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ABSTRACT 
Brain hemorrhage is a critical, life-threatening medical 
emergency that requires rapid and accurate diagnosis 
through Computed Tomography (CT) scan 
interpretation. Manual radiological analysis is time-
consuming, subject to inter-observer variability of up to 
30%, and constrained by specialist shortages — 
particularly in developing-country healthcare settings. 
This paper presents a comprehensive web-based brain 
hemorrhage detection system combining a custom 
Convolutional Neural Network (CNN) with three 
classical machine learning algorithms for rigorous 
comparative evaluation. The StrokeCNN architecture 
comprises four convolutional blocks with progressively 
increasing filter depths (32→64→128→256), ReLU 
activations, 2×2 max-pooling, and a fully connected 
classification head with 50% dropout regularization, 
achieving 100% accuracy, precision, recall, and F1 score 
on a 200-image test set. Comparative benchmarks 
against Random Forest (99.0%), Support Vector 
Machine (97.0%), and Logistic Regression (95.5%) 
confirm the decisive advantage of hierarchical feature 
learning over handcrafted feature pipelines. The full-
stack Flask web application integrates PBKDF2-secured 
authentication, drag-and-drop CT image upload, real-
time sigmoid-threshold prediction with confidence 
scoring, SQLite-backed scan history, and an interactive 
Chart.js analytics dashboard. The system is containerized 
with Docker for reproducible deployment and aligns with 
UN SDGs 3 (Good Health), 4 (Quality Education), and 9 
(Innovation and Infrastructure). 
 
Keywords: Brain Hemorrhage Detection, Convolutional 
Neural Network, CT Scan Classification, Deep 
Learning, Random Forest, SVM, Logistic Regression, 
Flask, PyTorch, Binary Cross-Entropy, Medical Image 
Analysis 
 
1. Introduction 
Brain hemorrhage, clinically termed intracranial 
hemorrhage, represents one of the most devastating 

neurovascular emergencies encountered in acute care 
medicine. Accounting for approximately 10–15% of all 
stroke cases, it carries a 30-day mortality rate exceeding 
40%. The pathophysiology involves rupture of an 
intracranial blood vessel, leading to hematoma formation 
that compresses surrounding neural tissue and elevates 
intracranial pressure. Common etiologies include 
hypertension, cerebral aneurysm rupture, arteriovenous 
malformations, traumatic head injury, and 
coagulopathies. The volume of bleeding, anatomical 
location, and time-to-treatment are the primary 
determinants of neurological outcome. 
Computed Tomography (CT) imaging remains the gold 
standard for emergency hemorrhage diagnosis, offering 
rapid cross-sectional visualization of the brain 
parenchyma, ventricles, and surrounding structures. 
However, manual interpretation of CT scans imposes 
significant clinical bottlenecks: the cognitive load of 
examining multiple image slices, inter-radiologist 
disagreement rates of up to 30%, diagnostic errors of 3–
5% in routine practice (rising during off-hours and high-
volume periods), and acute radiologist shortages in 
developing-country health systems — the WHO 
estimates fewer than one radiologist per 100,000 
population in many regions. 
Deep learning, specifically Convolutional Neural 
Networks (CNNs), has achieved remarkable success in 
medical image analysis by automatically learning 
hierarchical feature representations from raw pixel data, 
eliminating the manual feature engineering bottleneck of 
traditional Computer-Aided Detection (CAD) systems. 
This work presents a comprehensive end-to-end brain 
hemorrhage detection platform — combining a custom 
StrokeCNN architecture with three classical ML 
baselines, deployed as a secure Flask web application — 
to bridge the gap between deep learning research and 
practical clinical decision support. 
1.1 Problem Formulation 
Let I denote the input CT image space and Y = {0 
(Normal), 1 (Hemorrhage)} the binary label space. The 
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classification problem is to learn a function f: I → [0,1] 
such that: 
f(x) = P(Y=1 | X=x)  via  CNN(x; θ) = σ(W₂ · ReLU(W₁ 
· φ(x) + b₁) + b₂) 
where φ(x) represents the hierarchical feature map 
extracted by the convolutional blocks, θ = {W₁, W₂, b₁, 
b₂} are the learnable parameters, and σ denotes the 
sigmoid activation. The decision rule is: 
ŷ = 1 (Hemorrhage)  if  f(x) ≥ 0.5,  else  ŷ = 0 (Normal) 
The primary research objective is to demonstrate that a 
custom lightweight CNN trained end-to-end outperforms 
classical ML methods that operate on flattened, 
unstructured pixel features, thereby validating deep 
hierarchical feature learning for medical CT 
classification. 
1.2 Research Contributions 
(i) A formal mathematical specification of the 
StrokeCNN architecture with parameter count analysis; 
(ii) binary cross-entropy training formulation with Adam 
optimization; (iii) four-model comparative evaluation 
with accuracy, precision, recall, and F1 metrics; (iv) a 
complete MVC-architecture Flask web platform with 
PBKDF2 security and SQLite persistence; and (v) an 
ASCII-rendered training curve and performance 
distribution analysis consistent with reproducible 
evaluation standards. 
 
 
 
2. Literature Survey 
The application of CNNs to medical image analysis has 
been extensively studied. Ker et al. (2018) surveyed over 
300 deep learning studies in radiology, pathology, and 

ophthalmology, finding that CNN-based hemorrhage 
detection consistently achieves sensitivity above 95%, 
outperforming classical methods by 5–15 percentage 
points. Rajpurkar et al. (2017) established with CheXNet 
(DenseNet-121) that transfer learning from ImageNet 
enables radiologist-level performance with limited 
domain data, achieving AUC = 0.7680 on 14 chest 
pathologies — a finding that motivates our evaluation of 
lightweight custom architectures. 
Chilamkurthy et al. (2018) validated deep learning 
specifically for head CT critical findings in The Lancet, 
while Arbabshirani et al. (2018) and Kuo et al. (2019) 
demonstrated expert-level intracranial hemorrhage 
detection using CNNs in npj Digital Medicine and PNAS 
respectively. Breiman (2001) established Random Forest 
as the dominant ensemble classifier for high-dimensional 
medical feature spaces, while Cortes and Vapnik (1995) 
formalized SVM's maximum-margin classification — 
both serving as rigorous baselines in our comparative 
study. 
For architectural components, Srivastava et al. (2014) 
demonstrated dropout's critical role in reducing CNN 
overfitting on small medical datasets; Kingma and Ba 
(2015) showed Adam's adaptive moment estimation 
achieves faster convergence than SGD for medical 
imaging tasks; and Scherer et al. (2010) confirmed max 
pooling's superiority over average pooling for translation-
invariant feature extraction. LeCun et al. (2015) and He 
et al. (2016) established foundational CNN theory and 
residual connections respectively, while Litjens et al. 
(2017) surveyed deep learning across all medical imaging 
modalities, confirming its transformative potential. 

 
Table 1: Literature Survey Summary 
 

No. Author(s) / Year Key Contribution Domain 
Relevance to This 
Work 

1 Ker et al. (2018) CNN survey; >95% 
hemorrhage sensitivity 

DL Medical Imaging Validates CNN-first 
approach 

2 Rajpurkar et al. (2017) CheXNet; radiologist-level 
AUC 0.7680 

Transfer Learning Motivates custom 
CNN design 

3 Chilamkurthy et al. (2018) Head CT critical findings — 
DL validation 

Hemorrhage Detection Direct clinical 
validation basis 

4 Arbabshirani et al. (2018) Advanced ML for ICH on CT 
scans 

ICH Detection Benchmark context 
for our results 

5 Kuo et al. (2019) Expert-level acute ICH 
detection with DL 

PNAS DL Study Performance ceiling 
reference 

6 Breiman (2001) Random Forest ensemble; 
handles high-dim features 

ML Baseline RF comparison model 

7 Cortes & Vapnik (1995) SVM; maximum-margin 
hyperplane; kernel trick 

ML Baseline SVM comparison 
model 
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8 Srivastava et al. (2014) Dropout regularization; 
prevents CNN overfitting 

Regularization 0.5 dropout in 
classifier head 

9 Kingma & Ba (2015) Adam optimizer; adaptive 
moment estimation 

Optimization Adam lr=0.001 in 
training 

10 Scherer et al. (2010) Max pooling > average 
pooling for CNNs 

Architecture 2×2 MaxPool after 
each conv block 

11 LeCun et al. (2015) Deep learning foundational 
theory 

DL Theory CNN architecture 
foundation 

12 He et al. (2016) ResNet; skip connections; 
deep network training 

Architecture Future transfer 
learning scope 

13 Litjens et al. (2017) DL survey across all medical 
imaging modalities 

Survey Broad clinical 
motivation 

14 Goodfellow et al. (2016) BCE loss; probabilistic 
output for classification 

Loss Function BCELoss in training 

15 Merkel (2014) Docker; reproducible 
containerized deployment 

DevOps Docker packaging of 
system 

 
3. System Architecture 
The brain hemorrhage detection system implements the 
Model-View-Controller (MVC) design pattern through 
three clearly separated layers. The Model layer contains 
two subsystems: (i) the PyTorch CNN and scikit-learn 
ML models for image prediction, and (ii) the SQLite 
relational database managing user credentials and 

prediction history. The View layer comprises seven 
Jinja2 HTML templates extending a shared base template 
with Bootstrap 5 dark-theme styling. The Controller layer 
consists of Flask route handlers coordinating HTTP 
request processing, model inference, database operations, 
and template rendering. 

3.1 System Architecture Diagram 
 

 
Figure 3.1: Three-Layer MVC System Architecture of the Brain Hemorrhage Detection System 

3.2 Class Diagram 
The class diagram shows the key 

classes in the system. The StrokeCNN class 
extends PyTorch's nn.Module with two 
sequential blocks: a features block containing 
four Conv2d-ReLU- MaxPool2d sequences, and 

a classifier block with Flatten, Linear 
(16384→256), ReLU, Dropout (0.5), Linear 
(256→1), and Sigmoid layers. The Flask 
application class manages routes, session 
handling, and database connections. Utility 
functions (predict_image, allowed_file, 
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login_required) are organized as module-level functions following Flask conventions. 
 
 

 
 

Figure 3.2 : Class Diagram 
 

3.2 CNN Prediction Pipeline 
The end-to-end inference pipeline for an uploaded CT 
image executes the following sequential operations: (1) 
File validation — allowed_file() checks extension against 
{png, jpg, jpeg, bmp, tiff}; (2) Secure storage — 
secure_filename() prevents directory traversal; file saved 
as {user_id}_{timestamp}_{filename}; (3) Image 
preprocessing — PIL.Image.open() → Grayscale(1 

channel) → Resize(128,128) → ToTensor() → 
unsqueeze(0) adds batch dimension; (4) CNN inference 
— model.eval() + torch.no_grad() context; sigmoid 
output o ∈ [0,1]; (5) Threshold decision — o ≥ 0.5 → 
'Stroke Detected', confidence = o×100%; else 'Normal', 
confidence = (1−o)×100%; (6) Database persistence — 
INSERT INTO predictions; (7) Template rendering — 
predict.html with result context. 

 
3.3 Module Summary 
Table 2: System Module Summary 

Module Technology Key Functions Output 

Authentication Flask + Werkzeug Registration, login, session, 
PBKDF2 hashing 

Session token / Error flash 

Image Upload Flask + Werkzeug File validation, secure naming, 
static storage 

Saved file path 

CNN Prediction PyTorch + torchvision Preprocessing, forward pass, 
threshold 

Prediction label + confidence 
% 

ML Baselines scikit-learn RF/SVM/LR on flattened pixel 
features 

Accuracy, F1, precision, 
recall 

Dashboard Flask + SQLite COUNT queries, JSON 
serialization 

Statistics cards + Chart.js data 

Analytics Chart.js Bar, doughnut, histogram 
rendering 

Interactive performance 
charts 

Dataset Generator PIL + NumPy Synthetic CT image generation 1000 labeled images 
(balanced) 

 
4. Mathematical Foundations and CNN Architecture 
4.1 StrokeCNN Architecture Specification 
The StrokeCNN model processes a single-channel 
grayscale CT image of spatial dimension H=W=128 
through four convolutional blocks. Each block i applies a 
convolution with filter count Fᵢ ∈ {32, 64, 128, 256}, a 
3×3 kernel with padding p=1 to maintain spatial 
dimensions, followed by ReLU activation and 2×2 max 
pooling (stride=2) that halves spatial resolution. 

Block i output shape: (Fᵢ, H/2ⁱ, W/2ⁱ)  for  i ∈ {1, 2, 3, 
4} 
  i=1: (32,  64, 64)    i=2: (64,  32, 32) 
  i=3: (128, 16, 16)    i=4: (256,  8,  8) 
After the four blocks, the 256×8×8 feature volume is 
flattened to a 16,384-dimensional vector. The 
classification head applies two linear transformations: 
z₁ = ReLU(W₁ · x_flat + b₁)    W₁ ∈ ℝ^{256×16384},  b₁ 
∈ ℝ^{256} 
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z₂ = Dropout(z₁, p=0.5) 
ŷ = σ(W₂ · z₂ + b₂)             W₂ ∈ ℝ^{1×256},    b₂ ∈ ℝ 
σ(x) = 1 / (1 + e^{-x})          [Sigmoid activation] 
The total trainable parameter count is approximately: 
Params_conv ≈ (1×32×3×3) + (32×64×3×3) + 
(64×128×3×3) + (128×256×3×3) 
             = 288 + 18,432 + 73,728 + 294,912  =  387,360 
conv parameters 
Params_fc   = (16384×256 + 256) + (256×1 + 1)  =  
4,194,817 FC parameters 
Total parameters ≈ 4,582,177  (~4.58 million trainable 
weights) 
4.2 Binary Cross-Entropy Loss 
For binary classification, the model is trained using 
Binary Cross-Entropy (BCE) loss, which measures the 
divergence between predicted probability ŷ and ground-
truth label y ∈ {0, 1}: 
L_BCE(ŷ, y) = −[y · log(ŷ) + (1 − y) · log(1 − ŷ)] 
Over a mini-batch of size N, the empirical risk is: 
L(θ) = −(1/N) · Σᵢ₌₁ᴺ [yᵢ · log(f(xᵢ; θ)) + (1−yᵢ) · 
log(1−f(xᵢ; θ))] 
The loss approaches 0 when ŷ → y and grows 
unboundedly for confident wrong predictions, providing 
strong gradient signals that accelerate learning. BCE 
paired with sigmoid output produces well-calibrated 
probability estimates essential for clinical confidence 
scoring. 
4.3 Adam Optimizer 
Model parameters are updated using the Adam optimizer 
(Kingma & Ba, 2015), which maintains exponentially 
weighted moving averages of the gradient and its squared 
values: 
m_t = β₁·m_{t-1} + (1−β₁)·g_t          [First moment 
estimate] 
v_t = β₂·v_{t-1} + (1−β₂)·g_t²         [Second moment 
estimate] 
m̂_t = m_t/(1−β₁ᵗ),    v̂_t = v_t/(1−β₂ᵗ)  [Bias correction] 
θ_{t+1} = θ_t − α · m̂_t / (√v̂_t + ε) 

where α=0.001 (learning rate), β₁=0.9, β₂=0.999, ε=10⁻⁸. 
The adaptive per-parameter learning rates make Adam 
particularly robust for the non-stationary gradient 
landscape of medical image CNNs trained on limited 
datasets. 
4.4 Convolutional Operation 
Each convolutional layer applies F learned filters of size 
(C_in × k × k) to the input volume. The output feature 
map value at position (i, j) for filter f is: 
Z_f(i,j) = Σ_c Σ_m Σ_n W_f(c,m,n) · X(c, i+m, j+n) + 
b_f 
where C is the number of input channels, k=3 is the kernel 
size, and padding p=1 ensures the output spatial 
dimension equals the input spatial dimension. The ReLU 
non-linearity applied element-wise introduces the non-
linearity necessary for learning complex hemorrhage 
boundary patterns: 
ReLU(z) = max(0, z) 
Max pooling over 2×2 windows selects the maximum 
activation, providing local translation invariance — 
critical for detecting hemorrhagic regions regardless of 
their precise spatial position within the CT slice: 
MaxPool(Z)(i,j) = max{ Z(2i+m, 2j+n) : m,n ∈ {0,1} } 
4.5 Evaluation Metrics 
Model performance is quantified using four standard 
binary classification metrics computed from the 
confusion matrix elements TP, TN, FP, FN: 
Accuracy  = (TP + TN) / (TP + TN + FP + FN) 
Precision = TP / (TP + FP)      [Positive predictive 
value] 
Recall    = TP / (TP + FN)      [Sensitivity / True Positive 
Rate] 
F1 Score  = 2 · (Precision × Recall) / (Precision + 
Recall)  [Harmonic mean] 
For the CNN on the 200-image test set (100 normal + 100 
hemorrhage): TP=100, TN=100, FP=0, FN=0, yielding 
all four metrics = 100%. 

 
5. System Flowcharts and Algorithms 
5.1 End-to-End System Workflow 

  [User Navigates to Web Application (Browser)] 
                     │ 
  ◇ User Registered? 
   No ──► Registration Form ──► name, username, password 
        ──► Werkzeug generate_password_hash(password) 
        ──► INSERT INTO users ──► Redirect to Login 
   Yes │ 
  [Login Form] ──► check_password_hash(stored, provided) 
  ◇ Credentials Valid? 
   No  ──► Flash 'Invalid username or password' ──► Retry 
   Yes │ 
  [Flask session['user_id'] = user.id] 
  [Redirect to Home Dashboard] 
                     │ 
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  [Navigate to Prediction Page] 
  [Drag-and-Drop / Browse CT Image (PNG/JPG/BMP/TIFF)] 
  ◇ File extension in ALLOWED_EXTENSIONS? 
   No  ──► Flash 'Invalid file type' ──► Retry 
   Yes │ 
  [secure_filename()  →  Save to static/uploads/] 
  [predict_image(filepath)]: 
     PIL.Image.open → Grayscale(1ch) → Resize(128,128) → ToTensor() 
     unsqueeze(0) → StrokeCNN forward pass (torch.no_grad()) 
     output = sigmoid(FC output) ∈ [0.0, 1.0] 
  ◇ output ≥ 0.5? 
   Yes ──► prediction='Stroke Detected', confidence=output×100% 
   No  ──► prediction='Normal (No Stroke)', confidence=(1-output)×100% 
  [INSERT INTO predictions (user_id, image_path, prediction, confidence, timestamp)] 
  [Render predict.html: color-coded badge + animated confidence bar + CT image] 
                     │ 
  [User can view Scan History / Analytics Dashboard / Logout] 
                   [END] 

Figure 2: End-to-End Brain Hemorrhage Detection System Flowchart 
 
5.2 CNN Training Algorithm 

Algorithm 1: Train_StrokeCNN(train_loader, test_loader) 
───────────────────────────────────────────────────────────────── 
Input : training image batches, test image batches 
Output: trained StrokeCNN model, saved to stroke_cnn_model.pth 
 
1:  model   ← StrokeCNN()  // ~4.58M parameters 
2:  criterion ← BCELoss() 
3:  optimizer ← Adam(model.parameters(), lr=0.001, β₁=0.9, β₂=0.999) 
4:  for epoch ← 1 to 15 do 
5:      model.train()   // enable dropout 
6:      running_loss ← 0.0 
7:      for (images, labels) in train_loader do 
8:          images ← images.to(device) 
9:          labels ← labels.float().to(device)  // cast to float for BCE 
10:         optimizer.zero_grad() 
11:         outputs ← model(images).squeeze()   // shape: [batch_size] 
12:         loss ← criterion(outputs, labels)   // BCE loss 
13:         loss.backward()                     // backpropagation 
14:         optimizer.step()                    // Adam parameter update 
15:         running_loss ← running_loss + loss.item() 
16:     end for 
17:     // Evaluate on test set (model.eval() + no_grad) 
18:     val_acc ← evaluate(model, test_loader) 
19:     print(f"Epoch {epoch}: Loss={running_loss:.4f}, Val Acc={val_acc:.2f}%") 
20: end for 
21: torch.save(model.state_dict(), 'stroke_cnn_model.pth') 
22: return model     // O(E × N × C) time, E=epochs, N=batches, C=conv ops 

Figure 3: StrokeCNN Training Algorithm (Algorithm 1) 
 
5.3 Secure Authentication Algorithm 

Algorithm 2: Authenticate_User(username, password) 
───────────────────────────────────────────────────────────────── 
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1:  h_stored ← SELECT password FROM users WHERE username = ? 
    // PBKDF2-SHA256 hash with unique random salt 
2:  if h_stored is NULL then 
3:      return Flash('Invalid username or password')  // no enumeration 
4:  end if 
5:  valid ← check_password_hash(h_stored, password) 
    // PBKDF2(password, salt, iterations) == stored hash 
6:  if valid then 
7:      session['user_id'] ← user.id 
8:      session['username'] ← user.username 
9:      session['role']     ← user.role 
10:     return redirect('/home') 
11: else 
12:     return Flash('Invalid username or password') 
13: end if 
 
Security properties: 
  · PBKDF2-SHA256 with random salt → rainbow table resistant 
  · Parameterized queries → SQL injection immune 
  · No username enumeration → error message identical for both failure modes 
  · login_required decorator → all analysis routes protected 

Figure 4: Secure Authentication Algorithm (Algorithm 2) 
 
6. Implementation 
6.1 Technology Stack 
Table 6.1: Complete Technology Stack 

Layer Technology Version Role in System 

Deep Learning PyTorch + torchvision 2.x StrokeCNN definition, training, inference 

Classical ML scikit-learn 1.x Random Forest, SVM (RBF), Logistic 
Regression 

Web Framework Flask + Jinja2 2.x HTTP routing, session mgmt, template 
rendering 

Security Werkzeug 2.x PBKDF2-SHA256 password hashing, 
secure_filename 

Database SQLite 3.x Users + predictions tables, zero-config 
serverless 

Frontend Bootstrap 5 + CSS 5.x Dark-theme responsive UI, glassmorphic cards 

Visualization Chart.js 4.x Bar, doughnut, histogram charts in analytics 

Image I/O Pillow (PIL) 10.x CT image loading, preprocessing, synthetic data 
gen 

Containerization Docker 20.x+ Python 3.11-slim base; one-command 
deployment 

Dataset Synthetic (PIL) Custom 800 train + 200 test; 50:50 balanced classes 

 
 
 
6.2 Database Schema 
Table 6.2 : SQLite Database Schema 
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Table Column Type / Constraint Description 

users id INTEGER, PK, 
AUTOINCREMENT 

Unique user identifier 

users username TEXT, UNIQUE, NOT 
NULL 

Login username (duplicate-checked on 
registration) 

users password TEXT, NOT NULL PBKDF2-SHA256 hashed password with 
random salt 

users name TEXT, NOT NULL Display name 

users role TEXT, DEFAULT 'user' 'user' or 'admin' for RBAC 

predictions id INTEGER, PK, 
AUTOINCREMENT 

Unique prediction record identifier 

predictions user_id INTEGER, FK→users(id) Foreign key maintaining referential integrity 

predictions image_path TEXT, NOT NULL Path to uploaded CT image in static/uploads/ 

predictions prediction TEXT, NOT NULL 'Stroke Detected' or 'Normal (No Stroke)' 

predictions confidence REAL, NOT NULL Sigmoid output probability × 100 (0.0–100.0) 

predictions scan_date TEXT, NOT NULL ISO timestamp: YYYY-MM-DD HH:MM:SS 

 
7. Testing and Validation 
The system underwent four levels of testing: Unit Testing (individual functions — CNN output shape, sigmoid range, 
password hash verification, file extension validation); Integration Testing (end-to-end prediction pipeline, authentication 
flow, dashboard data aggregation); Functional Testing (browser-based feature validation with Selenium WebDriver); and 
Security Testing (SQL injection via parameterized queries, XSS via Jinja2 auto-escaping, directory traversal via 
secure_filename, authentication bypass, PBKDF2 password security). 
Table 6.3: Test Cases and Results (17 Cases, 100% Pass Rate) 

Test 
ID 

Scenario Expected Result Module Status 

TC-
R01 

Register with valid name, 
username, password 

Redirect to login with success 
flash 

Auth PASS 

TC-
R02 

Register with duplicate 
username 

Error: Username already 
exists 

Auth PASS 

TC-
R03 

Register with empty fields Error: All fields are required Auth PASS 

TC-
L01 

Login with valid credentials Session established, redirect 
to /home 

Auth PASS 

TC-
L02 

Login with incorrect 
password 

Error: Invalid username or 
password 

Auth PASS 

TC-
L03 

Access protected page 
without login 

Redirect to login with 
warning 

Auth PASS 

TC-
P01 

Upload stroke CT image 
(PNG) 

Prediction: Stroke Detected, 
confidence >90% 

Prediction PASS 

TC-
P02 

Upload normal CT image 
(JPG) 

Prediction: Normal (No 
Stroke), confidence >90% 

Prediction PASS 

TC-
P03 

Upload non-image file (.txt) Error: Invalid file type Upload PASS 
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TC-
P04 

Submit without selecting file Error: No file selected Upload PASS 

TC-
P05 

Upload BMP/TIFF format Prediction displayed 
correctly 

Prediction PASS 

TC-
D01 

View dashboard after 
predictions 

Statistics cards updated 
correctly 

Dashboard PASS 

TC-
D02 

View scan history with 
multiple entries 

All entries with thumbnails 
and timestamps 

History PASS 

TC-
D03 

View analytics dashboard 
charts 

Bar, doughnut, histogram 
render correctly 

Analytics PASS 

TC-
D04 

Admin views system-wide 
statistics 

Total users and all scans 
displayed 

Admin RBAC PASS 

TC-
S01 

SQL injection in login fields Parameterized query blocks 
injection 

Security PASS 

TC-
S02 

Directory traversal in 
filename 

secure_filename() prevents 
traversal 

Security PASS 

 
8. Results and Performance Analysis 
8.1 Model Performance Comparison Table 
 
Table 6.4: Model Performance Comparison on 200-Image Test Set (TP=100 hemorrhage, TN=100 normal) 

Model Accuracy (%) Precision (%) Recall (%) F1 Score (%) 

CNN (StrokeCNN) — Deep 
Learning 

100.0 100.0 100.0 100.0 

Random Forest (100 trees, 
max features=sqrt) 

99.0 100.0 98.0 98.99 

SVM (RBF kernel, C=1.0, 
gamma=scale) 

97.0 97.0 97.0 97.0 

Logistic Regression (L2, 
max_iter=1000) 

95.5 98.92 92.0 95.34 

 
The confusion matrix for StrokeCNN yields TP=100, TN=100, FP=0, FN=0 — a perfect classification. Random Forest 
(99%) produced 2 false negatives (hemorrhagic images misclassified as normal), making it the second-best model. SVM 
(97%) generated 3 false positives and 3 false negatives. Logistic Regression's recall of 92% is clinically most concerning 
— 8 hemorrhagic scans were missed (false negatives), which in a clinical setting would represent undetected life-threatening 
conditions. 
 
8.2 Performance Bar Charts 
 
CNN (StrokeCNN)              ██████████████████████████████████████ 100% 
Random Forest                ██████████████████████████████████████ 99% 
SVM (RBF kernel)             █████████████████████████████████████ 97% 
Logistic Regression          ████████████████████████████████████ 95.5% 

 
Figure 5A: Accuracy Comparison — CNN vs. Classical ML Models 

 
CNN (StrokeCNN)              ██████████████████████████████████████ 100% 
Random Forest                ██████████████████████████████████████ 98.99% 
SVM (RBF kernel)             █████████████████████████████████████ 97% 
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Logistic Regression          ████████████████████████████████████ 95.34% 
 

Figure 5B: F1 Score Comparison Across All Four Models 
 
CNN (StrokeCNN)              ██████████████████████████████████████ 100% 
SVM (RBF kernel)             █████████████████████████████████████ 97% 
Random Forest                █████████████████████████████████████ 98% 
Logistic Regression          ███████████████████████████████████ 92% 

 
Figure 5C: Recall (Sensitivity) — Proportion of True Hemorrhage Cases Correctly Identified 

 
Epoch 1                      ████████████████████ 52% 
Epoch 3                      ███████████████████████████ 71% 
Epoch 5                      █████████████████████████████████ 86% 
Epoch 7                      ███████████████████████████████████ 93% 
Epoch 9                      █████████████████████████████████████ 97% 
Epoch 11                     ██████████████████████████████████████ 99% 
Epoch 13                     ██████████████████████████████████████ 99.5% 
Epoch 15                     ██████████████████████████████████████ 100% 

 
Figure 5D: CNN Training Convergence — Validation Accuracy per Epoch (15 Epochs, Adam lr=0.001) 

 
8.3 Confidence Distribution Analysis 
50–60% confidence            █ 2% 
60–70% confidence            █ 3% 
70–80% confidence            ██ 5% 
80–90% confidence            ██████ 12% 
90–100% confidence           ██████████████████████████████████████ 78% 

 
Figure 6: Confidence Score Distribution — CNN Predictions on 200-Image Test Set 

 
The confidence distribution reveals that 78% of test images receive predictions with confidence exceeding 90%, confirming 
that the StrokeCNN model is highly decisive in its classifications. The remaining 22% in lower confidence ranges 
correspond primarily to borderline synthetic images where hemorrhagic features are minimal. In a clinical deployment 
context, predictions with confidence below 70% would be flagged for mandatory radiologist review. 
 
8.4 Performance Score Distribution — Normal Distribution Model 
Based on the experimental results and computational benchmarks, key system performance dimensions are modeled using 
normal distributions N(μ, σ²): 
CNN Classification Accuracy:  N(μ = 100.0, σ = 0.0)  [Deterministic on test set] 
Random Forest Accuracy:       N(μ = 99.0,  σ = 0.5)  → 95% CI: [98.0, 100.0] 
SVM Accuracy:                 N(μ = 97.0,  σ = 1.2)  → 95% CI: [94.6,  99.4] 
Logistic Regression Accuracy: N(μ = 95.5,  σ = 1.8)  → 95% CI: [91.9,  99.1] 
System Response Latency:      N(μ = 1.8s,  σ = 0.4s) → 95% CI: [ 1.0s,  2.6s] 
The CNN's zero variance on the test set reflects its deterministic nature for the synthetic dataset. Classical models exhibit 
greater variance due to sensitivity to feature normalization and hyperparameter selection. System latency follows a near-
normal distribution with μ=1.8 seconds for inference plus file I/O, comfortably within the 3-second performance 
requirement. 
 
Score →   50%          60%          70%          80%          90%         100% 
          ┌────────────────────────────────────────────────────┐ 
CNN       │▓▓▓▓▓▓▓▓▓▓▓▓▓▓▓▓                        │ μ=100.0 σ=0.0 
Ran.For.  │▓▓▓▓▓▓▓▓▓▓▓▓▓▓▓▓                        │ μ=99.0 σ=0.5 
SVM       │▓▓▓▓▓▓▓▓▓▓▓▓▓▓▓                         │ μ=97.0 σ=1.2 
Log.Reg.  │▓▓▓▓▓▓▓▓▓▓▓▓▓▓                          │ μ=95.5 σ=1.8 
          └────────────────────────────────────────────────────┘ 
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Figure 7: Normal Distribution Model for Model Accuracy Scores (bar width ∝ spread) 
 
8.5 Comparison with Related Systems 
Table 6.5: Comparative Analysis (*Synthetic dataset; clinical validation needed) 

Feature / System 
This Work 
(CNN) 

Manual 
Radiology 

Trad. CAD 
Transfer 
Learning 

Other DL 
Systems 

Accuracy (%) 100.0* 85–95 80–90 92–97 94–99 

Feature Engineering 
Required 

No (end-to-end) Yes (expert) Yes (manual) Partial No 

Inference Time <3 seconds 10–20 min 5–10 min <5 seconds <5 seconds 

Web Interface Yes (full-stack) No Partial Rare Rare 

Authentication + History Yes 
(RBAC+SQLite) 

No No No No 

Docker Deployment Yes N/A No Partial Partial 

Cost (software) Free (open-
source) 

High (salary) Moderate Moderate Variable 

Dataset Required Synthetic (PIL) Real CT Real CT ImageNet+CT Real CT 

 
9. Sustainable Development Goals Alignment 
Table 6.6: SDG Alignment and Contribution Assessment 

SDG Goal Platform Contribution Impact Metric 

SDG 3 Good Health & Well-
Being 

Automated hemorrhage detection reduces 
diagnostic delay from 10–20 min to <3 sec. 
Enables first-pass screening in radiologist-
scarce regions (WHO: <1 per 100K population). 
Confidence scoring prioritizes high-risk cases 
for immediate review. 

Mortality reduction via 40% faster 
diagnosis 

SDG 4 Quality Education Comprehensive comparative study of CNN vs. 
RF/SVM/LR trains students in DL, web 
development, database management, and 
medical AI ethics. Synthetic data generation 
demonstrates privacy-preserving AI 
development methodology. 

Reproducible educational 
framework for 4 AI methods 

SDG 9 Industry & Innovation Custom lightweight CNN (~4.58M parameters) 
achieves 100% accuracy without expensive 
GPU or pre-trained models. Docker 
containerization enables deployment on 
commodity hardware. Open-source stack 
eliminates licensing barriers. 

One-command Docker 
deployment; zero licensing cost 

 
10. Conclusion and Future Scope 
This paper presented a comprehensive brain hemorrhage 
detection system demonstrating that a custom-designed 
lightweight CNN (StrokeCNN, ~4.58M parameters) 
trained for 15 epochs with BCE loss and Adam 
optimization achieves perfect classification accuracy 
(100% accuracy, precision, recall, and F1 score) on a 
balanced 200-image test set — significantly 
outperforming Random Forest (99.0%), SVM (97.0%), 

and Logistic Regression (95.5%). The decisive advantage 
stems from the CNN's ability to learn hierarchical spatial 
features — edges, textures, hemorrhagic boundaries — 
directly from raw pixel data through 4 convolutional 
blocks, eliminating manual feature engineering. 
The Flask-based full-stack web application successfully 
bridges the gap between academic deep learning research 
and clinical usability, providing PBKDF2-secured 
authentication, drag-and-drop CT upload, real-time 
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confidence-calibrated predictions, SQLite-persisted scan 
history, and Chart.js-powered analytics — all 
containerized via Docker for reproducible cross-platform 
deployment. The MVC architecture ensures clean 
separation of concerns enabling independent 
maintenance of the ML model, database, and UI layers. 
Critical limitations include evaluation on synthetic CT 
images only; clinical deployment requires validation on 
real DICOM data (e.g., RSNA Intracranial Hemorrhage 
Detection dataset with 750,000+ images). Future 
directions include: multi-class hemorrhage subtype 
classification (epidural, subdural, subarachnoid, 
intraparenchymal); transfer learning with ResNet-
50/EfficientNet fine-tuning; Grad-CAM explainability 
visualizations for clinical interpretability; 3D volumetric 
CNN analysis across scan slices; DICOM format support 
for PACS integration; federated learning for privacy-
preserving multi-hospital training; and real-time 
WebSocket alerts for high-confidence hemorrhage 
detections. 
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