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Accurate and rapid brain tumors diagnosis of brain tumors in magnetic resonance
imaging (MRI) is one of the major challenges in the health and medical fields, especially
in radiology. The deep learning models have been widely used in the medical field due
to their high capabilities in extracting complex and nonlinear features from image data.
However, deep learning models may have unstable results due to their strong
dependence on model settings and sensitivity to input data quality. In this study, in order
to improve the accuracy and precision in diagnosis of brain cancer tumors, a deep
learning model is proposed based on two swarm intelligence algorithms, in which the
particle swarm algorithm is employed to adjust the hyperparameters of the deep neural
network and the ant colony algorithm is applied to select the most effective features of
MRI images. Experimental results of tests on the Kaggle MRI brain tumor as benchmark
dataset indicate 95% accuracy and 91% accuracy of brain tumor diagnosis obtained from
the proposed model in this study, as well as improved performance compared to
conventional deep learning methods.
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12 Artificial Intelligence (Al)

13 Machine Learning (ML)

14 Deep Learning (DL)
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16 Magnetic Resonance Imaging (MRI)
17 Convolutional Neural Network (CNN)
18 Image Processing

19 Feature Extraction
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21 Accuracy
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! Pituitary gland

2 Lymphoma

3 Medulloblastoma
4 Glioma

5 Meningioma

6 Neoplasm

7 Glial Cells

8 Neurons

9 Astrocyte

10 Oligodendrocyte
1 Ependyma
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3 Support Vector Machine (SVM)
4 Random Forest (RF)

5 Histogram

6 Metaheuristic Algorithm

7 Swarm Intelligence (SI)
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def cnn_train_eval(params:(learning_rate,
num_neurons = params
model = sequential(
model.add(Conv2D(32,(3,3),activation="relu',input_
shape=(128,128,3)))
model.add(MaxPooling2D((2,2)))
model.add(Conv2D(64,(3,3),activation="relu))'
model.add(MaxPooling2D((2,2)))
model.add(Flatten())
model.add(Dense(int(num_neurons),activation="relu
»' # odigdaige slacyg s olows
model.add(Dropout(0.5))
model.add(Dense(1,activation="'sigmoid))'
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class ACOFeatureSelection :
def __init__ (self, num_features) :

self.pheromone = np.ones(hum_features)
def select_features(self) :
subset = self.generate_subset()
acc = self.evaluate(subset)
self.update_pheromones(subset)
return subset
def generate_subset(self) :
return np.random.rand(len(self.pheromone)) <
self.pheromone
def evaluate(self, subset) :
model = build_cnn_model(input_shape= (128,
128,np.sum(subset))))
model.fit(train_data, epochs=>5, verbose=0)
return model.evaluate(test_data, verbose=0)[1]
def update_pheromones(self, subset):
self.pheromone=0.9*self.pheromone+0.1*subset
aco = ACOFeatureSelection(num_features=128)

best features = aco.select_features(
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