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ABSTRACT 

The chromosomal recognition is based on the treatment of abnormalities which is important for karyotyping. Diagnosis factors have been speed up by initialising 

the Varifocal-Net approach by using deep Convolution Neural Network classification which has been provided the form and polarities of chromosomal images. 

This method provided the better efficiency of the karyotyping images. CNN automatically classifies the chromosomal disorders which have been trained already. 

The Varifocal-Net approach consists of one global-scale network (G-Net) and local -scale network (L-Net). It has three different stages, the finer local region is 

determined in the first stage by removing the global features. By supervised and weakly supervised learning the high-level functionality has been extracted then 

promoted by the Residual Learning and Multi-Task Learning. Boosting up the classification performance we have been initialized two VGG-16 classifiers for 

feature extractions. Instead of having hyper-parameters we had a look on 3×3 filter of Convolution layers with stride and same 2×2 filters of Padding and Maxpool 

Layer with stride 2. The result demonstrated that the CNN has potential application value in chromosome classification and will contribute to the construction of 

an automatic karyotyping platform. 
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1. INTRODUCTION 

The chromosomal anomalies, which plays the major role now a days. Its provides responsible for several genetic diseases, which has numerical and 

structural abnormalities also included. These structural abnormalities results, because of the breakage and reunion of chromosomal segments. 

Chromosomes are of two types which is autosome and sexual chromosome. Both these two chromosomes are classified under certain operators by sorted 

out between autosome (22 pairs) and sex chromosome (XX or XY) in the karyotyping map. Chromosomes are non – rigid in its nature so, its oftenly 

curved and bent. These causes major difficulties to making accurate extract in their medial axes. Even though chromosome of the same-class, they might 

have certain variations  between different human beings in terms of local details. By using MATLAB software, we have determined the type of 

chromosomal abnormalities under the Varifocal – Net approach which provides deep learning method. D. Huber, L. Voith von Voithenberg, G.V. Kaigala 

[1] chose the FISH Microfluid technologies, where the cellular spatial information was provided. Swati, Gaurav Gupta, Mohit Yadav, Monika Sharma, 

Lovekesh Vig [2] overcome the above  propose to perform the Siamese network and MPL techniques which has resulted as an non - trained new 

chromosomal classes but showed more computationally intensive. Faroudja Abid Latifa Hamami [4] chose Artificial Neural Network has been provided 

increasing efiiciency and less computational complexity. G. Huang, Z. Liu, L. Van Der Maaten, and K. Q. Weinberger [5] to overcome the before work, 

Dense convolution network has been provided alleviations of the vanishing gradient problem and strengthen feature propogations. J. Fu, H. Zheng, and 

T. Mei, [6] chose Recurrent attention CNN resulted that the fine - grained recognition. W. J. Godinez, I. Hossain, S. E. Lazic, J. W. Davies, and X. Zhang, 

[7] has been proved that the Multi – scale Convolution Neural Network, provides automatically optimized on  the basis of training images. Which has 

not been required prior knowledge and applicable to multiple cells. We have been used Varifocal – Net approach for better classifications under VGG16 

classifier based on polarity using deep Convolution Neural Network. These consisting of the both global-scale (G-Net) and local-scale network (L - Net). 

2. MATERIALS AND METHODOLOGY OF FEATURE EXTRACTION 

2.1. Varifocal-Net with VGG-16 Disorder Detection 

The Varifocal-Net approach consists of two networks they are global-scale network (G - Net) and local-scale network (L- Net). Hence, these networks 

were used to detect the finer region. So, these networks has been optimized in alternative ways respectively. By involved the training process of the 

karyotyping images, which undergoes supervised and weakly-supervised learning’s. The subnet of global-scale network localized the discriminative 

detection of local parts. Then, fused features has been utilized for the classification of types and polarity via MLP classifiers. The  proposed dispatch 

strategy assigned the chromosome’s types. Microscopic images are captured and original chromosomal images has been  separated by cytogenetic. 
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Then, to classify the images into various chromosomal types has been proposed under two VGG-16 classifier. Instead of using existing CNN, VGG 

provides very large respective fields, Because VGG are now three ReLU units instead of just one, the decision function is more discriminative. The model 

described the uses of dropout regularization in the fully connected layers. A schematic of the VGG-16 architecture has been trained on the basis of 

chromosomal database. We have removed the fully connected classifier from the pre-trained VGG-16 classifier. Deep feature generator has been used 

for the production of semantic image vectors for our pavement images. Then, it is resulted the image classifications into autosome chromosomal disorder 

and sex chromosomal disorder. 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

Figure (2.1.1): Block \diagram of performance analysis 

2.2. VGG16 CLASSIFIER 

VGG-16 has 16 layers in its Convolutional Neural Network architecture. That layers are Convolutional layers, Activation layers, Max Pooling layers, 

fully connected layers. VGG-16 shows major concentration instead of having hyper-parameters we had a look on 3×3 filter of Convolution layers with 

stride and same 2×2 filters of Padding and Maxpool Layer with stride 2. The Softmax layer shows the specific output values between 0 and 1 based on 

the model confidentiality that which classes the images belongs to. 

 

   

 

 

 

 

Figure (2.2.1): VGG 16 – Convolution Network for classification and detection. 

2.3. CONVOLUTION NEURAL NETWORK MODEL 

Deep Convolution Neural Network has been used for providing feature extraction of both G-Net and L-Net by introducing the residual learning. CNNs 

consisting some layers  which are one convolution layer (Conv), three  residual  blocks, one batch normalization layer (BN), and one rectified linear unit 

(ReLU). By taking a G-Net chromosomal images as an input, it determines the abundant feature extraction and precisely detects the region of local 

network.  By enabling the Multi-task learning to consider the tasks between the inner relation, Which provides the task and polarity classifications. CNNs 

improves the effective feature extraction through certain shared CNNs. 

VGG - 
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Figure (2.3.1): CNN architecture used for chromosome classification 

2.4. PERFORMANCE ANALYSIS 

Formulae for overall respective analysis 

Sensitivity TP

𝐹𝑁 + 𝑇𝑃
 

Specificity TN

𝐹𝑃 + 𝑇𝑁
 

Precision TP

𝑇𝑃 + 𝐹𝑃
 

Recall TP

𝐹𝑁 + 𝑇𝑃
 

Accuracy TP + TN

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑃
 

F1 score 2 ∗ precision ∗ recall

𝑟𝑒𝑐𝑎𝑙𝑙 + 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 

Positive Predictive Value TP

𝑇𝑃 + 𝐹𝑃
 

Negative Predictive Value TN

𝑇𝑁 + 𝐹𝑁
 

3. RESULT AND DISCUSSION 

Therefore, the overall efficiency of the trained karyotype images has been delivered their performance analysis through certain specialized features and 

formulae’s. Here, the below denoted performance based karyotype numerical data values shows their respective determinations about the ratio between 

identification of correctly positive to actually positive is known as sensitivity. The ratio between the identification of correctly negative to actually 

negative is known as specificity. Recall and sensitivity are one and the same. Accuracy shows the number of correctly classified patterns to the total 

number of patterns. The following figure indicates all the above mentioned features according to their analysed images under Varifocal-Net approach. 

Performance Analyzing Factors Proposed 

 

Accuracy 99.0476 

Sensitivity 98.6395 

Specificity 100 

Precision 100 

Recall 98.6395 

NPV 100 

PPV 96.92 

Figure (3.1): The overall performance of the karyotyping images. 
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4. CONCLUSION 

The proposed Varifocal -Net approach determines the chromosomal classifications, which are tested broadly by using manually built data set. It has been 

processed by three stages of CNN based classification. The very first stage we have been explored the feature extraction efficiently to indentify the 

network of G-Net and L-Net. The second stage showed the robustly classified and differentiated the chromosomes by VGG-16 classifiers in two MPL 

classificatory forms and polarities. It benefits from multi-scale feature ensemble.  The third stage expressed to form dispatch strategy based on projected 

probabilities from the assigned chromosomes. The resulted mapping of the karyotyping images automatically denotes the human experts to their further 

possibility test and identification of their potential misclassifications.  
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