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Abstract
Brain tumor, which is the deadliest disease in adults, grows rapidly and disrupts the functioning of organs. Brain tumors

can be of different types, depending on their shape, texture, and location. The correct detection of these types helps the field

specialist to make the correct diagnosis and thus save the patient’s life. In this study, a three-stage hybrid new classification

framework based on YOLO ? DenseNet ? Bi-LSTM is proposed to classify glioma, meningioma, and pituitary brain

tumor types. In this framework, the brain region is detected first through the YOLO detection algorithm. In the second

stage, deep features are extracted from this region via a pre-trained deep learning architecture, and in the final stage, brain

tumor classification is performed by way of the Bi-LSTM network which is another deep learning model. The proposed

model offers high test accuracies of 99.77% and 99.67%, respectively, for three brain tumor types using hold-out and

tenfold cross-validation techniques on a dataset containing 3064 MRI images. With its high performance in validation and

test sets, the proposed hybrid model is better than other previous studies and so it can be used as a useful decision support

system for field specialists.

Keywords Brain tumor classification � YOLO � DenseNet201 � Bi-LSTM

1 Introduction

Cancer is the most common life-threatening disease today,

and among the many types of cancer, the most aggressive

form is brain cancer or tumor [1, 2]. The brain is the most

complex organ that plays a remarkable role in our daily

activities [2, 3]. The brain, the most developed organ of the

human body, regulates movement, speech, thoughts, and

memories. Type of foreign substance, inflammation, lesion,

or any of these in the brain tissue can cause vision and

hearing loss, speech impediment, weakness, paralysis, and

even death [4]. Uncontrolled growth of tissues in the brain

is known as a brain tumor, which is a very serious disease

[2]. World Health Organization [5] reported that around 9.6

million people worldwide died from cancer in the year,

2018.

Due to the dire condition of cancer, its abnormal growth,

and the complexity of brain structure, timely diagnosis is

necessary [6]. Brain tumor, which is one of the increasing

causes of death among children and adults, is called

cancerous tissues in the brain or a collection of abnormal

cells produced by a metastatic process. It reduces the

patient’s life quality and significantly limits his/her daily

activities. Brain tumors are divided into two main cate-

gories, benign and malignant. While malignant tumors are

cancerous, benign tumors are not [7].

Early diagnosis of a brain tumor and classification

according to its specific grades are crucial to effectively

treat the tumor [8]. Glioma, the most common type of

tumor with the highest mortality rate [9], consists of brain

glial cells that support and surround the brain neuron.

Almost 33% of all tumors are diagnosed as gliomas.

Meningioma occurs in the exterior regions of the brain or

in the spinal cord adjacent to the tissues of the meninges

[4]. Meningioma is a non-cancerous tumor that grows from

the membranes surrounding the brain and spinal cord.
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Pituitary tumors develop in the pituitary gland and fall

under the category of benign tumors [10].

Accurate tumor diagnosis is a crucial step in disease

prognosis and treatment planning. A biopsy is highly

invasive, time-consuming, and prone to sampling error

[11, 12]. In addition, heterogeneity within the tumor, as

well as differences in subjective examinations by field

experts, is the main challenges in the histopathological-

based tumor grading system (Biopsy) [12, 13].

Timely diagnosis of brain tumors is very important for

patient health and treatment planning. Evaluation of brain

tumor images is often a time-consuming task for radiolo-

gists [14]. Moreover, human decisions are not always

correct in this time-consuming process [2]. Magnetic res-

onance imaging (MRI) scanning is the most used method in

neurology to visualize detailed features of the brain and

other cranial structures. MRI is useful in visualizing anat-

omy in three different planes which are axial, coronal, and

sagittal [15]. This method is radiation-free and produces

images with high resolution and contrast. Therefore, it is

the most appropriate imaging method for the noninvasive

diagnosis of brain tumor types [16].

The anatomical structure of the brain is complex, and so

many problems are encountered such as underfitting,

biased results, and overfitting. Hence, developing an expert

system to classify brain tumors is a difficult task [17, 18]. It

is very important to extract meaningful features from brain

tumor images and to perform trial-and-error studies based

on machine learning in a successful expert system design.

Classification studies in the literature on the detection of

whether or not brain MRI images contain tumors can be

divided into three categories [7]:

1. Studies in which handcrafted features from tumor sites

are fed as input to a traditional classifier or ensemble

classifiers.

2. Deep learning-based studies where both feature extrac-

tion and classification are performed by a network.

3. Studies with traditional classifiers on deep features

extracted from pre-trained deep learning models.

In this study, a three-stage hybrid new classification

framework is proposed with the motivation to successfully

classify glioma, meningioma, and pituitary brain tumors.

The novelty of this study is that it proposes a framework

based on YOLO, DenseNet and Bi-LSTM referred as

YoDenBi-NET in the paper throughout for the detection of

brain tumors. In this study, the region of interest is deter-

mined with YOLO before the original images are sent to

the CNN unlike the deep learning studies in the literature.

In the second stage, deep features are extracted from the

brain region detected by YOLO. In the final stage, these

features are sent to the Bi-LSTM network and brain tumor

classification is performed.

The contributions of this paper can be summarized as

follows:

1. A new deep learning model called YoDenBi-NET,

which has not been used in previous studies, is

proposed to classify brain tumors.

2. YoDenBi-NET is a three-stage model that uses YOLO

to focus on the region of interest, CNN to extract

features from this region, and Bi-LSTM to classify

with high-success capability.

3. YoDenBi-NET offers a significant classification per-

formance improvement when compared to pre-trained

models. Moreover, it is more successful than studies in

the literature.

This paper is organized as follows: Sect. 2 presents

related works. Section 3 gives detailed information about

the material and method. Section 4 includes the results and

discussion. Finally, Sect. 5 presents the conclusions and

gives information about future works planned.

2 Related work

Brain tumor classification has been extensively studied in

the literature with many different models and approaches,

so far. It is seen that in some of the feature extraction

studies, which is the basic element of classification,

handcrafted feature extraction techniques are applied, and

in some, deep learning architectures, which are quite out-

standing with their successful performances, are used

today. Moreover, deep learning studies include the use of

built from scratch and pre-trained CNN models and the use

of traditional classifiers on deep features extracted from

fully connected layers before the last layer of the CNN.

Rehman et al. used AlexNet, GoogLeNet, and VGGNet

pre-trained networks to classify brain tumors such as

glioma, meningioma, and pituitary and classified the fea-

tures they extracted through support vector machines and

log-based softmax layer. In their study, the authors

achieved the highest accuracy of 98.69% using the fine-

tuned VGG16 network [19]. In another study, Noreen et al.

achieved 99.34% and 99.51% test accuracy, respectively,

with the Inception-v3 and DensNet201 networks on the

dataset containing three tumor classes [20]. Huang et al.

used a complex network-based convolutional neural net-

work to classify brain tumors from magnetic resonance

images. The authors reported that the CNN they optimized

with random generated graph algorithms and modified

activation function had a classification accuracy of 95.49%

[21]. Cheng et al. analyzed the efficiency of density his-

togram, gray level co-occurrence matrix, and a bag of

words (BoW) feature extraction methods for brain tumor

classification problem. The authors trained the support
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vector machines, K nearest neighbor, and K-means algo-

rithms on the features they obtained, and they achieved the

highest value of accuracy with 91.14% using the SVM

classifier on the BoW features [22]. Gumaei et al. used a

regularized extreme learning machine (RELM) for brain

tumor classification. After using L2 normalization to

extract features to be used in training this classifier, they

combined the PCA method with the GIST descriptor. The

authors achieved a 94.233% value of accuracy in their

studies [23]. Sachdeva et al. classified T1-weighted MR

images including astrocytoma, glioblastoma multiform,

childhood tumor-medulloblastoma, meningioma, sec-

ondary tumor-metastatic, and normal regions brain tumor

types. The authors applied the PCA technique to the den-

sity and texture features they extracted from the images and

achieved 91% accuracy with artificial neural networks [24].

Yin et al. proposed a study that includes background

removal, feature extraction, and multilayer perceptual

neural network-based classification steps for brain tumor

classification. In their proposed study, they improved the

classification model with a whale optimization algorithm

that includes chaos theory and logistic mapping technique,

and they achieved 87% accuracy [25]. Pashaei et al.

achieved 93.68% accuracy with the kernel ELM classifier

on the features they extracted from the convolutional layers

of the CNN for brain MR images [26]. Arı and Hanbay

reported that they classified benign and malignant tumors

with a 97.18% value of accuracy using the extreme-

learning machine-local receptive fields classifier they

trained on cranial magnetic resonance images [27]. Özyurt

et al. achieved a 98.33% accuracy ratio with the ELM

classifier on the features they extracted with AlexNet and

SqueezeNet to classify malignant and benign brain tumor

types [28]. Byale et al. determined the area of interest using

the Gaussian Mixture Model technique on the images,

which they removed noises with the adaptive median filter

technique, extracted the features with GLCM, and, in the

final stage, they achieved 93.33% accuracy with the neural

network [29]. Hsieh et al. achieved classification accura-

cies of 76%, 83%, and 88%, using global, local, and

combined features obtained from MRI images that include

high and low levels of glioma, respectively [30].

Zia et al. proposed a generalized classification model

based on cropping the rectangular window image for

brain tumors. The model proposed by the authors includes

three stages such as feature extraction based on discrete

wavelet transform, features reduction with PCA and

classification with SVM [31]. Anaraki et al. optimized the

parameters of the CNN they used to classify brain tumors

with a genetic algorithm. In addition, they applied a

bagging algorithm for reducing the prediction error of the

CNN network and obtained 94.2% classification accuracy

[32]. Choudhury et al. classified tumor and non-tumor

MRI images using CNN with 96.08% accuracy and

2.98% error [33].

In addition, there are studies carried out on the dataset

we used in our study, as well. For example, Ismael and

Abdel-Qader trained the backpropagation neural network

classifier on the features they obtained using a combination

of 2D Discrete Wavelet Transform (DWT) and 2D Gabor

filter techniques to classify brain tumors in MRI images.

The authors achieved 95.66% accuracy on the three-class

dataset containing meningioma, glioma, and pituitary brain

tumors with their proposed model [34]. Abiwinanda et al.

achieved 84.19% accuracy in the classification they per-

formed with the fully connected layer on the features they

extracted from the convolution layers of CNN to distin-

guish glioma, meningioma, and pituitary brain tumors [35].

Sultan et al. tested the CNN-based model they proposed on

two different datasets to classify different brain tumors.

While the first one includes three classes: meningioma,

glioma, and pituitary tumor, the second one includes three

grades of glioma (Grade II, Grade III, and Grade IV). The

authors achieved 96.13% and 98.7% accuracies, respec-

tively, on these datasets with the deep learning model they

proposed [36]. Kumar et al. first performed feature reduc-

tion with gray wolf optimization on brain tumor images

and obtained 95.23% classification accuracy with multi-

class support vector machine on the dataset they obtained

[37]. Paul et al. examined the classification performances

of convolutional neural networks, fully connected neural

networks and random forest algorithms. They used a CNN

with two convolution layers each with 64 filters of size

5 9 5, MaxPool layers, two fully connected layers with

800 neurons, and a Softmax with three neurons in the

output layer and achieved 90.26% accuracy [38]. Das et al.

classified the brain tumor (glioma, meningioma, pituitary)

images which were preprocessed using the Gaussian filter

and histogram equalization technique, with a convolutional

neural network and achieved a 94.39% test accuracy [39].

Badža and Barjaktarović classified brain tumors with a

22-layers CNN model. The authors tested the generaliza-

tion ability of their proposed model with subject-wise

cross-validation and record-wise cross-validation and

achieved a 96.56% accuracy utilizing the tenfold cross-

validation and dataset augmented [40].

Mondal and Shrivastava proposed a new activation

function called Parametric Flatten-p Mish to improve the

performance of their CNN model for brain tumor classifi-

cation. The authors stated that the activation function they

used was able to overcome important disadvantages such

as neuron death and bias shifting effect [41]. Shanthi et al.

first used image enhancement and noise removal tech-

niques in their proposed hybrid deep neural network model

for brain tumor classification. Then, they used adaptive

driver optimization to optimize the parameters of the
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LSTM for classifying the features extracted from these

images [42]. Aamir et al. used the partial least squares

method on the features extracted from these images

obtained by magnetic resonance imaging with two different

deep learning models to detect brain tumors. Following

that, they classified the tumor regions they obtained

through agglomerative clustering [43] Aurna et al. selected

the best two on the basis of accuracy from the five pre-

trained models they studied and a proposed CNN model

and combined them for feature extraction. They performed

the classification of brain tumors by optimizing their pro-

posed two-stage ensemble model [44]. Oksüz et al. pre-

sented a region of interest expansion and feature fusion-

based study for brain tumor classification. They did this by

fusing deep features extracted from tumor regions that

included surrounding tissues with pre-trained AlexNet,

ResNet-18, GoogLeNet, and ShuffleNet, and shallow fea-

tures extracted with a shallow network. They then trained

the DVM and k-NN classifiers on these features [7].

Vankdothu et al. detected brain tumors in MRI images by

using the feature extraction capability of CNNs followed

by the classification capability of LSTM. In terms of

accuracy, the authors reported that their proposed model

outperformed previous CNN and RNN models [45].

3 Material and method

In this study, two hybrid models, Model-1 and Model-2,

are proposed to classify meningioma, glioma, and pitu-

itary tumors from brain tumor MRI images. Model-1 is

based on YOLO and pre-trained CNN and includes three

stages. In the first stage, pre-processing and normalization

are applied to the brain images. In the second stage, the

brain region is detected and cropped with the YOLO

detection algorithm, which is trained to detect the brain

region. In the third stage, DenseNet201, ResNet50V2,

InceptionV3, VGG16, and VGG19 CNN models are

trained on these images and brain tumors are classified

with these models. The prominent point in Model-2 is that

the Bi-LSTM network is fed with features obtained from

the pre-trained CNN models. The most important

approach in this model is to increase the classification

performance by focusing on the brain region with YOLO.

The second important approach is to increase the classi-

fication performance through the Bi-LSTM network fed

with the features obtained from the previous layer of the

fully connected layer of the pre-trained CNN models.

Figure 1 presents these models.

The rest of this section presents information about

YOLO, pre-trained CNN, and Bi-LSTM for classifying

brain tumor types. The dataset used to validate the

performance of the models and the details of the perfor-

mance metrics are given in this section.

3.1 Dataset

In this study, the publicly available T1-weighted CE-

Magnetic Resonance Imaging (MRI) dataset [46] was used

to evaluate the performance of the proposed models. This

dataset was obtained from Nanfang Hospital and General

Hospital in China between 2005 and 2010 and it contains

3064 MRI images at 512 9 512 resolution of 233 patients.

The dataset includes 3 types of tumors: meningioma (708

images), glioma (1426 images), and pituitary tumor (930

images). These images were taken in three different planes

such as sagittal (1025 images), axial (994 images), and

coronal plane (1045 images) [22, 40]. It must be noted that

satisfactory performance in deep learning depends on the

available data. The number of samples in the dataset used

in this study is at a satisfactory level, and there is no need

to generate synthetic data. Figure 2 shows examples of

different tumor types.

3.2 You only look once (YOLO)

Redmon et al. handled object detection as a regression

problem differently from other studies and introduced the

YOLO model. This model is based on a spatially separated

bounding box and associated class probability. mAP (mean

average precision) value of this model is two times the

mAP of other real-time detectors. YOLO, which is capable

of processing video streams in real-time, processes 155

frames per second. YOLO uses features extracted from the

entire image to predict each bounding box and simultane-

ously predicts all bounding boxes in all classes for an

image [47].

Each bounding box consists of 5 predictions: x, y, w, h,

and confidence. These predictions are encoded as an

S 9 S 9 (B * 5 ? C) tensor. Here, width (w) and height

(h) are estimated based on the entire image. Each grid cell

C estimates the conditional class probabilities, Pr(Clas-

si|Object). The (x, y) coordinates represent the center of the

box relative to the boundaries of the grid cell. Each grid

cell estimates the confidence score using each B bounding

box and Pr Objectð Þ � IOUtruth
pred . These confidence scores

reveal how confident the model is whether there is an

object in the box and also how accurate its prediction is.

The confidence estimate represents the Intersection over

Union (IoU) between the predicted box and ground truth

box. IoU, one of the important metrics used to demonstrate

model success in object detection, is the overlap ratio

between the target bounding box and the predicted

bounding box and is calculated as in Eq. 1 [48].
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Another metric used to evaluate the performance of

models in object detection is the mean average precision

(mAP) given in Eq. 2. In this equation, APk is the average

precision for class k, and n is the number of classes. The

mAP metric compares the detected box with the ground-

Fig. 1 Overview of the

proposed framework

Fig. 2 MRI images of three

different brain tumors:

a meningioma; b glioma; and

c pituitary

IoU ¼ Overlap Area between ground� truth bounding box and predicted

Combined Area between ground� truth bounding box and predicted
ð1Þ
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truth bounding box and returns a score. The higher the

score is, the more accurately the model detects.

mAP ¼ 1

n

Xk¼n

k¼1

APkð Þ ð2Þ

The YOLOv3 model used in this study is based on the

Darknet-53 model with sequential 3 9 3 and 1 9 1 53

convolution layers for feature extraction. This model gives

faster and more accurate results when compared to Dar-

knet-19-based YOLOv2 [47, 49].

3.3 Transfer learning

Deep learning, a subfield of machine learning, has the

ability to analyze multi-dimensional features for prediction

and detection tasks [50]. CNN produces remarkable results

in image classification, object detection, and segmentation

[51] problems and performs quite on images [2, 52]. In this

study, the transfer learning approach was used in the

training of pre-trained CNN models. The basic idea of this

approach is to transfer information extracted from one

domain to another target problem. Usually, a pre-trained

network is chosen as the starting point for tackling a new

problem. Rather than training a new network from scratch

with randomly initialized weights, fitting a network with a

transfer learning approach is quick and easy [53]. In this

study, five popular and powerful state-of-the-art CNN

architectures are used for the task of classifying and

identifying brain tumors on the MRI images.

DenseNet201 [54], a pre-trained CNN model has 201

deep layers. While the traditional CNN has a total of L

connections, one connection between each layer, Dense-

Net201 has L(L ? 1)/2 direct connections. The feature

maps extracted from all previous layers are used as input

for each layer. This architecture has the significant

advantages of mitigating the vanishing gradient problem,

enhancing feature propagation, promoting feature reuse,

and significantly reducing the number of parameters.

ResNet50 [55], which includes 50 deep layers, has been

introduced to facilitate the training of deep networks.

Specific skip connections or shortcuts are used to jump

over some layers. Residual functions that learn layer inputs

by reference are used in the layers. ResNet50V2 [56] is a

version of ResNet50 with changes in propagation formu-

lation of connections between blocks and offers better

performance than ResNet50.

The InceptionV3 architecture which is another pre-

trained CNN has 48 convolution layers, symmetrical and

asymmetrical building blocks, average/max pooling, and

fully connected layers [57]. Batch normalization is applied

throughout the architecture and Softmax is used as the loss

function. Basically, InceptionV3 works more simply and

efficiently by resolving sets of operations that take into

account inter-layer and spatial correlations separately.

The VGG16 and VGG19 models [58] are convolutional

neural network architectures that were developed at the

Visual Geometry Group Network Oxford Robotics

Institute.

The VGG16 architecture consists of 16 convolutional

layers and three fully connected layers. It also has five

max-pooling layers of 2 9 2 in each convolution layer

[19]. VGG19 architecture consists of five building blocks.

The first and second building blocks include 2 convolu-

tional layers and 1 pooling layer. The third and fourth

blocks have 4 convolutional layers and 1 pooling layer.

The last block consists of 4 convolutional layers. In addi-

tion, 3 9 3 filters are used in this architecture [59].

3.3.1 Bi-LSTM

Traditional LSTM presents previous data as it only

receives inputs in the backward direction through hidden

states [60]. The Bi-LSTM network differs from one-way

LSTM which only has backward propagation to obtain

preliminary information on temporal data [61]. Bi-LSTM

network trains LSTM networks in direction of forward and

backward simultaneously and can extract past and future

time features of the sample simultaneously to get better

prediction results than LSTM [20]. In other words, the

output layer of the LSTM network obtains the information

from the input data at time t and the backward hidden state

(t-1, t-2, … ,t-N), while the bidirectional LSTM net-

work additionally uses the forward hidden state (t ? 1,

t ? 2).,… ,t ? N) [62]. The general structure of Bi-LSTM

is shown in Fig. 3.

A multi-input and multi-output strategy can be created

with the batch-input and batch-output features of each

LSTM network. Bi-LSTM trains an n-step prediction

model F from the time series as can be seen in Eq. 3 [63]:

bxtþ1; bxtþ2; . . .:; bxtþn½ � ¼ Fðx1; x2; . . .:i; xtÞ ð3Þ

Here, 9 1, 9 2,…,xt are the n-step prediction results of the

Bi-LSTM model under multi-input and multi-output

strategy.

3.4 Performance metrics

Three types of brain tumors are examined in this study. In

such multi-class problems, the average of the measure-

ments obtained for each class is taken. When calculating

these measurements, the class considered is regarded as

positive, and other classes as negative. In this framework,

metrics between Eqs. 4 and 7 are calculated for each class.

Here, TN, TP, FN, and FP, which are employed for cal-

culation of the measures such as accuracy and sensitivity,
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etc., denote the number of true-negative, true positive, false

negative, and false positive, respectively. Then, as given

between Eqs. 8 and 11, the classification performances of

the models are calculated by averaging the metrics

obtained.

For a class k,

Sen kð Þ ¼ TP kð Þ
TP kð Þ þ FN kð Þ ð4Þ

Spe kð Þ ¼ TN kð Þ
TN kð Þ þ FP kð Þ ð5Þ

Acc kð Þ ¼ TP kð Þ þ TN kð Þ
TP kð Þ þ FN kð Þ þ TN kð Þ þ FP kð Þ ð6Þ

Pre kð Þ ¼ TP kð Þ
TP kð Þ þ FP kð Þ ð7Þ

Average Sen ¼ 1

#classes

X#classes

k¼1

Sen kð Þ ð8Þ

Average Spe ¼ 1

#classes

X#classes

k¼1

Spe kð Þ ð9Þ

Average Acc ¼ 1

#classes

X#classes

k¼1

Acc kð Þ ð10Þ

Average Pre ¼ 1

#classes

X#classes

k¼1

Pre kð Þ ð11Þ

4 Experiments

4.1 Experimental setup

Training and testing processes of YOLO detection algo-

rithm, pre-trained CNN and Bi-LSTM models in this study

were carried out, using Tensorflow and Keras Library in

Python on Google Colab with Tesla P100-PCIE-16 GB

GPU, Intel(R) Xeon(R) 2.30 GHz CPU and 25 GB Ram

system components. The training of the models YOLO,

pre-trained CNN and Bi-LSTM and also parameters of

them are presented in detail below.

4.2 Image pre-processing

Since the brain tumor MRI images used in the study were

published as MATLAB ’.mat’ file, these files were first to

read with the ‘‘pymatreader’’ library in the Python pro-

gramming language. Then, the images were resized to

299 9 299 9 3 for the InceptionV3 pre-trained CNN

model, while 224 9 224 9 3 is for other pre-trained

models. In addition, one hot encoding is applied to the

output class labels.

4.3 YOLO object detection

For training of the YOLO detection algorithm, the brain

region in the image must be labeled. Labeling was made

with the ‘labelImg’ (https://github.com/tzutalin/labelImg)

graphical image annotation tool. In this process, the height

(bH), width (bW) of the brain images and the position of

Fig. 3 Bi-LSTM network

architecture [63]

Fig. 4 Coordinate information calculated on the labeled brain image
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the brain region (X0, Y0, X1, Y1) were saved in the text file.

Afterward, the data were made ready for YOLO by

applying the normalization process. For this, the center

coordinates (X, Y), height (H) and width (W) of the labeled

brain region shown in Fig. 4 are calculated as in Eqs. 12

and 13 [64].

X ¼ X1 þ X0

2
� 1

bW
; Y ¼ Y1 þ Y0

2
� 1

bH
ð12Þ

W ¼ X1 � X0ð Þ � 1

bW
; H ¼ Y1 � Y0ð Þ � 1

bH
ð13Þ

A total of 1200 images which consisted of 400 images

selected randomly from each class were labeled. Following

the labeling and normalization processes, 70% and 30% of

the labeled data were used for training and testing,

respectively. Because YOLO performs extremely well in

this training and test set, the remaining 1864 images were

not included in YOLO’s training and testing process.

Model performance is evaluated based on mAP and IoU

metrics. Bounding boxes above of certain IoU threshold are

taken into account when evaluating according to the mAP

metric. When taking into the account threshold value of

0.50, the mAP value for the test data was calculated as

100% and the average IoU value as 90.74%. According to

these performance values, it can be said that the brain

region is detected with high accuracy. Automatic detection

of the brain region was performed by feeding all MRI

images to the trained YOLO model. Then, this detected

region was cropped with OpenCV and a new dataset was

composed. Figure 5 presents the images of the brain region

detected and cropped from MRI images with YOLO.

4.4 Deep features extraction

In order to train the Bi-LSTM based Model-2, deep fea-

tures were extracted by feeding all MRI images cropped

with the YOLO to the pre-trained CNN models. For this,

the layers which are previous of the fully connected layer

of DenseNet201, ResNet50V2, InceptionV3, VGG16, and

VGG19 CNN models trained using the hold-out validation

were used. The layers used to extract features and also the

number of features obtained from these layers are shown in

Fig. 6. 1920 features were obtained from the ‘‘global_av-

erage_pooling2d_12’’ layer of the DenseNet201 model,

2048 features from the ‘‘global_average_pooling2d’’ layers

of the ResNet50V2 and InceptionV3 models, 25,088 fea-

tures from the ‘‘flatten’’ layers of the VGG16 and VGG19

models.

4.5 Model training and testing

The training and testing process was carried out separately

for the pre-trained CNN-based Model-1 fed with YOLO

and Bi-LSTM-based Model-2 fed with the features

obtained from Model-1. Tenfold cross-validation and hold-

out techniques were used to identify the best model by

more accurately revealing and comparing the performances

of the models. In the hold-out technique, 60% of the dataset

was used for training, 20% for validation, and the

remaining part 20% for testing. Some parameters used in

the training of pre-trained CNN and Bi-LSTM models are

given in Table 1, and other parameters are used as default.

Optimization is the learning algorithm that determines how

millions or even billions of parameters should be updated

[65]. In order to determine the best optimization algorithm,

trial-and-error studies are usually performed during the

training process [66]. In this context, Adam, Adadelta, Sgd,

Rmsprop, Adamax, and Nadam optimizers were tested

while building the models. While Adamax gives the

highest classification performance on the DenseNet201 and

ResnetV2 models, Sgd gives the highest classification

performance on the others. The ‘‘Model Trainable’’

parameter is a parameter used in the convolution and

pooling layers in pre-trained CNN models. If this param-

eter is ‘‘False,’’ these layers are frozen and ‘‘imagenet’’

weights are used as they are. For this reason, this parameter

is set to ‘‘True’’ in this study. Another important parameter

in model training is the learning rate. When the learning

rate is set too high, the prediction fluctuates. If this value is

too small, the training time may be prolonged. As a result,

different learning rates were tried, while the models were

being trained, and the value that provided the best perfor-

mance was determined. The Bi-LSTM network is trained at

100 epochs with parameters rnn_width = 64, dropOut =Fig. 5 Detection of brain regions from MRI images and cropping

these regions
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0.1, and also, the SGD optimizer algorithm was used with

a learning rate of 0.01. Both hybrid models are trained and

validated with the training and validation sets, respectively,

and the classification performances of these models are

compared with the test data. In order to make a general

evaluation of the models, the overlapped confusion matri-

ces were generated in the k-fold technique and the per-

formance metrics of the models were calculated using these

matrices. The overlapped CM is formed by summing CMs

obtained in each fold.

Model-2 fed with the DenseNet201 features (YoDenBi-

NET) for both hold-out and tenfold cross-validation gave

the highest classification performance. By considering that

presenting the curves of all folds will reduce the read-

ability, the accuracy and loss curves of Fold-5 obtained by

this model are available in Fig. 7. In both hold-out and

tenfold cross-validation methods, it was observed that the

accuracy value was close to one, and the loss value was

close to zero between 30 and 40 epochs.

5 Results and discussion

In this study, brain tumor types were classified with YOLO

and pre-trained CNN-based Model-1 and also YOLO, pre-

trained CNN, and Bi-LSTM-based Model-2 approaches.

The classification performances of these models are pre-

sented based on Recall, Precision, F1-score, and accuracy

metrics in this section. For Model-1 and Model-2, Table 2

shows the tenfold cross-validation results and Table 3

shows the hold-out validation results.

According to the tenfold validation results, the

YoDenBi-NET offered the highest classification perfor-

mance with an average accuracy of 99.77%. This model

correctly classified meningioma, glioma and pituitary brain

tumors with the ratio of 99.44% (R = 0.9944), 99.86%

(R = 0.9986), and 99.73% (R = 0.9973), respectively. As

regards these ratios, it could be said that the model clas-

sifies all classes in a balanced and highly accurate manner.

This is an indication that the model is well trained. In

addition, in Model-1 fed with brain region images obtained

from the YOLO detection algorithm, the DenseNet201 pre-

trained CNN classified brain tumors with a 98.60% value

Fig. 6 Extraction of deep

features

Table 1 Parameters setting of the Pre-trained CNN and Bi-LSTM models

Pre-trained CNN

Model

Optimization

Algorithm

Learning

Rate

Batch

Size

Epoch Activation

Function

Model

Trainable

Loss Function

DenseNet201 Adamax 0.001 32 100 Relu

Softmax

True Categorical

crossentropyResnetV2 Adamax 0.001 32 100

InceptionV3 Sgd 0.01 32 100

VGG19 Sgd 0.01 32 100

VGG16 Sgd 0.01 32 100

Bi-LSTM Sgd 0.01 32 100 Tanh

feature_count = 2048, class_count = 3, rnn_width = 64, dropOut = 0.1
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of accuracy. This rate is lower when compared to the

YoDenBi-NET. That is, the Bi-LSTM-based Model-2, fed

with the features obtained from Model-1, has improved its

classification performance. The situation is similar when

using ResNetV2, InceptionV3, VGG19, and VGG16 as the

base model. In addition, the results obtained from the hold-

out validation method support the results of the tenfold

cross-validation. As a result, Model-1 and Model-2

including DenseNet201 pre-trained CNN have higher

classification performance than others with 98.53% and

99.67%, respectively.

Confusion matrices of DenseNet201-based Model-1 and

Model-2, where the highest classification performances

were obtained, are presented in Figs. 8 and 9, respectively,

for the tenfold and hold-out validation. Figure 8 presents

the overlapped matrix. For tenfold cross-validation, Model-

2 classified 704 of 708 meningioma tumors correctly and 4

incorrectly, while these values were 681 and 27 for Model-

1, respectively. Model-2 has 1424 correct and 2 incorrect

classifications for glioma tumor, while Model-1 has 1416

correct and 10 incorrect, respectively. Model-2 performed

929 correct and 1 incorrect classification for a pituitary

tumor, while Model-1 performed 924 correct and 6 incor-

rect classifications. Findings supporting these results are

valid for hold-out validation, as well. Accordingly, Model-

2 misclassified only 1 of the meningioma tumor images,

while Model-1 misclassified 7 of them. Model-2 correctly

classified all glioma tumor images, while Model-1 mis-

classified 1 of them. Moreover, both Model 1 and Model 2

misclassified only 1 of the images containing the pituitary

tumor. As a result, the experimental studies with both

validation techniques show it is obvious that the Bi-LSTM-

based Model-2, fed with the features obtained from YOLO-

supported CNN models, significantly increases the classi-

fication performance.

It is important to reveal the effect of using the YOLO

detection algorithm in the study on classification perfor-

mance and training time. For this, DenseNet and Dense-

Net ? BILSTM models, where the highest classification

performance is obtained in this study, are also trained and

tested on the raw dataset without YOLO. Both tenfold and

hold-out validation methods were used during the training

and testing of the models. According to the results, the

CNN ? Bi-LSTM model achieved 99.05% accuracy in

tenfold cross-validation, while the basic CNN model

achieved 98.29% accuracy. When compared to these

models, the YOLO-supported CNN models improved by

0.72% and 0.31%, respectively, in tenfold cross-validation.

Furthermore, the CNN ? Bi-LSTM model provided

98.86% accuracy in the hold-out method, while the basic

Fig. 7 Accuracy and loss curves of the YoDenBi-NET: a Hold-out technique results, b Fold-5 results
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CNN model provided 96.08%. Yolo-supported models

provided 0.81% and 2.45% improvement over these mod-

els, respectively. Furthermore, the CNN ? Bi-LSTM

model provided 98.86% accuracy in the hold-out method,

while the base CNN model provided 96.08%. YOLO-

supported models provided 0.81% and 2.45% improvement

over these models, respectively. Cropping brain images

with the YOLO model slightly increased the performance

of the models. The main difficulty here is that the training

of models on uncropped raw images takes an inordinate

amount of time. It is quite high, especially for training the

base CNN model. This time is 693 and 107 min for the

tenfold cross-validation and hold-out methods, respec-

tively. These times are 85 min and 11.4 min for YOLO-

supported models, respectively. As a result, training time

for YOLO-supported models is approximately 8–9 times

shorter. This situation makes it impossible to test all of the

hyperparameters in the models. Therefore, YOLO-

supported models are stronger and fairer. These times are

close in Bi-LSTM models fed with YOLO since the Bi-

LSTM model is trained with the same features extracted

from CNN. As a result, the training periods are approxi-

mately the same.

Brain tumor types could be classified by feature

extraction from MRI images followed by a successful

classification model. It is a known fact that features

extracted from CNN’s convolutional layers are more

meaningful when compared to hand-craft features, in other

words, strong distinctive features better represent the class

of image. As can be seen in Table 4, deep learning-based

studies are quite common in the literature. Some of these

are studies in which hold-out

[19–21, 34, 36, 37, 39, 41, 44, 67] and k-fold techniques

[7, 23, 26, 38, 40, 41, 43, 44] are applied to the dataset used

in our study.

Table 2 Tenfold cross-validation results of Model-1 and Model-2

Pre-trained model Class Performance results (%)

Model 2: YOLO ? CNN ? Bi-LSTM Model-1: YOLO ? CNN

R P F1 Average ACC R P F1 Average ACC

DenseNet201 Overlapped

Meningioma 99.44 99.58 99.51 99.77 96.19 97.70 96.94 98.60

Glioma 99.86 99.79 99.82 99.30 99.16 99.23

Pituitary 99.89 99.89 99.89 99.35 98.40 98.88

Average 99.73 99.75 99.74 98.28 98.42 98.35

ResNetV2 Overlapped

Meningioma 97.60 98.57 98.08 99.08 96.05 96.18 96.11 98.07

Glioma 99.30 99.16 99.23 98.67 98.88 98.77

Pituitary 99.89 99.36 99.62 98.71 98.29 98.50

Average 98.93 99.03 98.98 97.81 97.78 97.79

InceptionV3 Overlapped

Meningioma 95.90 99.41 97.63 98.82 92.51 91.87 92.19 96.22

Glioma 99.65 98.48 99.06 96.56 97.52 97.04

Pituitary 99.78 98.93 99.36 98.49 97.55 98.02

Average 98.45 98.94 98.68 95.86 95.65 95.75

VGG19 Overlapped

Meningioma 97.60 97.60 97.60 98.66 94.63 95.58 95.10 97.36

Glioma 98.95 99.09 99.02 97.90 98.80 98.34

Pituitary 99.03 98.82 98.93 98.60 96.53 97.55

Average 98.53 98.50 98.51 97.04 96.97 97.00

VGG16 Overlapped

Meningioma 96.05 96.87 96.45 98.24 94.35 96.12 95.22 97.55

Glioma 98.67 99.08 98.88 98.25 99.01 98.63

Pituitary 99.25 97.98 98.61 98.92 96.44 97.66

Average 97.99 97.98 97.98 97.17 97.19 97.17
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In hold-out experiments, the over-fitting or generaliza-

tion problem of the model may occur, and therefore, the

performance of the model may not be measured exactly.

From studies with K-fold, Badža and Barjaktarović clas-

sified brain tumors with a CNN that was constructed from

scratch [40]. Gumaei et al. trained the feedforward neural

network classifier on the handcrafted features [23]. Paul

et al. performed experiments that include fully connected

neural networks, CNNs, and recurrent neural networks to

classify brain tumor types. Moreover, the authors showed

that state-of-the-art deep learning methods are more suc-

cessful than traditional methods that need image pre-pro-

cessing [38]. In another study, Pashaei et al. classified brain

tumors with the kernel ELM classifier based on the features

Table 3 Hold-out test results of Model-1 and Model-2

Pre-trained model Class Performance results (%)

Model 2: YOLO ? CNN ? Bi-LSTM Model-1: YOLO ? CNN

R P F1 Average ACC R P F1 Average ACC

DenseNet201 Meningioma 99.26 99.26 99.26 99.67 94.85 98.47 96.63 98.53

Glioma 100 99.65 99.82 99.65 98.60 99.12

Pituitary 99.48 100 99.74 99.48 98.47 98.97

Average 99.58 99.64 99.61 97.99 98.51 98.24

ResNetV2 Meningioma 98.57 99.28 98.92 99.35 94.85 95.56 95.20 97.88

Glioma 99.32 100 99.66 98.94 98.25 98.59

Pituitary 100 98.33 99.16 98.45 98.96 98.71

Average 99.30 99.20 99.25 97.41 97.59 97.50

InceptionV3 Meningioma 95 100 97.44 98.86 91.50 93.33 92.41 95.92

Glioma 100 98.34 99.16 97.81 96.06 96.93

Pituitary 100 98.88 99.44 96.77 97.83 97.30

Average 98.33 99.07 98.68 95.36 95.74 95.55

VGG19 Meningioma 95.62 97.76 96.68 98.37 93.67 94.27 93.97 96.41

Glioma 99.01 99.34 99.17 96.42 98.18 97.29

Pituitary 99.42 97.18 98.29 98.86 95.60 97.21

Average 98.02 98.09 98.05 96.32 96.02 96.16

VGG16 Meningioma 97.10 97.81 97.45 98.53 94.16 94.16 94.16 97.23

Glioma 99.32 98.99 99.15 98.34 99 98.67

Pituitary 98.33 98.33 98.33 97.70 96.59 97.14

Average 98.25 98.38 98.31 96.73 96.58 96.66

Fig. 8 Overlapped confusion

matrices for tenfold cross-

validation, a Model-1: YOLO-

CNN (DenseNet201) model,

b YoDenBi-NET
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Fig. 9 Confusion matrices for

hold-out validation, a Model-1:

YOLO-CNN (DenseNet201)

model, b YoDenBi-NET

Table 4 Comparison of the results of proposed model with related studies

Study Method k-fold cross-

validation

Dataset Acc (%)

Sachdeva et al. [24] Principal Component Analysis and Artificial neural networks Yes (k = 10) Other 91

Yin et al. [25, 27] Whale optimization algorithm and multilayer perceptual neural

network-based classification

Yes (k = 5) Other 87

Arı and Hanbay [27] Extreme-learning machine-local receptive fields No Other 97.18

Ozyurt et al. [28] Extreme Learning Machines Yes (k = 10) Other 98.33

Byale et al. [29] Pre-processing and GLCM and Neural Network No Other 93.33

Anaraki et al. [32] Convolutional Neural Networks and Genetic Algorithms No Other 94.2

Shanthi et al. [42] Combined CNN-LSTM No Other 97.5

Vankdothu et al. [45] CNN-LSTM No Other 92

Rehman et al. [19] Fine-tuned VGG16 No Same 98.69

Noreen et al. [20] DensNet201 No Same 99.51

Ismael and Abdel-Qader [34] 2D discrete wavelet transform and 2D Gabor filter and

backpropagation neural network

No Same 95.66

Kumar et al. [37] Gray Wolf Optimization and Multiclass Support Vector

Machines

No Same 95.238

Das et al. [39] CNN No Same 94.39

Huang et al. [21] Random generated graph algorithms and CNN

convolutional neural network

No Same 95.49

Sultan et al. [36] CNN No Same 98.7

Gumaei et al. [23] Regularized extreme-learning machine No

Yes (k = 5)

Same 94.233

92.61

Pashaei et al. [26] CNN and kernel ELM Yes (k = 10) Same 93.68

Paul et al. [38] Deep learning Yes (k = 5) Same 91.43

Badža and Barjaktarović [40] CNN Yes (k = 10) Same 96.56

Mondal and Shrivastava [41] Parametric Flatten-p Mish activation function based deep CNN No

Yes (k = 5)

Same 99.57 (Overall)

98.45 (Overall)

Aamir et al. [43] EfficientNet-B0,ResNet50 Yes (k = 5) Same 98.95 (overall)

Aurna et al. [44] Two stage ensemble CNN model No

Yes(k = 8)

Same 99.20

99.66

Öksüz et al. [7] Expanded tumor region and pre-trained CNN Yes (k = 5) Same 97.25

Our method YoDenBi-NET No

Yes (k = 10)

Same 99.67

99.77

Bold font indicates the results of our study
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they obtained from the convolutional layers of CNN [26].

In addition, there are studies based on k-fold cross-vali-

dation on other datasets. For example, Sachdeva et al.

trained the ELM classifier using the features they extracted

with the SqueezeNet pre-trained CNN architecture [24].

Zou et al. applied feature reduction with the PCA technique

on handcrafted features and then classified brain tumor

types using artificial neural networks [68]. Özyurt et al.

trained the multilayer perceptron neural network using the

features they selected from the texture features, statistical

features, and geometric features with the whale optimiza-

tion algorithm [28]. With brain detection on the image by

YOLO in the first stage, the deep features extraction by

CNN for the detected regions in the second stage, and

finally in the third stage, the classification process of the

Bi-LSTM network which is another deep learning model,

our study is unique and different from the studies in the

literature.

6 Conclusion

In this study, YoDenBi-NET hybrid model was proposed to

detect and classify brain tumor types from MRI images.

The proposed model was trained with tenfold cross-vali-

dation and hold-out techniques on the MRI images con-

taining three classes and evaluated using various

performance measures such as accuracy, specificity, sen-

sitivity, and f1-score. This model, which includes deep

learning models at each stage, correctly classified 611 of

613 test images including meningioma, glioma, and pitu-

itary tumors in the hold-out validation technique and has an

overall classification accuracy of 99.67%. Moreover,

according to the overlapped confusion matrix, the proposed

model presented an average of 99.77% overall classifica-

tion accuracy by correctly classifying 3057 out of 3064

images with the tenfold cross-validation technique. As a

result, the Bi-LSTM network in the proposed model pre-

sented better overall classification accuracy, and this net-

work significantly increased accuracy when compared to

all YOLO-supported pre-trained models. The proposed

model offered higher classification performance than

studies in the literature that handled this problem on the

same dataset. In future, it is aimed to build successful

models with the ability to generalize on different and large

datasets. In addition, segmentation of the brain tumor and

then detection of the brain tumor type for the segmented

region are among the targets.
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