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A B S T R A C T   

In ultrasound-guided liver surgery, the lack of large-scale intraoperative ultrasound images with important 
anatomical structures remains an obstacle hindering the successful application of AI to ultrasound guidance. In 
this case, intraoperative ultrasound (iUS) simulation should be conducted from preoperative magnetic resonance 
(pMR), which not only helps doctors understand the characteristics of iUS in advance, but also expands the iUS 
dataset from various imaging positions, thereby promoting the automatic iUS analysis in ultrasound guidance. 
Herein, a novel anatomy preserving generative adversarial network (ApGAN) framework was proposed to 
generate simulated intraoperative ultrasound (Sim-iUS) of liver with precise structure information from pMR. 
Specifically, the low-rank factors based bimodal fusion was first established focusing on the effective information 
of hepatic parenchyma. Then, a deformation field based correction module was introduced to learn and correct 
the slight structural distortion from surgical operations. Meanwhile, the multiple loss functions were designed to 
constrain the simulation of the content, structures, and style. Empirical results of clinical data showed that the 
proposed ApGAN obtained higher Structural Similarity (SSIM) of 0.74 and Fŕechet Inception Distance (FID) of 
35.54 compared to existing methods. Furthermore, the average Hausdorff Distance (HD) error of the liver capsule 
structure was less than 0.25 mm, and the average relative (Euclidean Distance) ED error for polyps was 0.12 mm, 
indicating the high-level precision of this ApGAN in simulating the anatomical structures and focal areas.   

1. Introduction 

In image-guided liver surgery, intraoperative ultrasound (iUS) pro
vides the surgeon with real-time information regarding the lesion size, 
location, and relation to intrahepatic vasculature that may result in an 
alteration in the planned surgical approach [1,2]. The information from 
iUS has been proven effective in identifying liver metastases, influencing 
surgical decision-making, and altering the surgical management in up to 
30% of cases [3]. For example, iUS makes it possible to determine the 
respectability of primary and secondary liver tumors, and to judge the 
extent of resection required by the patient [5]. With the development of 
artificial intelligence (AI), various studies have demonstrated the effi
ciency of AI systems in identifying focal liver lesions in preoperative 
transthoracic US images captured by radiologists with high sensitivity 
and specificity [6,7]. However, considering the rather limited number of 
iUS datasets available, the use of AI for the assessment of intraoperative 

liver lesions from iUS is yet challenging. Compared with the preopera
tive US, collecting the iUS dataset is more difficult. On the one hand, 
influenced by complex surgical operations, collecting iUS requires a 
longer learning curve [4], while on the other, the large liver volume and 
occasionally fat infiltration [8] make it difficult to collect US images that 
contain some small but important anatomical structures such as liver 
capsule and blood vessels in the surgery [9]. Therefore, the lack of 
large-scale iUS images with important anatomical structures remains a 
major obstacle hindering the successful application of AI to 
ultrasound-guided liver surgery. 

In actual clinical surgery, preoperative magnetic resonance (pMR) 
imaging is a basic and indispensable way to provide abundant 
anatomical and lesion information for patients. Specially, pMR is pro
vided with high tissue resolution, and demonstrates a full view of the 
anatomy including the parenchyma, internal and external vessels, etc. 
[10]. Conducting intraoperative ultrasound (iUS) simulation from 
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preoperative magnetic resonance (pMR) can not only facilitate doctors 
to understand the characteristics of iUS in advance, but also expand the 
iUS dataset from various imaging positions to promote the automatic 
iUS analysis in ultrasound guidance. Rewarding as it is, iUS simulation 
for liver surgery still faces great challenges [11,12]. The iUS simulation 
needs to guarantee that the key anatomical content provided in the pMR 
is also highly accurate when revealed in the Sim-iUS. For instance, 
intrahepatic vessels, such as the hepatic artery and portal vein, all 
feature a fixed range of internal diameters under normal conditions. 
Besides, in liver interventions, surgeons determine the severity or pro
gression of lesions like primary liver cancer, hepatic hemangiomas, 
hepatic cysts, and others based on the characteristics of the anatomical 
structures such as the size, maximum diameter, and thickness of tumors. 
To this end, detailed information about crucial anatomical structures of 
pMR matters considerably during the iUS simulation, and should not 
undergo major abrupt changes. 

In fact, great effort has been made to overcome the obstacles of US 
simulation. The published works are broadly divided into two cate
gories: 1) Early acoustic models with reflection or scattering. The 
early approaches [13,14], obtained the slices (online) of the recon
struction volume (offline pre-processing) based on the simulated trans
ducer location. However, in addition to discerning valid features, it also 
required careful consideration of specific US configuration parameters 
such as gain or focus, as well as the position of the transducer. Some 
researchers [15,16], have endeavored to reproduce the complex in
teractions of sound waves in vivo. They mostly produced synthetic scans 
by exploiting geometries extracted from other imaging modalities. For 
instance, Ramtin et al. [16] proposed to simulate US by combining a 
fixed-view scattering image that generated offline from Field II [17] and 
a view-dependent reflection image. Though simulated results were more 
realistic, employing Field II was time-consuming and computationally 
intensive, and it took several days for a B-mode simulation US of cyst 
phantoms with 50 to 128 RF scan lines, depending on the performance 
of the computer used. Except for the above weaknesses, earlier simula
tion methods, due to the lack of refraction, mirroring, range distortion, 
etc., also had trouble in modeling artefacts and speckle noise, as 
described in [18]. 

2) Recent learning-based methods. The emergence of generative 
adversarial networks (GAN) [19] achieved striking success on the tasks 
of medical image analysis [20,21]. For instance, Hu et al. [22] put for
ward a 3D end-to-end network for brain MR-to-PET synthesis, and 
designed a bidirectional mapping mechanism to synthesize perceptually 
realistic PET while preserving the different brain structures of any in
dividual; Yang et al. [23] presented a structure-constrained CycleGAN 
for MR-to-CT by introducing a loss based on the modality independent 
neighborhood descriptor; Emami et al. [24] proposed a structure-aware 
GAN to generate synthetic CT from MR. To the best of our knowledge, 
most of existing works focus on the translation between modalities such 
as CT or MR that demonstrate clear and well-defined anatomical struc
tures, with few attempts made to synthesize for US. For instance, Vitale 
et al. [25] introduced the first approach for realistic patient-specific 
abdominal US simulation and deep convolutional neural networks 
(CNN). The qualitative results showed that their work indeed improved 
the realism of the Sim-iUS; Immediately afterward, Tomar et al. [26] 
introduced a novel content-preserving image translation framework to 
maintain the simulation layout, which seemed like a multi-task network 
for translation, segmentation, and classification, extending the gener
ator to be class-conditional and encouraging the disentanglement of the 
content and the style; Liang et al. [27] designed a spGAN that synthe
sized B-mode US images with high-resolution and customized texture 
editing features. 

Although the above methods generated the Sim-iUS with a degree of 
realism and ability to display some anatomical structures, they all suf
fered from several non-negligible shortcomings: i) Before being fed into 
the GAN-based models for Sim-iUS, the raw input was preprocessed by a 
ray-casting simulation. For example, Vitale et al. [25] constructed a 

patient-specific abdominal CT volume and its associated organ seg
mentations for a ray-casting-based simulator, and the resulting scan was 
regarded as an intermediate US simulation sent into a CycleGAN; Tomar 
et al. [26] employed a ray-tracing framework to render B-mode images 
by simulating a convex probe placed at multiple locations and orienta
tions on the abdominal surface. However, the ray-casting-based 
methods are parameter-dependent and have a high budget for time 
and computational resources, which are more restrictive for the clinical 
environment; ii) Furthermore, the generated Sim-iUS is slightly dis
torted at the edges of the field of view (sector edges), along with large 
artefacts that unrelated to real anatomy, or the presence of 
pseudo-organs (such as pancreas or spleen) [23]. 

In contrast to the above methods, a novel anatomy preserving GAN 
(ApGAN) was hereby proposed to generate Sim-iUS directly from pMR 
without any preprocessing step of ray-casting. In addition, the generated 
Sim-iUS approximates the real US in terms of anatomical structures and 
style. Specially, the anatomical parenchyma contained in the hereby- 
proposed SimUS is highly compatible in structural properties with real 
US, and is provided with a superior level of precision. Extensive exper
iments on the real liver pMR-iUS dataset have confirmed the better 
performance of the proposed ApGAN than existing translation methods 
in superior iUS simulation. 

2. Materials and methods 

In this section, we describe the details of the proposed anatomy 
preserving GAN (ApGAN). First, to ensure that the Sim-iUS contains the 
liver parenchymal structures in pMR, we perform low-rank factors based 
bimodal fusion to focus on the overall structural and actual anatomical 
content (Section 2.3). Second, for reducing checkerboard artefacts, we 
add fixed convolutional layers in the decoder, as depicted in Section 2.4. 
Third, the structural distortion of Sim-iUS caused by modality difference, 
is warped by the deformation field for structural correction (Section 
2.5). Finally, we design multiple loss functions which include content- 
perceptive loss, structural-correction loss, and appearance-aware loss 
to perceive hepatic parenchyma and structure content, notice iUS 
appearance and style (Section 2.6). 

2.1. Overview 

The framework of the proposed anatomy preserving GAN is illus
trated in Fig. 1. The pMR, iUS, Sim-iUS are denoted as x, y and ŷ, 
respectively. We break up our generator function G into two compo
nents, an encoder G Enc

ApGAN followed by a decoder G Dec
ApGAN, which are used 

sequentially to produce Sim-iUS. x is first fed into our encoder to extract 
the feature information G

Enc
ApGAN(x). A low-rank factors based bimodal 

fusion of the rough segmentation maps z with corresponding pMR x is 
also performed, aiming to extract fusion vector h for anatomical content 
and structure information containing the liver parenchyma. The 
bimodal fusion vectors h and the features G Enc

ApGAN(x) are then concate
nated and delivered directly into our decoder G Dec

ApGAN. However, during 
our simulation, the generated Sim-iUS presented with different, check
erboard artefacts from the real iUS, which are analyzed to be possibly 
due to operations such as deconvolution or interpolation during the up- 
sampling process. We insert fixed convolutional layers F (⋅) with an 
order of smoothness in the decoder, to enhance the texture of ŷ and 
approximates real iUS. Owing to the surgical operations, the Sim-iUS has 
a slight distortion. So in the training phase, we feed output ŷ of decoder 
as an intermediate Sim-iUS ̃y into the registration based network R (⋅) to 
obtain the deformation field for structural correction, to fit the distri
bution of the misaligned image domain and search for a common 
optimal solution space for image translation and registration. Besides, 
during the test phase, we treat the decoder output ̂y as the final Sim-iUS, 
independent of the correction module based on registration. Ultimately, 
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the final Sim-iUS is integrated into the discriminator D (⋅) along with the 
real iUS, and adversarial training is applied to ensure that the generated 
Sim-iUS is highly realistic. 

2.2. Baseline path  

• Baseline Generator Network 

The original pMR and corresponding iUS share roughly similar 
anatomic contours and margins (e.g., portal vein, inferior vena cava, 
right hepatic vein) and contain consistent anatomic content and lesion 
areas (e.g., liver, kidney, pancreas, polyps, etc.). Hence, we focus spe
cifically on the anatomical content of the pMR, to constrain the sub
stantive component of Sim-iUS. We believe that pMR and iUS have the 
features that share the same anatomical space. As the shared informa
tion may not be mined employing ordinary CNN networks, a baseline 
generator is constructed inspired by popular translation networks [28, 
29,30,31,32]. Moreover, the presence of multiple residual blocks in our 
generator improves the ability to preserve shallow structural content 
features. 

Our generator G implemented in this paper is based on the generator 
of CycleGAN [28], which keeps two stride-2 convolutional layers, 9 
residual blocks for 256 × 256 images and two fractionally-strided con
volutions with stride 12. The filter kernel size of each convolutional layer 
and residual block is 3 × 3. Each residual block only includes one con
volutional layer, and we choose leaky rectified linear unit (ReLU) and 
instance normalization as the activation function and normalization 
layer, respectively.  

• Patch-Level Discriminator Network 

We construct a PatchGAN [32] classifier to distinguish whether the 
input is a real iUS, judging the degree of realism by overlapping patches 
with the size of 70 × 70. The patch-level discriminator contains 5 typical 
convolutional layers with the kernel size of 4 × 4, and the numbers of 
the filters are 64, 128, 256 and 512 for the former four layers, respec
tively. Among these layers, the leaky rectified linear unit with the 
negative slopes of 0.2 is chosen as the activation function. There also 

exists sigmoid function for the last convolutional layer and instance 
normalization. The architecture owns fewer parameters than a 
discriminator that judge the whole image directly, and can receive im
ages of arbitrary size. 

2.3. Bimodal Fusion for Effective Hepatic Parenchymal Content 

We consider that the structural information and lesion areas of 
different anatomy need to be highlighted, which is useful for the later 
tasks of inferencing the Sim-iUS. Thus, to enhance the exploitation of 
representative features about the parenchymal content or anatomy of 
the liver and to reduce the interference of background information, we 
establish a bimodal fusion module after the encoder G

Enc
ApGAN. This 

module then infers the useful vector suppressing the irrelevant infor
mation as the weighted average over the real pMR and corresponding 
segmentation maps embedding based on the original image embedding. 

Specifically, we firstly conduct a coarse segmentation of pMR to 
obtain segmentation maps, and then fuse the maps with the pMR. The 
same as most works [S1-S3] employing Low-rank Multimodal Fusion 
(LMF) [33], firstly, we denote the bimodal fusion module as a bilinear 
function F : X × Z →Y , where Z is the segmentation maps domain of 
the pMR. Given a set of vector representations, {vSeg ∈ RdSeg , vpMR ∈

RdpMR} which are encoding unimodal information of the pMR and the 
segmentation maps by the pre-training VGG. Then we integrate the 
unimodal representations into one compact bimodal representation h ∈

Rdh for the downstream simulation task. Multimodal fusion requires a 
transformation of the input representations into a high-dimensional 
tensor and then mapping it back to a lower-dimensional output vector 
space. Herein, the input tensor V combined by the unimodal repre
sentation is computed by: 

V = vSeg ⊗ vpMR, vm ∈ Rdm (1)  

where ⊗ denotes the tensor outer product over a set of vectors, and m 
represents the modality of pMR or segmentation maps. Then the input 
tensor V ∈ RdSeg×dpMR is passed through a linear layer to produce an 
output fusion vector: 

Fig. 1. The overall framework of ApGAN. First, pMR images are fed into our encoder G Enc
ApGAN to extract liver information G Enc

ApGAN(x). Then we establish the bimodal 

fusion module to obtain the fusion vectors h which focus on the whole effective parenchymal content. After that, we concatenate G Enc
ApGAN(x) and h, then send merged 

tensors to the decoder for Sim-iUS, which consists of several fixed convolutional layers for removing checkerboard artefacts. Notably, during the training stage, Sim- 
iUS images are further adjusted by a correction module for structural distortion. 
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h = g(V ;W , b)

=
(
w(1)
pMR ⊗ w(1)

Seg +w(2)
pMR ⊗ w(2)

Seg + ...+ w(r)
pMR ⊗ w(r)

Seg

)
⋅
(
vSeg ⊗ vpMR

)
, h, b

∈ Rdh

(2)  

where W is the weight of this layer and b is the bias. The innovation of 
LMF is that it replaces the full tensor W with a set of modality-specific 
low-rank factors that can be utilized to recover a low-rank weight tensor 

{w(i)
m }

r
i=1, without explicitly tensorizing the unimodal representations. 

The minimal r that makes the decomposition valid is called the rank of 
the tensor, and denote w(i)

m = [w(i)
m,1,w

(i)
m,2, ...,w

(i)
m,dh

] for modality m, where 

w(i)
m ∈ Rdm×dh shares the same size for the second dimension. Thereafter, 

we take anatomical structure features extracted by the encoder G Enc
ApGAN, 

concatenate them with the feature representation obtained by per
forming bimodal fusion, and send them into the decoder G

Dec
ApGAN 

together. 

2.4. Fixed convs to eliminate checkerboard artefacts 

The deconvolution layers or the interpolation (nearest neighbor 
interpolation or bilinear interpolation) in the up-sampling operation 
distort the images, and lead to checkerboard artifacts [34]. During 
several attempts at simulation, we also find that Sim-iUS show abnormal 
artifacts, which resemble checkerboard squares. To resolve above issue, 
our ApGAN adopts a fixed smooth convolutional layer F (⋅) with a 
trainable bias b′ on the up-sampling course. In detail, we firstly fix the 
bias in the transposed convolutional layer as 0, and then insert the fixed 
smooth layer after the transposed one. Particularly, K denotes a filter 
kernel of this fixed convolutional layer, and K (d) indicates a certain 
degree of smoothness controlled by d. The kernel K (d) is obtained by 
convolving h0 as follows: 

K
(d) =

{
h0 (d = 0)

K
(d− 1)*h0 (d > 1) (3)  

where h0 represents a kernel filter with size of U × U, and d is referred to 
as the order of smoothness for K (d). And the output feature maps cor
responding to input V ′ of this fixed convolutional layer can be formu
lated as 

F =
∑

V
′
K

(d) + b′ (4)  

2.5. Correction for structure distortion of Sim-iUS 

After the decoder G Dec
ApGAN, the obtained Sim-iUS still differ from the 

real iUS in terms of the rendered anatomical structures (sharpness, 
missing or shifted structures, etc.) and realistic speckle noise. We infer 
that the major reasons are in two aspects: on the one hand, the structural 
features of our SimUS are derived only from pMR, and lacks the infor
mation on structural deformation and displacement caused by the sur
gical procedure and instruments that iUS carries. On the other hand, 
there exists noise, due to different modality imaging principles. There
fore, we regard Sim-iUS by the decoder as the intermediate Sim-iUS ỹ. 
During training, we design a correction module to yield better Sim-iUS 
of high-accuracy structure. 

We expect the correction module to obtain a deformation field to 
address the slight structural distortions and displacements of the inter
mediate Sim-iUS and then get final Sim-iUS with high accuracy struc
tural information through spatial transformation. The procedure is 
expressed as: ŷ = ỹ∘T, where T represents a deformation field that 
produces random displacements for each pixel. To obtain the optimal 
Sim-iUS, the following objective function needs to be minimized: 

Ĝ = argmin
G

−
∑

L (T∘G (x), y) (5) 

Thus, we establish a registration module R (⋅) to acquire the defor
mation field T. In brief, the module takes ỹ and y to a U-Net based 
registration network, then generates the random deformation field and 
performs a resampling operation, and outputs the corrected Sim-iUS ̂y at 
last. Meanwhile, we propose suitable structural-correction loss functions 
for correction module to constrain correction process, which is covered 
in the Section 2.6. The correction module acquires the deformation field 
by the U-Net based encoder/decoder backbone, in combination with, 
residual connections, atrous convolutions and pyramid scene parsing 
pooling. 

2.6. Objective Functions 

We devise multiple loss functions to further constrain the structures 
and appearance of our Sim-iUS, which include content-perceptive loss, 
structural-correction loss, appearance-aware loss, and the least-square 
adversarial loss to perceive hepatic parenchyma and structure content, 
perceive iUS appearance and style.  

• Content-perceptive Loss 

We observe that during intraoperative ultrasound simulation, not 
only the entire image content of the paired pMR and Sim-iUS should be 
consistent, but also the corresponding patches should share content 
between the two. For example, liver capsules in the Sim-iUS are sup
posed to be more strongly correlated with the corresponding structural 
patches in the pMR than with the rest of the pMR, as shown in Fig. 2. 
Since the paired pMR and iUS share the same hypothetical anatomical 
space, this paper employs patch-wise contrastive learning to strengthen 
the correlation between structural patches in pMR and patches at cor
responding locations in iUS. Specifically, as shown in Fig. 2, the yellow, 
blue and green boxes represent query patches, positive patches and 
negative patches, respectively. We sample a query patch u from the Sim- 
iUS generated by ApGAN, and then expect u to be more semantically 
similar to the input patches u+ which are sampled from the same input 
pMR at different locations, in comparison to N negative patches u−

which are sampled from the same input pMR at different locations. 
To further maximize the mutual information between corresponding 

input and output patches in Sim-iUS and pMR, we construct a multi
layer, patch-wise contrastive loss to compose the content perceptive loss 
with the encoder part of our generator and a two-layer MLP network. 
Concretely, in order to enable ApGAN to maximize the correlation be
tween patch pairs of Sim-iUS and pMR on the multi-scale feature space, 
ApGAN selects the features of the L-layer in the encoder G

Enc,(l)
ApGAN and 

then feeds them into a two-layer shallow perception M L, yielding 
feature stacks {ul}L = {M L(G

Enc,(l)
ApGAN(x))}L for pMR, where G Enc,(l)

ApGAN rep
resents the output of the l-th chosen layer. We denote the index of the 
layers as l ∈ {1, 2, ..., L} and s ∈ {1, ..., Sl}, where Sl is the number of 
spatial localizations in each layer. This paper regards the corresponding 
positive features as uS

l ∈ RCl and the rest features as uS\s
l ∈ R(Sl − 1)×Cl , 

where Cl is the number of channels at each layer. Meanwhile, we encode 
the output Sim-iUS into {ûl}L = {M L(G

Enc,(l)
ApGAN(G (x)))}L. The definition 

of patch-wise contrastive loss is: 

L contrastive
(
ûsl , u

s
l , u

S\s
l

)
= − log

[
exp

(
ûsl ⋅usl

/
τ
)

exp(ûsl ⋅usl/τ) +
∑Sl − 1

k=1 û
s
l ⋅u

S\s
l,k

/
τ

]

(6) 

We then enhance the similarity of the patches at multiple scales to 
build the content-perceptive loss: 

L content(G ) = Ex∼pMR
∑L

l=1

∑Sl
s=1

L contrastive
(
ûsl , u

s
l , u

S\s
l

)
(7) 
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To efficiently compute the content-perception loss of multi scales, 
based on patch-wise contrastive learning, ApGAN acquires semantic 
features from five layers, which are RGB pixels and two downsampling 
convolutional layers and two residual blocks. We select features from 
five layers with corresponding perceptual region sizes of 1 × 1, 9 × 9, 15 
× 15, 35 × 35, and 99 × 99. For each feature map in the different layers, 
256 locations are randomly sampled, and then 256-D features are ob
tained by 2-layer shallow MLP. More specifically, for a query patch 
sampled in the output Sim-iUS of ApGAN, 1 positive sample and 255 
negatives are captured in the features encoded by pMR. We follow the 
setting of CUT to use the temperature value 0.07, and enqueuer 256 
patches per image per iteration.  

• Structural-correction Loss 

The correction module R is proposed to alter structural distortion, 
based on an additional registration network. To constrain the correction 
process for superior Sim-iUS, we devise a structural-correction loss that 
is comprised of L correct(R ) and L Smooth(R ), as shown in Fig. 3. 

L Smooth(R ) is inherently a regularization term to evaluate the smooth
ness of the deformation field. And L correct(R ) narrows the distribution 
distance between the Sim-iUS and the real iUS, which is formulated as 
follows: 

L correct(R ) = Ey,ỹ

[
‖ y − ỹ∘R (̃y, y) ‖1

]
(8)  

where R (ỹ, y) signifies the deformation field, ○ represents resampling 
operations. Therefore, our total structural-correction loss is comprised of 
the above two components in equation (11). After several five-fold cross- 
validation, we choose the best experimental Sim-iUS by setting λcorrect =

20 and λSmooth = 10. 

L structure(G ) = λcorrect⋅L correct(R ) + λSmooth⋅L Smooth(R ) (9)    

• Appearance-Aware Loss 

The most conspicuous appearance feature of US is the presence of 
large artifacts and speckle noise, which we believe to be its unique 

Fig. 2. The overview of content-perceptive loss.  

Fig. 3. The overview of structural-correction loss.  
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texture properties. Whereas both content-perceptive loss and structural- 
correction loss spotlight the preservation of anatomical structures, we 
design an appearance-aware loss that includes two parts to encourage 
texture and style similarity between Sim-iUS and iUS. The first part is a 
texture-enhancement loss, as shown in Fig. 4, which minimizes man
hattan distances between Gram matrices of intermediate feature maps: 

L texture(G ) = E

[
∑

i
‖ G∅

i (iUS) − G∅
i (SimUS) ‖1

]

(10)  

where G∅
i denotes Gram matrix of feature map∅i and distributes spatial 

information of texture and style. We extract feature maps from relu4, 
relu12, relu14, and relu16 layers of our encoder G Enc

ApGAN. Besides, Sajjadi 
et al. [35] has proved that checkerboard artifacts are mitigated effec
tively by leveraging Gram matrices. The second part is a style-capture 
loss. We reinforce our encoder G Enc

ApGANto learn the overall stylistic fea
tures of real iUS by performing random mask, and implement L2 loss to 
compute the differences between the simulated results of the masked 
image and real iUS, as shown in Fig. 5: 

L style(G ) = ‖ (1 − B̂ ) ⊙
(
x − G

Enc
ApGAN(B̂ ⊙ x)

)
‖

2

2
(11)  

where ⊙ implies the element-wise product operation, and the size of the 
mask block is 24 × 24. We set the number of mask blocks to 32 according 
to the size of the pMR images and the mask block, and suppose B̂ is the 
binary mask corresponding to mask operation, where the value of the 
discarded pixel is 1 and the value of the original input pixel is 0. Thus, 
we summarize the appearance-aware loss is the sum of L texture and 
L style: 

L appear(G ) = γtextureL texture(G ) + γstyleL style(G ) (12) 

In all experiments, we follow [35] to set γtexture = 250 and γstyle = 20.  

• Adversarial Loss 

We adopt the least-square adversarial loss to train the generator and 
discriminator with the following standard GAN equations. And the loss 
attempts to make the prediction Sim-iUS appear realistic and can select a 
particular pattern from the multiple domains, which is as close as 
possible to the target iUS domain. 

L (D ) = Ex∼pMR
[
(D (G (x)))2]

+ Ey∼iUS
[
(D (y) − 1)2] (13)  

L (G ) = Ex∼pMR
[
(D (G (x)) − 1)2] (14)    

• Final Objective Function 

We settle the task of iUS simulation from pMR through a decoupled 
joint loss function. Our anatomy preserving GAN combines structural 
and style information, and employs a perceptive encoder, a decoder with 
bimodal fusion, fixed convolutional layers and correction modules to 
generate realistic results. Eventually, the overall objective function for 
our generator is a weighted combination of all the above losses: 

L Ours(G ) = αcontent⋅L content(G ) + λstructure⋅L structure(G )

+γappear⋅L appear(G ) + η⋅L (G )
(15)  

3. Experiments and Results 

In this section, the dataset collected in a real clinical scene was firstly 
introduced. Next, qualitative and quantitative comparison was con
ducted between the proposed ApGAN with the state-of-the-art simula
tion algorithms. Afterwards, the ablation study was conducted to ensure 
the validity of each proposed module and loss function. Specially, the 
function of the correction module was also separately evaluated. 
Furthermore, in order to prove that the Sim-iUS simulated from pMR 
have no loss of structural details and generate reliable anatomical in
formation like the iUS, a set of experiments and analyses were carried 
out on specific anatomical structures and lesion areas of the liver. 

The proposed ApGAN was trained using the Adam optimizer based 
on the final objective function, and hyper-parameters were set as fol
lows: constant learning rate of 2 × 10− 4 for the first 100 epochs then 
linearly decaying to 0, β1 of 0.5 and β2 of 0.999; 200 maximum epochs; 
batch size of αcontent,λstructure,γappear and η were set equal to 1, 5, 5, and 1, 
respectively. Specifically, while training, when the corresponding 
weight was increased from 1 for structural-correction loss, Sim-iUS 
containing key anatomical structures was demonstrated more 
completely, and the SSIM metrics reached the maximum value at λstructure 
taken 5. In terms of appearance-aware loss, in order to make Sim-iUS 
more similar to the real US in terms of texture and artifacts, the γappear 
setting was adjusted to 5 according to the variation of FID and KID, so as 
to achieve the best overall simulation effect. It is worth mentioning that 
the correction module of the proposed ApGAN trained and updated the 
parameters by gradient backpropagation together with the generator. 
The model and all experiments were implemented in PyTorch 1.6.0 and 
developed on two NVIDIA RTX GPUs with 2*12 GB memory. 

3.1. Training Dataset 

An institutional research ethics board-approved retrospective review 
of patients with focal liver lesions was performed, and the requirement 
for informed consent was waived. The dataset was collected from the 
Nanjing Drum Tower Hospital between April 2020 and December 2021. 

Preoperative MR. The preoperative T1 MR scanning was performed 
with Gd-EOB-DTPA (Primovist, Bayer-Schering Pharma, Osaka Japan) 
as the contrast agent. Gd-EOB-DTPA was injected into the vein and 
distributed with blood to normal or abnormal tissues. 

Paired pMR and iUS datasets. The paired pMR and iUS images were 
collected using the LOGIQ E9 ultrasound-navigation system (GE 
Healthcare, Milwaukee, WI, United States) during liver puncture sur
gery. LOGIQ E9 ultrasound-navigation system furnished with the elec
tromagnetic tracking unit trakSTARTM was adopted to ensure the same Fig. 4. The overview of texture loss.  

Fig. 5. The overview of style loss.  
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imaging plane for pMR and iUS scanning. A total of 4,130 pMR and iUS 
image pairs were obtained, and the pMR and iUS images were resized to 
256 × 256. For model training, the paired set was split into training and 
test sets by 80-20% ratio for a five-fold cross-validation by using a 
patient-specific separation in order to ensure images from the same 
patient are not be used both in training and testing. This five-fold cross- 
validation approach was employed in the training data to acquire the 
means and standard deviations of the evaluation metrics. 

3.2. Comparison with State-of-the-art Methods 

The proposed ApGAN has been compared with several state-of-the- 
art simulation methods. Primarily, the obtained Sim-iUS is presented 
by CycleGAN [28], Pix2Pix [29], SASAN [30], StarGAN [31], Pix2Pix 
GAN [37], Conditional GAN [38] and our ApGAN. Then, five 
widespread-used metrics, including Structural Similarity (SSIM), Peak 
Signal to Noise Ratio (PSNR), Fŕechet Inception Distance (FID), Kernel 
Inception Distance (KID) and Mean Absolute Error (MAE), are picked to 
measure the quality of Sim-iUS. Through comprehensive experiments, 

the superiority of the ApGAN is proved. The pMR and iUS pairs are 
shown in the first and second row of Fig. 6, and StarGAN, CycleGAN, 
SASAN, Pix2Pix, Pix2Pix GAN, Conditional GAN and the trained ApGAN 
to produce Sim-iUS are presented in the third to ninth rows, respec
tively. Besides, broadly speaking, Sim-iUS from the ApGAN has finer 
internal detail and reveals more anatomically layered features (indi
cated by green arrows). 

As is seen from Fig. 6, StarGAN, a scalable model that can be simu
lated across domains, generates Sim-iUS close to the style of real US. 
However, while analyzing the details of Sim-iUS, apart from the 
anatomical content and the vascular boundaries of the liver being too 
blurred (indicated by the red arrow in the third row), areas of distri
bution of highlighted structures, such as the liver capsule, extending 
over a wide area, were found, which might overlap with other focal 
areas and cover the liver lesions such as polyps. 

CycleGAN failed to simulate the beam divergence, but produced 
angular contents with low sharpness (red arrows in the fourth row), 
which is not consistent with US imaging principles. It was thus inferred 
that it lacked enough constraints on structures and lost detailed 

Fig. 6. The first two rows are the real pMR and iUS, and then the corresponding Sim-iUS obtained by StarGAN, CycleGAN, SASAN, Pix2Pix, Pix2Pix GAN, Con
ditional GAN and our ApGAN are listed. Red arrows indicate the missing, distorted, or blurry areas, and green arrows illustrate our high-precision structures 
by ApGAN. 
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information. However, the bimodal fusion and structural correction 
modules of the proposed ApGAN were both dedicated to mining the 
valid parenchyma and structural information of liver in pMR. Besides, 
CycleGAN yielded anatomical structures that did not present in pMR (e. 
g., kidneys, red arrows in the second and third columns). 

SASAN proposed to learn the spatial normalization of self-attention 
for the intermediate activation states of the generator and to enhance 
the use of semantic information. It was observed during training that the 
attention maps did not focus on the presence of important anatomical 
structures, but were more evenly targeted to the whole image. As a 
result, the Sim-iUS provided little detailed anatomical content and 
adjacent spatial relationships, or even no shape to speak of (red arrows 
in the fifth row). 

Pix2Pix is generally a classical generation model that combines L1 
loss to render highly-structured outputs as the grounding truth. Sur
prisingly, herein, it also yielded Sim-iUS that were blurry in certain re
gions, leaving adjacent structures without clear demarcation, or even 
turning into connected regions (red arrows in the sixth row). Though the 
features were close to the speckle noise, the blurring of boundaries still 
had an impact on the surgeons doing image analysis. 

Additionally, as the coarse segmentation maps from pMR are utilized 
in ApGAN, in order to ensure fairness in the experiments, we conduct 
comparisons with Pix2Pix GAN and Conditional GAN which both take 
segmentation maps as input additionally. 

Pix2Pix GAN chooses Pix2Pix as the backbone, and the difference is 
that it has two paths to update the weights, which adds an external path 
to provide the comparison results between ground truth and fake images 
from the discriminator. We combine paired pMR and corresponding 
segmentation maps, and feed them into the model for US simulation. 

Conditional GAN aims to learn a non-linear mapping between the 
input image and a random noise vector to yield the output. Thus, we 
extract feature embedding of segmentation maps as conditions to facil
itate US simulation tasks. 

It can be seen that the ApGAN obtains better results than Pix2Pix 
GAN and Conditional GAN in various quantitative metrics. Meanwhile, 
it can be observed in Fig. 6 that the generated Sim-iUS in Conditional 
GAN are completer and more accurate in terms of content and struc
tures, compared to Pix2Pix GAN. However, compared to ApGAN, the 
Sim-iUS of Conditional GAN is blurry or lacks anatomical structures in 
some cases, which further proves the superiority of the ApGAN in terms 
of preserving high precision anatomical structures. 

The last row showed that the ApGAN outperformed any of the above 
models. ApGAN generated Sim-iUS that could be observed and utilized 
by physicians, with clear anatomical details of the liver and well-defined 
boundaries of structures such as the portal veins (indicated by green 
arrows), capable of simulating different grey levels due to diverse 
acoustic parameters of human tissues, thereby resulting in highlighted 
areas representing different anatomical contents. Besides, the generated 
artefacts were more realistic and more closely resemble the qualities of 
real iUS. 

The corresponding quantitative results are listed in TABLE 1, where 
it could be observed that the ApGAN received the best evaluation re
sults. Concretely, ApGAN acquired a 19.4% improvement in SSIM 
relative to Pix2Pix; and had a higher PSNR from 23.92 to 26.76. Besides, 
FID was also reduced by about 40%. Meanwhile, ApGAN achieved a 
reduction in KID from 42.48 to 0.86 relative to CycleGAN, and SSIM 
boasted a 270% increase. In conclusion, the proposed ApGAN obtained 
the most realistic Sim-iUS. 

3.3. Ablation Study 

In ablation experiments, comparison was drawn between the base
line (CUT) and several progressively improved models, which own the 
sequential addition of a correction module to the baseline for structural 
correction of the intermediate Sim-iUS (CUT+C), a bimodal fusion 
module (CUT+CB), fixed convolution layers in the decoder (CUT+CBF) 

to resolve checkerboard artifacts, and style loss (CUT+CBF+Style) and 
texture loss (CUT+CBF+Texture) that constrain the Sim-iUS to be closer 
to the real US style. 

TABLE 2 shows the results of the ablation experiments at the pixel 
level (SSIM and MAE) and the feature level (FID and 100 × KID), 
respectively. It could be observed that CUT+C increased SSIM by 0.09, 
while MAE and FID decreased substantially by 0.12 and 58.91, respec
tively. The adopted approach of learning jointly with the correction 
module seemed to be effective in resolving the structural distortion and 
approaching the real US style, which was evidenced by the fact that the 
performance of SSIM and FID was greatly improved. In addition, 
CUT+CB increased by 0.1 over CUT+C on SSIM by mining the effective 
parenchymal content of liver with the bimodal module. Then, compared 
with CUT+CB, CUT+CBF for checkerboard artefacts reduced FID and 
KID by 15.3 and 2.05, respectively. Meanwhile, the addition of two loss 
functions (CUT+CBF+Style+Texture) in the last row that perceive the 
stylistic and textural features improved the proposed ApGAN in all 
metrics, especially on FID, KID and PSNR, which decreased by 41.98, 
3.15 and increased by 5.92 from CUT+CBF, respectively. It was further 
demonstrated that the image quality of the proposed Sim-iUS was 
gradually improved, with a high similarity to the real US at both the 
pixel and the feature level. The results confirmed the validity of all 
components of the model, and ApGAN generated better Sim-iUS to help 
with ultrasound-guided liver surgery. 

3.4. Analysis for the simulation of specific anatomical structures 

To more closely match the liver surgery in the real clinical trial 
scenario, and convince the physicians of the authenticity of the Sim-iUS 

Table 1 
The quantitative metrics of state-of-the-arte and our ApGAN. Best results are 
marked bold.   

SSIM(↑) PSNR(↑) FID(↓) 100 ×
KID(↓) 

MSE(↓) 

StarGAN [27] 0.42 
±0.11 

14.90 
±3.87 

126.65 
±0.69 

8.62 
±0.03 

0.17 
±0.13 

CycleGAN [24] 0.20 
±0.11 

11.47 
±2.09 

351.89 
±0.28 

42.58 
±0.17 

0.32 
±0.20 

SASAN [26] 0.41 
±0.07 

12.95 
±1.98 

88.26 
±0.28 

6.16 
±0.22 

0.22 
±0.08 

Pix2Pix [25] 0.62 
±0.06 

23.92 
±2.17 

55.52 
±0.28 

3.86 
±0.11 

0.01 
±0.01 

Pix2Pix GAN  
[37] 

0.63 
±0.06 

23.94 
±1.91 

75.64 
±0.17 

5.91 
±0.01 

0.02 
±0.02 

Conditional GAN 
[38] 

0.69 
±0.08 

24.91 
±2.42 

48.89 
±0.21 

2.28 
±0.01 

0.01 
±0.02 

Our ApGAN 0.74 
±0.08 

26.76 
±2.90 

35.54 
±0.12 

0.86 
±0.06 

0.01 
±0.01  

Table 2 
The quantitative metrics (means ± standar) of ablation experiments on our 
ApGAN.   

SSIM(↑) PSNR(↑) FID(↓) 100 ×
KID(↓) 

MSE(↓) 

CUT (Baseline) 0.38 
±0.06 

13.55 
±1.59 

166.30 
±0.52 

16.45 
±0.11 

0.18 
±0.07 

CUT+C 0.47 
±0.06 

18.09 
±1.46 

107.39 
±0.43 

7.56 
±0.06 

0.06 
±0.02 

CUT+CB 0.57 
±0.06 

19.97 
±1.55 

92.89 
±0.37 

6.06 
±0.08 

0.04 
±0.01 

CUT+CBF 0.60 
±0.09 

20.84 
±3.13 

77.52 
±0.28 

4.01 
±0.06 

0.04 
±0.02 

CUT+CBF+Style 0.61 
±0.08 

21.12 
±2.88 

69.74 
±0.13 

3.50 
±0.10 

0.03 
±0.02 

CUT+CBF+Texture 0.64 
±0.07 

23.00 
±2.22 

67.77 
±0.29 

3.39 
±0.05 

0.02 
±0.01 

Our ApGAN 0.74 
±0.08 

26.76 
±2.90 

35.54 
±0.12 

0.86 
±0.06 

0.01 
±0.01  
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simulated from pMR, several unique anatomical structures and focal 
areas involved in the adopted dataset were individually analyzed. The 
anatomical structures and lesion areas in the Sim-iUS were assessed for 
consistency with the relevant image information in the real iUS. On the 
one hand, the anatomical structures (e.g. liver capsule, kidney, blood 
vessels, etc.) present in Sim-iUS were compared with those in real iUS, 
with the offset errors counted. On the other, the consistency of the real 
iUS with whether the simulated lesion areas (distances of calculi, polyps, 
cysts, etc. from blood vessels, liver capsule, etc.) was further analyzed. 
During the evaluation, the Hausdorff Distance (HD) and Euclidean 
Distance (ED) of these structures between the Sim-iUS and real iUS were 
computed.  

• Simulation of linear and annular anatomical structures 

The presence of distinct linear and annular anatomical structures in 
the Sim-iUS provided surgeons more detailed information for identifi
cation and localization of typical liver parenchyma or lesions, making it 
necessarily important to ensure the accuracy of these two types of 
structures. 

For the linear structures, the simulation effect of the liver capsules 
was investigated, as shown in Fig. 7(a). In this case, experts marked 
points in both Sim-iUS and real iUS that were able to depict the contours 
of the liver capsules (e.g. the blue and red points in Fig. 7(a)), and the 
HD error of linear offset for each sample was then calculated. Mean
while, to observe the overall simulation effect of ApGAN on the linear 
structures, the average HD errors of the liver capsule for each patient 
were counted, as shown in Fig. 7(b). The average HD errors of all pa
tients were less than 0.25 mm, suggesting the high-level efficiency of the 
proposed ApGAN in simulating the linear US anatomy. 

The annular structures were divided into two categories according to 
the type of anatomical structure: one type of analysis was for the annular 
structures of the gallbladder or kidney itself (as shown in Fig. 8(a)). The 
HD error of annular offset for gallbladder and kidney structures was 
calculated, and the average annular error for each of the two anatomical 
structures was again assessed (as shown in Fig. 8(b)). The best results 
were achieved with an error of 0.14 mm in the gallbladder and a min
imum error of 0.21 mm in the kidney, both of which indicated the good 
simulation performance of the proposed ApGAN in various annular 
structures. 

Another type of annular structure was the ring diagram formed by 
calculating the relative distances between various anatomical structures 
(as shown in Fig. 9(a)), and the focus was hereby placed on analyzing the 
relative distance errors between vessel sections in this part. The ED er
rors between adjacent points were calculated based on the marks of 
experts, and the mean ED error across all marker points for each sample 
was then counted. Besides, the average relative ED errors across all Sim- 
iUS containing vessel cross-sections for each patient were also plotted, as 
shown in Fig. 9(b). The average relative ED errors were below 0.17mm 
for all patients except patient 1, which was only around 0.27mm. This 

implied that the relative positions of the anatomical structures in the 
Sim-iUS did not change significantly and remained relatively stable. In 
conclusion, the proposed ApGAN works efficiently in simulating 
anatomical structures with high accuracy, whether in the form of linear 
or annular shapes  

• Simulation of focal areas 

During ultrasound-guided liver surgery, surgeons will focus on the 
areas of the lesion to accordingly determine the condition of patients. 
Therefore, the accuracy of the structural information of the lesion should 
also be ensured in the simulation. A total of three types of focal struc
tures were covered in this paper, i.e., cysts, polyps, and calculi. The 
distances of the cross-sections of the focal structures relative to other 
anatomical structures (vascular cross-sections, liver capsule and gall
bladder) were calculated to determine whether the focal structures in 
Sim-iUS matched the true iUS. 

For cysts, a total of 10 samples were selected to calculate the average 
relative ED error from the cross-sections of cysts to the obvious vessel 
cross-section that was 0.14 mm (two examples are shown in Fig. 10(a) 
and Fig. 10(b)). Thus, it confirmed that the proposed ApGAN had a high 
precision in guaranteeing the invariance of the position of the cysts 
relative to other anatomical structures during the simulation. For 
polyps, the ED errors from the polyp to the anatomical structure (liver 
capsule or gallbladder) were calculated based on the marker points of 
expert (as shown in Fig. 10(c) and Fig. 10(d)). During the statistical 
process, the average ED error for 10 labelled samples from the polyp to 
the liver capsule and 10 labelled samples from the polyp to the gall
bladder was computed, which were 0.07 mm and 0.12 mm, respectively. 

The expert-labelled samples were divided into two categories for 
calculi, i.e., from calculus to vascular cross-section and from calculus to 
gallbladder, and the relative ED errors were then calculated separately. 
Similarly, the average relative errors for 10 samples selected for each 
category were also calculated, which were 0.18 mm and 0.15 mm, 
respectively. Hence, the proposed ApGAN was also highly accurate in 
simulating lesion structures like polyps. 

4. Discussion 

An anatomy preserving GAN was proposed for performing liver 
intraoperative US simulation from pMR. The empirical results demon
strated that ApGAN retained highly accurate information about the focal 
structures, without altering their relative positions in relation to the 
other anatomical structures. The proposed method could assist the US 
guidance in liver surgery from two aspects, including facilitating the 
surgeons to understand the characteristics of US in advance, and 
expanding the iUS dataset to promote automatic iUS analysis. 

Fig. 7. Calculation of HD errors for linear structures (liver capsule) and statistical plots of average HD errors.  
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4.1. User Study 

To validate whether the acquired Sim-iUS could be employed as 
training materials to facilitate the surgeons to understand the charac
teristics of US in advance, five experts from the ultrasound department 
with extensive diagnostic and surgical experience were invited to 

evaluate the quality of Sim-iUS. A total of 160 images of four different 
types were randomly selected: Sim-iUS generated by three models (our 
ApGAN, Pix2Pix and StarGAN, the first three best models described in 
Section III-B) and the corresponding real iUS, with 40 images of each 
type. Each expert was required to view each image and determine 
whether it was a real or fake liver iUS image. 

Fig. 8. Calculation of HD errors for various annular structures and statistical plots of average HD errors.  

Fig. 9. Average relative ED errors between multiple vessel cross-sections and average ED error per patient.  

Fig. 10. Two cases that containing cysts, polyps, and calculi lesions to calculate average relative HD errors.  
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Ideally, the accuracy for real iUS should be close to 1, while a higher 
authenticity of Sim-iUS indicated more difficulties in distinguishing 
between the real and the fake. Among three models, ApGAN achieved 
lower accuracy than the other two methods, which made it rather 
difficult for the experts to distinguish the Sim-iUS from real iUS images, 
and could thus be employed as training materials to facilitate the sur
geons to understand the characteristics of iUS in advance. The corre
sponding radar plots are shown in Fig. 11. For clear demonstration, we 
retain the value of real iUS, and plot the GAN-based images using (1- 
Accuracy) as the quantity. It can be seen that the value range of ApGAN 
is between 0.6 and 1.0, while there are results below 0.6 in Pix2Pix and 
StarGAN, indicating that some of the images generated by these two 
methods are easily distinguishable. 

4.2. Promoted effect to iUS classification task 

To explore whether the proposed ApGAN method could expand the 
iUS dataset with high-precision anatomical structures to promote the AI- 
based structure classification task of iUS, the results of three dataset 
settings were compared. The baseline dataset contained all real iUS, 
including 378 positive samples containing gallbladder structure, and 
557 negative samples without. The second Sim-iUS expanding dataset 
added 40% positive and negative samples generated from the proposed 
ApGAN to the baseline data. The third Real-iUS expanding dataset added 
40% samples from additional real iUS. The well-established AlexNet was 
adopted as the downstream structure classification model, since AlexNet 
was well recognized with low false-positive and good accuracy in 
medical US classification [36]. 

The structure classification results are presented in TABLE 3, where it 
can be observed that the proposed method not only acquired significant 
performance improvement (ACC: 0.9139 vs. 0.7950), but also achieved 
similar evaluation results compared with the dataset expanding method 
of using the additional real iUS. In this case, ApGAN method could 
effectively expand the iUS dataset with precise anatomical structures to 

promote the structure identification task. 
According to empirical results and the user study, the task of iUS 

simulation accomplished by the proposed ApGAN is rather promising for 
clinical applications: (i) Sim-iUS can be utilized as training materials for 
doctors to learn and interpret iUS; (ii) it facilitates the surgeons to un
derstand the characteristics of iUS in advance and to better synchronize 
the analysis of iUS and pMR intraoperatively; (iii) the Sim-iUS is bene
ficial to expand iUS datasets and promote the application of AI in ul
trasound guidance. Last but most importantly, ApGAN, which generates 
Sim-iUS with highly accurate structures, further increases the confi
dence of surgeons and the potentials of AI technology in the ultrasound 
navigation system. 

5. Conclusion 

In this paper, we propose a novel anatomy preserving GAN, namely 
ApGAN for liver US simulation from pMR. Extensive experiments on 
clinical data validate that our model generates more realistic US images 
with precise anatomical structures and lesion areas. The generated US 
images can be employed as training materials to facilitate the surgeons 
to understand the characteristics of iUS in advance and promote the iUS 
intelligent analysis. 
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Fig. 11. Radar charts showing the results of the 
user study. Four different types of images are 
used: real iUS and Sim-iUS obtained by Star
GAN, Pix2Pix and our ApGAN. The accuracy for 
real iUS should be close to 1, while for the three 
GAN-Based models, the higher the vertex value 
of the radar chart is, the more difficult expert is 
to distinguish between true and false, reflecting 
the authenticity of simulated ultrasound. The 
blue circle shows the changing areas of expert 
interpretation accuracy. Even though Pix2Pix 
achieves relatively realistic results, there is a 
significant difference in interpretation accuracy 
among experts (with a large elliptical range). 
Comparatively, the ApGAN corresponding re
sults are relatively uniform, with a small range 
of interpretation accuracy, indicating that the 
Sim-iUS obtained in this paper has higher 
fidelity.   

Table 3 
Comparison of the structure classification performance with different datasets.  

Training Data Accuracy Precision Recall F1 

Baseline dataset 0.8278 0.9047 0.3220 0.4750 
Sim-iUS expanding dataset 0.9139 0.9750 0.6610 0.7878 
Real-iUS expanding dataset 0.9221 0.9166 0.7457 0.8224  
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