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1. USED HARDWARE AND PROPERTIES 

1.1 Hardware for Model Training 

In the training phase of our project, we used the free available 12GB NVIDIA Tesla K80 

Graphics Processing Unit (GPU) offered by Google through the Google COLAB notebook. The 

reason for using a GPU for training is that the training phase of deep CNN models is a very resource 

intensive task and therefore requires a lot of computational power. GPUs have the capability of 

processing multiple computations simultaneously.   

1.2 Hardware for Model Testing 

We originally planned to make use of two independent hardware systems in the testing 

phase. First, we used Google COLAB 12GB NVIDIA Tesla K80 GPU to quickly measure the 

performance of our trained models on test data. The second system we plan to use in the 

competition is an Acer A517-51G-564N Intel Core i5 7200U 12GB 1TB GT940MX laptop 

computer with Ubuntu 18.04.5 LTS operating system installed. This system will be used during 

the competition phase to test the performance of our models on the unseen dataset that will be 

provided. 

2. METHODOLOGY AND MODEL ARCHITECTURE 

This project is divided into two phases. The first phase is a binary classification problem 

that tries to distinguish between normal brain CT images and brain CT images with stroke. The 

second phase of the project is a semantic segmentation project that aims to identify areas of interest 

in brain CT images that are either of the obstructive (ischemic) type of stroke or the 

bleeding(hemorrhagic) type of stroke. In each of these stages we implemented different techniques 

and model architectures to achieve reasonable results. 

2.1 Classification Model of Brain CT Images 

The objective of a classification model is to predict the class for which an input belongs. In 

this project, our goal is to develop a robust binary classification deep ensemble learning model that 

is capable of accurately distinguishing between brain CT images with stroke (ischemic or 
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hemorrhage) and normal brain CT images. The main implementation steps used to construct the 

model classifier pipeline include data preprocessing, ensemble learning model development, and 

model training and evaluation. 

2.1.1 Data Pre-processing 

 The brain CT scan images provided by the Ministry of Health, required some preprocessing 

before feeding them into the deep CNN model for training and evaluation. Pre-processing plays a 

great role in the effectiveness of learning algorithms. We used only PNG images for our 

classification models. Therefore, in this first stage of the pipeline, we performed three standard 

preprocessing techniques.  

1. Image Resizing: We resized the 512X512 pixels brain CT images to a new dimension of 

224 X 224 pixels. This increased the efficiency of training of our deep CNN prediction 

models. Also, pre-trained model classifiers that formed the base of the ensemble learning 

algorithm expect the input size to be of dimension 224 X 224. 

2. Data Augmentation: Research has shown that data augmentation is a very effective 

technique to improve the accuracy of classification tasks by producing more training data 

from the original one [1]. In this project, we applied traditional transformations such as 

vertical flip, rotation, zooming, warping, and lighting on the resized brain CT images.  

3. Data Normalization: The main objective of the data normalization method is to produce 

a high quality of data that can feed into our learning algorithm [2]. This improves model 

performance and training stability. We normalized the brain CT images by importing the 

image statistics from the image net database [3][4] through the Fastai library.  

2.1.2 Ensemble Learning Model Development 

In our work, we developed an ensemble deep learning model classifier (Figure 1) for the 

automatic detection and classification of stroke in brain CT images. Due to the sensitivity of the 

problem we are trying to solve, a misdiagnosis might be fatal to the patient. Therefore, instead of 

developing a single model classifier for the prediction of stroke, we built an ensemble deep 

learning model that is based on a max (majority) scheme of five state-of-the-art pre-trained deep 

CNN model classifiers. The five models are ResNet50 [5], ResNet34 [5], DenseNet121 [6], VGG-

19 [7], and MobileNet [8]. These models have a foundational basic structure which is based on the 
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architecture of a CNN network. That is, they are made up of blocks of convolutional layers, 

activation layers, pooling layers, and fully connected layers as shown in Figure 2 in section 2.1.3 

below. Each model has the capability of automatically learning hierarchical features from input 

images and then classifying them as either positive or negative examples. 

2.1.3 Ensemble Model Training  

 In the training step of the project, we used the Fastai library for efficient implementation 

and fast training using Google COLAB notebook with access to its free GPU. The dataset 

consisting of a total of 6650 brain CT images was split into 80% train set (5320 images) and 20% 

validation set (1330 images). The train set was used to train each of the five base model classifiers 

and the validation set was used to evaluate the performance of these models. After training, the 

prediction of all the base models were combined and the final class of the image is determined by 

the ensemble learning algorithm through a max voting scheme. The prediction by each model is 

considered as a “vote”. The class prediction which we get from majority of the models is 

considered as the final prediction. Each of the base models were trained for 20 epochs. Figure 1 

shows the complete model pipeline for the ensemble model classifier.  

 

Figure 1.  Implementation pipeline schematic of the deep ensemble model classifier 
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Figure 2. The Schematic diagram of a basic convolutional neural network (CNN) architecture. 

2.1.4 Ensemble Model Evaluation. 

In this project, we computed the confusion matrices for our final ensemble learning model 

classifier and for each of the five base models. From the confusion matrices, we calculated 

performance metrics such as accuracy, precision, recall (sensitivity), specificity, and F1-score. In 

section 4 of this critical report, we present the results and analysis of our models using the 

different performance metrics. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =   
𝑇𝑃

 𝑇𝑃 +  𝐹𝑃
 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =   
𝑇𝑃

 𝑇𝑃 +  𝐹𝑁
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =   
𝑇𝑁

 𝑇𝑁 +  𝐹𝑃
 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  2 ∗  

𝑅𝑒𝑐𝑎𝑙𝑙 ∗  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

 𝑅𝑒𝑐𝑎𝑙𝑙 +  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 

  

             𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =   
  

       
 

Where TP, TN, FP, FN are true positives, true negatives, false positives, and false negatives 

respectively.  

2.2  Semantic Segmentation Model for Brain CT Images 

Semantic segmentation, also known as pixel-based classification, is one of the main 

applications of computer vision. It aims to assign a categorical label to every pixel in an image, 

which plays an important role in image understanding [9]. In this project, we aim at achieving 

semantic segmentation of brain CT images using state-of-the-art deep convolutional neural 

networks (CNNs). In particular, the goal of this section is to successfully perform a pixel-wise 
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segmentation of brain CT images into ischemic or hemorrhagic classes. The core steps that make 

up the backbone of our model pipeline are data preprocessing, segmentation model architecture 

development, and model training and evaluation. 

2.2.1 Data Preprocessing for Semantic Segmentation.  

 The preprocessing steps used in the semantic segmentation task are similar to those used 

in the binary classification task. That is, we first resized the 512X512 CT images to 256X256 new 

dimensions. Second, we performed data augmentation by applying simple transformation 

operations such as horizontal flip, rotation, zooming, etc. Finally, the data was normalized before 

being fed to the model for training. 

2.2.2. Segmentation Model Architecture Development 

 Currently, there are many existing sophisticated CNN-based semantic segmentation 

algorithms such as U-net, Mask R-CNN, Feature Pyramid Network (FPN), etc. However, our 

model architecture is based on U-net [10], which is one of the most advanced and well-recognized 

image segmentation algorithms for biomedical data. The U-net model architecture can be broken 

down into two sub-networks. An encoder network and a decoder network as shown in Figure 3. 

The encoding path performs down sampling and the decoding path performs up-sampling.  In our 

project, we implemented a dynamic U-net architecture. In this modified version of U-net, the 

encoder is built using a pretrained ResNet34 model and the decoder is automatically created to 

complete the dynamic U-net architecture. The use of ResNet34 made it possible for us to take 

advantage of the concept of transfer learning [5].  

1. The U-Net Encoder: The encoder is the left part of the convolutional blocks as shown in 

Figure 3. In our case, it is a pretrained ResNet34 network. The encoder or the down-sampler 

takes in the brain CT images as input, then it applies convolutional blocks, followed by a 

leaky-rectifier. This increases the number of feature maps. To achieve down-sampling, a 

max pooling operation is applied to encode the input brain CT images into feature 

representations at multiple levels.  

2. The U-Net Decoder: It represents the up-sampling path shown on the right side of Figure 

3. It performs symmetric expansion that enables precise localization using transposed 

convolution. The decoder consists of a deconvolutional layer at the beginning of every 
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block. This layer decreases the size of the feature maps but decreases the number of feature 

maps. The main operations performed by the decoder are up sampling and concatenation 

followed by regular convolution operations.  

 

 

Figure 3. U-net Architecture 

2.2.3 U-Net Model Training  

In the implementation of the dynamic U-net model for the segmentation of ischemic and 

hemorrhagic stroke, we took advantage of the Fastai library on Google COLAB. The Fastai 

Library provided us with efficient and advanced methods for the building of the dynamic U-net 

model. Some of these techniques included one cycle learning, AdamW optimizer, Pixel shuffle 

upsample, self-attention, etc. Before training the dynamic u-net, we split the dataset into train, 

validation, and test set. This includes 2273 CT images with stroke provided by the ministry of 

health and their mask counterparts. 100 images from this dataset were randomly selected to make 

up the test set. The remaining 2173 images were then split into a ratio of 80% train set (1739 

images) and 20% validation set (434 images). Preprocessing was applied to both the training and 

validation data set. The training set was then used to train the dynamic U-net model. The validation 

set was then used to evaluate the performance of the trained segmentation dynamic U-net 

algorithm.  



 

9 
 

2.2.4 U-Net Model Evaluation  

Based on the ground truth mask images provided in the data set. Ischemic stroke is represented by 

blue-colored pixels in the mask image. On the other hand, hemorrhage stroke is represented by the 

green-colored pixels in the mask image. The regions in the image that contained neither ischemic 

nor hemorrhage are represented by black-colored pixels. Therefore, we framed our problem as an 

RGB semantic segmentation task that is made up of 3 classes. The R-channel represented the 

background class, the B-channel represented ischemic class, and the G channel represented 

hemorrhagic class. To objectively evaluate the performance of our model on the segmentation of 

brain CT images, we deployed several metrics. These performance metrics include pixel accuracy, 

inter-performance metrics were considered for the evaluation of the trained model. This included 

pixel accuracy, intersection-over-union (IoU), and Dice coefficient (F1-score). 

1. Pixel Accuracy: It computes the percentage of correctly classified pixels in an image.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =   
𝑇𝑃 +  𝑇𝑁

 𝑇𝑃 +  𝐹𝑃 +  𝐹𝑁 +  𝑇𝑁
 

2. Intersection over Union (IoU):  It is also referred to as Jaccard index. The IoU metric 

measures the number of pixels common between the target and prediction masks dividedby 

the total number of pixels present across both masks. 

𝐼𝑜𝑈 =   
 ⋂ 

  ⋃ 
 =    

     
 

3. DATASETS USED IN EXPERIMENTAL AND TRAINING STAGES 

3.1 ImageNet Dataset 

 It is a large dataset of annotated photographs intended for computer vision research. It 

currently contains over 14 million images, more than 21 thousand groups or classes, and more 

than 1 million images that have bounding box annotations. Since we are using transfer learning 

on very deep CNN models, the models are loaded with weights pre-trained with images from the 

ImageNet datasets [3]. Their pre-trained weights are used as a starting point for training the 

models using CT images to accomplish the concept of transfer learning. Since we are not training 

our models directly on the image net dataset, it can be said we used the image net dataset 

indirectly. 
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3.2 Ministry of Health Dataset  

The Ministry Health dataset shared with us through TEKNOFEST contains about 4427 normal CT 

images, 1093 hemorrhagic CT images, and 1130 ischemic CT, making a total of 6650 brain CT 

images. This dataset was used to train and evaluate our models. No extra data sources were used 

to train the models since we relied on algorithms to perform some basic data augmentation. The 

data was downloaded, using IP and Port provided by TEKNOFEST committee, using FileZilla 

software. Once downloaded into system, the folders were uploaded to a secure google drive where 

it could be accessed directly from COLAB. Also, this dataset is provided both in PNG and DICOM 

format.  

3.2.1 DICOM Format 

The Digital Imaging and Communications in Medicine (DICOM) is standard for storing and 

transferring medical data and is frequently used for biomedical research [11][12]. Files in the 

DICOM format contain a header or metadata, which contains crucial information for DICOM 

image interpretation, and the pixel data values. The original DICOM pixel values may not be 

visible to the human eye. One reason for this may be due to the nature of image signals generated 

by the medical imaging equipment. Another reason, which is common, is that the pixel values have 

been converted into Hounsfield units by scaling and shifting the original pixels by specific amounts 

to mask patient data for confidentiality purposes [12]. It is often necessary to make use of 

information encoded in the metadata both to rescale the image pixel values into the visible 

spectrum of the human eye, and to display only the useful portions of the image as shown in figure 

4 below.  

 

Figure 4. This figure shows a DICOM Image with Ischemic Stroke in the Preprocessing Stage 
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3.2.2 PNG Format 

The PNG format, unlike the DICOM format, is rather straightforward to use. PNG images can be 

read directly into programs using a wide variety of libraries. For this reason, we used the PNG 

files provided to train both our prediction and segmentation models. In case of segmentation, the 

use of PNG was inevitable as the mask images were PNG as well. However, since medical images 

are mostly available in DICOM format, we tested our models on DICOM images as well, but first 

the DICOM images are preprocessed before fielding the pixel arrays into the prediction or 

segmentation models. The image on the right in figure 4 above shows the nature of the final image, 

which is a single channel 8 bits image obtained after DICOM preprocessing. Since our models 

take in 32 floating point 3 channel images, both DICOM and PNG images need to be converted to 

a 3-channel image array. 

4. EXPERIMENTAL RESULTS PRESENTATION 

4.1 Classification Results and Analysis 

 After training the five base model classifiers, we obtained their training accuracies shown 

in Table 1. These trained model classifiers were then used to compute the confusion matrices 

(Figure 5) of the base models on the test set. By using the confusion matrix values, we calculated 

test accuracy, precision, sensitivity(recall), specificity, and F1-score of the base models. And, the 

max voting scheme of the ensemble learner was then used to compute the final accuracy, precision, 

sensitivity, specificity, and F1-score. The test results are shown in Table 2. From Table 2, the 

results show that our ensemble learner has the highest sensitivity score of 97.43% compared to the 

five base models. Also, in terms of F1-score, our model outperforms all the base model classifiers 

with an F1-score of 95.92%. The specificity of the ensemble learner is higher than that of all base 

model classifiers but one. That is, the specificity score of ResNet50 is slightly higher than that of 

our classifier.   
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Figure 5. Confusion matrices for ResNet50, ResNet34, and DenseNet121 model classifiers. 

 

Table 1. Training Accuracy of the base model classifiers. 

Train ResNet-50 ResNet34 DenseNet121 VGG-19 MobileNet 

Accuracy 95.39 92.09 96.08 93.09 93.54 

 
Table 2. Test performance results of deep learning model classifiers. 

Test ResNet-50 ResNet34 DenseNet121 VGG-19 MobileNet Ensemble Learner 

Accuracy 0.9474 0.9323 0.9496 0.9226 0.9368 0.9444 

Precision 0.9459 0.9300 0.9540 0.9130 0.9347 0.9447 

Sensitivity 0.9337 0.9149 0.9313 0.9106 0.9206 0.9743 

Specificity 0.8943 0.8647 0.8782 0.8759 0.8736 0.8828 

F1-Score 0.9394 0.9218 0.9414 0.9118 0.9271 0.9592 

 
From the result of our classification model, it can be seen that our model is highly sensitive, but 
less specific. This is evidence of high variance due to class imbalance. Therefore, in the next few 
days, we will focus on, first, solving the class imbalance problem, and then performing some hyper 
parameter tunings. 
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4.2 Semantic Segmentation Results and Analysis 

After training the dynamic U-net semantic segmentation model using the training set, the average 

accuracy and the intersection over union (IoU) score across all three channels was computed. Our 

dynamic U-net model obtained an average training accuracy of 99.74% and an IoU of 0.5449 as 

shown below. 

Table 3. Training average accuracy and intersection over union of dynamic u-net. 

Accuracy IoU 

0.997411 0.544948 

 

In order to evaluate the performance of our segmentation model, we performed predictions on the 

test set which consisted of 100 brain CT images.   Figure 6 shows a sample prediction result of the 

trained dynamic U-net model on the test set for the three channels. The left image represents the 

real brain CT image. The center image represents the ground truth mask. The right image 

represents the predicted masks. The Red (R), Green(G) and Blue(B) channels represent the 

background pixels, hemorrhagic stroke pixels and ischemic stroke pixels respectively. From the 

predicted masks in Figure 6, our trained dynamic U-net segmentation model can segment the brain 

CT images with ischemic and hemorrhagic stroke types. Furthermore, in some images, the model 

identifies and segments both ischemic and hemorrhagic types of stroke. Based on these impressive 

performance results on the test set, we are confident of the effectiveness of our segmentation 

algorithm.  

 

(a) Real Image (b) Real Mask (c) Predicted Mask 
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(a) Real Image (b) Real Mask (c) Predicted Mask 

 

 

(a) Real Image (b) Real Mask (c) Predicted Mask 
 

Figure 6. Sample segmentation results on the test set for ischemic(iskemi) and hemorrhagic(kanama) 
brain CT scans using dynamic U-net model. 

CONCLUSION 

The results we have so far for both the classification and segmentation tasks represent our base 

performance. Through iterations of image processing, model fine-tuning, and re-training we aim 

to improve the performance of our models to achieve better classification and segmentation results.  
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