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1 Report Overview

This report provides detailed information on the code developed for the research project.
It is intended to enable others to understand, replicate, and build upon the code as
needed.

2 System Requirements

OS version,Hardware specs (CPU, GPU, RAM)

MSI
Katana GF66 12UCOK

@ Device specifications

Device name MSI

Processor 12th Gen Intel(R) Core(TM) i7-12650H 2.70 GHz
Installed RAM 16.0 GB (15.7 GB usable)

Device ID C2BAF105-D9F5-4C85-893E-01466C209ECF
Product ID 00342-42620-14689-AAOEM

System type 64-bit operating system, x64-based processor

Pen and touch No pen or touch input is available for this display

Related links  Domain or workgroup ~ System protection ~ Advanced system settings

mm Windows specifications

Edition Windows 11 Home Single Language

Version 23H2

Installed on 15-10-2023

QS build 22631.5624

Experience Windows Feature Experience Pack 1000.22700.1106.0

Microsoft Services Agreement
Microsoft Software License Terms

Figure 1: System Configurations used in the Experiment

Python version and environment info

The original Python version available on the desktop is Python 3.12.4, which was used
for data preprocessing and initial modeling. However, due to compatibility issues with
TensorFlow, a virtual environment named tfenv was created using Anaconda, in which
Python 3.9.23 was installed for model implementation.



(base) C:\Users\anifz>conda info ——envs

# conda environments:

#

base * C:\Users\anifz\anaconda3

dagster C:\Users\anifz\anaconda3\envs\dagster
tfenv C:\Users\anifz\anaconda3\envs\tfenv

(base) C:\Users\anifz>python --version
Python 3.12.4
(base) C:\Users\anifz>conda activate tfenv

(tfenv) C:\Users\anifz>python —-version
Python 3.9.23

(tfenv) C:\Users\anifz>|

Figure 2: python versions

This setup ensured that the deep learning framework and related libraries functioned
properly. You can download Python from the official website: Download Python

3 Software Dependencies

These are the packages that were used for the project.Some were pre-installed and some
were added based on the requirements of the project. If you're python version is the
latest one, tensorflow might not be compatible, so need to downgrade.

import os

import mne

import scipy
import matplotlib
import numpy

print(05:", os.name)

print(“MNE version:", mne._ wersion_ )

print(“SciPy version:", scipy._ version_ )
print(“Matplotlib version:™, matplotlib._wversion_ )
print("NumPy version:", numpy._ version_ )

05: nt

MME version: 1.9.8

SciPy version: 1.12.8
Matplotlib version: 3.8.4
NumPy version: 1.26.4

Figure 3: Packages available originally available in desktop

Software Installation

Install the required Python packages using:

pip install tensorflow scikit-learn matplotlib numpy mne scipy
For more details, visit the package pages:

e TensorFlow


https://www.python.org/downloads/
https://pypi.org/project/tensorflow/

import os

import tensorflow as tf
import sklearn

import matplotlib
import numpy

print("05:", os.name)

print("TensorFlow version:", tf._ version_ )
print("Scikit-learn version:", sklearn._ version_ )
print("Matplotlib version:", matplotlib. wersion_ )
print("NumPy version:", numpy._ version_ )

05: nt

TensorFlow version: 2.13.0
scikit-learn version: 1.6.1
Matplotlib version: 3.9.4
NumPy version: 1.24.3

Figure 4: packages installed in virtual environment for the project

scikit-learn

matplotlib

NumPy
e MNE

SciPy

4 Dataset Preparation

The experiments utilize the CHB-MIT Scalp EEG Database, a collection of EEG record-
ings from pediatric subjects with intractable seizures. This dataset contains 22 subjects
monitored for up to several days following withdrawal of anti-seizure medication to char-
acterize seizures and assess their candidacy for surgical intervention.

The dataset can be downloaded from the official source here: CHB-MIT Scalp EEG
Database.

After downloading, organize the EEG recordings and annotations according to the
directory structure expected by the code, typically as follows:

/data/CHB_MIT/edf/
/data/CHB_MIT/annotations/

Any required preprocessing steps, such as filtering, segmentation, or normalization,
are applied during the data loading phase in the code.

5 Preprocessing and project structure

The Splittingeventandchannelcheck folder contains code related to splitting the data-
set into pre-seizure and post-seizure segments, as well as checking channel information.
Non seizure files do not need any splitting and can be directly pre-preprocessed


https://pypi.org/project/scikit-learn/
https://pypi.org/project/matplotlib/
https://pypi.org/project/numpy/
https://pypi.org/project/mne/
https://pypi.org/project/scipy/
https://physionet.org/content/chbmit/1.0.0/
https://physionet.org/content/chbmit/1.0.0/

e SeizureSplit.ipynb: A Jupyter Notebook that handles the splitting of the raw
EEG dataset into separate files for the pre-seizure and post-seizure phases. This
notebook performs the segmentation based on seizure event annotations to facilitate
phase-specific analysis.

This notebook forms a crucial preprocessing step by organizing the dataset for down-
stream analysis and model training.

The project is organized into three main folders, each corresponding to a different
seizure phase in the dataset:

e Nonseizure-code-and-dataset: Contains three Jupyter Notebook files:

— channelCheck.ipynb — notebook to check the number of channels in the
EDF files.

— preprocess.ipynb — notebook to preprocess the dataset for the non-seizure
phase.

— visualize.ipynb — notebook to visualize the preprocessed data.
e Post-seizureCodeandDataset: Contains three notebooks:

— channelCheck.ipynb
— preprocess.ipynb

— visualize.ipynb
e Pre-seizureCodeandDataset: Contains two notebooks:

— channelCheck.ipynb

— preprocess.ipynb

Note that the visualization notebook is not included in the pre-seizure folder.



import os + B &5 TN
import mne
from scipy_signal import spectrogran

directary - r'C:\Usarsianifz\ressarchprajectfinal\seizure) newsei zuredatazethandpickad\konsedzuredataset -over23channals '

channels_to_kecp = |
'FP1-F?', 'F¥-T?', "T?-FZ', "PT-01°, 'FPL-F3', 'F2-C3°, 'C3-P3°, 'P3-00',
'FPI-F4', 'Fa-C4 ‘c4-P4', 'P4-02°, 'FPZ-FE', 'FE-TB", 'TE-PB', 'PE-0Z',
'Fz-c2*, 'CZ-PZ', 'P?-T7', 'T7-FT8', 'FT9-FT1A', °'FT1B-TE', 'TE-FB"

channel_list « []
for filename i os.listdir{directory):
filepath = as.path.join{directary, filename)

raw = mne.ia.read_raw_cdf{filepath, preload=True)
print{len(raw.ch_names})

swisting_channels - [ch for ch in channels to_keep iF ch in raw.ch_names]
raw.pick_channels{existing_channels)

# Loading the £0F file

arint{len(raw.ch_names))

if len{raw.ch_names) » 23:
print(filznanz)

Extracting EDF paramstors fram C:\Users\anifz\researchprajectfinallseizure\ncuseizuredatazothandoicked\Nonsoizuredatasat- cverd3channels|chbal_ez.adf. ..
EDF file detected

setting channel info structwre. ..

Creating raw.info strecture. ..

Reading B ... 521559 - 8.000 ... 3559.996 secs...

23

MOTE: pick_chanmels() iz a legscy functicn. Wew code should use inst.pick{...).

Coyusershanifz\AppDatatLocall Temp' ipykerncl _158E81\582783835 py:18: RuntimcMarning: Channel names are not wnigue, found duplicates for: {"TE-FE'}. Applying
running nunbers for duplicates.
raw = mnc.io.read_raw_edf(filepath, preloadTrue)

z1

Extracting EDF paramctors from Co'\Users\anifz\rescarchprojectfinallseizurc’\nowseizuredatasethandpicked\Monseizuredataset-overd3channcls)chbaz_12. odf. ..

EDF file detected

setting channel info structure. ..

Creating raw.info structure. ..

Reading B ... 921589 = B_BOB . . 3599.996 socs.. . /
£

for filename in cs.listdir{directory):
filepath - as.path.jcin(directary, filsname)
print{filepath)

Wsersianifziresearchprojectfinal\seizurenewseizuredatasethandpicked\Bonsedzuredat aset - aver2achannol s\ chb@l_82 . cdf
Wsersianifziresearchprojectfinal\seizure\newseizuredatasethandpicked\Bonsedzuredat aset - aver2achannol s\ chbBZ_18 . cdf
Wsershanifziresearchproject finalised zurn\ncus.r.-uurnd:n:a:m:handpx:kcﬂ\mn:nuurcdna:m -averzichannclschbes 33 _edf
\Users\anifz\researchprojectfinal\seizure newsedzured datasct-averzichanncls'chbbs B6.cdf
\Users\anifz\researchprojectfinal\seizure newscdzured handpick izuredatasct-averzichanncls'chbls_85 . cdf
\Users\anifz)roscarchproject final\seizure  newscizu handpich izurcdatasct-averzichanncls)chbls_82. cdf
\Uzars\anifzresearchproject final\sodzure | newseizu handpick i datazet-aver2ichannels|chbeT_11.edf
\Uzars\anifzresearchprojectfinal\soizure | newsedzu handpick i datazet-aver2ichannels|chbes o3 edf
Wsershanifzirescarchprojectfinal\seizurcinewseizuredatascthandpicked\Nonseizuredataset -averzachannel s\ chbea_a7 . cdf
Wsershanifz\researchprojoctfinal\seizure\ newseizurcdatascthandpicked\Bonseizuredatasct - averzichanncl s chble_13. cdf
shsershanifziresearchprojoctfinalised zur‘l’.‘\ncusl:uurl:d:n:asL‘thandpl:lﬂcﬂ‘\mns:uurcd.ﬂ:nsr_‘t -averzichanncls'chbll_e1.edf
s\Usershanifz\rescarchprojectfinal\seizurc\newscizured d datasct-averzichanncls'chblz 1%.cdf

NN AN AN

Figure 5: Channel Check and File used



import os + B
import mne

from mne.preprocessing import ICA

from scipy.signal import spectrogram

import matplotlib.pyplot as plt

import numpy as np

import os

directory = r"C:‘\WUsers\anifz\researchprojectfinal\seizure\newseizuredatasethandpicked\Post-Seizuredataset\chbiz_es.edf"
raw = mne.ic.read_raw_edf(directory, preload-=True)

channels_to_keep = [
'FP1-F7', 'F7-T7', 'T7-P7', 'P7-01', 'FP1-F2', 'F3-C3', 'CZ-P3', 'P2-O1',
'FP2-F4', 'F4-C4', 'C4-P4', 'P4-02°, 'FP2-F8', 'F8-T8", 'TE-PE', 'PE-02',
'FZ-CZ', 'CZ-FZ', 'P7-T7', 'T7-FT3', 'FT9-FT18', 'FT12-T8', 'TS-F8'

existing channels = [ch for ch in channels_to_keep if ¢h in raw.ch_names]
raw.pick_channels(existing_channels}

low_cut = 8.1

hi_cut = 5@

raw_filt = raw.copy().filter(low_cut, hi_cut)

Extracting EDF parameters from C:\Users\anifz\researchprojectfinal\seizure\newseizuredatasethandpicked\Post-Seizuredataset\chblz_eg.edf...
EDF file detected

cetting channel info structure...

creating raw.info structure...

Reading @ ... 556543 = @.eee ... 2173.995 secs...

NOTE: pick_channels() is a legacy function. Mew code should use inst.pick{...)}.

Filtering raw data in 1 contigucus segment

setting up band-pass filter from 8.1 - 58 Hz

FIR filter parameters

Designing a one-pass, zero-phase, non-causal bandpass filter:

- Windowed time-domain design (firwin} method

- Hamming window with ©.8194 passband ripple and 53 dB stopband attenuation
- Lower passhand edge: ©.18

- Lower transition bandwidth: @.1@ Hz (-6 dB cutoff frequency: 2.85 Hz)

- Upper passband edge: 58.88 Hz

- Upper transition bandwidth: 12.58 Hz (-6 dB cutoff frequency: 56.25 Hz)

- Filter length: 8449 samples (33.884 s}

Figure 6: Preprocess Image 1



ica = ICA{n_components-18, method='fastica®, random_state=42)
ica.fit{raw_filt)

ram_clean = ica.apply(raw_filt.caopy(})

events = wne.make_fixed length_cvents{raw_clean, duration-5.8)
epachs = mne.epachs{raw_clean, cvents, tmin=g.p, tmax=5.8, basclinc=Mome, prelcad=True)

# Smpling frequency [Hz)
fs = 156

# Get epoched dota: shope (n_epochs, n_chamnels, n_times)
data = cpochs.get_data()

coabined_spectragrams -

for apach_idx in range{data.shapa[@]):
power_accun = Nane
for ch_ide in rangeidata.shapc[1]):
f, t, Swx = spectrogram{datalcpoch_ids, ch_idx, :], fs-fs, nporseg-178, naverlap-54)
if power_accum is Wone:
pawer_accum = Sxx
else:
PONEr_3CCum t= SXX
avg_power = pawer_accum | data.shape[1] # averoge across channels
coabined_spectrograms . append{avg_power)

conbined_spectrograms = np.array(conbined spectrograms) # shope: (n_cpochs, freq bins, time bins)

autput_dir = ‘Post-Scizure-spectrogran_images’
as_makedirs{output_dir, cxist_ok-True)
start_index = 5483
for i, spec in enuncrate{combined_spectrograms):
image_index - start_index + i
plt. figurc{Figsizes{1.28, 1.28), dpi=188) # Figsize in inches, dpi=188 + 128x138 px

#plt.pcolormesh(t, f, 18 * np. logl8{spec), shoding="gouraud’ )
#plt_pcolormesh(t, f, 18 * np.Llogif{spec), shading='gouraud', cmap='inferno’)

vmin, weax = -218, -5@

img « 18 * np_loglB(spec)
img « np.clip(img, wmin, vmax)

plt.pcalormeshit, f, img, shading-'gouraud’, cmape'infernc’, wminevmin, vmas-vnax)
plt.awis('off') # turn off axes for clean image
plt.tight_layout({pad-a)

plt. savefig(f ' {output_dir}fepoch_{image_index:8dd}.png', dpi-188, bbax_inches<'tight', pad_inches-a)
plt.clase()

Fitting ICA to data using 21 chamnels (please be paticnt, this may take a while)
selecting by number: 18 components
Fitting ICA tock 3.1s.
Applying ICA to Raw instance
Transforming to ICA space (1@ compononts)
Zeraing cut @ ICA companents
Projecting back using 21 PCA corpanents
Not sectting motadata
434 matching cwents found
N bascline correction applied
@ projection items activated
Using data from preloaded Raw for 434 cvents and 1281 original time points ...
@ bad cpochs dropped

Figure 7: Preprocess Image 2

The figure 6 and figure 7 , includes the pre processing steps. It follows all the steps
mentioned in the report, and stores the spectrogram image in the same folder structure
as the code

6 ModelStructure

The DeepLearningModelCodeandSplit folder contains the core deep learning models and
dataset splitting scripts used in the project:

e CustomCNNmodel.ipynb: Implementation of a custom convolutional neural network
tailored for EEG data classification.

e Resnet_50_Model.ipynb: Notebook implementing the ResNet-50 architecture ad-
apted for the seizure detection task.



e vggl6 model.ipynb: Notebook containing the VGG16 model architecture and
training routines.

e splitting-test-train-val.ipynb: Notebook that handles splitting the dataset
into training, validation, and test sets, ensuring proper data partitioning for model
evaluation.

These notebooks contain both the model definitions and the data preparation code
critical for training and evaluating the deep learning models.

7 Model

7.1 CustomCNNmodel

# Paths
DATA DIR = r"C:\Usersianifz\ResearchFinal2&julyfinal\CNNdataset sf

# Parameters
BATCH_SIZE = 32
IMG_SIZE = (128, 128)
MUM_CLASSES = 3
EPOCHS = 2@

SEED = 42

# Load datasets
train_ds = tf.keras.preprocessing.image_dataset_from_directory(
os.path.join(DATA DIR, “train"),
label mode="int",
image size=IMG SIZE,
batch_size=BATCH_SIZE,
shuffle=True,
=eed=5EED,

val_ds = tf.keras.preprocessing.image_dataset_from_directory(
os.path.join({DATA_DIR, “wval"),
label mode="int",
image size=IMG_SIZE,
batch_size=BATCH SIZE,
shuffle=False,
zeed=5EED,

test_ds = tf.keras.preprocessing.image_dataset_from_directory(
os.path.join(DATA DIR, "test"),
label mode="int",
image size=-IMG_SIZE,
batch_size=-BATCH SIZE,
shuffle=False,
zeed=5SEED,

Figure 8: readingthemodel



1

# Normalize pixel values (8-1)

normalization_layer = layers.Rescaling{l./255)

train_ds = train_ds.map({lambda x, y: (normalization_layer(x}, ¥)}}
val_ds = val_ds.map{lambda x, y: (normalization_layer(x}, ¥))
test ds = test ds.map(lambda x, y: (normalization layer(x}, ¥}}

# Prefetch to improve speed

AUTOTUNE = tf.data.AUTOTUNE

train_ds = train_ds.prefetch(buffer_size-AUTOTUNE)
val_ds = val_ds.prefetch(buffer size-AUTOTUNE)
test_ds = test_ds.prefetch{buffer_size-AUTOTUNE)

# Build @ CNN model
model = models.Sequential([
layers.Conv2D(22, (3,2), activation="relu', input shape=-IMG_SIZE + (2,)),
layers.MaxPooling2D(),
layers.Conv2D{&e4, (3,3), activation="relu'),
layers.MaxPooling2D(),
layers.Conv2D(128, (3,3), activation="relu'}),
layers.MaxPooling2D({),
layers.Flatten(),
layers.Dense{128, activation="relu'},
layers.Dropout(8.5),
layers.Dense{MUM_CLASSES, activation="softmax')
1
model.compilef
optimizer="adam',
loss="sparse_categorical crossentropy”,

metrics=["accuracy']

)

model. summary{}

# Troilning the model

history = model.fit(
train_ds,
validation_data=val_ds,
epochs=EPDCHS

# Evaluating on the test set
test_loss, test_acc = model.evaluate(test ds)
primt(f"\nTest accuracy: {test_acc:.af}"}

Figure 9: CustomModel

+rom sklearn.metrics import confuslon_matrix, classitlcatlon_report
import numpy as np

yv_pred = model.predict({test_ds)
y_pred_classes = np.argmax(y_pred, axis=1)
y_true = np.concatenate([label for _, label in test_ds])

print(confusion_matrix(y true, y_pred_classes))
print(classification_report(y_true, y_pred_classes))

Be/66 [ 1 - 55 82ms/step
[[ve@ e @]
[ o 64 98]
[ @ 118 584]]
precision recall fil-score  support

1.0@ 1.98 1.8 7e8

1 B.84 8.86 8.85 7oa

2 8.86 8.83 8.85 Foa

accuracy 2.98 2188
macro avg 8.%a 2.92 2.28 21@a
weighted avg .98 8.98 8.98 2188

Figure 10: Evaluation



7.2 VGGI16

Reading the model is the same as figure8, so it was not added to this model

# --- Load base ViGG16 ---
base_model = VGG16(weights="imagenet', include_top=False, input_shape=IMG_SIZE + (3,1}
base_medel.trainable = False # Freeze for tronsfer Learning

# --- Build model ---
model = models.Sequential(]
base_model ,
layers.Flatten(),
layers.Dense{128, activation="relu"},
layers.Dropout{a.5),
layers.Dense{NUM_CLASSES, activation='softmax')

# --- Compile and troin initial ---

model.compile(optimizer="adam',
loss="'sparse_categorical_crossentropy ',
metrics=['accuracy"'1)

print{"Initial Training...")

history = model.fit{
train_ds,
validation_data=val_ds,
epochs=INITIAL_EPOCHS

# Fine-tune: Unfreeze last few Layers of base model

base_model.trainable = True

for layer in base_model.layers[:-4]: # Freeze all but Last 4 conv Layers
layer.trainable = False

# --- Recompile with lower LR ---

model.compile(optimizer=tf.keras.optimizers.Adam{1e-5),
loss="'sparse_categorical_crossentropy ',
metrics=['accuracy"'1)

print{"Fine-Tuning...")

history fine = model.fit(
train_ds,
validation_data=val_ds,
epochs=INITIAL_EPOCHS + FIME_TUNE_EPOCHS,
initial epoch=INITIAL_EPOCHS

# Evaluation
test_loss, test_acc = model.evaluate(test_ds)
print{f"\nTest Accuracy: [test_acc:.4f}"}

sl

Figure 11: model

Trom SK1Earn.meTrics 1Mport COMTUS1en_MATrlX, ClassltlCaTlen_report
import numpy as np

y_pred = model.predict(test_ds)
y_pred_classes = np.argmax(y_pred, axis=1)
y_true = np.concatenate([label for _, label in test ds])

print(confusion_matrix(y_true, y_pred_classes))
primt(classification_report(y_true, y_pred_classes))

B6/66 [ 1 - 1265 2s/step
[[7ee @& @]
[ @612 38]

[ @ 122 578]]
precision recall fi-score  support

e 1.88 1.e8 1.88 7ea

1 8.83 2.87 2.8% 7ea

2 8.87 8.83 8.85 7ea

accuracy 2.98 2188
macro avg 8.38 2.98 a.38 2168
weighted avg 8.98 2.98 2.98 2188

Figure 12: Evaluation

10



7.3 Resnet50

Reading the model is the same as figure8, so it was not added to this model

base_model = ResMetS@(weights='imagenet', include_top=False, input_shape=IMG_SIZE + (3,})
base_model.trainable = False # Freeze base model

# Build model
model = medels.Sequential([
base_model,
layers.GlobalAveragePooling2D(),
layers.Dropout(@.5),
layers.Dense{MNUM_CLASSES, activation="softmax')
n
model.compile(
optimizer="adam',
loss="sparse_categorical_crossentropy ',

metrics=["accuracy']

)

print("Training with frozen base model...")
history_initial = model.fit(
train_ds,
validation_data-val_ds,
epochs=EPOCHS_INITIAL
)

# Unfreeze some Layers of Resnet for fine-tuning
base_model.trainable = True

# fine-tune from this Layer onwards
fine_tune_at = 142

for layer in base_model.layers[:fine_tune_at]:
layer.trainable = False

# Recompile with Lower learming rate for fine-tuming

model.compile(
optimizer=tf.keras.optimizers.Adam{learning_rate=1e-5},
loss="sparse_categorical_crossentropy ',
metrics=["accuracy']

)

primt("Fine-tuning the model...™)

history_fine = model.fit(
train_ds,
validation_data-val_ds,
epochs=EPOCHS_FIME_TUNE

# Evaluate on test set
test_loss, test_acc = model.evaluate(test_ds)
prinmt(f"Test accuracy: {test_acc:.af}")

Figure 13: RestNetmodel

from sklearn.metrics import confusien_matrix, classification_report
import numpy as np

y_pred = model.predict(test_ds)
y_pred_classes = np.argmax(y_pred, axis=1)}
y_true = np.concatenate{[label for _, label in test_ds])

print(confusion_matrix(y_true, y_pred_classes))
primt(classification_report(y_true, y_pred_classes))

B6/66 [ ] - 1395 2s/step
[[7ee @ @]
[ @685 35]
[ @401 293]]
precision recall fi-score  support

-] 1.88 1.e8 1.08 Fae

1 8.62 8.95 8.7% Fae

2 8.98 0.43 8.58 Fae

accuracy @.73 2168
macro avg 8.384 e.79 e.78 21e@
weighted avg 8.84 2.79 2.78 2188

Figure 14: ResnetEval

11



8 Running the Project

Follow these steps to reproduce the experiments and results:

1. Download the CHB-MIT dataset as specified in the configuration report. The
dataset is also included in the provided code zip file.

2. Install all required Python packages listed in the software requirements section.
3. Download and extract the entire code base.
4. For the Non-Seizure data:

e There is no need to split the dataset.
e Navigate to the Nonseizure-code-and-dataset folder.

e Run the channelCheck.ipynb notebook to verify the number of EEG chan-
nels.

e Perform preprocessing by running the preprocess.ipynb notebook.

e Visualize the processed data using the visualize.ipynb notebook.
5. For the Seizure data:
e First, split the dataset into pre-seizure and post-seizure segments using the

SeizureSplit.ipynb notebook in the Splittingeventandchannelcheck folder.

e Then, navigate to the respective folders (Pre-seizureCodeandDataset and
Post-seizureCodeandDataset).

e Run the preprocessing notebooks for each folder.

e The preprocessing step generates spectrogram images saved in the correspond-
ing code folders.

e To avoid class imbalance, select an equal number of files from each class.
6. After preprocessing, move to the DeepLearningModelCodeandSplit folder:

e Update the data path in the notebook to point to the folder containing the
spectrogram images.

e Use the splitting-test-train-val.ipynb notebook to randomly split the
spectrogram dataset into training, validation, and test sets, minimizing bias.

e Run the model training notebooks (CustomCNNmodel . ipynb, Resnet 50 Model.ipynb,

vggl6 model.ipynb) to train and evaluate the models.
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