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Abstract: This paper proposes an ultrasound Doppler scan image big data classification approach that uses a selection 

process to estimate the best regions for extracting the feature of a faster region-based convolutional neural network (RCNN) 
network. This scheme initially pre-processes the Doppler scan images. From the pre-processed image, several maximally stable 
extremal regions (MSER) and residual regions are estimated. The residual region and a few of the regions selected from the 
stable regions are used to extract the features. A correlation-based approach is used to select the stable regions for extracting 
the features. The gradient values of selected regions are used to extract the triangular vertex transform-based features (TVT). 
The extracted TVT features are trained using the faster RCNN network to categorize the ultrasound Doppler scan image as the 
femur, brain, abdomen,cervix, thorax, and other regions. The evaluation metrics namely precision, recall, and F1-score are used 
to validate the algorithm. The proposed Doppler ultrasound classification approach provides a sensitivity, F1-score, precision, 
specificity, and accuracy of 96.13%, 94.74%, 94.26%, 98.82%, and 98.27% respectively. 
Keywords: — Doppler scan image classification, MSER region, TVT feature extraction, faster RCNN, Image gradient 

-------------------------------------------------------------------------------------------------------------------------------------------------------------------------- 

1. Introduction  

During gestation, the maternal structure of the fetal 

growth can be examined using the ultrasound Doppler scan 

image. This ultrasound Doppler scan image is less 

expensive in examining the fetal weight, blood flow, 

internal structure of the mother, and the fetal organs. In 

magnetic resonance imaging (MRI) the moment of the 

fetus will degrade the MRI scan image quality and it is 

difficult to examine the internal structure of the mother and 

the fetal organs. The advantage of ultrasound Doppler scan 

image [1] over MRI scan image is that the visual quality is 

high in ultrasound Doppler scan image during the 

movement of the fetus. Even though examination like fetal 

electrocardiogram helps to understand the function of 

organs like the heart [2]. Examination of the internal 

structure of the fetus will help to predict fetal health and 

the complication during the pregnancy and delivery. In the 

manual classification of ultrasound Doppler scan images, 

the inter and intra-observer variation can lead to wrong 

classification results. A single ultrasound examination will 

generate more than    images during the second trimester. 

Classifying more than    images by the physician utilizes 

more time and also causes wrong classification results, 

gestation age estimation, and the position of the fetus. 

Even though the Doppler scan image has disadvantages 

like adipose tissue beam attenuation, low contrast, and a 

low field of view, it has a valuable advantage that it is less 

harmful to the mother and fetus.  

Machine and deep learning algorithms play a crucial 

role in the classification of biomedical scan images like 

dermatology [3], Ultrasound scan [4], radiology [5], MRI 

imaging [6], fundus images[7], etc. Several feature 

extraction algorithms namely local binary pattern (LBP) 

[8], local directional pattern (LDP) [9], and histogram of 

oriented gradient (HOG) [10], etc. The extracted features 

are trained using the machine learning classifiers namely 

multilayer perceptron, multiclass support vector machine, 
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etc. The deep learning algorithm is preferred in 

classification applications where it is difficult to detect the 

region of interest or extraction of features. A semi-

automatic classification was proposed by Ryou et al. [11] 

which also requiresthe position of the biometry plane for 

the detection of the body/head of the fetus. A 

convolutional neural network (CNN) with multiple posses 

was proposed by Li et al.[12]  that uses an iterative 

approach in the detection of the fetal brain.Conditional 

random field (CRF) was applied to video frames by the 

author Maraci et al. [13] for heartbeat detection. The 

authors Sushma et al. [14] used the statistical features in 

the estimation of complex patterns for training in support 

vector machines. The authors Sibo et al. [15] used an 

explainable residual learning approach in the detection of 

congenital heart disease with     accuracy. Selvanthi et 

al. [16] used classifiers such as AlexNet, and CNN, where 

the classifier AlexNet provides maximum accuracy of  

       in the detection of abnormality. The scheme [17] 

categorized    different fetal structures using global and 

local features. Diagonal quadratic discriminate analysis 

along with Naïve Bayes classifier and k-nearest algorithm 

was proposed by Attallah et al. [18] that can categorize the 

brain scan images as normal and abnormal. The fetal tissue 

and amniotic fluid in fetal body detection were proposed 

by Li et al. [17] which provides     accuracy in 

classification. 

In our previous work, an empirical mode 

decomposition (EMD) is used to decompose [19] the 

image to several intrinsic mode functions. Instead of using 

the entire frequency bands, a few essential frequency 

bands are selected for feature extraction. Instead of using a 

few frequency bands for feature extraction, a few essential 

regions are detected using the MSER algorithm. However, 

the extracted features on the essential regions are classified 

using a decision tree classifier. In order to improve the 

performance, a deep learning algorithm with faster RCNN 

[20] is used in the proposed work. The rest of the paper is 

arranged as follows. Section 2 shows the proposed doppler 

scan image classification system, Section 3 shows the 

experimental results, and finally, section 4 concludes the 

work. 

 

2.Proposed ultrasound doppler 
scan image classification 

The proposed ultrasound doppler scan image 

classification consists of processes namely (i) Pre-

processing (ii) selection of unstable regions, (iii). 

Extraction of TVT features and (iv)Faster RCNN classifier 

with a dual sigmoid activation function.

 
Fig 1: Block diagram representation of proposed ultrasound Doppler scan image classification 

 

(a). Pre-processing 

Let the input Doppler scan image be   (   ). The pre-

processing includes the filtering of noise present in the 

scan image and resizing to a fixed size      . The 

filtering is performed using a median filter in order to 

Doppler scan 

image 

Pre-

processing 

Detection of MSER 

Region  

Faster 

RCNN 

classifier 

Classified 

output 

(Abdomen/Brain/Femur/Thorax/ 

Maternal Cervix/Others) 

𝑆 (𝑥 𝑦) 𝑆2(𝑥 𝑦) 

𝑃  

Selection essential 

MSER regions 

…. 

Detection of 

Feature point  

TVT based feature 

extraction 

 

  

Detection of unstable region 

Feature extraction 
Training / 

Classification 

(𝑚 𝑙  𝑛 𝑙) 𝐹 

Estimation of 

residual region  

Merging 

process 

Estimation of 

Gradient 

𝐻 

𝑃′ 

𝑆3(𝑥 𝑦) 𝑆4(𝑥 𝑦) 

𝑃  𝑃𝑇 

𝑃 



S. Sandhya kumara
 
and  K.Sandhya Rani “Selection of MSER region based Ultrasound Doppler scan Image Big data 

classification using a faster RCNN network.”, International Journal of Computer Engineering In Research Trends, 9(10): pp: 

184-192, October-2022. 

© 2022, IJCERT All Rights Reserved           https://doi.org/10.22362/ijcert/2022/v9/i10/v9i1001                                      186 

remove the salt and pepper noise during the image 

acquisition.  The pre-processed scan image be  2(   )  
(b). Selection of unstable regions  

Initially the image  2(   ) is applied to MSER [21] 

algorithm. Let     2       represents   number of 

regions estimated by MSER algorithm, generally 

represented as   ,         . The cumulative stable 

regions detected by the MSER algorithm is    

     ⋃ 2 ⋃ 3     ⋃   ⋃   
 
                     (1) 

The unstable region represents the regions that are not 

covered by the MSER algorithm which is expressed as 

 ′   2                                                                (2) 

Where ( ) and ( ) in equation (2) and (1) represents 

the set difference and union operator respectively. The 

region selection algorithm will select   number of regions 

fromthe region   .From   number of stable regions,   

numbers of least stable regions are estimated. Let the least 

stable regions be represented as  ̂ ,  ̂2…… ̂  generally 

expressed as  ̂ . The MSER regions are estimated based on 

correlation and area of the regions. Let    *    2     + 
represents the area of the stable regions. From the area   , 

the normalized area can  be estimated as, 

 ̂  
  

     
                                             (3) 

 ̂  { ̂   ̂2     ̂ }    (4) 

Let    be the correlation coefficient estimated between the 

region    and residual region  ′ 

   *    2      +    (5) 

 

A region    is selected as an essential region if the 

product of the normalized area of   ( ̂ ) and the 

cumulative correlation coefficient of other regions ( ̂ ) is 

less than the product of the cumulative normalized area of 

the remaining regions of   (  ) and correlation coefficient 

of the region    (  ) 

 ̂  ̂                         (6) 

   ∑  ̂         (7) 

 ̂  is the correlation between the residual region  ′ and 

⋃      . The least stable regions are the regions that satisfy 

the criteria provided in equation (6). Therefore the 

cumulative least stable region is expressed as 

  ⋃  ̂ 
 
                            (8) 

The least stable region   and residual region  ′ are 

merged to obtain the unstable regions 

 3(   )   ⋃ ′    (9) 

Let   3(   ) be the merged regions from which the 

gradient is estimated. Let  4(   ) be the gradient image 

from which feature points and TVT features are estimated.  

 

(c) Extraction of features 

 SURF [22] feature points are then detected on the 

gradient image. Let (       ) represents the SURF feature 

points 

        *(       ) (  2   2)    (       )+            (10) 

From the    neighborhood of the SURF feature point, 

the TVT features [23] are extracted. Let the     

neighborhood of the SURF feature point (       ) be 

represented as 

 (       )  

[

 (           )  (         )  (           )
 (         )  (       )  (         )

 (           )  (         )  (           )
]

   (11) 

In the     neighborhood the bottom left, bottom right, 

top right, top left, and center pixels are represented by  5, 

 4,  3,  2 and    respectively, which is expressed as 

 5   (           )   (12) 

 4   (           )   (13) 

 3   (           )   (14) 

 2   (           )   (15) 

    (       )    (16) 
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Fig 2: Extraction of  feature using TVT transform (a) Construction of first  TVT triangle (b) Construction of second  TVT 

triangle (c) Extraction of TVT feature from two triangles 

Using the gradient pixels  5,  4,  3,  2 and    two 

triangular sections are constructed.  ,  2, and  3 are used 

to construct the first triangular section, and  4,  5, and  6 

are used to construct the second triangular section as 

depicted in Fig. 2. The vertices of the first TVT transform 

 (   ),  (     ),  ( 2  2) can be estimated from the 

relations 
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Similarly,  the vertices of the second TVT section  (   ), 
 ′(  
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′ ),  ( 2  2) can be estimated as, 
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From the two triangular sections, the centroids are 

estimated. The centroid of the first triangular sections     

is given by 

(     )  .
     

3
 
  

3
/   (22) 

The centroid of the second triangular section   ′  is given 

by 

(  
′    

′ )  .
  

    

3
 
  
 

3
/   (23) 

The distance between the centroids of two triangular 

sections is given by 

  √(     
′ )2  (     

′ )2   (24) 

Let      represent the feature extracted from the image   

having   number of feature   ,       -. Therefore the 

extracted features from   training images are 

 ̂      [    ]  [      2    3        ]        
,        -  (25) 

 

(d) Faster RCNN classifier with dual sigmoid activation 

function 

The region proposal is generated by a convolutional 

network named as regional proposal network (RPN). The 

RPN and fast R-CNN are combined to form a faster R-

CNN network [20, 24] as depicted in Fig.3. Dual sigmoid-

based activation is used instead of using a traditional 

sigmoid activation function. Let   be the input to dual 

sigmoid activation where the output is expressed as  

 

 ( )  
 

              (26) 

The output of the dual sigmoid activation function is given 

by 

 ( )   2( )    ( )         (27) 
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Where  ( ) lies between   and   as depicted in Fig. 

4. It also depicts the dual sigmoid activation function with 

      and different values of  . For higher values of  , 

the activation function provides an S-shaped curve 

function, while it performs the linear function for the lower 

value of  . 

 
Fig 3:  Representation of Faster RCNN network 

 
Fig 4: Dual sigmoid activation function 

 

The algorithm for the proposed Doppler scan image 

classification can be summarized as follows: 

 

Algorithm: 

Input:Test image   

Output: Classified Doppler scan image result 

Step 1: Pre-process the ultrasound Doppler scan image. 

Step 2: Apply the MSER algorithm to obtain a maximally 

stable extremal region. 

Step 3: Apply the region selection process to estimate the 

regions that are required for feature extraction. 

Step 4: Estimate the residual region. 

Step 5: Merge the regions obtained in steps 3 and 4, and 

find the gradient magnitude. 

Step 6: Apply the SURF feature point detection algorithm 

to estimate the location of efficient features. 

Step 7: Construct a     neighborhood of each feature 

point and estimate the TVT feature from the neighborhood. 

Step 8: Classify the extracted features on the trained faster 

RCNN network to obtain the classified result.  

 

3.Experimental results 
The evaluation of the proposed algorithm was 

performed using the metrics namely Sensitivity, F1-score, 

Precision, Specificity, and accuracy with the Ultrasound 

Doppler scan image big data dataset [25]. The dataset 

consists of 6 different classes of Doppler scan images 

namely fetal abdomen, fetal brain, fetal femur, maternal 
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cervix, thorax, and other regions. Thus the dataset totally 

has 12,400 images collected from 1792 patients. The 

number of images used in training and testing is     and 

     respectively. Few of the sample images from the 

doppler scan image dataset are shown in Fig. 5.The 

evaluation metrics are estimated using the following 

relations 

 

 

 

 

 
(a)          (b)  (c)            (d)        (e)       (f) 

Fig 5: Sample images from the dataset (a)Abdomen (b) Brain (c) Femur (d) maternal cervix (e) thorax (f) other regions 
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Table 1: Comparison of performance metrics for the 

proposed method with traditional schemes 

 

Schemes Sensitiv

ity (%) 

F1-

Sco

re 

(%) 

Precisi

on (%) 

Specific

ity (%) 

Accura

cy (%) 

MobileNet 90.45 90.8

7 

89.07 92.01 87.5 

VGG 89.16 90.1

6 

88.64 92.48 92.1 

SE-ResNeXt-

101 

93.01 91.8

9 

92.23 96.11 92.7 

ResNet-152 90.32 93.7

1 

91.99 95.05 92.8 

Inception-v3 91.11 93.2 90.47 93.69 93.5 

8 

DenseNet-

169 

93.66 92.4

5 

93.01 97.56 93.6 

ResneXt-101 92.89 91.7

3 

90.56 94.21 94 

EMD-

FRCNN 

94.73 93.9

6 

93.32 98.94 94.78 

MSER-DT 95.86 94.1

2 

93.57 98.73 97.96 

Proposed 96.13 94.7

4 

94.26 98.82 98.27 

 

For the experimental comparison of the proposed 

doppler scan classification, we have used the traditional 

classifiers such as MobileNet [26], VGG [27], SE-

ResNeXt-101 [28], ResNet-152 [29], Inception-152 [30], 

DenseNet-169 [31], ResneXt-101 [32]. We have also used 

our recent works namely EMD-FRCNN [19] and MSER-

DT for comparison. The proposed Doppler ultrasound 

classification approach provides a Sensitivity, F1-score, 

Precision, Specificity, and accuracy of 96.13%, 94.74%, 

94.26%, 98.82%, and 98.27% respectively as shown in 

Table 1. The proposed approach provides 0.27%, 0.62%, 

0.94%, 0.09%, 0.31% higher sensitivity, F1-score, 

Precision, Specificity, and accuracy than the MSER-DT 

approach. The graphical comparison is illustrated in Fig. 6.
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Fig 6: Graphical comparison of metrics Sensitivity, F1-score, Precision, Specificity, and accuracy for the proposed 

approach with other recent classifier schemes. 

 

Table 2 shows the performance comparison of the 

proposed approach with and without using the region 

selection process. In the ‘without region selection’ 

evaluation process the feature is extracted from the entire 

image without detecting any regions. In the ‘with region 

selection’ evaluation process the feature is extracted from 

the region selected by the region selection process. The 

time of training the train images is 6,137s and the time of 

classification for one image is 1.06s. Using the region 

selection process the accuracy improves by 2.89% in the 

proposed approach.  

 

Table 2: Comparison of classification performance with 

and without region selection 

 

Scheme Method 
Accuracy 

(%) 

Time of 

training 

(s) 

Time of 

classification 

(s) 

MSER-DT 

Without 

region 

selection  

94.21 5,821 0.97 

With 

region 

selection 

97.96 6,453 1.13 

Proposed 

Without 

region 

selection  95.38 5,426 0.95 

With 

region 

selection 98.27 6,137 1.06 

 

Fig. 7 shows the confusion matrix obtained on the test 

images during the classification process.  

 

 
Fig 7: Confusion matrix chart obtained during testing 

The experimental results obtained during region 

selection, gradient estimation, and SURF feature point 

detection process is illustrated in Fig. 8. Here row1 

represents the input Doppler scan image, row2 represents 

the regions detected by the MSER algorithm, row3 

represents the Gradient estimated on the regions estimated 

by the region selection process and row4 represent the 

feature points detected by the SURF feature point detection 

algorithm.  
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(a) (b)          (c)                   (d)            (e)                    (f) 

Fig 8: Experimental result of the proposed approach (a) Abdomen (b) Brain (c) Femur (d) maternal cervix (e) thorax (f) other 

regions 

 

 
Fig 9: Comparison of ROC curve for different schemes 

Fig.9 shows the comparison of the ROC curve for different 

classifiers. The proposed algorithm shows a higher AUC 

of 0.9392 which is higher than the traditional approaches.  

 

4. Conclusion 
An algorithm for ultrasound doppler scan image 

classification system is proposed in this paper. Initially, the 

algorithm decomposes the image into a maximally stable 

extremal region using the MSER algorithm. The residual 

regions along with the selected least stable regions are 

used to estimate the essential regions for estimating the 

features. The gradient image is then estimated on the 

essential regions. From the gradient image, the SURF 

feature points are detected and the feature value is 

estimated by the TVT transform around the neighborhood 

of the feature point. Finally, the faster RCNN network with 

the dual sigmoid activation function is used to classify the 

doppler scan image as Femur, cervix, abdomen, thorax, 

brain, and other regions. The evaluation was done using 

the metrics such as precision, recall, sensitivity, specificity, 

and accuracy. The proposed Doppler ultrasound 

classification approach provides a sensitivity, F1-score, 

precision, specificity, and accuracy of 96.13%, 94.74%, 

94.26%, 98.82%, and 98.27% respectively which is higher 

than other classifiers used in Doppler scan image 

classification. 
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