Endoscopic ultrasound image synthesis using a cycleconsistent adversarial network
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Abstract. Endoscopic ultrasound (EUS) is a challenging procedure that requires
skill, both in endoscopy and ultrasound image interpretation. Classification of
key anatomical landmarks visible on EUS images can assist the gastroenterologist during navigation. Current applications of deep learning have shown the ability to automatically classify ultrasound images with high accuracy. However,
these techniques require a large amount of labelled data which is time consuming
to obtain, and in the case of EUS, is also a difficult task to perform retrospectively
due to the lack of 3D context. In this paper, we propose the use of an image-toimage translation method to create synthetic EUS (sEUS) images from CT data,
that can be used as a data augmentation strategy when EUS data is scarce. We
train a cycle-consistent adversarial network with unpaired EUS images and CT
slices extracted in a manner such that they mimic plausible EUS views, to generate sEUS images from the pancreas, aorta and liver. We quantitatively evaluate
the use of sEUS images in a classification sub-task and assess the Fréchet Inception Distance. We show that synthetic data, obtained from CT data, imposes only
a minor classification accuracy penalty and may help generalization to new unseen patients. The code and a dataset containing generated sEUS images are
available at: https://ebonmati.github.io.
Keywords: endoscopic ultrasound, synthesis, classification.
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Introduction

Endoscopic Ultrasound (EUS) is a minimally-invasive procedure to assess the gastrointestinal tract including pancreatobiliary disorders such as pancreatic cancer. It is a
complex procedure that combines ultrasound and endoscopy, requiring advanced cognitive and technical skills, such as ultrasound image interpretation [1].
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Recent advances in machine learning have made it feasible to automatically classify images and identify standard planes, which can improve ultrasound (US) image
interpretation and assist clinicians during navigation with the aim to make the diagnosis
more accurate. However, the success of deep-learning based applications relies on the
acquisition of a large, well-curated dataset with enough quality to be representative and
useful. This is a big challenge in US applications as often training data is limited and
models tend to have overfitting problems [2]. Data acquisition during EUS procedures
is especially difficult and demanding due to the disruption caused and time required by
real-time labelling, as well as the inaccuracies associated with retrospective labelling,
because it is difficult to confidently identify landmarks without the 3D spatial and temporal context.
Medical image synthesis using convolutional neural networks (CNN) has been
shown to be able to successfully translate Magnetic Resonance Imaging (MRI) to Computed Tomography (CT) [3] and to translate US to MRI [4]. In this work, we evaluate
the use of a cycle-consistent adversarial network (CycleGAN) [5] to perform CT-toEUS image translation to generate synthetic EUS (sEUS) images for the purpose of
data augmentation. As an example, CycleGANs have been used before to improve the
realism in US simulation from CT in a ray-casting approach, or to generate labelled US
images from musculoskeletal US as a data augmentation strategy [6, 7]. The CycleGAN
approach is of particular interest for our clinical application as no commercially available endoscopes exist capable of acquiring paired US/CT data, making endoscopy training and patient navigation difficult. The aim of our study is: 1) to assess the similarity
between real (EUS) and synthetic (sEUS) images, and 2) to evaluate the use of sEUS
images as a data augmentation strategy in a clinically relevant EUS classification task.
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Methods

2.1

Data

CT data. CT data from five patients was obtained, four were from the MICCAI 2015
workshop and challenge: Multi-Altas Labelling Beyond the Cranial Vault [8]. CT slice
dimensions were 512×512 with pixel sizes from 0.59 mm to 0.73 mm. Slice thicknesses
were 3 mm, with volume depths from 393 mm to 444 mm. We also included a CT
volume of size 512×512×229 with pixel dimensions of 0.55×0.55 mm and a slice thickness of 1 mm. Segmentations of the following structures were available for this study:
stomach, pancreas, liver and aorta.
EUS data. EUS images were obtained from five patients who underwent an EUSguided examination at University College Hospital London. Data were acquired from
a Hitachi Preirus EUS console and a Pentax EG-3270UK or EG-3870UTK US linear
video endoscopes with a 7.5 MHz probe. EUS images were collected from video frames
of each examination recorded with a resolution of 720×480 pixels at imaging depths
from 4 mm to 6 mm and cropped to 522×200 pixels, removing identifiable text and
depth-attenuated regions. Anatomical landmarks were identified by an expert and recorded during the procedure. EUS images containing the three clinically relevant anatomical landmarks: pancreas, liver and aorta, were manually identified and collected.
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Assorted images outside of these labels were also collected for a background class used
in the classification subtask. Images from four patients were used for CycleGAN and
classifier training. Data from the remaining patient were used to evaluate classification
performance. Table 1 shows a summary of the number of images and available labels
from each patient.
Table 1. Summary of EUS images collected for training the CycleGAN and classifier, and for
evaluation of the classifier.

Labels
Patient

Task

Images

EUS1

train

EUS2

2.2

Aorta

Liver

Pancreas

Background

3299

0

0

1694

1605

train

4758

767

0

3991

0

EUS3

eval

4451

1301

729

2421

0

EUS4

train

4996

1126

1485

2385

0

EUS5

test

1933

141

503

1289

0

EUS/CT image-to-image translation

Synthetic EUS images were generated using CycleGANs trained to translate 2D CT
image planes into sEUS images (Fig. 1). The CT plane locations, orientations and
bounding dimensions approximated real EUS views. Candidate sEUS locations were
automatically identified in CT volumes using the associated CT segmentation labels.
Points were randomly sampled along the outer surface of the CT stomach segmentation.
Realistic sEUS probe orientations were identified at each point by randomly generating
poses within a 30° cone normal to the stomach and retaining only poses where the view
intersected an anatomical label of interest (i.e., aorta, liver or pancreas) as shown in
Fig. 2. These poses were recorded as transformation matrices and saved to file.
During CycleGAN training, 2D CT images were sliced from CT volumes on the fly
using a previously reported simulation pipeline [9]. The framework extracted a sEUS
field of view, defined by a transformation matrix, in the CT volume. The CT planes
were then passed to the CycleGAN with randomly selected EUS images as an unpaired
input dataset.
The CycleGAN was based upon a previously described implementation comprising
a generator and adversarial discriminator for each imaging modality [5]. Paired EUS
and CT plane images were passed to their respective generators, which were trained to
map their input modality into synthetic images (i.e., CT to sEUS and EUS to sCT).
These synthetic images were subsequently passed to the relevant generator for mapping
back to their original modalities. Training was governed by adversarial losses calculated at each discriminator and by cycle consistency losses comparing input images to
those mapped to a synthetic modality and then remapped back to their original.
A small pre-trained Gaussian denoising network was added before each discriminator to prevent the generator from embedding information capable of facilitating loss
minimization without improving image-to-image translation [10, 11].
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2.3

Implementation Details

Three CycleGANs were trained, one for each of the three labels: aorta, liver, and pancreas. A batch size of 1 was used for 200 epochs, where the number of iterations per
epoch was limited by the relevant EUS dataset size. Other hyperparameters were set to
the defaults used in the original implementation [5]. Adam optimization was used on
discrimination and generation networks with a learning rate of 0.0002 that decayed linearly after 100 epochs [12]. Image intensity values were normalized between –1 and 1.
Data augmentation was applied to all images, incorporating random horizontal flips
and random cropping within a 40 pixel margin. The CT plane slicer and CycleGAN
frameworks were run simultaneously on a single 16GB NVIDIA Quadro P5000 GPU.
CT slices were selectively generated so that EUS images were paired only with CT
slices containing >1000 labelled pixels and < 50 pixels with high Hounsfield Units,
indicative of bone. For each epoch, a 90/10 training/validation split was randomly applied to the dataset. Losses were plotted against epoch and inspected to ensure convergence was achieved. All models were implemented in TensorFlow 2.2 and CUDA
Toolkit 10.1 [13]. Synthetic data for the classifier evaluation sub-task was created using
the trained CT-sEUS generator network from each CycleGAN. Open-source code was
used where possible and is available at: https://ebonmati.github.io.
2.4

Evaluation

Evaluating GANs remains an open challenge, as there is no concrete way to quantify
how realistic and diverse the synthetic images are, and no ground truth exists. Often,
models are evaluated in a subjective and quantitative manner by asking several observers to rate the images [14]. In this work, we used the Fréchet Inception Distance and a
classification sub-task to evaluate our model, as described below.
Fréchet Inception Distance. To quantitatively evaluate the quality of the synthetic images, we calculated the Fréchet Inception Distance (FID) [15]. FID is a widely used
metric for evaluating the similarity between the generated images (synthetic) and the
real images. FID uses the activation distributions of the Inception-v3 model [16] to
calculate the distance between real and synthetic images. We used the pre-trained Inception-v3 model available in Keras [16] to obtain the activation distributions for our
real and synthetic images, where the FID score was then calculated as follows:
𝐹𝐼𝐷 = ‖𝜇𝑋 − 𝜇𝑌 ‖2 + 𝑇𝑟 (Σ𝑋 + Σ𝑌 − 2√Σ𝑋 Σ𝑌 ),

(1)

where 𝜇𝑋 and 𝜇𝑌 are the mean of the feature vectors for the real and synthetic images,
respectively; Σ𝑋 and Σ𝑌 are the covariance matrix for the real and synthetic images,
respectively; ‖𝜇𝑋 − 𝜇𝑌 ‖2 refers to the sum squared difference between the two mean
vectors, and 𝑇𝑟 is the trace. A lower FID indicates better-quality synthetic images; conversely, a higher score indicates a lower-quality image. An FID of 0 demonstrates that
the activation distribution of the synthetic images is identical to that of the real images.
FID is also capable of detecting intra-class mode dropping (i.e., a model that generates
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only one type of image for each landmark or class), noise, blurring, and other systematic
distortions.
Classification sub-task. We evaluate the use of the synthetic EUS images in a classification sub-task. The aim here is to: 1) evaluate the use of synthetic EUS images to
classify real EUS images, and 2) to use the synthetic EUS images as a data augmentation strategy. As summarized in Table 2, the number of real training images for each
class was: 3,194 aorta, 2,214 liver and 10,491 pancreas. A fourth background class was
added in training only, incorporating 1,605 EUS images from a mix of indiscernible
anatomy and poor quality images. To achieve this, we implemented a simple VGG-16
classification model to classify EUS into the following classes: aorta, liver and pancreas. We used the pre-trained weights from ImageNet, a batch size of 64, a learning
rate of 1e-7 and 100 epochs. As loss function, we used a weighted categorical cross
entropy with the weights of 4.23, 4.40, 4.48, and 2.78 for aorta, background, liver and
pancreas, respectively. We trained the model using 5 different ratios of synthetic/real
images: 0% synthetic + 100% real, 25% synthetic + 75% real, 50% synthetic + 50%
real, 75% synthetic and 25% real. For each synthetic ratio, we report the accuracy, precision, recall and F1-measure. Pairs of classifier models were compared using
McNemar tests to assess whether differences in accuracy were significant.
Qualitative evaluation. We are also interested in the visual explanation and spatial
localization of important regions in the EUS and sEUS images that were used to predict
the corresponding class. We used the Gradient-weighted Class Activation Mapping
(Grad-CAM) to generate the class activation maps for each sample [17]. These maps
provide an insight into the model interpretation by backpropagating the gradients from
the last convolutional layer.
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Results and Discussion

Fig. 1 shows a comparison between a real EUS image and a sEUS image for each of
the anatomical landmarks selected (aorta, liver, pancreas). Visually inspecting the generated sEUS images, we observed that the sEUS images obtained with CycleGAN look
realistic as the main features of the anatomical landmarks are preserved.
In Table 2 we report the classifier performance when trained on varying ratios of
sEUS to real EUS images, with the number of sEUS increasing with the ratio. From
this table we can observe that classification accuracy is maintained for sEUS ratios up
to 75%. We attribute this to the fact sEUS images may provide a consistent representation of patient variation on the selected anatomical landmarks, making it feasible to
generalize to new patients. Liver F-measures were consistently low, indicating poor
classification performance and degrading overall accuracy scores. Due to the liver’s
size and position, liver-labelled images can often contain additional anatomical features
belonging to the other classes. We speculate this may be a contributing factor to the
consistently low F-measures.
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Single-sided McNemar tests comparing classifier pairs indicated the small reduction
in accuracy, from 0.63 to 0.61 with increasing sEUS ratio, was statistically significant
(p<0.05).
The FID scores are shown in Table 3. Although the FID measure is widely used to
evaluate the realism of synthetic images, a significant limitation arises from its reliance
on a pre-trained model (ImageNet) that does not comprehensively represent USspecific features. This lack of accurate representation is compounded by the small dataset used in this study (and in medical imaging generally) compared to the originally
intended application of FID. As such, we cannot expect the predicted activation distributions to provide authoritative results on our specific clinical application. . An indication of the ideal FID is given by the differences between random subsets within the
EUS data (as shown in the EUS vs EUS results). To have a better quantification of a
bad FID value, we compared all the EUS images to all the EUS images with added
noise using a Gaussian distribution with 0 mean and a standard deviation of 0.1. Our
synthetic images achieved lower scores in comparison to that from noisy US images
which yielded a FID >300.
Finally, Fig. 3 shows the Grad-CAM activations for two image examples (one EUS
and one sEUS) of the pancreas. Note the model has focused on the area representing
the pancreas to make a correct prediction.
Other studies have used GAN-based methods to simulate and augment ultrasound
image data: Bargsten and Schlaefer developed SpeckleGAN, which generates intravenous ultrasound speckle simulations from segmentation maps, achieving FID scores <
115 [18]. Peng, et al. generated synthetic ultrasound from MRI images and qualitatively
demonstrated their equivalence to numerical simulations [19]. A broader examination
of GAN-based approaches in medical imaging was presented by Yi, et al. [20].
In future, this study could be extended to aid EUS navigation by establishing a realtime image labelling and automated landmark recognition framework, for example, by
using the Grad-CAM maps to localise salient features in EUS video, as demonstrated
in this work. Further potential enhancements include developing a single CycleGAN
model capable of generating all three landmark types to enable multi-class object generation and detection.
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Conclusions

The results of this work demonstrate that the generation of synthetic EUS images,
from CT data, can support training of a simple classification model when data is scarce
as it may better represent the population. It allows generation of a large dataset from
specific anatomical landmarks that are relevant for the clinical application of interest,
which would not be possible otherwise (as demonstrated by the poor accuracy obtained
when using the only real EUS data available). The proposed method is easy to use compared to manual data acquisition and labelling, which is a task that is time consuming
and requires the input of a clinical expert.
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Real EUS

Aorta

Synthetic EUS

A

Sliced CT

A

A

Liver
V

Pancreas

V

PD
PD

V

PD

Fig. 1. Comparison between a real EUS image, a synthetic EUS image and the sliced CT from
which it was generated for each anatomical landmark (aorta, liver and pancreas). Indicative anatomical features are shown in red: A – aorta, V – liver vasculature, PD – pancreatic duct.

Fig. 2. Subset of candidate EUS probe positions and orientations at the stomach surface for
liver views within a CT volume.

Fig. 3. Normalized class activation maps for real EUS images and a synthetic EUS images
(sEUS) representing the aorta, liver and pancreas. The red areas represent increased regions of
activation used by the model to make a correct prediction.
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Table 2. Classifier performance when trained on varying ratios of synthetic to real EUS images. The number of sEUS images increases with synthetic ratio.

Synthetic
ratio (%)

Precision

Recall

F1-measure
Aorta

Liver

Pancreas

Accuracy

0

0.46

0.51

0.38

0.07

0.77

0.63

25

0.45

0.54

0.38

0.05

0.78

0.62

50

0.44

0.54

0.38

0.05

0.78

0.62

75

0.43

0.53

0.36

0.06

0.77

0.61

Table 3. Fréchet inception distance scores when comparing random subsets of real EUS images
within the same class, and when comparing real EUS to synthetic EUS (sEUS) images.

Control (n images)

Compared to (n images)

FID
2.00

EUS pancreas (5250)

EUS pancreas (5241)

EUS aorta (1599)

EUS aorta (1595)

6.96

EUS liver (1110)

EUS liver (1104)

11.03

EUS all images (7959)

EUS all images (7940)

EUS all images (7959)

EUS all images + noise (7940)

EUS pancreas (10491)

sEUS pancreas (11763)

79.88

EUS aorta (3194)

sEUS aorta (2774)

71.30

EUS liver (2214)

sEUS liver (4365)

71.68

EUS all images (15899)

sEUS all images (18902)

55.31

1.83
312.56
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