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a b s t r a c t 

It is essential to measure anatomical parameters in prenatal ultrasound images for the growth and de- 

velopment of the fetus, which is highly relied on obtaining a standard plane. However, the acquisition of 

a standard plane is, in turn, highly subjective and depends on the clinical experience of sonographers. In 

order to deal with this challenge, we propose a new multi-task learning framework using a faster regional 

convolutional neural network (MF R-CNN) architecture for standard plane detection and quality assess- 

ment. MF R-CNN can identify the critical anatomical structure of the fetal head and analyze whether the 

magnification of the ultrasound image is appropriate, and then performs quality assessment of ultrasound 

images based on clinical protocols. Specifically, the first five convolution blocks of the MF R-CNN learn 

the features shared within the input data, which can be associated with the detection and classification 

tasks, and then extend to the task-specific output streams. In training, in order to speed up the different 

convergence of different tasks, we devise a section train method based on transfer learning. In addition, 

our proposed method also uses prior clinical and statistical knowledge to reduce the false detection rate. 

By identifying the key anatomical structure and magnification of the ultrasound image, we score the ul- 

trasonic plane of fetal head to judge whether it is a standard image or not. Experimental results on our 

own-collected dataset show that our method can accurately make a quality assessment of an ultrasound 

plane within half a second. Our method achieves promising performance compared with state-of-the-art 

methods, which can improve the examination effectiveness and alleviate the measurement error caused 

by improper ultrasound scanning. 

© 2019 Published by Elsevier B.V. 
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. Introduction 

Ultrasound (US) has been widely used in prenatal diagno-

is because of its advantages, including real-time acquisition, low

osts, no radiation, and noninvasive. Prenatal ultrasound is the

ost commonly used method for comprehensive observation of in-

rauterine growth and development. It is also an important tool

or preventing birth defects and assessing the healthiness of the

etuses ( Bucher and Schmidt, 1993; Dudley and Chapman, 2002 ).

owever, the precondition is to obtain standard planes for prena-

al ultrasound diagnosis ( Benacerraf, 2008; Gao et al., 2016 ). By

easuring the physiological parameters of the fetus in the stan-

ard plane (e.g., standard transthalamic plane), clinicians can ac-
∗ Corresponding authors. 

E-mail addresses: tfwang@szu.edu.cn (T. Wang), leiby@szu.edu.cn (B. Lei). 
1 These authors have contributed equally to this work. 

b  

e  

I  

a  

ttps://doi.org/10.1016/j.media.2019.101548 

361-8415/© 2019 Published by Elsevier B.V. 
urately assess the growth and development of the fetus. However,

t requires extensive clinical experience and comprehensive knowl-

dge of fetal anatomy for the sonographers to obtain standard

lanes. This is a challenging task, especially for novice sonogra-

hers. In clinical practice, the quality of ultrasound plane scanned

y the novice sonographers is further evaluated by experienced

onographers, which tends to be subjective and time-consuming

 Carneiro et al., 2008 ). How to improve the quality of ultrasonic

lane of novice sonographers has become the practical demand of

linical examination ( Huang et al., 2018; Ni et al., 2014; Yang et al.,

019 ). There are many automatic methods for detecting and recog-

izing standard planes ( Huang et al., 2018; Li et al., 2017; Ma et al.,

017; Wu et al., 2017 ). For example, automatic measurements of

iparietal diameter (BD) and head circumference (HC) ( Salomon

t al., 2005; Sinclair et al., 2018 ) are used to estimate fetal weight.

n such a process, obtaining the fetal head standard plane (FHSP) is

 prerequisite for physicians to perform parameter measurements

https://doi.org/10.1016/j.media.2019.101548
http://www.ScienceDirect.com
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Fig. 1. Illustration of FHSP image in different instruments, top and bottom represent the standard and non-standard planes, respectively. (Lateral sulcus (LS), thalamus (T), 

choroid plexus (CP), cavum septi pellucidi (CSP), third ventricle (TV), brain midline (BM)). 
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and anatomical observations. However, to the best of our knowl-

edge, there are few studies on automatic acquisition of FHSP and

its subsequent automatic quality assessment. 

To obtain FHSP and assess its quality ( International Society of

Ultrasound in Obstetrics and Gynecology Education Committee,

2010; Pilu et al., 2006; Zhang et al., 2017 ), it is important to detect

the presence of six key anatomical structures (i.e., lateral sulcus

(LS), thalamus (T), choroid plexus (CP), cavum septi pellucidi (CSP),

third ventricle (TV), brain midline (BM)). It is also vital to deter-

mine if the skull is in the middle of the ultrasound plane and oc-

cupies larger than 2/3 of overall fan-shape area (FS) ( Paladini et al.,

2007 ). Fig. 1 illustrates the FHSP image in different instruments.

For FHSP assessment, the clinical protocol needs to specify accord-

ing to the clinical standards ( Salomon et al., 2005 ). Quality as-

sessment aims to boost the sonographer’s judgment whether the

obtained ultrasound image is a standard plane or not, because it

can output the ultrasound images with the detection of the key

anatomical structures (e.g., CSP, LS, CP, etc.), as shown in the fol-

lowing Fig. 1 . The protocol refers to the quality control criteria for

manually assessing the fetal transthalamic plane. The protocol is

reviewed and approved unanimously by the internal research com-

mittee at Shenzhen Maternal and Child Health Hospital, Shenzhen,

China. The committee is led by a senior radiologist with more than

20 years of experience in the fetal US examination. 

The scoring protocol is shown in Table 1 , where US images can

be scored from 1 to 3 according to the specified protocol. To de-

tect important anatomical structures, CSP and BM are of the ut-

most importance. If these two anatomical structures cannot be de-

tected, then the ultrasound image is regarded as the non-standard

ultrasound image. According to the clinical protocols, ultrasound
Table 1 

Quality assessment protocol for fetal head US images. A score is given based on 

the protocol of stand plane evaluation. 

Item Protocol Score 

LS Lateral sulcus must be clearly visible 1 

CSP Camera septi pellucidi must be clearly visible 3 

CP The lateral ventricle only shows the choroid plexus, and 

the posterior horn cannot be clearly and completely 

displayed. 

1 

BM Brain midline shall appear full and clearly visible 3 

TV Third ventricle between the two thalamus 1 

T Symmetrical thalamus on both sides of the brain is 

clearly visible 

1 

FS The skull is in the middle of the ultrasound plane and 

larger than 2/3 of overall fan-shape area 

1 

Scores < 9: ×, Scores ≥9: ✔ 
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mages of fetal head with a score of 9 and above are considered as

 standard one. 

There are many challenges involved in quality assessment of the

ltrasound images, which are illustrated in Fig. 2 . The challenges

an be mainly divided into three groups: (1) The quality of ul-

rasound images is often affected by noise and shadowing effect.

 Fig. 2 (a)); (2) The scanning angle and the fetal location are un-

table due to the rotation of the anatomical structure ( Fig. 2 (b));

3) There is a lot of interference with similar tissues or anatomi-

al structures ( Fig. 2 (c)). It is noting that, the challenge in Fig. 2 (a)

s caused by the limitation of imaging principle, which is not the

rimary focus of this work. Hence, in order to tackle challenges

n Fig. 2 (b) and (c), we propose a multi-task faster regional con-

olutional neural network (MF R-CNN) ( Girshick, 2015; Ren et al.,

015; Xue et al., 2018 ) architecture for quality assessment of the

etal head US plane. Specifically, we break down the complex qual-

ty assessment tasks into a few simple ones, which can be eas-

ly handled with CNNs (i.e., six key anatomical structure localiza-

ion tasks and one FS classification task) ( He et al., 2016; Hu et al.,

018; Krizhevsky et al., 2012; Simonyan and Zisserman, 2014 ). Our

roposed method can effectively learn and extract discriminative

eatures from the training images, and is able to perform joint clas-

ification and detection tasks simultaneously. Meanwhile, its de-

ection speed is fast enough to fully meet the clinical needs. In-

pired by the recent studies on transfer learning ( Donahue et al.,

014; Sinno Jialin et al., 2011; Yosinski et al., 2014 ), we propose

 section training method via transfer learning technique, which

an improve the speed and accuracy of training ( Tajbakhsh et al.,

017 ). In addition, to further improve the detection results of the

etwork, we also add the prior clinical knowledge module in the

etwork detection process. To sum up, this paper has the following

ontributions: 

• A MF R-CNN architecture is proposed for joint six key anatom-

ical structures detection and FS classification. Our model lever-

ages domain-specific knowledge to train these closely related

tasks by sharing low-level features in the early layers, before

branching them into independent output streams for each task.

The task-specific predictions are then combined to assess the

quality of US images. 
• Both prior clinical and statistical knowledge are combined to

improve the accuracy of test results. Since the location of each

anatomical structure is fixed, we compute the total coverage

between the anatomical structures and eliminate those with in-

sufficient coverage in the predicted results, which can avoid in-

terference of other structures and tissues in the FHSP. 
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Fig. 2. Illustration of different types of challenges. (a) US images with heavy noise and shadowing effect. (b) Cases of fetal head regions (marked with red circles) with 

significant variations in size and appearance. (c) US images with two fetal structures which are in similar shape but are actually two different structures in relatively similar 

positions (green is the target anatomy; blue is the disturbing tissue or anatomy). (For interpretation of the references to color in this figure legend, the reader is referred to 

the web version of this article.) 
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• We use section training based on transfer learning to train our

network in such way that the classification module with fast

convergence rate will not interfere with the detection module

with slow convergence rate. 

Our proposed method has been evaluated on our self-collected

ataset with promising performance. In addition, our model can be

xtended to the quality control of other planes (e.g., four-chamber-

iew plane and abdominal plane). It is applicable to a number of

ltrasonic instruments with high robustness. The detection speed

f the network is fast for clinical auxiliary standard plane acquisi-

ion. 

. Related work 

In the recent years, with the rapid development of image pro-

essing technology, “intelligent ultrasound” ( Huang et al., 2018; Li

t al., 2017; Ma et al., 2017; Meng et al., 2018; Shin et al., 2018 )

as become a hot research topic. Powered by the machine learn-

ng and deep learning techniques ( Shi et al., 2018, 2016 ), many in-

elligent auxiliary diagnostic systems have been proposed for fe-

al US images ( Gao et al., 2016; Litjens et al., 2017; Noble, 2016;

aqub et al., 2016 ). For instance, Namburete et al. (2018) pro-

osed a multi-task fully convolutional neural network (FCN) ar-

hitecture to address the problem of 3D fetal brain localization,

tructural segmentation, and alignment to a referential coordi-

ate system. These methods make simple, computationally inex-

ensive predictions from 2D slices and are capable of incorporat-

ng this information to estimate 3D brain orientation. For exam-

le, Xu et al. (2018) proposed a multi-task learning framework

or automatic view classification and landmark detection of the

rgans in the fetal abdominal ultrasound image. The view clas-

ification result shows that their proposed method outperforms

he human expert. For landmark detection, each landmark-based

easurement error is reduced as well. Li et al. (2018) proposed

 new iterative transformation network (ITN) for the automatic

etection of standard planes in 3D volumes. Under a multi-task

earning framework, they introduced additional classification prob-

bility outputs to the network to act as confidence measures for

he regressed transformation parameters. Li et al. (2017) combined

andom forests and the prior knowledge to detect the region of

nterest (RoI) of the fetal head circumference. A non-iterative el-

ipse fitting method based on geometric distance was utilized for
ead circumference fitting. The detection speed of this method is

uite fast, and the result is similar to the result of manual mea-

urement by the sonographer. Sundaresan et al. (2017) presented

 framework for tracking the key variables that describe the con-

ent of each frame of freehand 2D ultrasound scanning videos of

 healthy fetal heart. They trained classification and regression

orests to predict the visibility location and orientation of the fetal

eart in the image, and the viewing plane label from each frame.

aumgartner et al. (2017) proposed a SonoNet, which can automat-

cally detect 13 fetal standard views in freehand 2-D ultrasound

ata as well as provide a localization of the fetal structures via

 bounding box. In addition, the network learns to localize the

arget anatomy using weak supervision based on image-level la-

els only. Chen et al. (2015, 2017 ) proposed an automatic frame-

ork based on deep learning to detect standard planes. The auto-

atic framework achieved competitive performance and showed

otential and feasibility of deep learning for region localization

n ultrasound images. The most related work was proposed by

u et al. (2017) , which could automatically detect the existence

f two key anatomical structures (stomach bubble and umbilical

ein) in the US image of the fetal abdominal through a 4-class clas-

ification network architecture. Their method achieved very good

lassification results. However, it is only suitable for identifying US

lane with fewer key anatomical structures, which is unsuitable for

ix anatomical structure detection of FHSP. Moreover, there are no

etailed clinical quality control protocols for FHSP quality assess-

ent of fetal transthalamic plane in the existing methods. Thus, it

s desirable to provide clinical assessment of US images with six

natomical structures and one classification task. 

. Methodology 

The framework of the proposed method is illustrated in Fig. 3 .

ith the heterogeneous input sources of original US data, MF R-

NN can automatically detect key anatomical structure and clas-

ify FS of image simultaneously. Then, the detection results of the

natomical structure are used as input for the prior knowledge

odule to further improve the detection accuracy. Finally, we can

utomatically score the US images of the fetal head based on the

umber of detected anatomical structures and FS classification re-

ults to determine whether it is a standard plane. 



4 Z. Lin, S. Li and D. Ni et al. / Medical Image Analysis 58 (2019) 101548 

Fig. 3. Framework of the proposed method. The transcerebellar plane to be detected is input into the MF R-CNN to automatically detect key anatomical structures and 

classify FS. In the detection task, the clinical prior knowledge module is added to further improve the detection accuracy. Finally, the network will score the ultrasound 

image based on the results of classification and detection, and judge whether it is a standard image based on the score. 
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3.1. The multi-task model 

To assess the quality of the fetal head plane, we need to break

down complex problems into a few simple ones that can be eas-

ily solved with CNNs. We train a multi-task network to simultane-

ously achieve six localization tasks (whether key anatomical struc-

tures are existing) and one classification task (whether FS region

is sufficient). Then, using the predicted results of network to de-

cide if a fetal head plane is a standard one or not. The detection

of key anatomical structures is in accordance with the doctor’s

clinical guidelines, which can also be used to eliminate the inter-

ference from other ultrasound planes (e.g. transventricular plane,

transcerebellar plane, etc.). The classification task enables us to de-

termine whether the FS of US plane is sufficient to meet clinical

standards, and it can further determine whether the magnification

of the transthalamic plane collected by the sonographer is appro-

priate or not. 

3.1.1. Convolutional neural network design 

The CNNs are hierarchical models, which are mainly composed

of non-linear convolutional layers and pooling layers. By varying

the depth and width of the networks, the model power can be

controlled, effectively. In a CNN model, the convolutional layers lo-

cally calculate pixel dependencies while pooling layers are used to

cut down the computational burden by reducing the image reso-

lution, and simultaneously increase the receptive field and invari-

ance. Low-level features obtained from previous layers are more

generalized and more task-specific features are found in the high-

level layers. 

Inspired by the Faster R-CNN, our proposed multi-task model is

subdivided into three parts as shown in Fig. 4 . Faster R-CNN can

learn from the training data to extract useful features, and through

the use of joint training and alternative optimization. Next, the Re-

gional Proposal Networks (RPN) module and Fast R-CNN module

in Faster R-CNN share the convolution layer features and build a

complete end-to-end CNN object detection model to detect object.

In our multi-task model, the first part contains low-level features

shared by all tasks, which combines these hierarchical features and

retains a very distinct and valid deep representation. The second

and third parts are the detection and classification module, re-

spectively, which further learn each task-specific feature. This CNN

architecture can avoid individual training of CNNs for each task,

take advantage of the correlation among different tasks and pro-

vide more oversight of learning sharing features. Therefore, in the

training process, the joint optimization and alternative training are

utilized, which not only ensures the invariance of the low-level
eatures, but also ensures the distinguishability of the seven tasks

or the task-specific feature operations. 

In our proposed architecture, the input image size is 960 × 720

r 1027 × 813. Inspired by Faster R-CNN ( Ren et al., 2015 ), we

escale the image so that their shorter sides are 600 pixels. All

he convolutional layers use fixed kernel size with sliding step size

= 2. The batch normalization (BN) layers are used after each con-

olutional layer in our network to resolve the convergence prob-

em and accelerate the training process. We employ rectified linear

nit (ReLU) activations after every BN layer. Eventually, our net-

ork branches out from the convolutional layer to produce outputs

or each specific task. 

In the detection module, in order to get accurate location of the

natomical structure, we use the region proposal network (RPN)

 He et al., 2015 ) from faster R-CNN ( Girshick, 2015 ) to generate

ore accurate region proposals. Here, RPN uses a 3 × 3 sliding

indow on the feature map of the shared low-level convolution

ayer to generate a full connection feature with a length of 512

imensions. Then, a series of rectangular region proposals are gen-

rated. According to the region proposal, RoI pooling layer extracts

xed length feature vector (7 × 7) from the shared low-level fea-

ure map, and then adds two parallel fully connected layers as the

utput layers. One outputs the bounding-boxes of the position of

he anatomy while the other outputs the categories and scores of

he predicted anatomy. 

In the classification module, because the input image size of the

etwork is relatively large (80 0 × 60 0 × 3 or 713 × 60 0 × 3),

s compared to the traditional image size of 224 × 224 × 3 or

27 ×227 × 3, the dimension of the lower layer features for the

lassification module is still large after the shared low-level layer.

o fully utilize the large dimension of features, a cls_block is added

o the classification module to further learn the effective features.

s shown in Fig. 4 (B), cls_block is composed of a different num-

er (0, 1, 2 or 3) of block a or block b in the classification module.

ere, block a is inspired from ResNet 50 ( He et al., 2016 ), which

s stacked with three residual layers, while block b is inspired by

GG16 ( Krizhevsky et al., 2012 ), which is composed of three con-

olutional layers stacked together. The most appropriate cls_block

nd the optimal number of blocks are selected empirically through

omparative experiments. 

.1.2. Training via transfer learning 

Both detection and classification modules are trained indepen-

ently to modify their convolution layers in different ways. There-

ore, we develop a joint learning technique that allows for sharing

onvolution layers between two modules, rather than learning two

odules separately. We design a single network that includes both
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Fig. 4. Proposed architecture of MF R-CNN (A). We only train the detection module first then transfer the trained and shared low-level features from the detection module 

to MF R-CNN. Afterwards, we jointly train the classification and detection module. MF R-CNN contains three parts, namely, the shared low-level features, the detection, and 

classification modules. The cyan block is the residual convolution block, and the Fully Connected (FC) layer is represented as the green sphere block. (B) is a zoomed-in 

schematic of two different blocks for cls_Block in the classification module. Block B(a) is the residual block composed of 1 × 1 Conv. and 3 × 3 Conv. while Block B(b) consists 

of three 3 × 3 Conv. The purpose of cls_block is to further learn effective features and reduce feature dimensions. (For interpretation of the references to color in this figure 

legend, the reader is referred to the web version of this article.) 
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etection and classification module, and then optimize it jointly

ith back propagation. Inspired by Faster R-CNN ( Ren et al., 2015 )

nd transfer learning, we learn shared features via section training

nd alternative optimization. 

Since the loss of the classification module drops faster than that

f the detection module, we adopt the section training based on

ransfer learning. We first train the detection module separately,

nd then jointly train the detection and classification module later.

e develop a practical section training algorithm in the following

o train the two modules through alternative optimization. 

Step 1: We initialize the shared convolution layer with the pre-

rained model via ImageNet, and separately train the network of

etection module in the first 10 epochs. 

Step 2: In the next step, the parameters of the initially trained

ow-level feature in the detection module are transferred to MF R-

NN. We then jointly train the detection and classification module

sing 10 epochs. Before the joint training, the features learned by

he shared low-level layer are all from the detection module. 

Step 3: To train the classification module, we initialize the

hared convolution layer with the training results in Step 2, and

nly fine-tune the layers that are unique from the classification

odule so that the two modules share features of the convolution

ayers. 

Step 4: After retraining the detection module and keeping the

hared convolution layers fixed, we fine-tune the unique feature

rom the detection module. 

As a result, both classification and detection modules share the

ame convolution layers and form a unified network via the alter-

ative and iterative training. 

.1.3. Multi-task loss 

Our multi-task model is divided into two modules: classifica-

ion and detection modules. We define loss of the classification

odule and detection module as L c and L d , respectively. The classi-

cation module outputs a discrete probability distribution (per US
lane), p = ( p 0 , . . . , p K ) , over K + 1 categories. In this paper, FS has

nly two categories, K = 1 . Here, the classification loss L c ( p, u ) is

efined as: 

 c ( p, u ) = − log p u , (1) 

here u is the ground-truth label of FS. 

The detection module is composed of RPN and Fast R-CNN,

herefore, the loss of the detection module is composed of the

osses of these two parts L r and L f , respectively. There are two sib-

ing outputs in the RPN: the first one is a discrete probability dis-

ribution (per anchor) y i , i is the index of anchor. The predicted la-

el of anchor is positive when y i is 1, and is negative when y i is

1. The second is a vector representing the 4 parameterized coor-

inates v i of the predicted bounding box. Like RPN, Fast R-CNN has

wo sibling outputs. But the first output is the predicted probabil-

ty of each class, q = ( q 0 , . . . , q L ) , over L + 1 classes. In this paper,

 = 6 because there are six detection classes. The second sibling

utput is bounding-box regression offsets t for each L object class,

 

L = ( t L x , t 
L 
y , t 

L 
w 

, t L 
h 
) . The detailed calculation for L r and L f are given

n Fast R-CNN ( Girshick, 2015; Ren et al., 2015; Xue et al., 2018 )

nd Faster R-CNN ( Ren et al., 2015 ). Therefore, the loss function of

etection module L d (y i , v i , q, t) is given by: 

 d ( y i , v i , q, t ) = L r ( y i , v i ) + L f ( q, t ) . (2) 

Finally, we design an objective function using the multi-task

oss L developed in Fast R-CNN and Faster R-CNN, which is denoted

s: 

 = α1 L c ( p, u ) + α2 L d ( y i , t i , q, v ) , (3) 

here α1 and α2 refer to the weights for two modules. For

he first 10 epochs in the training, only the detection module is

rained, so α1 = 0 , α2 = 1 ; For the last 10 epochs, two modules

re trained together, so α1 = α2 = 1 . It is worth noting that in

ur network, the loss of the classification module converges faster

han that of the positioning module. Hence, we develop a section
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Fig. 5. The relative position of the clinical anatomical structure (a). The statistical information of the position coverage of two anatomical structures, and the distribution of 

overlap between BM, LS and CSP, TV, CP, and T (b). 
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training technique. We do not use joint training by changing the

weights α1 and α2 , because even if α1 is low, the interference of

the classification module in the training process is still very huge. 

3.2. Clinical prior knowledge 

Due to the similar anatomical structure and tissue effects in the

ultrasound image (as shown in Fig. 2 (c)), the detection methods

are vulnerable to misdetection of individual anatomical structures

especially TV. To reduce the false detection of anatomical structure,

we add clinical prior knowledge in our algorithm to improve the

accuracy of anatomical structure. 

Most of the object detection methods based on bounding boxes

use non-maximum suppression (NMS) in both training and test

stage. However, during the test stage, the NMS role is to sort the

bounding boxes by score, then retain the box with the highest

score, and delete other boxes with overlapping areas less than the

specific intersection-over-union (IoU) value. The IoU is defined be-

tween the ground truth (area GT ) and predicted image (area P ): 

IoU = 

∣
∣ar e a GT ∩ ar e a P 

∣
∣

| ar e a GT ∪ ar e a P | (6)

The IoU value specified in NMS has great influence on the de-

tection result. If the IoU value is too high, it can easily lead to

object omission. On contrary, if the IoU value is too low, object

misdetection is likely to increase. Although there are many studies

( Bodla et al., 2017; Hosang et al., 2017; Jiang et al., 2018 ) using dif-

ferent state-of-the-art approaches such as Soft NMS ( Bodla et al.,

2017 ), and the NMS algorithms in the IoU-net ( Jiang et al., 2018 )

improves detection results, the improvement for our method is still

limited. We further improve the detection accuracy from the prior

clinical knowledge rather than the specific IoU value, which make

the detection results of the network unaffected by the IoU value of
the NMS. a

Algorithm 1 

An iterative algorithm used to reject high-score interference anatomical structures an

Input: I: the number of all detection results for a single image. 

‘ L : category of predicted anatomy. L ∈ ( BM , LS , CSP , TV , CP , T ) 

‘ t L :the bounding box of each predicted anatomy. t L = ( t L x , t 
L 
y , t 

L 
w , t 

L
h

1: Find the t BM and t LS corresponding to BM, LS in the detection 

the highest prediction score; if BM or LS does not exist, there is n

2: Set the number of iterations i ∈ I,initialize i = 0; 

3: For the detected t L ∈ ( t CSP , t TV , t T , ) , the following operations a

1) Calculate overlap( overla p L BM 
, overla p L LS 

) between t L and t BM

2) Determine whether overla p L BM 
, overla p L LS 

is in the range of 

3) If overla p L−BM and overla p L LS 
are not in the range, we will 

4: i = i + 1 

5:end until stop sign ( i = I ) 

6: Each type of detected result is re-examined. If there are multi

predicted score is retained. 

Output: Select bounding boxes results 
Specifically, we identify and analyze FHSP using its informative

linical knowledge as below: (1) in each US plane, there is only

ne detection result for each anatomical category; (2) the relative

osition between the anatomical structures is fixed. As shown in

ig. 5 (a), majority of the location areas of the BM and CSP, T and

V are overlapped, while that of LS and CP, CSP, T, and TV do not

ave significant overlap. Hence, we use this clinical knowledge to

urther improve our detection results. We first use an overlap for-

ula to represent the overlapping relationship of location areas:

v erlap = 

| ar ea A ∩ ar ea B | 
area B 

, (7)

here area A indicates the anatomical area with clear outline and

igh detection accuracy, and area B indicates the anatomical struc-

ure area, which is easily interfered by other anatomical structures

nd tissues. From the preliminary test results of the network, it can

e seen that the detection results of LS and BM are the best, reach-

ng 98.5% and 98.4%, respectively. Therefore, we can use the posi-

ion information of these two anatomical structures to supervise

he position information of other anatomical structures, and elim-

nate the anatomical structure interference and tissue interference

esults. Hence, the accuracy of detection anatomical structures can

e boosted. 

As shown in Fig. 5 (b), overlap is used to calculate the statistical

nformation of the position coverage between the two anatomical

tructures, which calculates the overlap between BM, LS and CSP,

V, CP, and T, respectively. The coverage range of CP and BM is

elatively wide. The initial detection accuracy is high due to its ob-

ious shape. Therefore, we do not use the clinical anatomical po-

ition information to improve it. During the detection process, we

dd the prior knowledge to the initial display result of the net-

ork (e.g., a filter to remove the wrong result), and the specific

lgorithm is implemented in Algorithm 1 . 
d tissue detection results. 

 

 

) 

result. (If BM or LS has multiple prediction results, take the result with 

o operation.); 

re performed : 
 , t LS , respectively. 

Fig. 5 (b). 

delete the prediction result t L . 

ple test results in the same class, only the test result with the highest 
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.3. Implementation details 

All experiments are performed on a computer with CPU Inter

eon E5-2680 @ 2.70 GHz, GPU NVIDIA Quadro K40 0 0, and 128G

f RAM. The model is implemented in the Python programming

anguage using the Keras interface to Tensorflow. In our imple-

entation, we initialize the learning rate to αlr 1 = 10 −5 for the de-

ection module and αlr 2 = 10 −6 for classification module, and the

earning momentum is set to ρa = 0.9. We first separately train 10

pochs in detection module, and then jointly train 10 epochs in de-

ection and classification module. The training takes approximately

 h/epoch. 

. Experiments and results 

.1. Experimental setup 

Our dataset is collected from Shenzhen Maternal and Child

ealth Hospital, and age of the fetus ranges from 14 to 28 weeks.

hese images are collected from different types of ultrasonic de-

ices such as Siemens, Mindray, and Philips. Apart from conven-

ional ultrasonic images, there are also pseudo-color ultrasonic im-

ges, which increase the diversity of ultrasonic images. After nor-

alizing the ultrasound images, the selected images are first man-

ally labeled by sonographers with 8 years of fetal ultrasound ex-

erience. We use about 80% of the images (1451 images) as the

raining set, and the remaining 20% (320 images) as the test set.

ctually, our training data set and test data set are pre-specified.

n details, we collect 1–3 images from each patient, and ensure

hat the data of the subject of the test set and the training set are

ollected separately. The data distribution of the training and test

et for detection and classification task is shown in Tables 2 and 3 ,

espectively. Data augmentation is also implemented (mirror, rota-

ion) in order to expand the dataset. 

For the classification module, feature dimension remains large

fter 4 convolutional blocks. We add blocks after sorting branches

o reduce the feature dimension. As shown in Fig. 4 (b), we use two

ifferent blocks (block a and block b) as cls_block, and the number

f cls_blocks added to the classification module is also uncertain.

even different architectures (O, A1, A2, A3, B1, B2, B3) are tested,

here O means no addition of cls_block in the classification mod-

le, A1, A2, and A3 represent the addition of 1, 2, and 3 block a

n the classification module, respectively. Similarly, B1, B2, and B3

lso represent the addition of block b in the classification module.

y changing the depth of the classification network, we explore its
Table 2 

The number of anatomical structures 

contained in the training set and the 

test set. 

Train Test 

LS 1363 317 

BM 1383 317 

CSP 985 273 

CP 1382 314 

TV 1416 315 

T 1415 315 

Table 3 

The number of positive and negative 

samples of FS in the training set and 

test set. 

Train Test 

Positive 646 180 

Negative 805 140 

S  

e  

a  

s  

c  

m  
mpact on overall network performance, and aim to find models

hat balance capabilities and data availability. 

.2. Evaluation metrics 

For detection module, weighted foreground IoU is calculated

etween the prediction and manual locations. For accurate detec-

ion, only IoU value greater than 0.5 is considered as the correct

etections. We also use average precision (AP) to evaluate the de-

ection results of each anatomical structure and mean AP (mAP)

o evaluate the overall performance of the detection network. For

etection models, we qualitatively assess the location results by vi-

ualizing the detections of all anatomical structures in an image. 

For classification module, popular evaluation metrics such as

verall accuracy (ACC), precision (Pre), sensitivity (Sen), specificity

Spec), F1-score (F1), and area of receiver of operation curve (AUC)

re computed to quantitatively evaluate all classification models.

o demonstrate the efficacy of our proposed method, the interme-

iate and final FHSP scoring results are compared with the corre-

ponding manual annotations. 

.3. Classification results 

In the classification modules, we continue to add the convo-

ution block to learn effective features at the expense of increas-

ng the depth of the network. In addition, the changes in network

tructure in classification module affect the shared feature and de-

ection results. We set up seven comparative experiments to show

ffects of architectures on classification and detection result. 

From Table 4 , it is observed that the specificity results of our

roposed method are superior to the existing methods (AlexNet,

GG16, ResNet50). For example, B1 and B2 achieve the best result

ith a classification accuracy of 96.25%, a precision of 97.76%, an

UC of 98.89% and a F1-score of 95.68%, which shows that adding

 or 2 block b in the classification module can lead to better clas-

ification results. Fig. 8 shows ROC results of different methods,

hich is consistent with the results in Table 4 . 

Data visualization can directly characterize the performance of

he classifier. We use t-distributed stochastic neighbor embed-

ing (t-SNE) ( Maaten and Hinton, 2008 ) technique to visualize our

atasets and deep representations extracted from different net-

orks, and deep representational features of FC layers of different

lassification module extracted from the test datasets. T-SNE is an

ffective method for data dimension reduction and visualization. T-

NE is a nonlinear dimensionality reduction algorithm, which can

ffectively map high-dimensional data to low-dimensional space

nd maintain the local structure of data as in high-dimensional

pace. Fig. 7 shows the t-SNE visualization for samples of two

lasses. Red and cyan represent non-FS and FS, respectively. The

ixed distribution of the raw test datasets shows that FS and non-
Table 4 

Classification result comparisons of our method with different senarios, 

our method vs. other methods. 

Method Prec Sen ACC F1 Spec AUC 

AlexNet 92.19 92.85 93.43 92.52 93.89 98.66 

VGG16 91.94 97.85 95.31 92.56 93.33 98.11 

VGG19 94.73 90 93.43 92.30 96.11 98.46 

ResNet50 94.85 92.14 94.37 93.47 96.11 96.83 

O 89.40 96.43 93.43 92.78 91.11 97.81 

A1 97.76 93.57 96.25 95.62 98.33 98.29 

A2 96.35 94.28 95.93 95.30 97.22 98.17 

A3 83.95 97.14 90.62 90.06 85.55 97.86 

B1 97.76 93.57 96.25 95.62 98.33 98.84 

B2 96.37 95 96.25 95.68 97.22 98.89 

B3 93.57 93.57 94.37 93.57 95 98.31 
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Fig. 6. CAMs for unique layer of classification modules (B1). (a) FS classification 

result when network is 0 (non-FS), (b) FS classification result when network is 1 

(FS). 
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FS data have high intra-class and low inter-class variations. In con-

trast, the output features of the FC layer of different classification

modules show that the FS and non-FS are in a separated state,

which demonstrates the effectiveness of the classification and dis-

criminative ability of the cls_block introduced in this paper. 

Fig. 6 shows the class activation maps (CAM) ( Chattopadhay

et al., 2018; Selvaraju et al., 2017; Zhou et al., 2016 ) for the unique

layer of classification modules (B1). CAM is a tool that helps vi-

sualize CNN. With CAM, we can clearly observe which area of the
icture the network focuses on. Here, (a) and (b) represent the pre-

icted results of the classification module as 0 and 1 (non-FS and

S), respectively. It can be clearly seen that when the classification

esult is 0, the network emphasizes the distance from the middle

kull area to the scanning fan area. When the classification result

s 1, the network emphasizes the area of the brain and the distance

rom the brain to the bottom of the scanned fan area. 

.4. Detection results 

The detection result of the anatomical structure is considered

ccurate when the detection result of a key anatomical structure

nd the ground truth’s IOU value is higher than 0.7. According to

his definition, the detection results of BM, T, CP, CSP, and LS us-

ng the test dataset (320 ultrasound images) are quite good. How-

ver, the detection result of TV is only 80%, which is lower than

he other anatomical structures. The reason is that, the relative

maller and flat anatomical structure of TV makes it difficult to

etect. 

As shown in Table 5 , we observe that our method has the high-

st accuracy in terms of mAP as compared to other methods (SSD

 Liu et al., 2016 ), YOLO ( Redmon et al., 2016; Redmon and Farhadi,

017 ), Faster R-CNN ( Ren et al., 2015 )). Our method only requires

pproximately 0.6 s to detect an ultrasound plane, which is fast

nough to meet clinical needs. Since the changes of cls_block of

he classification module affect the detection results, we show the

orresponding detection results of 7 architectures. As shown in

able 8 , the test results of MF R-CNN using B1 architecture achieve

he best performance while the sub-optimal is using B2 architec-

ure. The observation indicates that adding shallow convolutional

ayers in cls_block could have a better impact on the detection re-

ult. In addition, as can be seen from visualization results in Fig. 9 ,

ur method has almost no missed detection and false detection

ates as compared to other methods. The green, red, yellow, blue,

reen, and purple bounding boxes indicate the LS, CP, T, CSP, TV,

nd BM, respectively. 

In Table 6 , our proposed method compares with a single net-

ork in terms of network parameters and average detection speeds

f multiple US planes. The parameters of our multi-task net-

ork are close to those of two separate networks (Faster R-

NN + ResNet50 or Faster R-CNN + VGG16). When detecting mul-

iple images, our method has the similar speed with the two sepa-

ate networks. Since our multi-task network is an end-to-end net-

ork framework, we only need to load the weights once and can

utput the results of classification and detection at the same time

hen only one ultrasonic plane is detected. However, if an ultra-

onic image is detected by a classification and location network,

he weight needs to be loaded twice to obtain the results of classi-

cation and detection, which increases the detection time. There-

ore, our method possesses a relatively higher speed in detecting a

ingle image. 

.5. Clinical prior knowledge and transfer learning 

As shown in Table 7 , we change the IoU in NMS during the test

f MF R-CNN (B1). It can be seen that the detection result is greatly

nfluenced by IoU, and the test result improves as IoU decreases. It

s worth noting that “ours (B1) + C” represents the network output

ith the addition of the clinical prior knowledge module. We can

ee that the detection result of “ours (B1) + C” is the best, which

s unaffected by IoU. Moreover, with the prior knowledge, the de-

ection accuracy of each anatomical structure is significantly im-

roved, especially for CSP and TV, which are applicable to other

natomical structures as well. 

We summarize the results of detection and classification of dif-

erent cls_blocks in MF R-CNN in Table 8 . We also demonstrate the
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Fig. 7. Visualization with the t-SNE technique for samples of two classes. 0 and 1 represent non-FS and SF, respectively. Original: Raw test data; O, A1-A3 and B1-B3: 

Extracting the features of the FC layer of different classification modules (O, A1-A3, and B1-B3) from the test dataset. (For interpretation of the references to color in this 

figure legend, the reader is referred to the web version of this article.) 

Fig. 8. ROC curves of classification results of our method with other methods. 

Table 5 

Comparisons about detection results between our method and other methods. 

Method TV BM T CP CSP LS mAP 

SSD 32.37 88.47 86.70 61.99 50.50 77.56 66.27 

YOLOv2 23.46 82.90 46.02 78.26 73.81 95.37 66.63 

Faster R-CNN (VGG16) 78.94 99.20 94.92 87.66 81.26 98.35 90.06 

Faster R-CNN (Resnet50) 75.57 98.48 94.81 92.70 85.14 98.53 90.87 

O 81.59 98.65 92.63 94.28 89.50 97.96 92.44 

A1 80.08 96.85 94.34 94.02 89.44 98.22 92.16 

A2 77.35 98.11 92.82 95.86 84.86 97.29 91.06 

A3 78.68 98.90 94.58 92.42 85.73 98.73 91.51 

B1 82.50 98.95 93.89 95.82 89.92 98.46 93.26 

B2 78.46 98.74 94.94 94.78 91.47 98.07 92.74 

B3 76.11 98.56 95.48 91.97 87.88 98.01 91.34 
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Fig. 9. Visualization of detection results. The left-to-right detection results are: Ground-truth, YOLOv2, SSD, Faster R-CNN, and ours (B1 + A). The green, red, yellow, blue, 

green, and purple bounding boxes indicate the LS, CP, T, CSP, TV, and BM, respectively. (For interpretation of the references to color in this figure legend, the reader is 

referred to the web version of this article.) 
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Table 6 

Single-task and multi-task methods with different architectures, speed and pa- 

rameters. 

Method Speed (s) Parameters (M) 

Single-task AlexNet 0.015 26.01 

VGG16 0.020 67.04 

VGG19 0.020 72.10 

ResNet50 0.053 22.50 

Faster R-CNN(VGG16) 0.534 130.45 

Faster R-CNN(ResNet50) 0.586 27.07 

Multi-task O 0.601 27.08 

A1 0.658 41.30 

A2 0.655 58.20 

A3 0.653 75.00 

B1 0.604 36.09 

B2 0.632 42.84 

B3 0.647 54.09 

Table 7 

Results of prior knowledge modules using different IoU. 

IOU TV BM T CP CSP LS mAP 

0.9 70.00 86.14 79.95 77.51 77.94 90.07 80.27 

0.7 80.04 96.99 91.51 93.45 85.40 97.79 90.86 

0.5 82.50 98.95 93.89 95.82 89.92 98.46 93.26 

0.3 84.21 98.96 94.08 96.10 90.72 98.48 93.76 

0.1 84.29 98.96 94.08 96.11 90.72 98.48 93.78 

Our(B1 + C) 84.58 98.96 94.34 96.51 91.07 98.75 94.04 
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ffect of different training methods and clinical prior knowledge

dded to MF R-CNN on the accuracy of network results, where I

initialization) represents MF R-CNN without section training and

linical prior knowledge module. C (clinical prior knowledge) rep-

esents MF R-CNN without section training, but with clinical prior
Table 8 

Detection and classification results of different cls_blocks are added into the network

knowledge without section training; S: section training without prior knowledge; A: all 

Method Detection 

TV BM T CP CSP LS 

O I 72..77 97.08 93.74 85.94 83.88 97.5

C 77.10 97.15 94.23 92.02 87.90 98.8

S 81.59 98.65 92.63 94.28 89.50 97.9

A 81.81 98.69 92.75 95.04 90.64 98.1

A1 I 74.97 98.42 93.90 90.84 88.70 98.3

C 78.06 98.63 94.17 93.32 92.04 99.0

S 80.08 96.85 94.34 94.02 89.44 98.2

A 80.29 96.91 94.42 94.28 91.02 98.8

A2 I 73.83 97.43 93.71 90.67 86.83 96.4

C 76.22 97.56 94.35 93.73 91.22 97.6

S 77.35 98.11 92.82 95.86 84.86 97.2

A 78.37 98.11 93.01 96.31 86.71 97.5

A3 I 76.48 97.68 96.75 93.06 79.66 98.3

C 80.00 97.83 97.30 95.83 85.49 98.9

S 78.68 98.90 94.58 92.42 85.73 98.7

A 78.99 98.97 94.69 92.97 86.99 98.9

B1 I 81.63 97.24 94.97 89.48 85.55 97.6

C 82.52 97.27 95.10 92.11 87.74 98.3

S 82.50 98.74 93.89 95.82 89.92 98.4

A 84.58 98.96 94.34 96.51 91.07 98.7

B2 I 73.92 98.21 93.41 91.55 85.30 97.2

C 78.11 98.31 93.81 93.71 89.60 97.8

S 78.46 98.74 94.94 91.97 87.88 98.0

A 80.01 98.75 95.41 94.96 92.58 98.2

B3 I 74.04 98.19 93.07 90.51 84.33 96.5

C 77.04 98.36 93.69 89.01 89.01 97.9

S 76.11 98.56 95.48 91.97 87.88 98.0

A 76.97 98.56 95.51 92.48 88.70 98.2
nowledge module. S (section training) represents MF R-CNN us-

ng section training, but without clinical prior knowledge mod-

le. A (all) represents MF R-CNN, which uses both section train-

ng and clinical prior knowledge. In terms of mAP, except for A2

nd A3, the detection results of A are better than those of C and

, which indicates that adding the clinical prior knowledge module

nto the network or adopting section training improves accuracy

f the classification and detection results. In both A2 and A3, the

etection result of C is slightly better than that of A. The classifi-

ation results are unaffected by clinical prior knowledge module.

urthermore, we observe that the classification results are signifi-

antly affected by section training. 

Fig. 10 shows the scoring evaluation result of our method. In

he US plane, our method simultaneously displays the detection

nd classification results to facilitate the sonographer’s observa-

ion. In addition, for comparison with the sonographer’s score,

he results of our proposed method are shown in the lower left,

hile scores by sonographers are displayed on the lower right

n Fig. 10 . It can be seen that our method can effectively eval-

ate the quality of each ultrasound image by combining clinical

riteria. 

. Discussions 

In this work, we elaborate the FHSP quality assessment method.

xtensive experiments are carried out to demonstrate the effective-

ess of the proposed MF R-CNN network. The proposed method is

n end-to-end multi-task learning model, which achieves good de-

ection and classification results, simultaneously. In our proposed

ethod, the convergence speed of classification module is faster

han that of detection module. We devise the section training

ethod via transfer learning to train the detection module first,

nd then combine the training of both classification and detec-

ion module. Accordingly, the features in the classification mod-
. I: initialization without section training and prior knowledge; C: clinical prior 

with both section training and clinical prior knowledge. 

Classification 

mAP Pre Sen ACC F1_score Spec AUC 

0 88.49 93.57 93.57 94.37 93.57 95.00 98.18 

5 91.21 

6 92.44 89.40 96.43 93.43 92.78 91.11 97.81 

9 92.85 

1 90.81 87.26 97.85 92.81 92.25 88.89 98.28 

3 92.54 

2 92.16 97.76 93.57 96.25 95.62 98.33 98.29 

0 92.62 

1 89.81 93.70 95.71 95.31 94.69 95.00 98.13 

3 91.78 

9 91.06 96.35 94.28 95.93 95.30 97.22 98.17 

9 91.68 

0 90.30 87.50 95.00 91.87 91.05 89.44 97.94 

8 92.57 

3 91.51 83.95 97.14 90.62 90.06 85.55 97.86 

2 91.92 

4 91.09 91.83 96.42 94.68 94.07 93.33 98.57 

8 92.19 

6 93.26 97.76 93.57 96.25 95.62 98.33 98.84 

5 94.04 

4 89.94 92.19 92.85 93.43 92.52 93.89 98.31 

3 91.89 

1 91.34 96.37 95 96.25 95.68 97.22 98.89 

0 93.32 

9 89.46 91.60 93.57 93.43 92.57 93.33 97.76 

5 91.44 

1 91.34 93.57 93.57 94.37 93.57 95 98.31 

3 91.74 
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Fig. 10. Scoring process of our proposed method. Our method means that we use both section training and clinical prior knowledge. The FS classification results are shown 

on the upper left of the US plane, and the anatomical detection results are also shown on the US plane. GT is the result of the sonographer. QS is the total score. ✔ : Standard; 

×: Non-standard. 
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ule can avoid interfering with the features in the shared low-level

layer and the detection module. In existing methods (e.g., Faster

R-CNN, YOLO, SSD, etc.), the detection results are greatly affected

by the IoU value between the same class. Our study exploits the

clinical prior knowledge since the relative position of the detected

anatomical structure is fixed in only one detection task. As a re-

sult, the detection results are unaffected by the IoU value, and the

detection accuracy is further improved. 

Although our method achieves quite impressive results, there

are some limitations. First, the current research work focuses on

normal clinical US planes from healthy babies and mothers. In fu-

ture studies, we will validate the framework using more patholog-

ical cases. We will collect larger and more representative datasets.

Second, there remain some detection and classification errors of

FHSP. Fig. 11 shows examples of false FHSP quality assessment by

our method. Most of these errors are due to misdetection of indi-

vidual anatomical structures. For better FHSP quality assessment,

the anatomical structures are clear and the test results are similar

to the sonographer’s results. In addition, if the misdetection is from

the BM and CSP regions with high scores, it can affect the overall

FHSP assessment quality. This is still a challenging task. To further
mprove the robustness and accuracy of detection and classifica-

ion, adding some attention module to the network might boost

he performance by detecting key anatomical structures in an at-

entive way. 

The proposed work further boosts the automated analysis of

uality assessment in ultrasound images. The method is imple-

ented on 2D ultrasound data due to its ease availability. However,

D ultrasound is still very challenging for automated prenatal di-

gnosis due to a number of factors such as noise effects, f etal ges-

ational age differences, f etal position differences etc. To overcome

hese challenges and to build an applicable and feasible diagnostic

ystem, we will collect more 2D ultrasonic planes and ultrasonic

ideos to build a larger ultrasound database. To further improve

he robustness and accuracy of detection and classification, adding

ome attention module to the network might boost the perfor-

ance by detecting key anatomical structures in an attentive way.

inally, there are differences in ultrasonic data collected by differ-

nt types of ultrasonic instruments, which may affect the accuracy

f the results. For example, there are few pseudo-color ultrasonic

ata, and the test results of pseudo-color ultrasonic data are rela-

ively poor. We will consider combining GAN to transform the data
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Fig. 11. Examples of false quality assessment of FHSP by our method. 
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f different instruments to alleviate the deviation caused by differ-

nt instrument data. 

. Conclusions 

In this paper, we propose an automatic technique for quality as-

essment of fetal head in ultrasound images. Our multi-task model

F R-CNN is based on deep learning for automatic assessment im-

ge quality. Our proposed method can automatically locate the six

natomical structures and classify whether the SF of the US plane

s sufficient. We also add clinical prior knowledge in the detec-

ion process to improve the detection accuracy of the anatomical

tructure. The clinical knowledge enables our system to score the

natomical structures similar to the clinical protocols. Thus, the

esults of FHSP detection and classification are closer to manual

coring by sonographers. The experimental results show that our

ethod can achieve quite remarkable performance and outperform

elated algorithms, which is sufficient to meet clinical needs. Fi-

ally, we believe that our method can be extended to other ultra-

ound image tasks which is yet to be explored. 
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