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Abstract: A single stroke can lead to lasting harm or even loss of life across the globe; catching 
it fast improves chances. This study introduces a digital method meant to spot early signs 

through brain CT scans. Key visual traits are picked out by an algorithm shaped via genetic 
optimization and processed using a CNN setup. These patterns then move into a Bidirectional 
LSTM network for sorting and identification. Instead of relying on one test, multiple checks plus 
cross-check steps help judge how well the system works. The new method hits 96.5% accuracy, 
beating older machine learning and deep learning approaches. Doctors could use it to spot 
strokes faster - making prevention easier along the way. 
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I.INTRODUCTION 

A stroke happens when part of the brain doesn't get proper blood flow due to a clogged artery or a burst vessel. This 

issue ranks high among global reasons for death and lasting impairment, hitting countless individuals annually. Lots of those 

who live through it deal with tough movement issues or thinking troubles that impact daily living. For these folks, spotting signs 

fast while acting quickly can make care more effective - helping avoid worse results. 

Broadly put, there are two kinds of stroke - when a blood vessel gets blocked, that’s an ischemic type; whereas if it 

bursts and bleeds into the brain, it's called hemorrhagic. The first kind shows up more often; however, the second is far riskier 

and needs urgent care every single time. 

New progress in machine learning opens more ways to assist doctors when checking medical scans - like brain CTs - 

by letting smart systems spot signs of stroke faster and more precisely. Instead of relying only on what a person can see, these 

tools pick up hidden details in images, then point them out clearly. 
The interest of the research is to propose an efficient and robust system for stroke detection on CT images of the 

brain. This research focuses on how the combination of a genetic. Into An algorithm picking key features might work faster 

while cutting down computer workload for complex deep learning models. So, this automatic method can assist doctors with 

quick and precise stroke spotting - boosting patient care and results in clinics. Build these parts using the right rules listed 

below. 

 

II. RELATED WORKS 

Lately, folks’ve been keen on using AI to help spot strokes earlier and guide care choices - so researchers dove in 

hard. Doctors usually check CT or MRI scans by eye, which takes ages and can be tough when signs are subtle at first. Because 

of that hassle, scientists turned to smart systems powered by machine learning or deep learning to flag strokes automatically 

or guess risks ahead. Early efforts mostly used patient details like age, sex, high blood pressure, heart issues, whether they 

smoke, and sugar levels. They tested old-school tools such as Logistic Regression, SVMs, Random Forests, plus team players 
like XGBoost - all fed with huge piles of health records. These ways showed machine learning beats old number-crunching 

tricks when guessing stroke chances in people with high blood pressure or serious risks. Still, even though those tools did well 

spotting warning signs, they weren't built to handle pictures - something you need to confirm if someone actually had a stroke. 

But here’s where CNNs changed the game. These smart nets grab shapes from medical scans without any manual help, 

making them ideal for checking brain imaging. A bunch of studies made CNN setups fed with CT shots to catch blocked 

vessels and bleeding events alike. Some research used CT images along with extra details like gray-level patterns or wavelet 

changes to get better results in spotting ischemic stroke. Other papers brought in probability-driven networks instead MRI 

brain scan classification, classifying them into normal, stroke, and degenerative diseases with very high accuracy from well-
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prepared datasets. 

More recent studies are based on hybrid architectures within deep learning. These have included the introduction of 

CNN- RNN frameworks that capture both spatial and sequential patterns in CT data in order to improve the accuracy of 

detection performances for different types of intracranial, such as epidural, subdural, and intraparenchymal bleeds, while 

concurrently cutting down on wrong alerts. Some research built tools that automatically measure depth and size, so results 

actually help doctors. 

Some newer studies focus on picking useful traits from data. Even though CNNs grab lots of traits, many don't help 

much when sorting things right. To fix this, researchers tried different ways - like using PCA, web-like entropy measures, or 

step-by- step adding approaches. Lately, because they’re good at scanning complex data and keeping only what stands out, 
tools like genetic algorithms are getting more attention. These methods boost precision while cutting down processing 

demands for classification tools. Even so, research still faces multiple hurdles. Most frameworks rely on tiny or skewed data 

samples, which often causes models to memorize noise instead of learning patterns. A few setups demand intense preparation 

steps or depend on manually crafted signals, limiting their use in everyday healthcare environments. Neural networks usually 

take a lot of time to train, requiring powerful hardware and posing challenges when trying to understand how they reach 

conclusions - especially critical in medicine. 

 

III.METHODOLOGY 

1. Data Prep – CT scans get split, 70% for training, while 30% go to testing. After that, every image is adjusted in size and 

balanced in tone before use. 

2. Images get processed more to pull out key details through five ready-made neural networks - AlexNet, VGG-19, 
InceptionV3, NASNet-Large, or ShuffleNet. Each model digs into the visuals a slightly different way. These setups have 

already learned from tons of pictures before. They help spot complex patterns without starting fresh. Instead of building 

models from scratch, they use past knowledge. That speeds things up while boosting accuracy. 

3. A genetic method picks key traits while dropping unneeded parts - this cuts clutter yet boosts precision because it 

simplifies the process without losing value. 

4. Classification used tuned traits fed into LSTM along with BiLSTM setups. Of these, BiLSTM delivered stronger results 

when sorting regular from stroke images. 

5. Accuracy, then precision, next recall - F1-score along with AUC - these show how well the system works. Each metric 

gives a different look at performance. No fluff, just clear measures side by side. 

 

A. Cnn Architecture 

The CNN’s a type of deep learning tool mostly used for image analysis since it picks out key visual details on its 
own. When spotting strokes, it helps find tiny changes in brain CT scans that regular viewing might miss. Its setup builds 

features step by step - starting with basic lines, then moving toward more detailed forms and shapes. 

 

1. Convolutional Layers 

The convolutional layer is the most crucial part of the CNN. It consists of several learnable filters (kernels) that slide 

across the image, capturing features of importance. Shallower layers. 

 
Detect basic shapes like edges or borders; meanwhile, deeper levels pick up complex details - lesions, changes in 

soft tissue thickness, plus areas affected by stroke. 

 

2. Activation Function (ReLU) 

Once the convolution step finishes, we use ReLU to activate the output. Instead of keeping negatives, it sets them 

to zero, which adds a twist to how data flows. Because of this shift, the model picks up on finer details in CT scans. It’s 

better at spotting real- looking structures now. 
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3. Pooling layers 

The pooling layers - usually using max-pooling - shrink the feature maps through down sampling. They help by: 

Reducing how much computer power is needed 

 

 Over fitting Uses 

Keeping just what matters most this move keeps the picked traits clear while cutting extra clutter - so things stay sharp 

without overlap. 

 

4. Fully Connected Layers 

After being pulled out, key traits get squashed into a line then fed to dense layers - these tie together everything 

picked up so far, guiding the model toward its final guess on what’s in the picture. 

5. The last part gives the final decision. This section decides if the brain scan looks healthy or has signs of a stroke. How Pre- 

Trained Models Were Used Here We didn't build a network from nothing - instead, we used existing designs like: 1. 

AlexNet other ones were: VGG-19, Inception V3, NASNet- Large, along with ShuffleNet. 5. These models are trained on 

big data, so they pick up key patterns from CT scans. The last set of features holds useful details, which get fine-tuned by 

a genetic algorithm then fed into LSTM or BiLSTM networks for sorting. 

 

2. VGG 19 
  In the suggested stroke detection setup, VGG-19 handles feature pulling. Instead of raw data, cleaned CT scan 

pictures feed into a ready-made VGG-19 system. This step captures strong image details like textures, lines, or shape shifts 

in brain tissue. Outputs from VGG-19 highlight key clues pointing to areas hit by stroke. Using VGG-19 features along with 

outputs from another CNN model, we fine-tune them using a genetic algorithm - this helps remove unneeded data. After 

cleaning the info this way, it goes into LSTM and BiLSTM models so they can decide if a CT scan is normal or shows signs 

of stroke. Since VGG-19 captures detailed patterns, it boosts how well our method works. 

 

3. SHUFFELNET 

In the stroke detection system, ShuffleNet helps pull out key image details because it’s small and runs quickly. Instead of 

starting fresh, the model uses CT brain scans after they’ve been cleaned up, feeding them into a version of ShuffleNet 
already trained to spot basic visuals like textures, edges, or tiny irregularities tied to strokes. Because this network needs 

fewer resources and less power, pulling features happens at high speed without losing accuracy. On top of that, outputs 

from ShuffleNet mix with data streams from other convolutional networks, then get fine-tuned using a genetic method to 

strip away unnecessary bits. Lastly, the improved traits go into LSTM and also BiLSTM models to clearly label CT scans 

as healthy or impacted by stroke. So, ShuffleNet works well - delivering solid details while staying quick and light on 

computing power. 

 

4. NasNet-Large 

 NAS Net-Large plays a key role in pulling out deep features for the stroke detection setup. Built with Neural 

Architecture Search, it finds the best layout on its own when checking images. Once cleaned-up brain scans move through 

this network, they reveal fine details about texture shifts, brightness differences, and odd shapes tied to strokes. Thanks to 

how layered and smartly built it is, NAS Net-Large spots tricky patterns in CT pictures that older-style CNNs might miss. 
The data chunk it produces gets mixed with outputs from other CNN setups, but only the strongest, most useful pieces make 

the cut- picked by a genetic algorithm. On top of that, the tuned features go into LSTM and BiLSTM models - helping spot 

strokes more precisely. Thanks to strong pattern recognition, NAS Net-Large boosts accuracy when telling apart healthy 

brains from stroke cases. 

  Inception V3 works inside the stroke-detection setup, pulling out rich and varied details from brain CT scans. This 

model uses multiple paths at once - so it catches both tiny edges and bigger shape changes tied to strokes. As cleaned-up scan 

images move through Inception V3, they turn into sharp feature sets highlighting key tissue traits. These features team up 

with outputs from top-performing CNNs; together, a genetic algorithm tunes them down by dropping weak or extra 

parts. 5. In the end, LSTM and BiLSTM sorted the selected traits into either normal or stroke types of CT scans. On top of 

that, Inception V3 boosts performance by capturing detailed patterns at various scales. A. PICKING FEATURES WITH 

GENETIC SEARCH The method uses a genetic approach - one smart way to handle tons of messy data from several 
pretrained CNNs. While systems such as AlexNet, VGG-19, Inception V3, NASNet-Large, and ShuffleNet pull out 

thousands of deep clues per brain scan, lots of these details don’t help much - some just clutter things up, slowing down analysis 

and hurting results. Because of this, a genetic optimizer steps in, mimicking how nature evolves, picking only the sharpest, 

most useful features. 5. The algorithm starts by creating a bunch of random feature groups. Yet each group gets scored based 

on how good it is at spotting strokes. Top performers are picked to become parent sets, then mixed together to form fresh 

combos. Meanwhile, small tweaks pop up through mutation - this keeps things from stalling at so-so results. Loop after loop 

runs till the system locks onto the best combo for accurate predictions. In the end, those chosen features make a tight, clear 

data set packed with useful info. That streamlined input helps both LSTM and BILSTM models work faster and better. As a 

result, the whole stroke detection setup becomes way more dependable without extra fluff. 
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A. Conventional Lstm 

  A standard LSTM is a type of RNN built to spot long-lasting trends in sequences. Instead of just stacking layers, it 

uses three special switches - input, forget, and output - to decide what info sticks around or gets tossed out. Because of this 

setup, it sidesteps issues like shrinking gradients common in basic RNNs. Here, the system made for spotting strokes leans 

on a classic LSTM, which runs through tuned features step by step in a single forward line. Over time, it picks up how 

different signals connect one reason is how CT scan details are pulled out. Though it spots main links, understanding gets 

limited by always moving forward in time - so it misses some deeper connections between those details. 

 

B. Bidirectional LSTM 

A Bidirectional Long Short-Term Memory setup builds on the regular LSTM by processing data sequences both 

forwards and backwards. Instead of one direction, it runs two LSTM layers at once - opposite ways - to catch what came 

before and what comes after in the data flow. Because it sees context from both sides, the model picks up deeper links between 

features, getting a clearer picture of hidden patterns. Here, the BiLSTM digs into refined CNN outputs more thoroughly than 

a basic LSTM could, making it sharper at telling apart typical brain scans from those showing stroke damage. By pulling 

insights from dual paths, the approach hits higher precision and stronger results across classifications 

 

C. Evaluation Metric 

Accuracy= Total correct predictions/Total Samples PRECISION=TP/TP+FP 

Recall=TP/(TP+FN) F1_SCORE=2TP/2TP+FP+FN 
 

IV. RESULTS 

The proposed stroke-detection model's performance gets checked through accuracy, precision, yet also recall, 

alongside F1-score plus Auc. Once features were pulled out by multiple CNNs, different setups then optimized them via a 
genetic method, the upgraded feature group moved into classification using both the. 

LSTM plus BiLSTM setups were tested. Results revealed BiLSTM worked best since it catches patterns moving 

ahead and back through data. Accuracy hit about 96.5%, with solid precision and recall, meaning few mistakes spotting 

stroke cases. The ROC graph showed strong AUC, hinting the system holds up well under variation. When stacked against 

classic ML methods or basic CNNs, the GA–BiLSTM mix boosted performance while needing less computing power. 

 

 
 

 

 

 
 

 

 
 

 

 

 

V.CONCLUSION 

A new mix of deep learning tools was built and tested here to catch strokes sooner using brain CT scans. Instead of 

just one method, it combines several trained CNNs to pull out key details from images. On top of that, a genetic process 

tunes the data by cutting out noise and keeping only what matters. That cleaned-up info then feeds into a BiLSTM system 

which makes the final call. Unlike basic LSTM models, this two-way version digs deeper into how features connect over 

time. 

Because of this smarter design, it scored better results than older methods. The whole setup runs leaner thanks to 

fewer useless inputs slowing things down. In short, the system works well to spot strokes automatically while helping 
doctors make quicker choices with better info. Down the line, studies might focus on bigger data collections or putting it 

into live use possibly multimodal medical data in order to enhance the performance of the system. 
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