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Abstract— A Computer Assisted Recognition (CAR) system

lacks sensitivity and accuracy due to large number of false 
positives in Positron Emission Tomography (PET) and Computed 

Tomography (CT) image. Such an issue has arisen due to low 
spatial resolution in PET image and low contrast in CT image. The 
problem has been solved by building a modified co-learning

technique based on ten Convolutional Neural Network (CNN) 
models(Alexnet, Vgg16, Vgg19, Squeezenet, Googlenet, 
Mobilenetv2, Inceptionv3, Densenet201, Resnet18, Xception) This 

technique encodes modality specific features and utilizes them to 
acquire a spatially varying fusion map. These fusion maps are 
multiplied using a modality feature map for the utilization of image 

analysis. By utilizing modified co-learning technique based on

Densenet201, a proposed CAR system attained 97.3% sensitivity, 
98.2% accuracy and 1.6 false positives per scan in PET and CT 
image during lung region extortion. This CNN model 
accomplished low false positive rate with the help of modified co-
learning technique and it is a likely technique in care of cancerous 
identification due to improved sensitivity and accuracy 
Keywords— lung cancer, Positron emissiontomography/computed tomography, fusion

I. Introduction 
Lung cancer [1] [23] is a principal cause of cancer related deaths 
world wide and this syndrome needs to be identified in beginning 
phase for improving the survival rate of lung cancer patient. To

identify this syndrome  at  a  beginning  phase, modified co-

learning technique is utilized by using  Computed Tomography 
(CT) and Positron Emission Tomography (PET) images in a CAR 
system.FDG PET (Fluorodeoxyglucose positron emission

tomography) [2] is the most precise imaging method to identify 
functional rather than anatomical data. It’s main issue was lack of 
spatial resolution. CT is the most precise imaging method to 
identify anatomical rather than functional data. It’s main issue was 
low contrast. Due to low spatial resolution in PET image and low 
contrast in CT image, a Radiologist faces the arduous task of 
identifying lung cancer region in a CAR system.

The role of CAR in cancer care has aggravated extensive research into methods to create the feature and fusion map.  In this CAR system, the objective of this research work is to employ the modified co-learning technique based on ten CNN models. Ten CNN models are presented(Alexnet, VGG16, VGG19, Squeezenet, Googlenet, Inceptionv3, Mobilenetv2, Densenet201,Resnet18, XCeption) to extract deep features from PET and CT images. The modified co-learning technique based on ten CNN models are intended for obtaining fusion maps in PET/CT image for the detection of lung cancer in beginning phase. It leads improvement in accuracy and sensitivity. 
2. Materials

The dataset for the study was collected from Anderson Diagnostics & Labs, Chennai and MGH Department of Radiology websiteand the details are listed in Table 1. Each study comprised one CT volume and one PET volume: the CT resolution was 512 x 512 pixels at 0.98mm x 0.98mm, the PET resolution was 200 x 200 pixels at 4.07mm x 4.07mm, with a slice thickness and an interstice distance of 3mm. Both volumes were reconstructed with the same number of slices. Studies contained between 1 to 7 tumors (inclusive) in the thorax. The tumor locations included the different lung lobes, the mediastinum, and hilar nodes. The images were rescaled to a resolution of 256 x 256 pixels (x-y axes); rescaling the PET and CT volumes so that they share the same coordinate space is a standard process for analysis of PET-CT data [18] [24] [25] [26]. The PET imageswere normalized by a transformation to standard uptake values(SUVs).
Table 1 Allotment of nodules in Anderson Database based on nodule size
	Nodule size
	Number of nodules based on size

	< 8 mm
	4 (  5.30%)

	8–9 mm
	11 (14.60%)

	10–19 mm
	38 (50.60%)

	≥20 mm
	22 (29.00%)

	Nodule category

	Benign
	38 (50.60%)

	Malignant
	31 (41.30%)

	Intermediate
	6 (   8.00%)


3. Specification of Ten CNN Models

Table 2 Specification of Ten CNN Models
	Network
	Depth
	Size
	Parameters (Million)
	Image Input Size

	Alexnet
	8
	227 MB
	61.0
	227-by-227

	Vgg16
	16
	515 MB
	138
	224-by-224

	Vgg19
	19
	535 MB
	144
	224-by-224

	Squeezenet
	18
	4.6 MB
	1.24
	227 by 227

	Googlenet
	22
	27 MB
	7.0
	224-by-224

	Inceptionv3
	48
	89 MB
	23.9
	299-by-299

	Mobilenetv2
	53
	13 MB
	3.5
	224-by-224

	Densenet201
	201
	77 MB
	20.0
	224-by-224

	Resnet18
	18
	44 MB
	11.7
	224-by-224

	Xception
	71
	85 MB
	22.9
	299-by-299


3.1 Implementation Approach
The modified co-learning technique based on  tenConvolutional Neural Network (CNN) models in the  CAR system is employed using Positron Emission Tomography (PET) and Computed Tomography (CT) image.A Specification of each CNN model is listed in Table 2.
3.1.1  Ten CNN models

The architecture of Ten CNN models(Alexnet, Vgg16, Vgg19, Inceptionv3, Xception, Squeezenet, Googlenet, Resnet18 Mobilenetv2, Densenet201) which are considered for this research work is explained in the following sections: 

3.1.1.1 Alexnet
Alexnet has 8 layers: 5 Convolutional layers with 3 pooling layers, 2 fully-connected and 1 Softmax layer. It was first to implement Rectified Linear Units (ReLUs) as activation functions and utilize Dropout feature. The dimension of the input image given in Table 3is 227 x 227 x 3 which passes through the first convolutional layer with 96 feature maps or filters having kernel size 11×11 and a stride of 4. By applying the Equation (1), the image dimensions changes to 55x55x96. Then, it is fed into maximum pooling layer or sub-sampling layer with filters having kernel size 3×3 and a stride of two. Once again the Equation (1) is applied and the image dimensions are reduced to 27x27x96. Next, an output of maximum pooling layer is fed into a second convolutional layer with 96 feature maps having kernel size 5×5, stride of 1 andpad of 2. It is fed into a maximum pooling layer with filter having kernel size 3×3 and a stride of 2. The dimensionality reduction is done again by the Equation (1) and the resulting image dimensions are reduced to 13 x 13 x 256. This pooling layer is same as first pooling layer except it has 256 feature maps. It is fed into the third, fourth and fifth convolutional layers with filters of kernel size 3×3, stride of one and a pad of one. The third and fourth convolutional layers use 384 feature maps where the fifth convolutional layer uses 256filters. The three convolutional layers are followed by a maximum pooling layer with filters of kernel size 3×3, a stride of 2 and have 256 feature maps. 
                              Table 3 Alexnet

	Layer
	Input
	Output
	S
	P
	Ks

	
	W1
	H1
	D1
	W2
	H2
	D2
	
	
	

	c1
	227
	227
	3
	55
	55
	96
	4
	0
	11x11

	mp1
	55
	55
	96
	27
	27
	96
	2
	0
	3x3

	c2
	27
	27
	96
	27
	27
	256
	1
	2
	5x5

	mp2
	27
	27
	256
	13
	13
	256
	2
	0
	3x3

	c3
	13
	13
	256
	13
	13
	384
	1
	1
	3x3

	c4
	13
	13
	384
	13
	13
	384
	1
	1
	3x3

	c5
	13
	13
	384
	13
	13
	256
	1
	1
	3x3

	mp3
	13
	13
	256
	6
	6
	256
	2
	0
	3x3

	fc1
	6
	6
	256
	1
	1
	4096
	
	
	1x1

	fc2
	1
	1
	4096
	1
	1
	4096
	
	
	1x1

	o/p
	1
	1
	4096
	1
	1
	1000
	
	
	1x1


Where
W1(Width of input image size    H1 ( Height of input image size     

D1 (Dimension of input image size   
W2 (Width of output  image size   

H2 ( Height of output image size       
D2  (     Dimension of output image size    S  (    Stride size      
P    (     Pad size           Ks   (  Kernel size
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                                         (1)
W1=H1 = 227   W2  = [(227-11)/4] +1=54+1

                               = 55 (without padding) =H2
W1=H1 = 55    W2   = [(55-3)/2] +1 = 27=H2 

W1=H1 = 27    W2   = [(27-3)/2] +1 = 13=H2

W1=H1 = 13    W2   = [(13-3)/2] +1 =   6=H2

By applying the Equation (1), the resulting image dimensions are reduced to 6 x 6 x 256. It results in 9216 (6 x 6 x 256) feature maps. These 9216 feature maps are fed to two fully connected layers having 4096 units. Finally, there is a softmax output layer which produces 1000 possible values.
3.1.1.2  Vgg16

The folks at Visual Geometry Group invented the Vgg16 [15] which has 13 convolutional and 3 Fully-Connected layers, carrying with them the ReLUs tradition from AlexNet. The dimension of the input image, kernel size and stride is tabulated in Table 4. This network stacks more layers than AlexNet, and uses smaller size filters (2×2 and 3×3). In Table 4, the dimension of input image is 224x224x3 RGB image which passes through the first convolutional layer with 64 feature maps or filters having kernel size 3x3 and a stride of 1. The image dimensions change to 224x224x64. Then, the Vgg16 applies to second convolutional layer having kernel size 3x3 and stride of 1. The output dimension is 224x224x64. Then, it is fed to maximum pooling layer or sub-sampling layer having kernel size 2x2 and stride of 2. By applying the Equation (1), the resulting image dimensions are reduced to 112 x 112x 64. 

Then, the third and fourth convolutional layers having feature map of 128 results 112 x 112 x 128. Then, it is fed to maximum pooling layer or sub-sampling layer having kernel size 2x2 and stride of 2. Once again the Equation (1) is applied and the resulting image dimensions are reduced to 56 x 56 x 128. The fifth, sixth and seventh convolutional layer having feature map of 256 results 56x56x256. Then, it is fed to max pooling layer. The dimensionality reduction is done again by the Equation (1) and the resulting image dimensions are reduced to 28x28x256. Then, the eight, ninth and tenth convolutional layer having feature map of 512 results 28x28x512. Then, it is fed to max pooling layer. Once again the Equation (1) is applied and the resulting image dimensions are reduced to 14x14x512. Then, the eleventh, twelveth and thirteen convolutional layer having feature map of 1024 results 14x14x512. Then, it is fed to max pooling layer. The dimensionality reduction is done again by the Equation (1) and the resulting image dimensions are reduced to 7x7x512. It results 25088 feature maps which are fed to two fully connected layers having 4096 units. Finally, there is a softmax output layer which produces 1000 possible values.

                                         Table 4 Vgg16
	Layer
	Input
	Output
	S
	Kernel size

	
	W1
	H1
	D1
	W2
	H2
	D2
	
	

	c1-64
	224
	224
	3
	224
	224
	64
	1
	3x3

	c2-64
	224
	224
	64
	224
	224
	64
	1
	3x3

	mp1
	224
	224
	64
	112
	112
	64
	2
	2x2

	c3-128
	112
	112
	64
	112
	112
	128
	1
	3x3

	c4-128
	112
	112
	128
	112
	112
	128
	1
	3x3

	mp2
	112
	112
	128
	56
	56
	128
	2
	2x2

	c5-256
	56
	56
	128
	56
	56
	256
	1
	3x3

	c6-256
	56
	56
	256
	56
	56
	256
	1
	3x3

	c7-256
	56
	56
	256
	56
	56
	256
	1
	3x3

	mp3
	56
	56
	256
	28
	28
	256
	2
	2x2

	c8-512
	28
	28
	256
	28
	28
	512
	1
	3x3

	c9-512
	28
	28
	512
	28
	28
	512
	1
	3x3

	c10-512
	28
	28
	512
	28
	28
	512
	1
	3x3

	mp4
	28
	28
	512
	14
	14
	512
	2
	2x2

	c11-512
	14
	14
	512
	14
	14
	512
	1
	3x3

	c12-512
	14
	14
	512
	14
	14
	512
	1
	3x3

	c13-513
	14
	14
	512
	14
	14
	512
	1
	3x3

	mp5
	14
	14
	512
	7
	7
	512
	2
	2x2

	fc1
	1
	1
	25088
	1
	1
	4096
	
	1x1

	fc2
	1
	1
	4096
	1
	1
	4096
	
	1x1

	fc3
	1
	1
	4096
	1
	1
	1000
	
	1x1


Where,

W1(Width of input image size    H1 ( Height of input image size     

D1 (Dimension of input image size   
W2 (Width of output  image size   

H2 ( Height of output image size       
D2  (     Dimension of output image size    S  (    Stride size      
Ks   (  Kernel size

3.1.1.3
Mobilenetv2
It is a convolutional neural network architecture which seeks to perform well on mobiledeviceshaving 53 layers deep. In Mobilenetv2,there are two types ofbottleneck residual blocks: bottleneck residual block with stride of 1 and bottleneck block with stride of 2 for downsizing. The input image having a size of 224x224x3 with 32 feature maps are passed in the stride of 2 blocks. The resulting image is reduced to 112x112x32 with 16 feature maps. The obtained result is passed in the stride of 1 block. The resulting image is reduced to 112x112x16. This image is passed through three layers in the stride of 2 blocks with 64feature maps. The resulting image is reduced to 14x14x64. This reduced image dimension is passed through one layer in the stride of 1 block with 96 feature maps. The resulting image dimension is 14x14x96. The image of size 14x14x96 is passed through one layer in the stride of 2 block with 160 feature maps. The resulting image is reduced to 7x7x160 and it is passed through one layer in the stride of 1 block with 320 and 1280 feature maps. The resulting image dimension is 7x7x1280 which is being followed by an average pooling and 1x1 convolution. The output is obtained by applying equation (2). The input and output size of the image, output channels and stride of Mobilenetv2 are tabulated in Table  5.
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                                 Table 5 Mobilenetv2

	Layers
	Input
	Output
	C
	S

	
	W1
	H1
	D1
	W2
	H2
	D2
	
	

	conv2d
	224
	224
	3
	112
	112
	32
	32
	2

	bottleneck residual block1
	112
	112
	32
	112
	112
	16
	16
	1

	bottleneck residual block2
	112
	112
	32
	56
	56
	24
	24
	2

	bottleneck residual block3
	56
	56
	24
	28
	28
	32
	32
	2

	bottleneck residual block4
	28
	28
	32
	14
	14
	64
	64
	2

	bottleneck residual block5
	14
	14
	64
	14
	14
	96
	96
	1

	bottleneck residual block6
	14
	14
	96
	7
	7
	160
	160
	2

	bottleneck residual block7
	7
	7
	160
	7
	7
	320
	320
	1

	conv2d 1x1
	7
	7
	320
	7
	7
	1280
	1280
	1

	avg pool 7x7
	7
	7
	1280
	1
	1
	1280
	
	

	conv2d 1x1
	1
	1
	1280
	
	
	
	
	


Where,

W1(Width of input image size    H1 ( Height of input image size     

D1 (Dimension of input image size   
W2 (Width of output  image size   

H2 ( Height of output image size       
D2  (     Dimension of output image size    C  (  Number of channels      
S   (  Stride size

3.1.1.4  Inceptionv3           
Inceptionv3[17] is a deep learning model based on Convolutional Neural Network (CNN) which is used for image classification. It is a superior version with its uncompromised speed. The major modification done in inceptionv3 model is factorization into smaller convolutions, spatial factorization into asymmetric convolutions, utility of auxiliary classifiers and efficient grid size reduction. It is used to assist image analysis and object detection which is a pre-trained CNN model with 48 layers deep.
                               Table 6 Inceptionv3
	Layer Type
	Input size
	Output size
	Ks
	S

	
	W1
	H1
	  D1
	W2
	H2
	D2
	
	

	Conv
	299
	299
	   3
	149
	149
	 32
	3x3
	2

	Conv
	149
	149
	  32
	147
	147
	 32
	3x3
	1

	Conv
	147
	147
	  32
	147
	147
	 64
	3x3
	1

	Pool
	147
	147
	  64
	 73
	 73
	 64
	3x3
	2

	Conv
	 73
	 73
	  64
	71
	71
	 80
	3x3
	1

	Conv
	71
	71
	  80
	35
	35
	192
	3x3
	2

	Conv
	35
	35
	192
	35
	35
	288
	3x3
	1

	3 x Inception
	35
	35
	288
	17
	17
	768
	
	

	5 x Inception
	17
	17
	768
	 8
	 8
	1280
	
	

	2 x Inception
	 8
	 8
	1280
	 8
	 8
	2048
	
	

	Pooling
	 8
	 8
	2048
	1
	1
	2048
	
	

	Linear
	1
	1
	2048
	1
	1
	1000
	
	

	Softmax
	1
	1
	1000
	1
	1
	1000
	
	


Where,

W1(Width of input image size    H1 ( Height of input image size     

D1 (Dimension of input image size   
W2 (Width of output  image size   

H2 ( Height of output image size       
D2  (     Dimension of output image size    S  (    Stride size      
Ks   (  Kernel size

The layers of Inceptionv3 are shown in Table 6. The inception modules are well designed convolution modules which generate discriminatory features and reduce the number of parameters. Each inception module is composed of several convolutional layers and pooling layers in parallel.  Small convolutional layers such as 3 x 3, 1 x 3, 3 x 1 and 1 x 1 are used in the inception module to reduce the number of parameters. In Inceptionv3, 3 x Inception A modules, 5 x Inception B modules and 2 x Inception C modules are stacked in series. The default input image size is 299 x 299 x 3. Resizing the image is not needed during the training and testing phase. It did not changed the number of channels. Instead of this, the size of the feature map was generated. The structure of Inceptionv3 is explained using Table 3.5. An input image having a size of 299x299x3 passes to the first convolution layer. By applying the Equation (3.1) in input image, the resulting image dimensions will be reduced to 147x147x32. It is being followed by third convolution layer with the feature map of 64 features. By applying the Equation (3.1) to the obtained image, it proceeds with pooling and fourth convolution layer with the input size of 147x147x64 and 73x73x64. It is being followed by fifth and sixth convolution layer with the different types of inception modules followed by pooling, linear and softmax layers to extract deep features.

W1= 299  H1 = 299   W2  =   [(299-3)/2]+1 =    148 +1=149 =H2  W1= 149  H1= 149   W2  =    [(149-3)/1]+1 =   146 +1 =147 =H2  W1= 147  H1 = 147   W2 =   [(147-3)/2] +1 =     72 +1 =  73 =H2 W1= 73    H1 =   73   W2 =    [(73-3)/1]  +1 =     70 +1 =  71 =H2 W1= 71    H1  =  71   W2  =    [(71-3)/2]  +1 =     34 +1 =  35 =H2 W1= 35    H1 =   35   W2  =   [(35-3)/2]  + 1 =     16 +1 =  17 =H2 W1= 17    H1 =   17   W2  =   [(17-3)/2] + 1  =       7 +1 =    8 =H2 W1=  8     H1 =     8   W2  =   [( 8- 8)/2] + 1  =       0 +1 =    1 =H2   
3.1.1.5
Xception

                  It [18] stands for Extreme version of Inception. With a modified depth wise separable convolution and it is better than Inceptionv3 for both image net and JFT datasets. The modified depth wise separable convolution perform 1×1 convolution first, then channel-wise spatial convolution which is usually 3x3. The size of Input and Output images, Kernel size and stride are tabulated in Table 7.

                  The structure of Xception has explained in this sequence. Initially input image having a size of 299x299x3 passes to the first convolution layer. By applying the Equation (1) in 299x299x3 input size, the resulting image dimensions are reduced to 150x150x64. Similarly, it proceeds to second, third, fourth, fifth and sixth convolution layer and the resulting image dimensions are reduced to 19x19x728. Finally, it is being followed by average pooling and fully connected layers to extract deep features. 
W1=299 H1=299  W2= [(299-1)/2] +1=149+1= 150

W1=149 H1=149  W2= [(149-3)/1] +1=146+1=  147

W1=147 H1=147  W2= [(147-1)/2] +1= 73+1 =    74
W1= 74 H1= 74    W2= [(147-3)/2] +1= 72+1 =    73

W1= 73 H1= 73    W2= [( 73-1)/2] +1=  36+1 =    37

W1= 37 H1= 37    W2= [( 37-1)/2] +1=  18+1 =    19

3.1.1.6
Vgg19

Vgg19 [38] is a variant of Vgg model which in short consists of 19 layers (12 convolution layers, 2 Fully connected layer, 4 Maxpool layers and 1 Softmax layer). The structure of Vgg19 in Table 8 is explained here. The input image having a size of 224x224x64 is fed into two convolution operation. It is being followed by first max pooling layer. The resulting image is reduced to112x112x64. 

The input having a size of 112x112x64 is fed into third and fourth convolution layer with the feature map of 64 and 128. It is being followed by second max pooling layer. The resulting image is reduced to 56x56x128. The input having a size of 56x56x128 is fed into fifth, sixth, seventh and eignt convolution layer with the feature map of 128 and 256. It is being followed by third max pooling layer. The resulting image is reduced to 28x28x256. The input having a size of 28x28x256 is fed into ninth, tenth, eleventh and twelfth convolution layer with the feature map of 256 and 512. It is being followed by fourth max pooling layer. The resulting image is reduced to 14x14x512. It is fed into two fully connected layers and softmax layer to extract deep features.
W1=224 H1= 224  W2= [(224-2)/2] +1=112=H2

W1=112 H1= 112  W2= [(112-2)/2] +1=  56=H2

W1= 56 H1=    56  W2= [(  56-2)/2] +1=  28=H2

W1= 28 H1=    28  W2= [(  28-2)/2] +1=  14=H2
                                    Table 7 Xception
	Lay
	Input size
	Output size
	Ks
	S

	
	W1
	H1
	D1
	W2
	H2
	D2
	
	

	Cv2D (x32)
	299
	299
	3
	150
	150
	32
	3x3
	2

	Cv2D (x64)
	149
	149
	32
	147
	147
	64
	3x3
	1

	Cv2D (x128)
	147
	147
	64
	73
	73
	128
	1x1
	2

	Cv2D (x256)
	73
	73
	128
	73
	73
	256
	3x3
	2

	Cv2D (x512)
	73
	73
	256
	37
	37
	256
	1x1
	2

	Cv2D (x728)
	37
	37
	256
	19
	19
	728
	1x1
	2


Where,

W1(Width of input image size    H1 ( Height of input image size     

D1 (Dimension of input image size   
W2 (Width of output  image size   

H2 ( Height of output image size       
D2  (     Dimension of output image size    S  (    Stride size      
Ks   (  Kernel size

                                     Table 8 Vgg19
	Lay
	Feature 
map
	Input Size
	Output Size
	KS
	S

	
	
	W1
	H1
	D1
	W2
	H2
	D2
	
	

	cv1
	64
	224
	224
	64
	224
	224
	64
	3x3
	2

	cv2
	
	224
	224
	64
	224
	224
	64
	3x3
	2

	mp1
	
	224
	224
	64
	112
	112
	64
	2x2
	2

	cv3
	128
	112
	112
	64
	112
	112
	128
	3x3
	2

	cv4
	
	112
	112
	128
	112
	112
	128
	3x3
	2

	mp2
	
	112
	112
	128
	56
	56
	128
	2x2
	2

	cv5
	256
	56
	56
	128
	56
	56
	256
	3x3
	2

	cv6
	
	56
	56
	256
	56
	56
	256
	3x3
	2

	cv7
	
	56
	56
	256
	56
	56
	256
	3x3
	2

	cv8
	
	56
	56
	256
	56
	56
	256
	3x3
	2

	mp3
	
	56
	56
	256
	28
	28
	256
	2x2
	2

	cv9
	512
	28
	28
	256
	28
	28
	512
	3x3
	2

	cv10
	
	28
	28
	512
	28
	28
	512
	3x3
	2

	cv11
	
	28
	28
	512
	28
	28
	512
	3x3
	2

	cv12
	
	28
	28
	512
	28
	28
	512
	3x3
	2

	mp4
	
	28
	28
	512
	14
	14
	512
	2x2
	2

	Fc1
	
	   14
	    14
	  512
	  1
	  1
	 25088
	
	

	Fc2
	
	1
	1
	25088
	1
	1
	4096
	
	

	Softmax
	1024
	1
	1
	4096
	1
	1
	4096
	
	


where, 

Where,

W1(Width of input image size    H1 ( Height of input image size     

D1 (Dimension of input image size   
W2 (Width of output  image size   

H2 ( Height of output image size       
D2  (     Dimension of output image size    S  (    Stride size      
Ks   (  Kernel size

The input having a size of 112x112x64 is fed into third and fourth convolution layer with the feature map of 64 and 128. It is being followed by second max pooling layer. The resulting image is reduced to 56x56x128. The input having a size of 56x56x128 is fed into fifth, sixth, seventh and eignt convolution layer with the feature map of 128 and 256. It is being followed by third max pooling layer. The resulting image is reduced to 28x28x256. The input having a size of 28x28x256 is fed into ninth, tenth, eleventh and twelfth convolution layer with the feature map of 256 and 512. It is being followed by fourth max pooling layer. The resulting image is reduced to 14x14x512. It is fed into two fully connected layers and softmax layer to extract deep features.
W1=224 H1= 224  W2= [(224-2)/2] +1=112=H2

W1=112 H1= 112  W2= [(112-2)/2] +1=  56=H2

W1= 56 H1=    56  W2= [(  56-2)/2] +1=  28=H2

W1= 28 H1=    28  W2= [(  28-2)/2] +1=  14=H2

3.1.1.7
Resnet18
Resnet18 [18] is a short form of Residual Network. It has three different variants which are listed as Resnet18, Resnet50 and Resnet101 based on the number of layers in the residual network. Among three variants, the structure of Resnet18 is explained here and the values of each layer is tabulated in Table 9. The input image having a size of 224x224x3 passes to the first convolution layer. By applying the Equation (3.1) in 224x224x3 input size, the resulting image dimension is reduced to 112x112x64. Similarly, it proceeds to second, third, fourth and fifth convolution layer and the resulting image dimensions are reduced to 7x7x512. It is being followed by an average pooling and fully connected layers to extract deep features.
W1=224 H1=224 W2= [(224-2)/2] +1=112=H2

W1=112 H1=112 W2= [(112-2)/2] +1=  56=H2

W1= 56 H1=   56 W2= [(  56-2)/2] +1=  28=H2

W1= 28 H1=   28 W2= [(  28-2)/2] +1=  14=H2
W1= 14 H1=   14 W2= [(  14-2)/2] +1=    7=H2

3.1.1.8
Densenet201

Densenet201 [18] is a short form of Dense Convolutional Network which needs less numbers of parameters and it does not learn redundant feature maps. The layers in Densenet are very narrow i.e., 12 filters which add a lesser set of new feature maps. Each layer in Densenet has direct access to the original input image and gradients from the loss function. Therefore, the computational cost is significantly reduced which makes Densenet a better choice for image classification.
Table 9 Resnet18

	Lay
	Input size
	Output size
	KS
	S

	
	W1
	H1
	D1
	W2
	H2
	D2
	
	

	cv1
	224
	224
	3
	112
	112
	64
	2x2
	2

	cv2
	112
	112
	64
	56
	56
	64
	2x2
	2

	cv3
	56
	56
	64
	28
	28
	128
	2x2
	2

	cv4
	28
	28
	128
	14
	14
	256
	2x2
	2

	cv5
	14
	14
	256
	7
	7
	512
	2x2
	2

	7x7 avg pool
	7
	7
	512
	1
	1
	512
	
	

	512x1000 fully connected soft max
	1
	1
	512
	1
	1
	1000
	
	


Where,

W1(Width of input image size    H1 ( Height of input image size     

D1 (Dimension of input image size   
W2 (Width of output  image size   

H2 ( Height of output image size       
D2  (     Dimension of output image size    S  (    Stride size      
Ks   (  Kernel size

                                  Table 10 Densenet201

	Lay
	Input size
	Output size
	KS
	S

	
	W1
	H1
	D1
	W2
	H2
	D2
	
	

	Conv
	224
	224
	3
	112
	112
	64
	2
	2

	Pooling
	112
	112
	64
	56
	56
	64
	2
	2

	Dense Block1
	56
	56
	64
	56
	56
	64
	2
	2

	Transition layer1
	56
	56
	64
	28
	28
	64
	
	

	Dense Block2
	28
	28
	64
	28
	28
	64
	
	

	Transition layer2
	28
	28
	64
	14
	14
	64
	
	

	Dense Block3
	14
	14
	64
	14
	14
	64
	
	

	Transition layer3
	14
	14
	64
	7
	7
	64
	
	

	Dense Block4
	7
	7
	64
	
	
	
	
	

	Classification
	1
	1
	64
	
	
	
	
	


        Where,

W1(Width of input image size    H1 ( Height of input image size     

D1 (Dimension of input image size   
W2 (Width of output  image size   

H2 ( Height of output image size       
D2  (     Dimension of output image size    S  (    Stride size      
Ks   (  Kernel size

         The input image having a size of 224x224x3 is fed into convolution and pooling layer. By applying the Equation (1) in two subsequent layers of 224x224x3 input size, the resulting image dimension is reduced to 56x56x64. The input having a size of 56x56x64 is fed into three dense blocks. Each one of dense block has transition layer. The input having a size of 7x7x64 is fed into fourth dense block and Classification is done to extract deep features. These are clearly depicted in Table 10.
Table 11 Googlenet
	Layer

name
	Input size
	Output size
	KS
	S

	
	W1
	H1
	D1
	W2
	H2
	D2
	
	

	Conv1
	224
	224
	3
	112
	112
	64
	2x2
	2

	Maxpool1
	  112
	112
	64
	56
	56
	64
	2x2
	2

	Conv2
	56
	56
	64
	56
	56
	192
	2x2
	2

	Maxpool2
	56
	56
	192
	28
	28
	192
	2x2
	2

	Inception(3a)
	28
	28
	192
	28
	28
	256
	2x2
	2

	Inception(3b)
	28
	28
	256
	28
	28
	480
	2x2
	2

	Maxpool3
	28
	28
	480
	14
	14
	480
	2x2
	2

	Inception(4a)
	14
	14
	480
	14
	14
	512
	2x2
	2

	Inception(4b)
	14
	14
	512
	14
	14
	512
	2x2
	2

	Inception(4c)
	14
	14
	512
	14
	14
	512
	2x2
	2

	Inception(4d)
	14
	14
	512
	14
	14
	528
	2x2
	2

	Inception(4e)
	14
	14
	528
	14
	14
	832
	2x2
	2

	Maxpool4
	14
	14
	432
	7
	7
	832
	2x2
	2

	inception(5a)
	7
	7
	832
	7
	7
	832
	2x2
	2

	inception(5b)
	7
	7
	832
	7
	7
	1024
	2x2
	2

	avgpool6
	7
	7
	1024
	1
	1
	1024
	7x7
	1

	dropout
	1
	1
	1000
	1
	1
	1000
	


Where,

W1(Width of input image size    H1 ( Height of input image size     

D1 (Dimension of input image size   
W2 (Width of output  image size   

H2 ( Height of output image size       
D2  (     Dimension of output image size    S  (    Stride size      
Ks   (  Kernel size

The input image having a size of 224x224x3 is fed into convolution and pooling layer. By applying the Equation (1) in two subsequentlayers of 224x224x3 input size, the resulting image dimension is reduced to 56x56x64. The input having a size of 56x56x64 is fed into three dense blocks.Each one of dense block has transition layer. The input having a size of 7x7x64 is fed into fourth dense block and Classification is done to extract deep features.
3.1.1.9 Squeezenet

Squeezenet [19] is a deep convolutional neural network which contains small amount of parameters. The architecture dimensions are tabulated in Table 11. The input image having a size of 227x227x3 is fed into the first convolution layer with 64 feature maps. By applying the Equation (1) in the input size of 227x227x3, the resulting image dimension is reduced to 111x111x64. It is being followed by three max pooling layers with 128, 256 and 384 feature maps. The resulting image dimension is reduced to 13x13x384. The input having this size is fed into soft max layer to extract deep features.
W1=227 H1=227 W2 = (227-7)/2+1 = 111 = H2
W1=111 H1=111 W2= (111-3)/2 +1 =   55 = H2

W1= 55  H1=  55 W2= (  55-3)/2 +1 =   27 = H2
W1= 27  H1=  27 W2= (  27-3)/2 +1 =   13 = H2

	Layer 
name
	Input size
	Output size
	KS
	S

	
	W1
	H1
	D1
	W2
	H2
	D2
	
	

	cv1
	227
	227
	3
	111
	111
	64
	7x7
	2

	mp1
	111
	111
	64
	55
	55
	128
	3x3
	2

	mp2
	55
	55
	128
	27
	27
	256
	3x3
	2

	mp3
	27
	27
	256
	13
	13
	384
	3x3
	2

	softmax
	13
	13
	384
	13
	13
	100
	1x1
	1


3.1.1.10
Googlenet

The structure of Googlenet [14] is given in Table 12. The input image having a size of 224x224x3 is fed into the first convolution layer with the feature map of 64. It is being followed by first max pooling layer. The resulting image dimension is reduced to 56x56x64. It is fed into the second convolution layer with the feature map of 192. It is being followed by second max pooling layer. The resulting image dimension is reduced to 28x28x192. The input having a size of 28x28x192 is fed into two inception modules which is being followed by third max pooling layer. The resulting image dimension is reduced to 14x14x480. The input having a size of 14x14x480 is fed into five inception modules which is being followed by fourth max pooling layer.

4.Computer Assisted Recognition system

Figure 2 shows the creation of modified co-learning technique 

based on ten CNN models.The purpose of ten CNN model is to
derive the image features which are relevant to each specific

images. The inputs given to each CNN model arePET imageand
CT image. The modified co-learning technique uses the modality 
specific features producedby the ten CNN models toderive a 
spatially varying fusion map to weightthemodality-specific 
features at different locations. Finally, the reconstruction 
component integrates the modality-specific fused featuresacross 

multiple scales to produce the final prediction map. 

A. Creation of modified co-learning technique

Let G = X * Y + c be the output feature map of a CNN model where * is the convolutionoperation, Y is a input to CNN model, X is the learned weights and c is the learned bias. A batch normalization layer has been utilized to normalize every output feature dimension G to a distribution with zero mean and unit variance.The Leaky rectified linear unit (Leaky ReLU) activation function was utilized after feature map normalization:
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 EMBED Equation.3 [image: image6.wmf]

 EMBED Equation.3 [image: image7.wmf]

Where g is a normalized feature and i is a parameter  controlling  the ‘leakiness’ of the activation function with the constraint that 0 <i< 1. The Leaky ReLU activation avoids the dead neuron problem
that can occur with the standard ReLU function where some weights in X can be updated to a value where their training gradients are forever stuck at 0, thus preventing the weights from being updated in the future. The parameter i enables the introduction of a small non zero gradient when g < 0, thereby preventing the weights from being stuck at an unrecoverable value. For simplicity of notion, the output of a  convolutional layer has referred by G =Αi(X * Y + c) which is a feature map generated from Y after convolution, batch normalization and activation.
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Figure 1 Computer Assisted Recognition system
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Figure 2 Modified co-learning unit based on ten CNN models

B. Modified co-learning technique based on ten CNN models

The modified co-learning component contains two parts: (i) a modified co-learning unit is a CNN which learns to derive spatially varying fusion maps (ii) fusion operation utilizes the fusion maps to prioritize different features. Figure 3 shows a conceptual example of the ten CNN model based modified feature co-learning and fusion unit. The inputs to the modified featureco- learning unit are two feature maps GCT and GPET (each CNN model) of size w x h x c with w width, h height and c channels. These feature maps are stacked to form Ymulti (w x h x m x c) with m = 2 number of modalities.The channels of Ymultiare then convolved with the channels of a learnable 3D kernel Xmultiof sizek x k x m, where k is the width and height of the kernel and m = 2 is the number of modalities.
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Figure 3 Multiplying the spatially varying fusion map (GCNN) with the stacked modality-specific feature maps (GCT     GPET) to generate a fused modifying co-learned feature map (Gmodco-learned)

By performing ten CNN models without padding themodality dimension, we obtain for a given channel c a feature map with a singleton third dimension where the value at location (a,b) is determined from the neighborhood of both GCT(a,b) and GPET (a,b):
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We then squeeze the singleton third dimension to obtain an output 
feature map Xmulti*Ymultiof size w x h x 2c, the same width and height as the two modality-specific input feature maps FCT(a, b) and FPET(a,b) and double the number of channels, which is important for the weighting of modality-specific feature maps by the modifying co-learned fusion maps.
Theobjective is to controls the level of importance given to information from each modality ateach location, in contrast to the global fusion ratio in PET-CTpixel intermixing [22]–[24]. Thus the modifying co-learned fusion mapsdirectly affect the input distribution of the learnable layersthat immediately follow the modified co-learning unit. Hence, we donot normalize the output of the CNN model within the modified co-learningunit. As with the CNN model, we utilizeda Leaky ReLU activation function to obtain the multi modality modifying co-learned fusion map:
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Where cmulti are the learned biases. The multi modality fusion map GCNNis obtained by themodifiedco-learning unit based on ten CNN models. The fusion operation integrates the modality-specific feature maps according to the values (coefficients) in the multi-modality fusion 
map, as follows:
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where GCNN is the modifying co-learnedfeature map,         is the

stacking operation and       is an element wise multiplication. This process merges the two modality-specific feature maps. GCTand GPET weights them by the modifying co-learned fusion map similar to pixel intermixing. Our modified co-learning based ten CNN models generates fused feature maps,one for each PET and CT image.

C. Reconstruction

The reconstruction part of this CNN creates a prediction map of the ROIs within the PET-CT image. It does this by integrating the modified co-learned feature maps from each of ten CNN model. The concept behind reconstruction block is to generate higher dimensional feature maps that better correspond to the features for different ROIs by merging lower dimensional information with features that were fused from multiple image modalities. As with the modality-specific encoders, we use batch normalization [20]and Leaky ReLU [21] activations. After the last reconstruction block, the output feature map has the same width and height as the input PET-CT image,with 128 channels in the third dimension. This is analogous to a final 128-dimensional feature vector for each pixel in the original image. Ten CNN modelsutilize a 1x1 convolution to map thesefeature vectors into R + 1 feature maps, where R is the number of ROIs. Finally, these observations have transformed into a probability or prediction map that corresponds to the likelihood of the pixel belonging to a particular class using the softmax function [25]:
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where  Qj(p) is the probability that the pixel with observation vector p belongs to the region j, pj the j-th element of vector p and is the activation corresponding to region j.

5. Result
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Figure 4 Visual comparison of the results obtained by ten CNN models

Figure 4 compares ten CNN models based on lung, mediastinum and tumor. It is a visual comparision of the ROIs detected by modified co-learning method based on ten CNN models. In contrast, Squeezenet, VGG16 and Inceptionv3 detected fewer pixels (as shown by the tumor region) while Alex net and Googlenet detected more pixels within the region. 
Table  12 Comparison of the results obtained by ten CNN models

[image: image16.emf]S.No  PET   i mage  CT   i mage  Fused  PET/CT   Output  Lung  Media   stinum  Tumor  CNN   Models   used  Nodule detected image  

Nodule   size  Malignancy   Level  

  1    PET1.jpg    CT1.jpg    PECT1.jpg    L1.jpg    M1.jpg    T1.jpg  Vgg 16    22mm      Advanced   stage  

  2    PET2.jpg    CT2.jpg    PECT2.jpg    L2.jpg    M2.jpg    T2.jpg  Vgg 19    -    Normal   image  

  3    PET3.jpg    CT3.jpg    PECT3.jpg    L3.jpg    M3.jpg    T3.jpg  Alexnet    -    Normal   image  

  4    PET4.jpg    CT4.jpg    PECT4.jpg    L4.jpg    M4.jpg    T4.jpg  Squeezenet    18mm    Middle   stage  

  5    PET5.jpg    CT5.jpg    PECT5.jpg    L5.jpg    M5.jpg    T5.jpg  Googlenet    -    Normal   image  

  6    PET6.jpg    CT6.jpg    PECT6.jpg    L6.jpg    M6.jpg    T6.jpg  Inceptionv3    12mm    Early   stage  


[image: image17.emf]  7    PET7.jpg    CT7.jpg    PECT7.jpg    L7.jpg    M7.jpg    T7.jpg  Densenet201    22mm    Advanced   stage  

  8    PET8.jpg    CT8.jpg    PECT8.jpg    L8.jpg    M8.jpg    T8.jpg  Mobilenetv2    18mm    Middle   stage  

    9      PET9.jpg        CT9.jpg      PECT9.jpg      L9.jpg        M9.jpg        T9.jpg    Resnet18      12 mm      Early   stage  

  10    PET10.jpg    CT10.jpg    PECT10.jpg    L10.jpg    M10.jpg    T10.jpg  XCeption    -    Normal   image  

 


Table 12 illustrates the comparison of results obtained by ten CNN models based on lung, mediastinum and tumor. The two input image files are PET1.jpg and CT1.jpg. It is given as an input to VGG16 model.  Based on this model, the deep features are extracted. The value of these features are used as an input to modified feature co-learning based on ten CNN models with these feature ranges: Area = (1101-1200) mm2,  Perimeter = (131-140) mm, Centroid = (21-25) mm, Nodule size = (21-25) mm and eccentricity = (51-55). Based on these feature ranges, the stage of malignancy to be predicted is advanced stage.

The two input image files are PET2.jpg and CT2.jpg. It is given as an input to VGG19 model. Based on this model, the deep features are extracted. The value of these features are used as an input to modified feature co-learning based on ten CNN models with these feature ranges: Area = (801-900) mm2, Perimeter = (105-110) mm, Centroid = (6-10) mm and eccentricity = (36-40). Based on these feature ranges, it is declared as normal image. 
The two input image files are PET3.jpg and CT3.jpg. It is given as an input to Alexnet model. Based on this model, the deep features are extracted. The value of these features are used as an input to modified feature co-learning based on ten CNN models with these feature ranges: Area = (801-900) mm2, Perimeter = (105-110) mm, Centroid = (6-10) mm and eccentricity = (36-40). Based on these feature ranges, it is declared as normal image. 
The two input image files are PET4.jpg and CT4.jpg. It is given as an input to Squeezenet model. Based on this model, the deep features are extracted. The value of these features are used as an input to modified feature co-learning based on ten CNN models with these feature ranges: Area = (1001-1100) mm2, Perimeter = (121-130) mm, Centroid = (16-20) mm, Nodule size = (16-20) mm and eccentricity = (46-50). Based on these feature ranges, the stage of malignancy to be predicted is middle stage. 
The two input image files are PET5.jpg and CT5.jpg. It is given as an input to Googlenet model. Based on this model, the deep features are extracted. The value of these features are used as an input to modified feature co-learning based on ten CNN models with these feature ranges: Area = (801-900) mm2, Perimeter = (105-110) mm, Centroid = (6-10) mm and eccentricity = (36-40). Based on these feature ranges, it is declared as normal image. 
The two input image files are PET6.jpg and CT6.jpg. It is given as an input to Inceptionv3 model. Based on this model, the deep features are extracted. The value of these features are used as an input to modified feature co-learning based on ten CNN models with these feature ranges: Area = (901-1000) mm2, Perimeter = (116-120) mm, Centroid = (11-15) mm, Nodule size = (11-15) mm and eccentricity = (41-45). Based on these feature ranges, the stage of malignancy to be predicted is early stage. 
The two input image files are PET7.jpg and CT7.jpg. It is given as an input to Densenet201 model. Based on this model, the deep features are extracted. The value of these features are used as an input to modified feature co-learning based on ten CNN models with these feature ranges: Area = (1101-1200) mm2, Perimeter = (131-140) mm, Centroid = (21-25) mm, Nodule size = (21-25) mm and eccentricity = (51-55). Based on these feature ranges, the stage of malignancy to be predicted is advanced stage. 
The two input image files are PET8.jpg and CT8.jpg. It is given as an input to Mobilenetv2 model. Based on this model, the deep features are extracted. The value of these features are used as an input to modified feature co-learning based on ten CNN models with these feature ranges: Area = (1001-1100) mm2, Perimeter = (121-130) mm, Centroid = (16-20) mm, Nodule size = (16-20) mm and eccentricity = (46-50). Based on these feature ranges, the stage of malignancy to be predicted is middle stage. 
The two input image files are PET9.jpg and CT9.jpg. It is given as an input to Resnet18 model. Based on this model, the deep features are extracted. The value of these features are used as an input to modified feature co-learning based on ten CNN models with these feature ranges: Area = (901-1000) mm2, Perimeter = (116-120) mm, Centroid = (11-15) mm, Nodule size = (11-15) mm and eccentricity = (41-45). Based on these feature ranges, the stage of malignancy to be predicted is early stage. 
The two input image files are PET10.jpg and CT10.jpg. It is given as an input to XCeption model. Based on this model, the deep features are extracted. The value of these features are used as an input to modified feature co-learning based on ten CNN models with these feature ranges: Area = (801-900) mm2, Perimeter = (105-110) mm, Centroid = (6-10) mm and eccentricity = (36-40). Based on these feature ranges, it is declared as normal image. 
Table 13  Performance comparison of several existing computer aided detection systems which used anderson database
	       Metric

Category
	Sensitivity
	Accuracy
	False positive

	Dehmeshkiet al. (2007)
	90%
	81%
	16

	Suarez Cuenca et al. (2009)
	80%
	84%
	8

	Proposed modified co-learning method based on ten CNN models
	98.3%

(Densenet201)
	98.2%

(Densenet201)
	1.6




Table 13 indicates a sensitivity and false positive of two computer aided detection systems using Anderson Database. The CAR system developed by Dehmeshkiet al. (2007) had 90% sensitivity, 81% accuracy and 16 false positives per image whereas the CAR system developed by Suarez Cuenca et al. (2009) had 80% sensitivity, 84% accuracy and 8 false positives per image. This shows that sensitivity is lowered with the reduction in false positive and accuracy is improved. These two methods, when compared to the proposed modified co-learning method based on ten CNN models, produce 98.2% accuracy, 1.6 false positives per image and 98.3% sensitivity by using Densenet201 which shows an improvement in accuracy and sensitivity with reduced false positives.

6.Conclusion

Themodified co-learning technique based on Densenet201 attained 98.2 % accuracy and 97.3 % sensitivity is better to recognize lung cancer in beginning phase forimprovingsurvivalrates. It is a promising method for radiologists to recognize an abnormality by PET/CT images from Anderson Diagnostics & Labs image set. By utilizingDensenet201 CNNmodel, false positive of the proposed CARsystem have diminished to 1.6 which is lower than previous works
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