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I. INTRODUCTION

An Interventional Radiology procedure is a minimally invasive operation in which the surgeon is guided by real time imaging called scopy. Depending on the intervention, the scopy used can be fluoroscopy, scanner (X-rays), echography (ultrasound) or MRI (magnetic resonance) providing between 2 and 30 images per second. The advantage of this procedure is that as the incisions needed are small, it reduces the pain, the risk of infection, and the recovery time for the patient.

Using X-rays may result in skin burns or cancer if the exposure is prolonged or if the dose is too high. This also limits the number of interventions for the practitioner to avoid over exposure. Some cases where found in France, where the ASN (Nuclear Safety Authority) was informed of the appearance of radio dermatitis on a patient following an interventional vascular radiology [START_REF]Incident de radiologie interventionnelle au Centre hospitalier d'Avignon[END_REF]. Other serious consequences for the patient after high radiation could be alopecia and even radio necrosis, which were observed in a patient who undertook long and complex operations [START_REF] Aubé | Un accident d'irradiation en radiologie interventionnelle et ses conséquences[END_REF]. To avoid overexposure, Filgueiras-Rama D et al. have been working and testing medical equipment using magnets to control a catheter from an external cabin [START_REF] Filgueiras-Rama | Remote magnetic navigation for accurate, real-time catheter positioning and ablation in cardiac electrophysiology procedures[END_REF].

The objective of our work is to reduce the amount of X-rays by reducing the frequency of acquisition of the imager without losing good quality and without adding extra-large equipment on the operating room. To this end, we work on several aspects: adding sensors to the medical instruments, modeling of the instruments and the blood vessels, image segmentation on X ray images and data fusion to display real time extra information to the practitioners.

In this article, we will talk about catheter segmentation in Xrays images using supervised learning and U-Net [START_REF] Ronneberger | Convolutional Networks for Biomedical Image Segmentation[END_REF] neural network architecture. Segmentation in scopy images is necessary in order to know the exact position of the catheter in the images and its movements to couple to the other parts of the project (for example, orientation of the catheter detected by sensors).

Previous work of our team included the use of classical image processing algorithms (SURF descriptors, Haar filter for the detection of catheter's orientation followed by kalman filter for the detection of the body of catheters) with no good results, especially in the detection of the tip of the catheter.

We have chosen U-Net architecture because it has good results in the detection of eye's vessels and retinal diseases [START_REF] Yang | A Novel Hybrid Machine Learning Model for Auto-Classification of Retinal Diseases[END_REF], we think that the shape of vessels are closer to the shape of catheters to have accurate results. Future work will include the use of other kinds of Convolutional neural networks in order to compare to U-net results.

U-net models need many images along with the ground truth of the segmentation to be trained on. Medical images are sensitive, often protected and hard to access. Moreover, to obtain ground truths, surgeons must perform the segmentation by hand which is time consuming and cost expensive. We only possess a few annotated images thus making it impossible to p. 2 Colloque JETSAN 2021 train properly a deep learning model. Instead, we work on a way to generate synthetic images to overcome this lack of data. Our model is first trained on this synthetic data, then validated using our real images.

In the second part, we will talk about our methodology used to create synthetic images of catheter and video with different kinds of blurs to make them realistic. In the third part, we will talk about the U-Net model and how we trained it on synthetic data. In the fourth part, we will present our results for validating our model and robustness on blurry images. We will finish this article with the conclusions and perspectives of the project.

II. SYNTHETIC DATA

A. Generation of Synthetic data

When training a convolutional network model, one of the first question coming is about the quantity and the quality of the data we have. In our case, the only images we got were taken from a small video given by the INRIA (Mimesis team), French Research Institute. The video represents an operation, using interventional radiology, of a pig, and provided 200 frames.

At first we can observe the insertion of a catheter and few moments later, the insertion of contrast product. These procedures, made on pigs, are sometimes performed to train students in surgery because of the similarities between the pig and the human body.

Because of the lack of data, and the difficulties to obtain real images (acquiring the pictures, anonymization, segmentation by hand …), we decided to start making our own synthetic dataset.

Using deep learning, we could have used methods like Variational Auto-Encoders or Generative Adversarial neural Networks to create realistic catheter images. However, even with those methods, we still would not have had the corresponding masks to train a segmentation model. The first advantage of creating synthetic data was to create at the same time, the image and its corresponding mask. The procedure we used can be split into two parts. The first one consists of using images as backgrounds, and the second one of drawing a catheter on them.

In order for our model to perform correctly on our video and later, on real images, we decided to use the open source NIH Chest X-Ray dataset as background images. This dataset is one of the largest publicly available chest X-rays dataset, and thus seemed relevant to provide enough high quality images. We selected manually 400 pictures and extracted for each image, two non-overlapping patches of 512x512 pixels. This provided us 800 different chest X-ray images in grayscales.

In a second part, to draw realistic shapes of catheters, we used B-Splines as suggested by Pierre Ambrosini et al. [START_REF] Ambrosini | Fully Automatic and Real-Time Catheter Segmentation in X-Ray Fluoroscopy[END_REF]. The Bsplines we used were constructed using four control points. The first one corresponds at a random point at the bottom of the picture. All the other ones were taken at random inside the image. The interpolation was made using the Scipy interpolate module. In order to keep proper tones of gray for the catheter, we took the pixel value at random between 0.85 and 0.9 of the pixel intensity of the background image. This process keeps a transparency for the catheter. In figure 1, we can see an example of synthetic data and mask. The synthetic data for training was calibrated using the same histogram of images from the real video from the pig. 

B. Working with movies

The goal of this project is to provide real time segmentation during operations in order to help the surgeon and the medical staff. We can see in figure 2 a chart of the different steps involved for each prediction. Modern medical imaging system such as X-rays can provide up to 20 images per second. Because the U-Net model is not computationally expensive, we can easily predict more than 20 images per second using a standard GPU. We tested it on a RTX 2070, with 20.16 predictions per seconds.

The main difference between real footage and static images, as observed in the movie of the pig, is that real time imaging contains deformations. The deformations we observed were mostly due to the breathing of the patient. Indeed, the catheter in an artery can be shifted by the movement of the lungs producing different kinds of deformations. In figure 3, we can observe two frames extracted from our video, where catheter appears blurry on the middle and on the right a frame on which the catheters tip appears double. In order to mimic those kind of deformations in our dataset, we added Gaussian blur and motion p. 3

Colloque JETSAN 2021 blur that can reproduce the kind of "doubling" situation (Figure 4). In the same way we created a static synthetic dataset, we also created synthetic videos. In order to approximate the breathing movement, we used a sinusoid function. We observed in our video breathing periods of 4 seconds with 4 seconds without any breathing in between. Moreover, the maximal translation observed on the y-axis was 20 pixels. We translated the catheter by this function, thus obtaining a catheter moving through time. In order to mimic the insertion made by a surgeon, we interpolated the catheter through time using a similar sinusoid function (Figure 5). 

III. U NET TRAINING

U-Net architecture is a convolutional auto-encoder architecture used for biomedical image segmentation. We tested several models of U-Net architecture (Stack U-Net [START_REF] Sevastopolsky | Anastasia Georgievskaya: Stack-U-Net: Refinement Network for Image Segmentation on the Example of Optic Disc and Cup[END_REF]) but here we will only consider the vanilla U-Net.

Adam is one of the most used optimizers in the state of the art, so we used it with default parameters alpha=0.9, beta=0.999, momentum=0.9 and with a learning rate equals to 1e-4.

All models were trained using the cross entropy loss function and validated using K-Fold cross validation with both Binary Cross Entropy and Dice Loss. For the validation we choose K=5 in order to have 80% of the data for the training and 20% for the validation.

IV. RESULTS

When training U-Net on the dataset previously generated we obtained the following results for validation (see Table I): When testing with real images, we observed that the model trained on synthetic data could also generalize on our real images. Because we only have few real frames to tests, we could not measure accurately the model performances on this video. Nevertheless, on average, we detected the head of the catheter with a precision of 3.1 pixels using Euclidean distances. Here below, an example of a real frame along with its segmentation (Figure 6). We consider that one reason why part of the catheter is not detected (green part in figure 6, on the right) is that, the real catheter (figure 6, on the left) in this part is strongly noisy. In a second part, we wanted to know if our model was robust to the different kinds of blurs that we introduced in our synthetic videos. For this purpose, we cloned the previous synthetic dataset and each time added 20% of blurred images. We repeated this process with different values of blur.
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We can see in Table II the results of our model on synthetic dataset with different values of horizontal and vertical motion blur. 

V. CONCLUSIONS AND PERSPECTIVES

In this work, we have presented a methodology to create synthetic catheter images and movies for the case of a catheter in X ray images. Using the datasets we made, we trained a U-Net model that can generalize on real interventional radiology images. We are still looking for a partnership to dispose of more image and validate our model accurately.

The body of the catheter in real net images is always detected at 60% (always starting from the head of the catheter following the shape of the catheter). The head of the catheter is detected with an error of 3.1 pixels using a Euclidean distance.

In the case of blurry images, using synthetic data for validation, we have a good performance according to BCE (<0.1) and Dice loss (>0.98). However, for the real blurry images, we have less than 20 frames and this is not enough for validation.

In the future, we will work on the data fusion between the U-Net predictions, sensors and our mathematical model of the catheter and the arteries in order to improve the accuracy of our predictions.

Future work will consist on using other Convolutional neural network algorithms, for instance: Mask RCNN in order to tests if it can detect better the tip and the shape of the catheter in real images.

In this work, we did not used images with contrast product. Currently, the model confuses the catheter and the blood vessels with contrast product. One possible solution could be using the previous frames to retrieve to catheter's position. Moreover, once the sensors inside the catheter will be functional, we could use them to solve this issue. 

Figure 1 .

 1 Figure 1. On the left an example a synthetic data and on the right the corresponding mask.

Figure 2 .

 2 Figure 2. Steps for the segmentation of a video

Figure 3 .

 3 Figure 3. Left image, a clear catheter in an X-Ray image. On the middle, the catheter is blurry. On the right image, the tip of the catheter appears double.

Figure 4 .

 4 Figure 4. From left to right, crop of synthetic catheter image, same image with vertical motion blur, same image with horizontal motion blur. Both motion blurs have a kernel size of 10.

Figure 5 .

 5 Figure 5. Breathing movement using a sinusoidal function.

Figure 6 .

 6 Figure 6. On the left, part of a frame. On the right, result of segmentation. In green the ground truth, in blue the prediction made by our U-Net model, in yellow the superposition of both ground truth and the U-Net prediction.

TABLE I .

 I 

	Metric	Value
	Binary Cross Entropy	0.0448
	Dice Loss	0.9849

TABLE II .

 II U-NET RESULT ON A SYNTHETIC DATASETS WITH 20% OF IMAGES BLURRED.