per iteration. The network was trained up to 40 epochs so that ample learning of tumor-related features could take place. Techniques like rotation, flipping, and scaling were used to augment the data that was used in training in order to augment the diversity of the dataset and to minimize overfitting.
Evaluation Metrics: Multiple quantitative metrics, including, accuracy, precision, recall, sensitivity, Dice similarity coefficient, intersection-over-union, Matthew’s correlation coefficient, and false positive rate were used to evaluate the performance of the proposed model and make sure that it was comprehensive to assess the performance of the model in terms of tumor detection and classification.
V. RESULT AND DISCUSSION
The proposed Cognitive Multi-Scale Tumor Detection Network (CMTD-Net) was tested using a detailed set of experimental analysis using the benchmark MRI tumor brain datasets. The proposed approach was compared with a number of established deep learning architectures such as CNN, VGG16, ResNet50, and U-Net to prove the efficacy of the offered approach. Several quantitative performance measures were taken into account to obtain the reliable and unprejudiced analysis of the classification capability. Such measures are accuracy, precision, recall, F1-score, specificity, AUC, computation complexity, and training efficiency. Besides the general performance comparison, more experiments were done to examine the behavior of the models in various network depths, model size, and training epochs. 
The experimental analysis was performed with a publicly-available brain MRI tumor dataset of Figshare which includes T1-weighted contrast-enhanced MRI scans classified into glioma, meningioma and pituitary tumor groups. The dataset is popular and is significant in medical imaging studies and is deemed to be good as a benchmark against models related to deep learning in brain tumor classifications. The data set is a collection of several thousand labelled MRI images of several patients and is sufficiently varied in the appearance, size and location of tumors. Before training the model, the images have been processed and separated into training and testing samples in an attempt to eliminate bias during the process. By relying on a publicly available dataset, transparency, reproducibility and fairness of experimental comparison are ensured.

Fig.2 Accuracy Performance of Brain Tumor Detection Models with Varying Network Depths
Figure 2 evaluates the influence of the network depth on classification accuracy of all the looked at models. The classification accuracy of all the models also increases slowly as the number of layers increases (10 to 40) because of the increase in feature learning capacity. CNN model represents a slight increase in accuracy with increasing layers of CNN to be 88.2 and 93.4 at 10 and 40 layers respectively, showing that a further architecture can represent tumor patterns better. The VGG16 model is more effective with a higher rate of accuracy of up to 95.8% as the number of layers gets higher which was 90.1% at the start. The advantage of ResNet50 is its residual learning mechanism, which increases the accuracy by 91.3 per cent to 96.7 per cent. On the same note, the U-Net architecture indicates a gradual improvement in the performance of 90.8 percent to 96.2 percent accuracy with the introduction of more layers. Comparatively, the suggested CMTD-Net is always more accurate than at all depths with 93.5% and 98.5% at 10 and 40 layers respectively. This enhancement means that the designed multi-scale cognitive mechanism will be helpful in making use of deeper architectures without contenting with performance decay that is mostly experienced with traditional networks. 

Fig.3 Precision Performance of Brain Tumor Classification Models with Different Network Sizes
Figure 3 shows the network size, in terms of number of parameters, and its impact on the performance of different models in terms of the precision. With a higher number of model parameters, i.e. increasing the model size, all networks are characterized by a better precision because of better the ability to represent. CNN average precision of 89.1 indicates how the baseline CNN model is able to perform at 5 million parameters and keep on improving to a point where the parameter count reaches 20 million. VGG16 model has higher levels of accuracy and rises between 90.5%-95.1% over the same range of the parameter. ResNet50 also has more intense residual connections and with values of up to 96.0-91.7 it has precision. Even the U-Net architecture has similar trends with an increment of 91.0% to 95.6%. The suggested CMTD-Net, on the contrary, is more precise in every parameter setting. It respectively begins with an accuracy of 93.8 percent at 5 million parameters and 97.9 percent at 20 million parameters. These findings show that the suggested architecture is efficient in terms of using network capacity and provides more valid tumor classification prediction results than current models. 

Fig.4 Recall Performance of Brain Tumor Detection Models Under Different Training Epochs
Figure 4 analyses how duration of training, in terms of number of epochs impacts on recall performance. In medical diagnosis, recall should be of great concern as it is used to determine how the system can accurately detect the cases of tumors. After 10 epochs, CNN model recalls 86.7 percent, which gets steadily higher, 91.8 percent, when the network finishes its learning of tumor features, i.e., when the number of epochs increases up to 40. VGG16 has high learning efficiency as recall values improve between 88.5 and 94.7% during equal periods of training. ResNet50 is better still because it has deep residual structure which has resulted in an increase in its recall rate by 89.6 per cent to 95.5 per cent. The behavior of the U-Net model is also similar as it has become able to reach a higher recall of 95.1, in comparison with 89.2. The improvement in recall of the proposed CMTD-Net is the largest with 92.3 at the epoch 10 and 97.4 at the epoch 40. The higher average recall is always suggestive of that the proposed cancer multi-scale mechanism of feature selection can help the network more efficiently perceive the patterns of tumors and minimized the chances of missing tumor cases. 

Table 1. Computational Efficiency and Resource Utilization of Deep Learning Models for MRI Brain Tumor Detection
	Metric
	CNN
	VGG16
	ResNet50
	U-Net
	Proposed CMTD-Net

	Parameters (Millions)
	8.5
	14.7
	23.5
	18.2
	16.9

	Training Time (min)
	42
	65
	71
	68
	59

	Inference Time (ms)
	18
	24
	27
	25
	21

	Memory Usage (MB)
	512
	850
	920
	880
	760



Table 1 compares the computational complexity and efficiency of the models that were evaluated with one another. The CNN model with 8.5 million parameters serves as its baseline and takes around 42 minutes to train and around 18 milliseconds to infer an image. Although CNN is computationally efficient, its classification accuracy is worse as compared to deeper architectures. The VGG16 model is comprised of 14.7 million parameters and it takes 65 minutes to be trained and has an inference rate of 24 milliseconds. The most expensive model of the ones compared is ResNet50, which has 23.5 million parameters and a training time of 71 minutes, with an inference time of 27-milliseconds. The U-Net is also relatively costly in computation with 18.2 million parameters and 68 minutes training time. Conversely, the suggested CMTD-Net does not have an imbalanced computational profile. It has 16.9 million parameters and fees 59 minutes to train and 21 milliseconds to run inference. Although it has a moderate computational complexity, it has a far better classification performance. This goes to show that the suggested architecture has a positive trade-off between the computational efficiency and accuracy. 

Fig.5 Sensitivity Performance of Brain Tumor Detection Models Under Varying Network Sizes
Figure 5 shows sensitivity performance of the various deep learning models that have varying network sizes in terms of millions of parameters. Another important measure in medical diagnosis is sensitivity since it represents the likelihood of a model to properly detect cases of tumor. The values of sensitivity are slowly becoming higher as the size of the network enters the range of 5M to 20M parameters, with all models, as a result of the increased representation capacity of deeper networks. The CNN model exhibits the growth of 87.5% sensitivity at 5M parameters up to 91.8% sensitivity at 20M parameter. Likewise VGG16 has four more layers in the convolutional model which raises the model to 94.7% as opposed to 89.2%. ResNet50 has better results as its sensitivity grows 90.4% to 95.5% and shows better results on residual learning. U-Net architecture results also progress steadily with the results of 90.1 then improving to 95.1. Nevertheless, the sensitivity of the proposed CMTD-Net in all the configurations is the greatest at 20M parameters with 97.4 indicating its better capability in identifying brain tumors and in the right way.

Fig.6 False Positive Rate Analysis of Brain Tumor Classification Models Under Different Network Sizes
Figure 7 shows how False Positive Rate (FPR) varies with the increase in the network size to disclose the variation in the models. FPR is a significant measure of evaluation in medical image classification since it relates to the frequency of a model resulting in a false prediction of the existence of a tumor in standard MRI signals. Reduced FPR scores are reliable diagnostic performance. With as much as a 5M to 20M size of the network, the value of FPR decreases gradually as the network size increases since the large network size has enhanced the ability to represent features. There is a decrease in CNN model observed with the expansion of the network size, and this is from 9.4 to 7.1%. The VGG16 model performs even better when the FPR reduces to 4.8. ResNet50 also enhances the reliability of classification with a FPR of 3.9 lower than 7.1 it has more residual connections. The U-Net structure also exhibits better results as FPR reduces to 4.3%. The suggested CMTD-Net attains the lowest levels FPR of 2.2 at 20M parameters, which demonstrates a high level of robustness in preventing false alerts of tumors.

Table 2. Quantitative Performance Analysis of Deep Learning Models for MRI Brain Tumor Detection
	Method
	Sensitivity (%)
	MCC
	Dice Score
	IoU
	FPR (%)

	CNN
	91.8
	0.88
	0.89
	0.81
	7.1

	VGG16
	94.7
	0.92
	0.92
	0.85
	4.8

	ResNet50
	95.5
	0.94
	0.94
	0.88
	3.9

	U-Net
	95.1
	0.93
	0.95
	0.90
	4.3

	Proposed CMTD-Net
	97.4
	0.97
	0.97
	0.93
	2.2



The integrated performance assessment table 2 shows a source chart of the suggested CMTD-Net against four current deep learning models in terms of various medical imaging assessment metrics. The first CNN baseline model with a false positive rate of 7.1 has a sensitivity of 91.8, MCC of 0.88, Dice score of 0.89 and IoU of 0.81 which is a good tumor detector. VGG16 yields a higher performance with the sensitivity of 94.7, MCC of 0.92, Dice of 0.92 and IoU of 0.85 and lowering the false positive to 4.8%. ResNet50 also outperforms detection since its values are: sensitivity- 95.5, MCC- 0.94, Dice score- 0.94 and IoU- 0.88 and FPR decreases to 3.9. U-Net has a good performance in spatial tumor identification with a Dice score of 0.95 and IOU of 0.90. The proposed CMTD-Net however yields the highest performance with sensitivity of 97.4, MCC of 0.97, Dice score of 0.97 and IoU of 0.93 and lowest false positive rate of 2.2 that will give a better tumor detection accuracy and reliability.
The experimental outcomes prove that the proposed CMTD-Net is much more successful in terms of accuracy and reliability in detecting and classifying brain tumors than the traditional deep learning structures. Multi-scale feature extraction and cognitive scale selection mechanism enables the model to represent characteristics of tumor better than standard CNN-based methods. Besides excellent classification abilities, the suggested model has equal computational complexity, thereby, being usable in realistic medical imaging practice. The trend toward the gains in varying measures of evaluation and experimental conditions prove the validity and efficiency of the offered framework in automated MRI brain tumor analysis.
Ablation Study: The effectiveness of the proposed components to the CMTD-Net architecture was validated through ablation study which was carried out by systematically eliminating or adjusting important modules. The main aim of this research is to have a quantification of the role of Cognitive Scale Selection Module (CSSM) and multi-scale feature extraction strategy to the overall model performance.
Four configurations of the model were evaluated:
· CNN Model with Baseline: This model has no multi-scale feature block or CSSM and is a typical convolutional neural network.
· Multi-Scale Feature Extraction Only (MSFE): Uses multi-scale convolutional features extraction without adaptive scale selection.
· Options: (MSFE) + Entropy-Based Weighting: This method uses entropy weighting of feature scale importance and does not analyze texture variations.
· Full Proposed Model (CMTD-Net with CSSM): Combines multi-scale feature extraction with the entire Cognitive Scale Selection Module with or without entropy and texture-based weighting.
· To establish fairness, all configurations were trained, and evaluated based on the same experimental settings (the same dataset), training parameters, and evaluation metrics.

Table 3. Performance Comparison of Model Variants in Ablation Study
	Model Configuration
	Sensitivity (%)
	Dice Score
	MCC
	IoU
	FPR (%)

	Baseline CNN
	91.8
	0.89
	0.88
	0.81
	7.1

	MSFE Only
	94.2
	0.92
	0.91
	0.85
	5.6

	MSFE + Entropy
	95.8
	0.94
	0.93
	0.88
	4.1

	Proposed CMTD-Net (CSSM)
	97.4
	0.97
	0.97
	0.93
	2.2


The results on table 3, clearly demonstrate that each component of the proposed architecture contributes positively to performance improvement. The CNN model without any modifications has the worst performance as it has a weak capability of capturing tumor variations between different spatial scales. The incorporation of multi-scale feature extraction is much more effective, which validates the hypothesis that tumor properties on multiple scales is vital to proper classification. Nonetheless, less informative or redundant features can impact the model without adaptive weighting. Performance can be further improved with the addition of entropy-based weighting which emphasized feature maps with more information content. However, entropy is not entirely able to explain structural variations in tumor areas. Entropy variation is shown to be the most effective because the combination of entropy variation and texture variation, the full CSSM, shows the best performance in all evaluation metrics. It means that with the joint consideration of the statistical and structural information, it is possible to select features more effectively and minimize false positives. The ablation study, in general, argues in favor of the significance of Cognitive Scale Selection Module and proves that adaptive multi-scale feature weighting is a key to strong and effective brain tumor detection.
VI. CONCLUSION
The current paper introduced a new architecture of the deep learning method, called the Cognitive Multi-Scale Tumor Detection Network (CMTD-Net) to detect and classify brain tumors with high accuracy through MRI images. The method suggested has merged preprocessing, data augmentation, multi-scale features extraction, cognitive scale selection, and feature fusion to adequately represent complex tumors notions that are observed in the MRI scans. In contrast to traditional deep learning plans that utilize pre-defined scale of feature extractions, the suggested scheme uses dynamically selected feature scale that is most informative, allowing the model to provide better representation of tumor layouts of different size and textures. A publicly available dataset on MRI brain tumors was used to test the experimental evaluation and the findings were compared to a number of existing models such as CNN, VGG16, ResNet50, and U-Net. The performance assessment revealed that the proposed CMTD-Net obtains the best results in a variety of evaluation scales, such as sensitivity, MCC, Dice score, IoU, and false positive rate. The model in specific succeeded in obtaining a sensitivity of 97.4 and a Dice of 0.97, which implies that it is very reliable in detecting tumors. Nevertheless, the existing structure cannot go beyond the use of labelled datasets in a supervised training. Future directions will be in the integration of self-supervised or transformer-based learning mechanisms to advance even more on feature representations and better performance over larger and more varied medical imaging datasets.
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