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Require: Source model Mg, source dataset Ds, target
dataset DT=((x1,yi))§’L1, learning rate «, epochs
E, freezing strategy ¢

Ensure: Fine-tuned model Mr

1: function TransrerLearn(Ms, Dr, «, E, ¢)

2 Mr < Ms

3 for each layer 1 in Mr do

4 if 1e¢ then

5: Freeze 1

6 else

7 Make 1 trainable

8 end if

9: end for

10: Replace output layer of My to match classes in
Dr

1:  Split Dr into D§r@in, pyal  ptest

12: for e=1 to £ do

13: for each batch B=((><j,yj))§?:1 € Dy do

14: Vi < Mr(x;) for all x;e8B

15: L3095, y5)

16: Update 6 <« 0 —aVyL for all trainable ¢

17: end for

18: Evaluate My on Dyl

19: if early stopping criteria met then

20: break

21: end if

22: end for

23: if progressive unfreezing enabled then

24: for s=1 to S do

25 Unfreeze new layers per strategy ¢

26: Fine-tune with reduced as for Es epochs

27: end for

28: end if

29:  Evaluate My on Diest

30: return My

31: end function
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(AD), D3 ={(:3, ¥, (VD)

Require: oy, By, Ex Vke{1,2,3}

1: function Preprocess(D)

2: x; < B x5 < resize(x;, h, w)

3 DM < DU((T(xs), y1)}

4 ptrain pval ptest  gpljt(pavg)

5 return ptrain pval ptest

6: end function

7: function Buro(C)

8 V < VGG16(pretrained), F « extract(V)

9 freeze(F)

0 M« F — Conv2D(256) — BN — MaxPool — Drop(0.3)

1 M < M — GAP — Dense(512) — Drop(0.5) —
Dense(C)

12: return M

13: end function

14: function Tramn(M, Dtrain ptest o g )

15: compile(M, Adam(«), CCE)

16: fit(M, Dtrein E, B)

17: eval(M, ptest)

18: return M

19: end function

20: function FneTune(M, D%, C, «, B, E)

21: replace_head(M, C)

22: unfreeze(M.tail)

23: compile(M, Adam(«), CCE)

24:  fit(M, D", E, B)

25: return M

26: end function

27: function ExeLan(M, X)

28: E < DeepExplainer (M, Xpq)

29: for x; € X do

30: Vi < argmaxM(x;)
31: Si < E(x3)

32: plot(S;i, xi)

33: end for

34: end function

35: function EvaL(M, D)

36: Compute: Acc, F1, Prec, Rec, conf_mat(M, D)

37: end function

38: D <« Preprocess(Dq), D3 <« Preprocess(Dy), Dy «
Preprocess (Dg )

39: M« Buio(|Cq])

40: M« Tram(M, D§rain, plest o, By, Eq)

41: M« FineTune(M, D§™@I7, |Col, oz, B2, E2)

42: M« FineTune(M, DT80 |C5), ag, Bg, E3)

43: ExpLamn(M, DEESt)
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taset Class Precisiol Recall

Brain tumor MRI Glioma_tumor 0.96 0.96 0.96
Meningioma_tumor 0.91 091 091
No_tumor 0.92 0.87 0.90
Pituitary_tumor 0.97 0.99 0.98
Accuracy 94%

Augmented Alzheimer MRI MildDemented 0.81 0.64 0.72
ModerateDemented 1.00 054 0.70
NonDemented 0.84 0.89 0.87
VeryMildDemented 0.76 0.77 076
Accuracy 81%

Third dataset Glioma 0.96 0.89 0.92
Meningioma 0.92 0.83 0.87
Notumor 0.96 0.98 0.97
Pituitary 0.88 0.99 0.93
Accuracy 93%
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Delta PSD in the delta frequency band (0.5-4 Hz)
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Gamma PSD in the gamma frequency band (above 30 Hz)

Spectral entropy  Measure of the complesity or irregularity of the EEG signal
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Parameter Details

LSTM Layer 1024
LSTM Layer 512, (BatchNormalization ())
LSTM Layer 256

Dense Lyer 3

Dense Lyer 1

Activation Function (Output Layer)  sigmoid

Optimizer RMSprop
Learning Rate 0.001
Callback EarlyStopping
Patience for No Improvement 5 epochs,
(arlyStopping)

Epoch Training Stopped At 67 epochs
Maximum Epochs 150 epochs

Batch Size 1,024
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Studies Dataset
Fergus etal. (6), Raghu etal. (7), Zhao etal. | CHB-MIT

(11), Sun and Chen (14), and Shah etal. (15)

Rani etal. (8), Brari and Belghith (17), Shah  Bonn University
etal. (18), and Zeng etal. (21)

Raghu etal. (7), Liu etal. (10), and Sunand | Temple University

Chen (14) Hospital (TUH)

Liuetal. (10) EPILEPSIAE

Kunekar et al. (15) UCI-Epileptic Seizure
Recognition

Gabeff etal. (12) REPO2MSE

zures, recorded at the Children's

Scalp EEG data from 23 pediatric subjects with intractable s

Hospital Boston. Contains 686 h of EEG recordings.

Consists of 5 subsets (Z, O, N, E,S) each containing 100 single-channel EEG segments of 23.6-5
duration. Sets Zand O are from healthy subjects, N and F from seizure-frec intervals, and §

contains seizure activity.

Large-scale dataset of clinical EEG recordings from Temple University Hospital. Contains over
30,000 EEG records from more than 16,000 patients

European database of long-term EEG data from epilepsy patients. Contains both scalp and
intracranial EEG recordings.

Dataset from UCI Machine Learning Repository, containing 11,500 EEG recordings, each 15
long, classified into 5 categories.

Cohort of scalp-EEG recordings from 568 epilepsy patients. Specific details not provided in the

summary.
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Temple Universi
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Mert and Akan (3) Various EEG recordings

Raghuctal.(7) Ramaiah Medical College,
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EMG Data

Zhao etal. (11) CHB-MIT dataset

Rani etal. (5) Bonn University dataset
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Brari and Belghith(17)  Bonn EEG database

Chou etal. (13)

leo-EEG data

Shah et al. (18) CHB-MIT, BONN datasets

Polatand Nour (24)  Not specified

Kantipudietal. (19)  Not specified

Almustafa (9) Not specified

Kunekar etal. (1 UCK-Epileptic Seizure

Recognition dataset
Hamlin etal. (26) Data from 15 patients
Zengetal. (1) Bonn dataset

George etal. (29) KITS, TUH databases

Preprocessing

exploit the frequency (STFT), analysis
data

Simple, flter, features extraction
Digitalize, filter, Normalize frequency

Feature extraction (SDI)

Record, sample and filter the data

Pearson correlation matrix

Peak Signal Features (PSF)

Feature extraction

mple, segment and split the data

EEG signal reconstruction

Not specified
DWT
Z-score, Minimum-Maximum, MAD

normalizations

FLHE

Not specified

Not specified

LDA
PCA

TQWT, entropies

Models/Algorithms

Hybrid bilinear deep learning
network (CNNs + RNNs)

K-NN, SVM, NN, DT
Novel EEG analysis methods

sVM
Analysis of EEG sharp transients

Linear Graph Convolution
Network (LGCN)

SVM, DT, KNN
KNN, FRNN
CNN

Chaos and fractal theories
Four CNN architectures

RNN, ANN, SYM

SVM (Linear, Cubic, Medium

Gaussian)

GBSO, TAENN

Random Forest, K-NN, Naive
Bayes, Logistic Regression, DT,
Random Tree, 48, SGD

LSTM, Logistic Regression, SVM,
KNN, ANN

Not specified
CNN, shallow classifiers

PSO, ANN

Results

Fl-score: 97.4%

Sensitivity 88%, AUC: 93%
Accuracy: 97.89%

Sensitivity: 97.53%

92% Accuracy

Accuracy: 99.30%, Sensitivity:
99.43%

Accuracy up to 99.60% with SVM
Accuracy: up t0 99.81%
Fl-score: 0.873, 90% seizure

detection
Accuracy: 100%
97.7% accuracy for ictal stage

CHB-MIT: 93.27%, BONN:
99.84%

76.70-82.50%

99.6%, F-measure: 99%, G-mean:
98.9%

97% accuracy,

97% Accuracy

Mean ROC: %96.8
~100% Accuracy

KITS: 100%, TUH: 88.8-97.4%
Accuracy
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Class Number of patients

Normal 55

Seizure 47
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Study

Magsood etal. (13)

Jiang etal. (14)

Zhangetal. (16)

Razzaghi et al. (17)

tal. (18)

Peng and Sun (19)

Fang and Wang (20)

Hossain etal. (21)

Livetal. (22)

Prasad etal. (23)

Kargar Nigjeh et al. (24)

Sharma etal. (25)

Bibi etal. (26)

Albalawi etal. (27)

Objective

“To present an automated technique for precise brain tumor

identification and classification by using deep learning and MRI
To develop SwinBTS, a 3D medical image segmentation approach
combining transformers and CNN for brain tumor classification,

Present a brain tumor segmentation approach that integrates deep

semantics and edge information in multimodal MRI

Introducing mmFormer: A Transformer-based approach to strong
‘multimodal brain tumor segmentation with incomplete modalites.
A multimodal decp transfer learning system that can be used with
MRI brain image processing should have domain flexibiliy.
Analyze the progresses in brain tumor segmentation, feature
extraction, and classification using MRI along with deep learning.
“To propose AD-Net, an autonomous weighted dilated convolutional
network for multimodal brain tumor feature extraction.

To propose MFE-DNet, a dual-path network for multi-modal
feature fusion in brain tumor segmentation.

To propose a strategy for brain tumor segmentation using 3D
U-Net and ResNet50 with image fusion.

To present SF-Net, a multi-task model for brain tumor

segmentation leveraging segmentation-fusion.

“To enhance medical imaging capabilties using a CNN-based
approach for detecting and classifying brain tumors.

“To optimize brain tumor classification using deep learning models

and advanced image enhancement techniques.

“To improve efficiency in brain tumor categorization through a
hybrid model approach.

“To address computational inefficiencies and improve classification
accuracy through a transfer learning approach.

“To develop an advanced CNN architecture for more accurate and

effcient brain tumor diagnosis.

Remark

‘The method achieved high accuracy (97.47 and 98.92%) and
outperformed prior methods.
SwinBTS beat state-of-the-art algorithms on BraT$ 2019, 2020, and 2021

datasets.

‘The method outperformed state-of-the-art methods on BraT$
benchmarks.

mmFormer outperformed state-of-the-art approaches, particularly
‘missing modalities.

“The strategy outperformed equivalent algorithms on IBSR and Figshare

datasets.

ighlights the move from traditional approaches to decp learning and
hybrid methodologies.

Achieved high Dice scores (0.90, 0.80, 0.76) on BraTS20 dataset.

Achieved high precision (0.92 and 0.90) for whole tumor and core tumor

segmentation,

red high accuracy (98.96% for ResNet50, 97.99% for 3D U-Net).

Achieved higher segmentation accuracy than VAE-based approaches on
BraT$ 2020.

‘The proposed model achieves superior accuracy; recall, Fl-score, and
precision compared to traditional methods, contributing to more

effective brain tumor analysis.

“The study demonstrates high classification accuracy (95%) and provides

sights into the strengths and limitations of various decp learning

architectures for medical imaging.
‘The model achieves 97% classification accuracy by integrating multiple
learning techniques, enhancing robustness in tumor classification.

‘The InceptionV4 model achieves 98.7% accuracy, significantly
improving diagnostic precision and reducing computation time.

‘The CNN model achieves an exceptional 9% accuracy, marking a major

advancement in automated MRI analysis and early tumor detection.
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Study Techniques Accuracy

Panetal. (28) 96%
networks (CNNs)
Filatov and Yar (29) EfficientNetB1 89.55%
Macetal. (30) CNN 80%
Shilaskar et al. (31) Extreme gradient 9202%
boosting (XG Boost)
Binish etal. (32) CBAM 96.70%
Upadhyay etal. (33) CNN 91%
Ullah etal. (34) SVYM 95.73%
Pandiyaraju et al. (35) LinkNet architecture 95.84%
Zhu (36) FT-CNN 96%
Asiri et al. (37) (ML Model) SVM 95.3%
Stadlbaver et al. (35) (ML Model) | Random forest 0.87%
Proposed model VGG19-BiLSTM- 97%

LightGBM framework
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Input:
e A setof MRI images
Output:
o Classifications of brain tumors

1. Preprocess the MRI_images:
1.1. Resize images to 224x224 pixels
1.2. Normalize pixel values to [0, 1]
1.3. Apply data augmentation (e.g., random rotations, flipping)

2. Extract features using pre-trained VGG19:
2.1. Load VGG19 model, discard final layers
2.2. Pass each image through VGG19 to get feature maps

3. Sequential modelling with Bidirectional LSTM:
3.1. Reshape feature maps to sequences
3.2. Feed sequences into a Bidirectional LSTM to obtain feature vectors

4. Classify with LightGBM:
4.1. Flatten LSTM output to prepare feature vectors
4.2. Normalize feature vectors
4.3. Train LightGBM classifier on feature vectors
4.4, Predict tumor type using the trained LightGBM model
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EEG Classification Results
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