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SEMANTIC SEGMENTATION OF FETAL BRAIN ULTRASOUND IMAGES BASED ON
A GENERAL FULLY CONVOLUTIONAL DISCRIMINATOR

Abstract. The fetal central nervous system (CNS) is one of the most common fetal congenital diseases in the world.
1t is of great significance to use deep learning methods to provide doctors with reliable auxiliary diagnosis methods. The
area outside the skull halo in fetal brain ultrasound images contains a lot of irrelevant information and has fuzzy
boundaries, which is not conducive to the classification or recognition tasks of ultrasound images. This paper aims to
study the effect of generative adversarial networks based on universal fully convolutional discriminators on the automatic
segmentation results of skull halo in fetal brain ultrasound images. This paper proposes a method for automatic
segmentation of skull halo in fetal brain ultrasound images using a generative adversarial network based on a universal
fully convolutional discriminator. Inspired by the concept of generative adversarial networks, a new semantic
segmentation network based on a universal discriminator is constructed. To verify the universality of the discriminator,
the semantic segmentation network uses both Deeplab v2 and Attention U-net networks as generators to generate
probability maps of segmentation results. A universal fully convolutional discriminator is also designed to let it learn to
distinguish whether the probability map input to the discriminator network is real data or segmentation results.
Experimental results on the dataset of automatic measurement of fetal head circumference in ultrasound imaging
demonstrate the effectiveness of the algorithm. Compared with the baseline of Deeplab_v2, the segmentation accuracy is
significantly improved, and the Attention U-net also has a similar improvement. Generative adversarial network based
on universal fully convolutional discriminator can effectively improve the accuracy of automatic segmentation of skull
halo in fetal brain ultrasound images.

Keywords: Fetal Central Nervous System, Generative Adversarial Networks, Deeplab V2, Attention U-Net.

Introduction. The fetal central nervous system (CNS) is one of the most common congenital
disorders in fetuses worldwide. With the continuous advancement of ultrasound technology,
ultrasound examination of the fetal brain, known for its non-invasive nature, real-time capabilities,
and cost-effectiveness, has become the preferred imaging modality for routine prenatal check-ups.
However, the development of the fetal CNS is a highly complex process, and the pathological features
of the fetal brain are particularly subtle and difficult to discern. Clinically, conducting fetal ultrasound
examinations requires a comprehensive knowledge base and extensive practical experience.
Experienced doctors can efficiently use ultrasound for diagnosis; however, in underdeveloped
regions, there is a lack of experienced specialists and advanced ultrasound imaging equipment.

Therefore, it is highly significant to use deep learning methods to provide doctors with a reliable
auxiliary diagnostic tool.

Literature Review. In recent years, deep learning (DL), particularly convolutional neural
networks (CNNs), has rapidly become a research hotspot in medical image analysis. In 2015, Long
et al. [1] introduced the Fully Convolutional Network (FCN) at CVPR 2015, achieving a major
breakthrough in image semantic segmentation through end-to-end learning. This has led to increased
research and improvements in the field. Due to the high performance of CNNs in various image
processing tasks [2], there has been a growing body of research and achievements in fetal ultrasound
image processing within the deep learning domain. Yu Z et al. [3] proposed a deep learning-based
method for recognizing standard fetal ultrasound planes; Baumgartner et al. [4] used deep learning
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methods to achieve real-time detection of standard planes to aid doctors as a clinical diagnostic tool.
Currently, utilizing deep learning methods for fetal disease diagnosis will become the next research
focus and challenge. Ye Hai et al. [5] proposed a fetal brain ultrasound image segmentation algorithm
based on a fully convolutional network. Cerrolaza et al. [6] discussed the application of fully
convolutional networks in skull segmentation of fetal 3D ultrasound images. Zahra Sobhaninia et al.
[7] presented a multi-scale and deep neural network for estimating fetal biometric parameters. This
network outperforms single-task networks in segmentation and ellipse optimization tasks.

However, the above methods insufficiently utilize boundary information in fetal brain images,
and segmentation accuracy needs further improvement. To address these issues, this paper proposes
a semantic segmentation network for fetal brain ultrasound images based on a generic fully
convolutional discriminator. This network uses a discriminator to optimize local features of the
segmentation network, fully utilizing boundary information and reducing data set requirements,
effectively addressing the issue of limited medical image datasets. In this paper, the segmentation
network is used as the generator in the GAN [8] framework. Unlike traditional generators that train
to generate images from noise vectors, our segmentation network outputs a probability map of
semantic labels for a given input image. In the discriminator network, we use a generic fully
convolutional network. Experimental results on an automatic measurement dataset of fetal head
circumference in ultrasound imaging have demonstrated the effectiveness and accuracy of the
proposed semantic segmentation framework based on a generic fully convolutional discriminator
GAN.

Purpose. This paper aims to study the effect of generative adversarial networks based on
universal fully convolutional discriminators on the automatic segmentation results of skull halo in
fetal brain ultrasound images.

Materials and Methods. This paper draws on the idea of generative adversarial networks and
designs a generalized semantic segmentation network with a fully convolutional discriminator. The
overall network structure is shown in Figure 1. The entire network structure consists of two modules:
a semantic segmentation network and a discriminant network. Through this overall network structure,
we can understand how this paper uses generative adversarial networks for training and obtains
semantic segmentation results through generative adversarial learning.

First, drawing on the idea of generative adversarial networks, this paper uses semantic
segmentation networks as generative networks. To verify the versatility of the designed discriminator,
this paper selects Deeplab_v2 [9] and Attention U-net [10], 2 networks as segmentation networks for
training. At the same time, using the idea of generative adversarial learning, a discriminator is
designed to conduct adversarial learning on the segmentation network, and the parameters of the
segmentation network are continuously optimized, so as to achieve the purpose of optimizing the
segmentation results. The advantage of this design is that it does not need to increase the network
depth of the segmentation network, but can improve the segmentation accuracy, and does not need to
add various post-processing methods like other segmentation networks to improve the segmentation
accuracy.

This paper uses two segmentation networks, DeepLab-v2 and Attention U-net, to conduct
experiments to verify the generalization ability of the designed discriminator.

The specific operations are as follows:

(1) Using DeepLab v2 as the segmentation network

The DeepLab v2 framework uses the ResNet-101[11] network. The pre-trained model is a
model pre-trained using the MS COCO dataset [12]. However, the conditional random fields (CRFs)
proposed in DeepLab v2 are not used to optimize the segmentation results. Instead, the last
classification layer is deleted in this paper, and the last step size of the two convolutional layers is
changed from 2 to 1, so that the resolution of the output feature map is actually 1/8 of the input image
size. Finally, the upsampling layer and Softmax output are used to match the size of the input image.
In other words, given an image of size H x W x 3, the input of the segmentation network can output
a probability map of size H x W x C, where C is the number of semantic segmentation categories.

No. 2 (2025) Information Technologies in Economics and Environmental Sciences 19




DOI: 10.31548/itees.2025.02.018 Nikolaienko D., Li Y.
ISSN 3083-7502

DeeplLab-v2

OR _
Attention U-net

Generate map

Semantic segmentation

@]

Generate map e conv2 conv3 convd
\ — Ladv
—> —
Lce c
— D
D L-relu L-relu L-relu L-relu
— Real map Discriminator network

Figure 1 — An overview of the proposed semantic segmentation network based on a generative
adversarial network with a generic full convolutional discriminator

In deeplab_v2, Hollow Convolution and Atrous spatial pyramid pooling are used to expand the
perceptual field of view, thereby improving the segmentation accuracy of the segmentation network.

(2) Using U-net Attention as the segmentation network

The Attention U-Net model is improved on the basis of the U-Net[13] model and also adopts a
U-shaped structure. The difference between the two models is that Attention U-Net adds an attention
module based on U-Net, and this attention module is used for skip connection. The original U-Net
simply concatenates the features of the same layer of the downsampling layer directly to the
upsampling layer, while the improved Attention U-Net uses the Attention module to process the
feature map of the same layer of the downsampling layer and the feature map of the upper layer of
the upsampling layer respectively, and then concatenates them with the feature map of the upsampling
layer.

The discriminative network is based on FCN. The discriminative network consists of four
convolutional layers with 4x4 kernels. Each convolutional layer is followed by a Leaky-ReLU [14]
layer with a parameter of 0.2. The expression of Leaky-ReLU is:

x; if x;=0
yl_% lf xl-<0’ (1)

where «; is a fixed parameter in the interval (1, + o).

Finally, an upsampling layer is added to the last layer to scale the output to the large of the input
mapping, thus constituting a fully convolved discriminator network, which allows the input image to
be of arbitrary size.

This is done as follows, the discriminator network takes the segmentation probability map or
the real data probability map generated by the segmentation network as input and outputs a spatial
probability map of size H x W x 1. The discriminator outputs each pixel p of the map, when p=1, it
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means that the pixel is from the real data label, when p=0, it means that the pixel is from the
segmentation network.

In this paper, we are borrowing the idea of generative adversarial network to implement, for the
generative network in GAN, we replace it with a segmentation network, in designing a fully
convolutional discriminative network to optimize the segmentation network.

Given an input image Xn of size H x W x 3, denote the segmentation network by S(e) and
S(X,,) denotes the predictive probability map of size H x W x C, where C is the number of categories.
We denote the full convolutional discriminator by D (), which uses a probability map of input size
H x W x C, where the discriminator network has two possible inputs: segmentation prediction
S(X,) or real data vector Yn. and outputs a predicted probability map of size H x W x 1 to
discriminate whether the input probability map is from the segmentation network or from the real
data.

Discriminative network: To train the discriminative network, the loss of spatial cross-entropy
of the two classes is L is minimized:

Ly = —Yn w(l=yn) log(1 = D(SX)) ") + y, log (D (Y,) "W). ()

Segmentation networks: we train segmentation networks by minimizing a multi-task loss
function:

Lseg = Lee + AaavLadv- 3)

Among them L., and L,4, denote spatial multi-class cross entropy loss, adversarial loss,
respectively. A,qy are the weights of the adversarial loss function.

Given an input image, which has real data at Y,, and predictions at S(X,,), the cross-entropy loss
can be obtained:

Lee = = Tpw Teec Y™ log( S (X,,) Pwe). 4)

We do this by means of a loss £,4, of an adversarial learning process to give a fully
convolutional discriminative network D (e):

Lagy = — Zh,w log ( D(S(Xn))(h'W)) .

)

Using this loss, we train the segmentation network to maximize the probability of the
predictions produced in the segmentation network to deceive the discriminator.

At the same time, the experiment verifies the effectiveness of the algorithm according to the
following results. As shown in Figure 2, the segmentation results obtained from the experiments
conducted on Deeplab_v2 network based on and not based on full convolutional discriminator with
fetal head circumference dataset. Where the first column is the fetal head circumference image, the
second column is the segmented image manually labeled on the fetal head circumference image, the
third column is the segmented image obtained by training the Deeplab v2 network without full
convolutional discriminator based , and the fourth column is the segmented image obtained by
training the Deeplab_v2 network based on the full convolutional discriminator.

As can be seen from Figure 2, when the discriminator is not used, although the results of fetal
head circumference segmentation are very good, but for and manually labeled, its edge is still lacking.
But when the discriminator is used, the segmentation results, it can be clearly seen that the edge is
very close to the manual labeling, from which it can also be seen that the connection of a full
convolutional discriminator can optimize the segmentation boundaries, for the edge of the
information can be better utilized, and this discriminator structure for the segmentation of fetal
ultrasound images is very advantageous.
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Figure 2 — Comparison of Deeplab v2 network based and not based on full convolutional
discriminator under fetal head circumference dataset

Table 1 shows the comparison of the results of Deeplab v2 and Deeplab_v2's baseline, based
on the full convolutional discriminator, with the fetal head circumference dataset. From the data in
the table, after using the discriminator, comparing with Deeplab_v2's baseline, the IOU for the fetal
head circumference validation set improves by 3.2% to 94.2%, and the DICE improves by 2.1% to
97.0%. This can be seen, this network for fetal head circumference dataset training and recognition
segmentation effect is very good, at the same time, we are based on the idea of generative adversarial
network, add the discriminator to optimize the segmentation results of this method, can be very good
to improve the segmentation results, for the segmentation of the boundaries of the improvement is
greater, the same discriminator can reduce the segmentation of the network for the dataset
requirements, so this discriminator is very suitable for fetal ultrasound This discriminator is very
suitable for fetal ultrasound images, and this structure is also suitable for other medical images.
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Table 1 — Results derived from fetal head circumference validation set under
Deeplab v2 network

Method 10U (%) Dice (%)
Baseline 91.0 94.9
GAN Dee
plab v2 94.2 97.0

As shown in Figure 3, the segmentation results obtained from the experiments conducted on
Attention U-net network based and not based on full convolutional discriminator with fetal head
circumference dataset. Wherein the first column is the fetal head circumference image, the second
column is the segmentation image manually labeled on the fetal head circumference image, the third
column is the segmentation image obtained by training the U-net network, the fourth column is the
segmentation image obtained by training the Attention U-net network not based on the full
convolutional discriminator, and the fifth column is the segmentation image obtained by training the
Attention U-net network based on the full convolutional discriminator.

image annotation U-net Attention U-net Gan_Attention U-net

Figure 3 — Comparison of Attention U-net network with and without full convolutional
discriminator based on fetal head circumference dataset
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As can be seen from Fig.3, the segmentation results obtained by using U-net directly are not
good, and some of them have problems with poor class recognition and poor results of edge
segmentation. By adding an attention mechanism, the segmentation results are directly greatly
improved, but there are still some edges of the image of fetal head circumference where the
segmentation is not very good. After adding a discriminator to the network, the segmentation results
can be clearly seen that the corresponding segmentation boundaries have been greatly improved,
making them closer to the manually labeled segmented images.

Table 2 shows the comparison of the results of U-net family of networks under fetal head
circumference dataset. From the data in the table, it can be seen that after using an attention
mechanism, comparing to U-net, the IOU of the fetal head circumference validation set is improved
by 10% to 89.2% and the DICE is improved by 7% to 94% . After continuing to add a full
convolutional discriminator, comparing to U-net, the IOU of the fetal head circumference validation
set improves by 11% to 90.2%, and the DICE improves by 7.6% to 94.6% ; comparing to Attention
U-net, the IOU of the fetal head circumference validation set improves by 1%, and the DICE improves
by 0.6%. This can be seen that adding a full convolutional discriminator can continue to increase the
segmentation accuracy even further, and at the same time can optimize the segmentation edges to be
closer to the results of manual segmentation. This can be a good solution to the problem of blurred
boundaries in fetal ultrasound images.

Table 2 — Results derived from fetal head circumference validation set under
U-net series network

Method 10U (%) Dice (%)
U-net 79.2 87.0
Attention U-net 89.2 94.0
GAN Attention U-net 90.2 94.6

As shown in Figure 4, the segmentation results obtained from experiments conducted with
Deeplab_v2 and Attention U-net networks, under the fetal head circumference dataset. Where the
first column is the fetal head circumference image, the second column is the segmentation image
obtained by training the Deeplab v2 network without full convolutional discriminator, the third
column is the segmentation image obtained by training the Deeplab v2 network with full
convolutional discriminator, the fourth column is the segmentation image obtained by training the
Attention U-net network without full convolutional discriminator, and the fifth column is the
segmentation image obtained by training the Attention U-net network with full convolutional
discriminator. Attention U-net network training with full convolutional discriminator.

From Figure 4 and combining with Table 2, Table 3, it can be seen that Deeplab v2 and
Attention U-net networks after using the discriminator, the IOU of Deeplab_v2 is improved by 3.2%
and the DICE is improved by 2.1%; Attention U-net network's IOU is improved by 1.0% and the
DICE is improved by 0.6%. It can be seen that the use of discriminators for segmentation networks
will have different degrees of improvement; at the same time, the discriminators are significantly
better than Attention U-net for Deeplab v2, which can also be concluded that for the deeper the
semantic segmentation network, the discriminators play a better role in the semantic segmentation
network, and the segmentation effect will be improved more. By adding a full convolutional
discriminator, this can improve the segmentation results of fetal ultrasound images by using a deeper
network when processing fetal ultrasound images.

Conclusions. This paper presents a semantic segmentation network for fetal brain ultrasound
images based on a generalized fully convolutional discriminator. The proposed method uses the
scheme of Generative Adversarial Networks (GANs), which consists of a segmentation network and
a discriminator. In this paper then Deeplab v2 and Attention U-net are used as the segmentation
network to verify the generalization of this full convolutional discriminator.
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Figure 4 — Comparison of Deeplab v2 and Attention U-net network under fetal head
circumference dataset

The discriminator uses a fully convolutional network to distinguish between the input map
which is a probability map of the real data and the probability map of the segmentation result of the
segmentation network. Through the generative confrontation between this discriminator and the
segmentation network, the discriminator continuously optimizes the model parameters of the
segmentation network, so as to improve the segmentation accuracy of the segmentation network. And
in this process of adversarial learning, the network depth of the segmentation network does not
increase. A large number of experiments were conducted on the fetal head circumference data set to
verify the effectiveness of the algorithm, and also proved that the scheme of adding a fully
convolutional discriminator is very suitable for fetal ultrasound images, which can further optimize
the edge segmentation of fetal ultrasound images and reduce the data requirements of the
segmentation network.
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CEMAHTHUYHA CEI'MEHTALIA YJIBTPA3ZBYKOBUX 30BPA’KEHDb MO3KY IIVIOJA
HA OCHOBI 3AT'AJIBHOI'O ITOBHICTIO 3I'OPTKOBOI'O JIUCKPUMIHATOPA

Anomauin. Ypasxcenus yenmpanonoi Hepgogoi cucmemu (LIHC) nioda € 00HUM 3 HAUNOWUPEHTUUX BPOONCEHUX
3ax80pioganb naoda y ceimi. Buxopucmanus memooié 2nuboKk020 HAGUAHHA MAE GeluKe 3HAYEHHs Oasl 3a0e3neyenns
JKAPI8 HAOIUHUMU OONOMIdDCHUMU Memoodamu diaenocmuxu. Obracmo 3a medcamu opeosy yepend Ha Yibmpa3eyKO8UX
300PAXNCEHHAX 207108HO20 MO3KY NI100A MiCmMumes 6azamo Hepene8anmuoi inghopmayii ma mae Hewimki medxci, ujo He
cnpusie eupiwiennio 3aoay kiacu@ixayii abo posniznaganHs yaempaszeykosux 306padicenv. Memoio pobomu €
O00CTIOJNCEHNSI  BNAUBY 2CHEPATMUBHUX 3MASANLHUX MEpPedC HA OCHOGI YHIGEPCANbHUX NOBHICMIO 320PMKOBUX
OUCKPUMIHAMOPI6 HA pe3yTbmamu agmoMaAmuyHoi cesmenmayii opeony uepena HA YIbMpazeyKOSUX 300padiCeHHsX
2071061020 MO3KY nioda. Y cmammi 3anponoHo6aHo Mmemoo asmoMAmuuHoi ceemenmayii opeony uepena Ha
YIbMPA38YKOGUX 300PAICEHHAX 20I08HO20 MO3KY NI00A 3 GUKOPUCAHHAM 2eHepaAMUGHOI 3MA2albHOI MepediCi Ha OCHOBI
VHIBepcanvbHO20 NOGHICMIO 320pHYMO20 Ouckpuminamopa. Ha ocnogi xonyenyii cemepamu6Hux 3maz2anbHUX Mepesic
noOYyO00BAHO HOBY CEMAHMUYHY MepediCcy Ce2MEeHmayii Ha OCHOBI YHIGepPCANbHO20 OUCKpuMinamopa. [na nepegipxu
VHIBepCAnbHOCMI OUCKPUMIHATOPA Mepedca ceManmuynoi ceemenmayii suxopucmogylomuvca mepexci Deeplab v2 ma
Attention U-net sk eenepamopu Ons 2ewepayii xapm UMOGIpHOCmel pe3yivmamie ceemenmayii. YrHigepcanvHuil
NOBHICIO 320pMKOBUL OUCKPUMIHAMOP MAKOIIC PO3POOIEHO 011 MO20, WO Gil Miz HAGYUMUCS PO3PI3HAMU, YU € Kapma
timMosipHocmell Ha  6X00i Mepedxci OUCKPUMIHAMOpA pearbHumMu OaHuMu abo pe3yibmamamu  ceeMeHmayii.
Excnepumenmanvni pesynomamu na HaOopi 0aHUX ABMOMAMUUHOZO BUMIPIOBAHHS OKPYICHOCHI 20i6KU NA00A Npu
VAbMPA3BYKOBOMY 00CIONCEHH] OeMOHCMPYIOMb ehekmuenicmob ancopummy. IlopisHano 3 bazoeoro ninicio Deeplab v2,
mounicmb ceamenmayii 3HayHo nokpawunacs, i Attention U-net makooic mae ananoziune nokpawenns. I enepamusna
3MaeanbHa Mepedca Ha 0CHO8I YHIBePCANbHO20 NOBHICIIO 320PTKO8020 OUCKPUMIHATNOPA MOJice eeKmueHo nioguuumu
MOYHICIb A8MOMAMUYHOI cecMeHmayii Opeoy uepena Ha YIbmpa3zeyKosux 300padxceHHax Mo3Ky niood.

Kniouogi cnosa: yenmpanvha nepeoga cucmema niooa, eeHepamusHi smazanvii mepeaici, Deeplab v2, Attention
U-net..
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