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o ABSTRACT O

The kidney is considered one of the most important organs in the human body,
as its serious problems often appear in the early stages of the disease without the
patient feeling any obvious symptoms. Many kidney diseases can be detected and
diagnosed early by specialists using routine computed tomography (CT) images.
Early detection of these diseases is essential for successful treatment and prevention
of other serious complications. In this study, an artificial intelligence-based model
was developed using the model known as AlexNet to classify CT images of kidneys
affected by stones, tumors, and cysts. The proposed model, which consists of five
convolutional layers and three fully connection layers, showed a high accuracy of
99.36% compared to the accuracy of different pre-trained models. The model also
featured max pooling layers after some convolutional layers, a Batch Normalization
layer was added after each convolutional layer to improve model stability and speed
up the training process, and in the last layers of the full connection layers, Dropout
and Batch Normalization layers were added to reduce duplication and improve model
performance. Finally, the final model includes an output layer that returns data based
on the classification on which the model was trained. Various metrics were also used
to evaluate the model's performance, and these metrics showed outstanding
performance for the proposed model, indicating its high effectiveness in classifying
CT images of the kidneys automatically and effectively.

Keywords: deep learning (DL), computed tomography (CT), convolutional neural network
(CNN).
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Lt AlexNetdud gadla:(V) Jgaad)

Feature

Layer Map Size Kernel Size Stride Activation
Input Image 1 227x227x3 - - -

1 Convolution 96 55 x 55 x 96 11x11 4 relu

Max Pooling 96 27 x 27 x 96 3x3 2 relu
2 Convolution 256 27 x 27 x 256 5x5 1 relu

Max Pooling 256 13x 13 x 256 3x3 2 relu
3 Convolution 384 13x 13 x 384 3x3 1 relu
4 Convolution 384 13x 13 x 384 3x3 1 relu
5 Convolution 256 13 x 13 x 256 3x3 1 relu

Max Pooling 256 6 x 6 x 256 3x3 2 relu
6 FC - 9216 - - relu
7 FC - 4096 - - relu
8 FC - 4096 - - relu

Output FC - 1000 B . Softmax

o) sl s AlexNet aaidlall dpeaall 381 i Ga Ak US )3 L (1) Jsaad o
feature ) 4k U< z)8 e cledl 5l @il LiLA 2y (kernal size) dada U< 8 Gadadll kil
. (size) cladall 38 (e dahas IS 23 e A3l Gy Abya IS pas o uld ) Aila) (Map

das ) Gyl magin AlexNet ol o Jad) 2a@lll Laall 2SN #3sell Lpally W
H(2)dsad) Jul Joaall 3 luadi IS8 minge sp WS diliaally Alal) cladall 2 AT duilly el
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. Uuall AlexNet 4<ui (adla :(2)J gaad)

Layer Feature size Kernal stride Activation
Map size

input Image 1 227x227%3 - - -

1 Convolution 96 55x55x96 11x11 4 Relu

Maxpooling 96 27%27x96 3x3 2 Relu
BatchNormalize 96 27%27%96 - - -

2 Convolution 256 27x27%256 5x5 1 Relu

Maxpooling 256 13x13x256 3x3 2 Relu
BatchNormalize 256 13x13x256 - - -

3 Convolution 384 13x13x384 3x3 1 Relu
BatchNormalize 384 13x13x384 - - -

4 Convolution 384 13x13x384 3x3 1 Relu
BatchNormalize 384 13x13x384 - - -

5 Convolution 256 13x13x256 3x3 1 Relu

Maxpooling 256 6x6%256 3x3 2 Relu
BatchNormalize 256 6x6%256 - - -

6 FC - 9216 - - Relu

7 FC - 4096 - - Relu
Dropout - 4096 - - -
BatchNormalize - 4096 - - -
8 FC - 4096 - - -
Dropout - 4096 - - -
BatchNormalize - 4096 - - -

output FC - 4 - - SOFTMAX

(Aaks JSza 2o il Al d aas) 208000 dyuanl) KAl 8 dade JS )8 Glua 58

ASuill el aey alilly dada US (8 ZDAY) Bae paa OsSs adey ¢ (1) Dl 8 munge sa LS

1(3) doaad) iy manse S A5Sa aladiuly
A b AR 05 gAK(T) dasad

Layer (type)

conv2d (Conv2D)
max_pooling2d (MaxPooling2D)
batch_normalization

(BatchNormaIization)
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Output Shape

(None, 55, 55, 96)
(None, 27, 27, 96)
(None, 27, 27, 96)

Param
11712
0
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conv2d_1 (Conv2D) (None, 27, 27, 256) 614656

max_pooling2d_1 (MaxPooling2D) (None, 13, 13, 256) 0

batch _normalization_1 (None, 13, 13, 256) 1024
(BatchNormalization)

conv2d_2 (Conv2D) (None, 13, 13, 384) 885120

batch_normalization 2 (None, 13, 13, 384) 1533
(BatchNormalization)

conv2d_3 (Conv2D) (None, 13, 13, 384) 1327488

batch_normalization 3 (None, 13, 13, 384) 1536
(BatchNormalization)

conv2d_4 (Conv2D) (None, 13, 13, 256) 884992

max_pooling2d_2 (MaxPooling2D) (None, 6, 6, 256) 0

batch normalization 4 (None, 6, 6, 256) 1024
(BatchNormalization)

flatten (Flatten) (None, 9216) 0

dense (Dense) (None, 4096) 3775283

2

dropout (Dropout) (None, 4096) 0

batch_normalization 5 (None, 4096) 16384
(BatchNormalization)

dense_1 (Dense) (None, 4096) 1678131

2

dropout_1 (Dropout) (None, 4096) 0

batch_normalization_6 (None, 4096) 16384
(BatchNormalization)

dense_2 (Dense) (None, 4) 16388

G ide 58,203,636 e 58312772 s Jsdl AlexNet b cldedl s el
. %x:a)ixﬂ b e 19,1363L\yﬂ
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HS Badey ddlle A8y Gaan &8 LAY Glily degene ahidiul oyl Zisall lasly
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By () Gy ampell Al (gt 3 Baclsl dilialy o)l Jlae b Greall alatll LIS

¢ 4l daplatl) G8g ~dgail) A8y Hlodl

evaluate(test_dataset.classes,predictions)
1(4) Jtadl b dnmgas b LS daletl) 024 dai (355
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