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Abstract: The majority of malignancies that originate in the CNS occur in the brain. Annually, almost 11,700 people are told 
they have a brain tumour. About 34% of men and 36% of women survive 5 years after being diagnosed with a brain or central 
nervous system tumour.  
Benign tumours, malignant tumours, pituitary tumours, and so on are all different types of brain tumours. A patient's life 
expectancy can be increased via careful diagnosis, treatment, and planning. Magnetic resonance imaging (MRI) is the gold 
standard for diagnosing tumours in the brain.  
Scanning generates a massive amount of data in the form of images. A radiologist is the professional who looks at these scans. 
Manual examinations are unreliable because brain tumours are complex.  ML and AI-based classification approaches 
outperform human-based methods.  
Thus, a global detection and classification system using deep learning techniques like CNN, ANN, and TL will help clinicians 
worldwide. 
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I. INTRODUCTION 
The signs and symptoms of a brain tumour are highly variable and contextual. This occurs when the tumour presses on and stresses 
the cells around it.  
When brain fluid is blocked by a tumour, the same thing happens. Common signs and symptoms include trouble walking and 
balancing, as well as headaches, nausea, and vomiting.  
Brain tumours can be detected using diagnostic imaging techniques CT and MRI Locations vary, tested and the goals of the 
investigation, favourable results can be found for either.  
Because MRI images are straightforward to interpret and allow for precise localisation of calcifications and foreign substances, they 
were the modality of choice for this paper. Convolutional neural networks (CNNs) can automate the process of segmenting MRI 
brain scans. Our mission is to aid Nuerophysicians and other relevant specialists in accurately identifying the presence of tumour. 
Any device with access to the internet and a web browser can utilise this system, which accepts MRI images as input and returns 
useful information. 
 

II. APPROACH 
The initial stage is to retrieve the input picture from file, image processing, and categorization. At long last, the results will be 
shown.    
 
1) Load an existing image file. 
2) Pre-processing images 
3) CNN-based Image Labelling 
4) a result with tumour confirmation yes/no 
 
Every module is one of a kind. That's why each and every move is crucial. Both test and training data are integrated into the design. 
About 253 photos were downloaded from Kaggle for system training and testing. Processed images train a Convolutional Neural 
Network Model. 
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a)  Several Images: Kaggle provided 253 photos to train and test the system. They have tumours or don't. JPG, JPEG, and PNG 

can open the files. Image processing requires retrieving images from datasets. Processing cannot begin until an image is 
captured, hence it must come first in the pipeline. Raw, unprocessed image. 

b)  Pre-processing enhances brain MRI Images.: Shrink the image and remove unexpected sounds to pre-process. Create a 
grayscale brain MRI scan first. Improved diagnostic and classification precision 

 Change the colour space of an image. We are utilising the Pillow library (which is part of the PIL (Python Image Library)) to 
convert colour images to grayscale. 

 With Pillow's convert() method, you may transform images between numerous pixel formats. Alterations between "L" and 
"RGB" modes are also handled by the library. It's possible that a "RGB" image will be required for any mode conversions. 

 The Pillow library should be used to reduce the image size to 128x128. 
 The OneHotEncoder is used to assign a value of 0 or 1 based on the tumor's size and shape. Categorical data can be used in 

machine learning with the help of a procedure called one-hot encoding. "One-hot" encoding is used to convert categorical 
characteristics into binary features, where a 1 is assigned to a column if the feature is represented by that column. If not, it is 
assigned a value of 0. 

. 
c) A CNN with convolutions or ConvNet: By employing the proper filters, a ConvNet captures image spatial and temporal 

relationships. The design fits picture datasets better due to fewer parameters and weight reusability. That is, the network can 
learn to distinguish image nuances. The ConvNet simplifies images without losing important forecasting data. 

 
There are many levels to this approach: 
 Conv2D layers with 32 filters, a kernel size of (2, 2), and Same padding make up the first two layers. The first layer takes 

grayscale photos with an input form of (128, 128, 1). 
 The activations of the base layer are normalised by adding a BatchNormalization layer. 
 For max pooling and dimension reduction, we add a MaxPooling2D layer with a pool size of (2, 2). 
 To avoid overfitting, we have implemented a Dropout layer with a dropout rate of 0.25. 

Step 1 

•Data 
Collection of 
MRI Images 

Step 2 

•Pre-
Processing of 
Data 

Step 3 

•Deep 
Learning 

Step 4 

•Web App 
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Two further sets of Conv2D layers, BatchNormalization, MaxPooling2D, and Dropout layers, follow the aforementioned pattern. 
Then, two more Conv2D layers are included, each with 128 filters and a kernel size of (3, 3). Dropout, MaxPooling2D, and 
BatchNormalization layers are repeated. 
To get the output from the preceding layers ready for the fully connected layers, a Flatten layer is used. There are 512 units in the 
first completely connected (Dense) layer, which represents the output classes, and 2 units in the second layer.Before the final Dense 
layer, a Dropout layer is included with a dropout rate of 0.5. The sigmoid activation function is used in the final Dense layer to 
generate output class probabilities. RMSprop and the binary cross-entropy loss function complete the model. Model, summary() 
outputs a summary. CNNs use convolutional, pooling, and fully connected layers, this model adheres to. Dropout and batch 
normalisation are employed for regularisation, while the ReLU activation function is used to add non-linearity. 
 
d) You Can get to it using a Web Browser: We made this so that it's accessible from any computer or mobile device with a web 

browser. The website accepts an image file as input and returns a textual report that, with a certain degree of accuracy, indicates 
whether or not a tumour is present. Since Anvil supports full stack development for Machine Learning, it was chosen for the 
app's creation and deployment. Anvil is a robust Python module for rapidly developing complete web apps. It offers a 
straightforward drag-and-drop interface for UI design and a server-side Python environment for developing apps. Anvil handles 
all the backend work so you can concentrate on making your project. 

. 
Examining the numbers: Loss functions reduce prediction error the most. The best-fitting model can then be determined with this 
method. To achieve the best outcomes, we have employed RMSProp as an optimizer in this case. To pinpoint the failure, we ran 30 
Epochs, each with a batch size of 40. By the conclusion of 30 Epochs, the loss had levelled out after initially being higher. The 
gradient decreases with increasing epochs, as shown in the Loss plot below for the first 30 epochs. 
Mean Square Root The propagation loss is just the average of the losses experienced throughout training and testing. 

 
Loss (Train) = 1.5958885544290144  
Loss (Test) = 2.252306781709194 
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A confusion matrix summarises a classification model's performance on a dataset with known values. The model's projected values 
for the targets are compared to the actual values for the targets in the matrix. True positives (TP) and false negatives (TN) should be 
high, whereas FP and FN should be low in a good model. We compare the observed and expected values in our 51-image Test 
dataset. The same is shown in the 22 matrix below. 

TP  = 25             FP  = 3 
TN = 19  FN = 4 

 
 

Here are some relevant metrics taken from the confusion matrix above. 
 Accuracy – Accuracy is the proportion of times a classifier makes the right call. Accuracy is the percentage of correct forecasts. 

 
 Precision - Precision describes how many "positive" cases were actually anticipated. In situations where a false positive is more 

problematic than a false negative, precision might be helpful. 
 

 
 Recall (Sensitivity)  - A model's recall describes how many true positives it successfully predicted. In situations where Avoiding 

False Negatives is more important than False Positives, thus this statistic can help. 
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 F1 Score  - Precision and Recall give a fuller picture. It peaks when Precision and Recall are equal. 
 

 
From our Test data, the values derived are as follows. 
Accuracy: 0.8627450980392157 
Precision: 0.8260869565217391 
Recall: 0.8636363636363636 
F1-score: 0.8444444444444444 

  
III. VALIDATION RESULTS 

Below webpage will be opened in the Browser 
1) Upload the Image from Upload option 
 

 
 

2) Sample Input and Output - 1 

 
Predicted Output: Yes 
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3) Sample Input and Output – 2 

 
Predicted Output: No 
 
Finally, the algorithm performs image classification on example photos, integrates the model with an Anvil server, and preprocesses 
the image data for training a CNN model for tumour identification. Achieving an accuracy of 86%, the suggested model produces 
promising outcomes with zero blunders and significantly less computing effort. This model is also accessible via the browser on 
mobile devices.  
We can offer many characteristics outside just tumour detection in MRI scans: 
 The categorization of tumours according to whether they are benign or malignant. 
 Determining where the tumour begins and ends using a cutting-edge object detection technique 

. 
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