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Abstract— Robot-assisted catheterization has garnered a good 
attention for its potentials in treating cardiovascular diseases. 
However, advancing surgeon-robot collaboration still requires 
further research, particularly on task-specific automation. For 
instance, automated tool segmentation can assist surgeons in 
visualizing and tracking of endovascular tools during cardiac 
procedures. While learning-based models have demonstrated 
state-of-the-art segmentation performances, generating ground- 
truth labels for fully-supervised methods is both labor-intensive 
time consuming, and costly. In this study, we propose a weakly- 
supervised learning method with multi-lateral pseudo labeling 
for tool segmentation in cardiovascular angiogram datasets. The 
method utilizes a modified U-Net architecture featuring one 
encoder and multiple laterally branched decoders. The decoders 
generate diverse pseudo labels under different perturbations, 
augmenting available partial labels. The pseudo labels are self- 
generated using a mixed loss function with shared consistency 
across the decoders. The weakly-supervised model was trained 
end-to-end and validated using partially annotated angiogram 
data from three cardiovascular catheterization procedures. 
Validation results show that the model could perform closer to 
fully-supervised models. Also, the proposed weakly-supervised 
multi-lateral method outperforms three well known methods 
used for weakly-supervised learning, offering the highest 
segmentation performance across the three angiogram datasets. 
Furthermore, numerous ablation studies confirmed the model’s 
consistent performance under different parameters. Finally, the 
model was applied for tool segmentation in a robot-assisted 
catheterization experiments. The model enhanced visualization 
with high connectivity indices for guidewire and catheter, and a 
mean processing time of 35.26±11.29 ms per frame. This study 
provides a fast, stable and less expensive method for real-time 
tool segmentation and visualization in robotic catheterization. 

Keywords— Robotic catheterization Cardiac interventions, 
Weakly-supervised learning, Pseudo labeling, Segmentation. 
 

I. INTRODUCTION 

As a major cause of morbidities and mortalities, 
cardiovascular diseases have received a significant amount of 
attention in the recent years [1]. To address the challenges of 
open surgery —the traditional treatment method, intelligent 
surgical robots and advanced imaging methods are being used 
for cardiovascular intervention. The approaches involve use of 
X-ray, computed tomography, or magnetic resonance imaging 
for endovascular catheterization and evaluation procedures [2]. 
Medical imaging modalities enable non-invasive visualization 
and inspection of the cardiac system during computer-assisted 
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diagnosis, planning, and treatment. Throughout each stage, 
cardiovascular angiograms are acquired, and advanced image 
processing methods are essential for structural interpretation 
and quantification [3]. Similarly, fast and accurate image 
processing methods are helpful for tool visualization and 
tracking during interventions. Image processing tasks include 
registration, segmentation or reconstruction of flexible vessels 
and endovascular tools in the angiograms. On segmentation, 
different physics-based and learning-based methods have 
been developed. Classically, physics-based methods classify 
cardiac structures in grayscale or RGB image frames using 
pixel-level intensity thresholding or region clustering. These 
methods often involve manual tasks (e.g. generating bounding 
box) to reduce computational complexities, making them not 
suitable for clinical applications with large and dynamic data. 

Learning-based segmentation methods have contributed to 
significant advancement in cardiovascular angiogram analysis 
[4, 5]. With initiative of fully-supervised learning, Zhou et al. 
[6] developed the concept of pyramid attention recurrent 
networks for tool segmentation and tracking in x-ray images. 
Ronneberger et al. [7] proposed U-Net, an architecture that 
uses contracting and expanding paths for precise pixel-level 
segmentation and localization in medical imaging. This 
architecture was extended with nested dense skip paths and 
deep supervision for more powerful medical imaging 
applications [8]. The learning-based models are capable of 
capturing fine grained details of foreground pixels at low level 
resolution. However, the models are less sensitive to boundary 
preservation. To address this, Gu et al. [9] developed context 
encoder network to capture high-level information for better 
spatial details preservation in medical image segmentation. 
Yet, this network only outperformed classical U-Net in retina 
disc and lung segmentation [9, 10]. While the learning-based 
methods have significantly improved segmentation accuracy 
in medical imaging, creating a generalized model for dynamic 
imaging data with distribution mismatch and class imbalance 
is hard [11]. The above-mentioned networks only considered 
local feature contexts and performance and computational 
overhead issues in addressing those limitations, making them 
unsuitable for leveraging long range dependencies in dynamic 
data as in cardiac angiograms. Furthermore, fully-supervised 
learning places a huge burden to create high-quality masks for 
model training and validation on surgeons. 

Weakly-supervised learning methods offer a potential 
solution to these challenges in medical image processing, 
especially when required for computer-assisted interventions 
[12-14]. By using sparse or partial annotations instead of 
dense ones, weakly-supervised methods reduce the time and 
effort required from domain experts. Current approaches 
include point-wise, scribble-wise, and bounding box labels for 
training models [12]. Qu et al. [15] developed a weakly- 
supervised segmentation model using partial point annotations, 
employing a two-stage system with a self-supervised model 
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and Gaussian masking for nuclei detection. He et al. [16] 
applied a self-teaching strategy for pixel-level segmentation in 
sparsely annotated 2D cardiac images. Weakly-supervised 
learning approaches either rely on sparsely annotated data or a 
combination of a small number of fully annotated signals with 
a large unlabeled portion to produce feature maps that yield 
segmentation results comparable to fully-supervised methods. 
For instance, Viniavskyi et al. [17] trained a supervised model 
to generate image-level pseudo labels for abnormal chest 
regions in X-ray images. Subsequently, activation maps were 
propagated for automated lesion localization. The model used 
dual output branches to predict both displacement vector fields 
and class boundaries. 

Bounding-box annotations, which was widely used prior 
to the advent of learning-based segmentation [18, 19], have 
also been applied for developing generalized and robust 
weakly-supervised models. Typically, it involves using three 
or more coordinates around an object of interest in an image, 
and training a model to detect boundaries. Bounding-box 
annotations have been applied in different areas of medical 
imaging [13, 14, 20, 21]. However, deciding a certain region- 
ground separation for bounding boxes remains challenging 
due to lack of supervisory signals. Scribble-based methods are 
actively being investigated for weakly-supervised semantic 
segmentation in medical imaging. Luo et al. [12] showed how 
scribbles can be used for weakly-supervised learning and 
segmentation of 13 abdominal organs. Scribble annotations 
can enhance state-of-the-art (SOTA) learning architectures 
like U-Net, U-Net++, and DeepLabV3+ that are widely used 
for medical image segmentation. Additionally, scribble-based 
supervision signals can leverage weakly-supervised learning 
with global regularization, multi-scale attention and mixed 
augmentation consistency methods [22-24]  to improve vessel 
and tool segmentation performance in cardiovascular images. 
This approach alleviates the need of dense annotation for 
fully-supervised learning while delivering comparable results. 
Alternatively, weak supervision can be achieved with point 
annotations in medical images. In addition to Qu et al. [15], 
Zhai et al. [25] employed point annotations for weakly- 
supervised learning in medical image processing, though their 
used only a few point masks to define the segmentation targets. 
They also applied contextual regularization with conditional 
random field and variance minimization for consistency 
learning [22]. Issam et al. [26] demonstrated that single pixel 
annotation, combined with consistency learning, can regularize 
segmentation outputs for stability of weakly-supervised 
models irrespective of input images. Point annotation is easier 
and faster compared to scribble and bounding-box methods, 
existing studies have not shown them to significantly reduce 
burdens on experts.  

Learning from sparse annotations presents significant 
challenges and requires effective regularization techniques. 
The application of existing weakly-supervised methods in 
cardiovascular catheterization imaging remains limited. For 
instance, Yang et al. [27] employed voxel labels generated 
through line filtering, which were updated iteratively to 
produce class activation feature maps for catheter 
segmentation. The study relied on bounding-box annotations, 
which resulted in noisy masks and a model whose performance 
fell sizably short of SOTA fully-supervised models. Also, this 
approach is not suitable for segmenting endovascular tools 
that exhibit deformable shapes found during catheterization.  

In this study, we propose a weakly-supervised learning 
method for concurrent pseudo labeling and segmentation of 
endovascular tools in cardiovascular angiograms. This 
approach enhances existing backbone networks by utilizing a 
single encoder and multiple decoders to learn from partial 
annotations for pixel-level segmentation. The decoders are 
perturbed to capture complementary feature maps and are 
imposed with shared consistency regularization to create a 
robust and well-generalized segmentation model. The method 
is implemented in a U-Net architecture with one encoder and 
multiple laterally branched decoders. Multi-scale pixel-wise 
predictions are regularized through a mixed loss function that 
generates pseudo labels for end-to-end model training. We 
applied the method for tool segmentation in angiogram 
datasets obtained during catheterization in synthetic human 
aorta [28] and robot-assisted trials in rabbit and pig [29]. The 
key contributions of this study are as follows: 

1) The development of a weakly-supervised method with 
multi-lateral branched decoders for endovascular tool 
segmentation in weakly-annotated cardiac angiograms. 

2) Introduction of a shared consistency term to integrate the 
supervision signals generated from multiple decoders;  

3) Validation and ablation studies conducted to assess the 
performance and stability of the proposed method on 
various cardiovascular angiogram datasets, and  

4) Deployment of the proposed weakly-supervised method, 
demonstrating its real-time application for segmentation 
during robot-assisted catheterization in an aorta phantom. 

The remainder of this paper is organized as follows: 
Section II introduces the proposed weakly-supervised multi- 
lateral learning method. Sections III and IV present the 
validation and ablation studies conducted for performance 
analysis of the method. Section V discusses online evaluation 
or method during robot-assisted catheterization. Finally, the 
conclusion of the study and future works are in Section VI. 

II. PROPOSED METHOD 

We utilized angiogram dataset with partial annotations to 
leverage the expertise of domain experts. Assuming that data 
instances are drawn from a Gaussian mixture model ࣣሺ߆|ݔሻ 
with ݊ classes, the soft pseudo labels for each pixel ݔ can be 
generated and propagated to train the network parameters. 
Here, ߚ௜  is a mixture coefficient such that ∑ ௜ߚ

௡
௜ୀଵ ൌ 1, and 

 ௜ሽ denotes the network parameters. To assign each pixelߠሼ =߆
to a class, it is necessary to compare the labeled pixels in the 
partially annotated signals of a given angiogram with respect 
to the unlabeled components in the angiogram. 

ࣣሺ߆|ݔሻ ൌ 	෍ߚ௜ࣣሺߠ|ݔ௜ሻ
௡

௜ୀଵ

																						ሺ1ሻ 

To determine the class of each pixel, we consider label ݕ௜ 
of pixel ݅ as a random variable whose distribution ܲሺݕ௜|ݔ௜, ௜݃ሻ 
is determined by the mixture component ௜݃ and the features 
representing the pixel ݔ௜ . Using the maximum a posteriori 
criterion, the unlabeled part of ݕ௜ can be estimated based on 
the supervised signals, as expressed in Eq. 2.  

݄ሺݔሻ ൌ ݔܽ݉݃ݎܽ	
௖∈ሾ଴,ଵሿ

෍ܲሺݕ௜ ൌ ܿ|݃௜ ൌ ݆, ௜ሻݔ ൈ ܲሺ݃௜ ൌ ௜ሻݔ|݆
௡

௜ୀଵ

				ሺ2ሻ 



 
Fig. 1: Framework of weakly-supervised learning model with an 

encoder and laterally-branched multiple decoders.  

Where ܲሺ݃௜ ൌ ௜ሻݔ|݆ ൌ 	
ఉ೔ࣣሺ௫|ఏ೔ሻ

∑ ఉ೔ࣣሺ௫|ఏ೔ሻ
೙
೔సభ

. The task is to use the 

limited annotated pixels to estimate the class distributions for 
the unlabeled components. The estimated signals can then be 
extended to enhance the model’s performance beyond the 
supervised learning phase. We approach this by employing a 
two-step training process: in the first step, pseudo labels are 
generate from the available annotations in a supervised manner. 
The pseudo labels are derived as a mean prediction from the 
multi-lateral decoders, which are then combined with original 
annotations to jointly train the model in the second step. 

A. Self-generating Pseudo Labels 

As depicted in Fig. 1, the weak-supervision model is based 
on an encoder-decoder structure, where one encoder feeds 
multiple decoders branches. Each decoder uses different 
dilation rates to capture multi-scale feature maps. After 
initializing the training class distributions from the annotated 
signals, the outputs from the model’s auxiliary decoders can 
be used to generate quasi labels by learning from the available 
supervision signals. The encoder’s feature maps are passed 
through the multiple laterally branched decoders, and their 
outputs are then combined to create the pseudo labels. 

i. Learning from Annotated Pixels  
The training dataset consists of angiogram images with 

partial annotations. This labeling approach includes a set of 
pixels with known labels while the others are unknown. The 
annotated signals can be used to train a neural network by 
minimizing a loss function, assuming that one-hot class values 
෠ܻ ∶ൌ ࣢ሺ߆|ݔሻ provide an estimate of the ground-truth ሺܻሻ. 
During training, the network parameters ࣢߆ are optimized by 
minimizing the model’s loss through cross-entropy function 
(ࣦ஼ா), as defined in Eq. 3. Where ݏ is a one-hot annotation 
signal represented by the mixture component ݃௜  and pixel 
features ሺݔ௜ሻ, while ݕ௜

௖ is the probability that ݅௧௛ pixel belongs 
to class ܿ . Since angiograms are partly annotated, pseudo 
labels are generated to simulate fully-supervised learning. 

ࣦ஼ாሺݕ, ݏ ∶ൌ ݃௜|ݔ௜ሻ ൌ	 ∑ ∑ ௟௘௡ሺ௦ሻ݃݋݈
௜ୀଵ௖ ሺݕ௜

௖ሻ													ሺ3ሻ 

ii. Generating Pseudo Labels  
The model uses multiple laterally branched decoders to 

propagate available annotated pixel across unlabeled pixels in 

angiograms. Each decoder independently utilizes feature maps 
extracted from the encoder to self-generate pseudo labels. One 
decoder is designated as the main decoder, responsible for 
producing the actual pixel-level segmentation. The supervision 
signals from the main decoder are combined with the outputs 
of the auxiliary decoders to generate the pseudo labels. The 
probability maps are mixed as given in Eq. 4, where ߣ is a 
random value that is chosen between 0 and 1 at each iteration 
to penalize the decoders’ outputs. The values of ߣ are selected 
such that ∑ ௗߣ ൌ 1௄

ௗୀଵ .  

ఒሻݔ݅ܯሺܮܲ ൌ ௗୀଵ,…,௄ሻߣ෍ሺݔܽ݉݃ݎܽ ൈ ௜ݕ
௖ 													ሺ4ሻ 

To increase feature diversity, the outputs from the 
auxiliary decoders are perturbed propagated across the 
training iterations [30, 31]. The perturbation implementation 
involves stochastic forward passes with random dropout. This 
process provides subsamples of the original model, denoted as 
࣢൫ݕ௜, ࣣሺ߆|ݔሻ൯, where some of the features ߠ௜ are randomly 
dropped. The pseudo labels obtained from the unlabeled pixels 
are then added as new supervision signals to augment the 
training data. However, random perturbations in the auxiliary 
decoders can introduce noise into the supervision signals from 
the unlabeled pixels. This leads to inconsistencies in pseudo 
labels generated from the differently perturbed decoders, 
causing variations in the sub-models' characteristics. Hence, 
ensuring consistency among the decoder outputs is necessary 
to filter the pseudo labels for more refined model training. 

B. Training with Shared Consistency 

The decoders integrate both perturbed and actual feature 
maps for pseudo-labeling and segmentation of tool pixels in 
angiograms. By aggregating the outputs from multiple 
decoders, the model becomes more robust compared to using a 
single decoder. This is achieved by mixing the pseudo labels 
generated by the decoders, with shared consistency, to ensure 
reliable training [32]. Given a scenario with annotated labels 
ࣞ௅ ൌ ሼݔ௜, ௜ሽ௜ୀଵݕ

௞  and pseudo labels ࣞ௣ ൌ ሼݔ௜, ௜ሽ௜ୀ௞ାଵݕ
௟ , the 

overall training objective is to model the process based on 
both sets of labels, as derived in Eq. 5. Here, ݕ௜,…,௞ represents 
the ground-truth and ݕ௞ାଵ,…,௟ represents self-generated pseudo 
labels. In this setup, ݈ and ݇ are the number of labeled and 
unlabeled pixels, respectively. The objective function includes 
two parts:  supervised loss which uses the ground-truth labels 
 ௜,…,௞ for minimizing the binary cross-entropy loss (ࣦ௦௨௣), andݕ
pseudo-label loss (ࣦ௣௦௘) which trains the model using the soft 
pseudo labels generated from both Softmax learning and a 
mean consistency loss. The latter is designed to normalize the 
variations introduced by the different perturbations applied in 
the auxiliary decoders.  

fሺݔሻ ൌ 	min
ఏ
൭෍ࣦ௦௨௣ሺࣣሺߠ|ݔሻ, ௜ሻݕ 	

௞

௜ୀଵ

൅	෍ࣦ௣௦௘ሺࣣሺݔ; ,ߠ	 ,	௜ሻݕ

௟

௜ୀଵ

ࣣሺݔ; ,ᇱߠ ௜ᇱሻ൯൱ݕ ሺ5ሻ 

The consistency control parameter (ߛ) is used to regulate 
the pseudo labels. Restricting pseudo labels and using multiple 
decoders (3 or more) offers strong supervision signals and 
reduces mislabeling during training. In this setting, pairwise 
pseudo label supervision is used. For a given pair of decoders 



with pseudo labels (ܲܮௗଵ, ܲܮௗଶ), the annotation signals from 
 ௗଶ, as expressedܮܲ ௗଵ is used to supervise the signals fromܮܲ
in Eq. 6. The function ॊሺ∙ሻ is a distance measure between the 
class label distributions in the two decoders. This offers shared 
consistency such that the different sub-models can co-learn, 
ensuring minimal variation amongst the decoders’ outputs, 
thus improving the model’s consistency. The final mixed loss 
function includes weighted combination of the segmentation 
loss added to the aggregated regularized loss to ensure the 
model’s consistency, as derived in Eq. 7. This combined loss 
function is used for training the weakly-supervised model. 

࣭ሺܲܮௗଵ, ௗଶሻܮܲ ൌ 	
1
ܭ
∙
1

|ࣞ௎|
෍ ൭෍ॊ൫݃ሺߠሻ, ݃ሺߠᇱሻ൯

௄

ௗୀଵ

൱	
௫೔∈ࣞೆ

ሺ6ሻ		

ࣦ௔௟௟ ൌ
1
ܭ
൭ࣦ௣஼ாሺݕௗୀଵ, ሻݏ ൅ ෍ ࣦ௣஼ாሺݕௗᇲ, ሻݏ

௄

ௗᇲ∀ௗவଵ

൱	

൅ߛ ൈ ൭ ෍ ࣭ሺܲܮௗଵ, ௗଶሻܮܲ
௄

∀ሼௗଵ,ௗଶሽ௜௡	௄

൱																													ሺ7ሻ	

III. IMPLEMENTATION AND EXPERIMENT RESULTS  

The proposed method was validated using U-Net [34]. The 
model's performance was evaluated based on mIoU (mean 
intersection-over-union) values obtained for various datasets. 

A. Implementation Details  

The segmentation model is implemented on a modified 
U-Net backbone [34]. The base model was extended to have 
three decoders with the first one serving as the main decoder. 
The other two are auxiliary decoders used for generating 
pseudo labels from the weakly-annotated data. The auxiliary 
decoders are replicas of the main decoder with addition of 
convolution and dropout layers. Thus, different feature maps 
are obtained from the three decoders, which help to prevent 
model overfitting.	The model was implemented in Tensorflow 
Keras® and validated with the data mentioned above. For 
training optimization, the image intensity was normalized, and 
data augmentation steps: zooming (0.2), translation (0.2), 
shearing (45∘), rotation (45∘), and flipping (0.5) were done.  

The proposed weakly-supervised multi-lateral method was 
implemented with one encoder and three decoder branches. 
The model was trained and deployed for segmentation of tool 
pixels in the three angiogram datasets. Each dataset was 
randomly partitioned into 80% for model training and 20% for 
model testing. The training and testing images were resized to 
256 × 256 pixels for network input. Adam optimizer with an 
initial learning rate of 10ିସ  was used to minimize Eq. 3, 
where ߛ was set as 0.5. The learning rate dynamically adjusted 
using drop and decay factors of 1 and 0.95, respectively, to 
improve the training convergence. Network weights were 
initialized with Xavier normal distribution and a mini-batch 
size of 4 was used as it gave the best validation. The model 
was trained on Nvidia A6000 RTX GPU for 200 epochs and 
the model with the best performing weights was saved for 
evaluation studies and application in robotic catheterization. 

B. Experimental Results 

Experiments were conducted to evaluate the proposed 
weakly-supervised method using three angiogram datasets. 

i. Datasets and Preprocessing 
Dataset 1: A private dataset consisting of angiograms 

obtained during a robotic catheterization study in rabbits. 
Ethics approval (SIAT-IRB-190215-H0291) was obtained, 
and the procedures were performed using the robotic catheter 
system (RCS) [33]. The angiograms, recorded intraoperatively, 
involved cannulating the rabbits’ auricle-to-coronary vascular 
paths. A total of 2,700 angiograms (each 1440 × 1560 pixels 
with a resolution of 1.8 × 1.8 mm²) were preprocessed and 
used for offline model training. The data partially annotated in 
LabelMe [29] was used for end-to-end training and validation. 

Dataset 2: This private dataset was obtained in robotic 
catheterization performed via the femoral-to-coronary artery 
of a pig (weight: 35.1 Kg). Institutional ethical approval 
(AAS-191204P) was obtained, and the procedure was carried 
out with our RCS platform. A total of 469 angiograms were 
recorded. The image frames have 768 × 768 pixels and were 
partially labeled with LabelMe for the model training purpose. 

Dataset 3: A publicly available dataset of fluoroscopic 
images obtained from catheterization trials in a silicon aorta 
phantom. It consists of 2,000 angiograms extracted from four 
fluoroscopy videos [28] and has been validated for catheter 
segmentation in previous studies. The dataset is publicly 
available on https://weiss-develop.cs.ucl.ac.uk/fluoroscopy/, 
and has been validated for catheter segmentation in prior 
studies. Each image frame was resized to 256 × 256 pixels, 
and catheter pixels were manually annotated as full-scale 
binary masks, where background pixels have a value of "0" 
and catheter pixels are denoted by “1”. 

For this study, the annotations in all three datasets were 
adjusted by re-annotating 50% of the tool pixels (guidewire or 
catheter) to "0" (background pixels). These partially-annotated 
datasets were then used for end-to-end training and validation. 

ii. Model Results 
The segmentation results from the proposed model are 

presented in Fig. 2. Based on the confusion matrices on the left, 
the model achieved mIoU values of 70.81%, 67.06%, and 
84.19% for the test sets in the rabbit, pig, and phantom data, 
respectively. These indicate the model’s ability to effectively 
distinguish between tool and background pixels in the 
angiograms. Additional binary metrics such as the precision, 
recall, sensitivity and specificity of the model are shown in the 
confusion matrix. For example, the model misclassified 
0.07%, 0.25%, and 0.17% of background pixels as tool pixels 
in the rabbit, pig and phantom datasets, respectively. Receiver 
operating characteristic curves were also explored to analyze 
the model’s aggregated performances for both pixel classes. 
As shown on the right side of Fig. 2, the model achieved an 
average precision-recall with area under the curve of 74.54% 
77.37%, 86.37% for test sets in the rabbit, pig, and phantom 
data, respectively. Thus, the model effectively separated the 
pixels to their classes of memberships with high probability. 

IV. EVALUATION AND ABLATION STUDIES 

A. Evaluation Studies and Analysis 

The segmentation performances of the proposed weakly- 
and fully-supervised models were compared. For the latter, the 
model was trained with the fully-annotated angiogram dataset. 
The segmentation outputs obtained by the models for the three 
datasets are as shown in Fig. 3 with no post-processing applied. 
These results include test image frames taken as model’s input 



from each dataset, fully annotated data, and partially annotated 
data used as ground-truth, as shown in Fig. 3a-c, respectively. 
The white and black colored pixels in Figs. 3b and 3c are the 
actual tool and background pixels, respectively. The outputs 
from the proposed weakly-supervised model are displayed in 
Fig. 3d with the white and black representing the model's 
classification as tool and background pixels, respectively. The 
proposed multi-lateral method achieved mIoU of 70.81%, 
67.06%, and 84.19% for the rabbit, pig, and phantom datasets, 
respectively, when implemented with three decoder branches. 
The fully-supervised model achieved higher mIoU values of 
78.78%, 74.05%, and 90.42% for the same dataset (Fig. 4e). 
Thus, building the U-Net model with the proposed weakly- 
supervised method achieved a closer performance with mean 
margin of 9.24േ1.5% with respect to using full supervision. 

 
Fig. 2: Segmentation results for test sets in three angiogram datasets. 

(a) Rabbit data, (b) Pig data, and (c) Phantom data. 

We also compared the proposed weakly-supervised multi- 
lateral decoder branching method with three existing  weakly- 
supervised methods namely: entropy minimization, total 
variation, and Mumford-Shah loss regularization [12]. The 
implementation of these methods follows the details in Sect. 
3.1, and no post-segmentation procedures were applied. The 
segmentation results obtained with the three existing methods 
are shown in Figs. 4f-g. Using the fully-supervised method as 
baseline, the percentage differences (meanേSD) observed 
were 16.40േ4.99%, 27.64േ8.18%, and 16.99േ4.60% for the 
entropy minimization, total variation, and Mumford-Shah loss 
regularization approaches, respectively. The proposed method 
offers the closest performance to the fully supervised method.  

B. Ablation Studies 

i. Effect of multi-lateral branching 
We investigated the effects of using multiple decoders in 

the backbone. The U-Net architecture was redesigned with 
one decoder and two decoders, and each version was trained 
separately on the Dataset 1. The results obtained from both 
versions were compared to the three decoder configuration. 
The U-Net model with three decoders has an average of mIOU 
69.22േ0.74% (Fig. 4), which was the best performance. Using 
one decoder, which eliminates pseudo labeling, resulted in the 
lowest mIoU of 67.3േ0.66%. This demonstrates that the 
single-decoder setup is less effective under weak supervision. 
The two-decoder setup achieved an average mIoU of 68.41% 
± 0.26%, similar to models using a single auxiliary decoder for 
pseudo labeling [12]. Therefore, mixing pseudo labels from 
multiple decoders enhances segmentation performance.  

ii. Effect of consistency thresholds 
We further analyzed the effect of the consistency threshold 

by using different ߣ values for the shared consistency loss in 
both the two- and three- decoder setups. To ensure training 
stability and transparency, value of ߣௗୀଵ i.e. the main decoder 
was fixed, while random values were used for ߣௗவଵ . The 
model was re-trained multiple times on Dataset 1, with ߣ 
chosen between 0 and 1 and ∑ߣௗஹଵ ൌ 1  in each run. As 
shown in Fig. 4, the model's performance is sensitive to the ߣ 
values, though only slight variations were observed. The 
optimal values of ߣ  for the weakly-supervised model were 0.9, 
0.3, and 0.5 for the one- decoder, two- decoder, and 
three-decoder setups, respectively. 

 
Fig. 3: Evaluation results for selected frames in the three test sets [19, 28, 29]. a) original angiograms, b) fully annotated frames, and c) 

partial-annotated images. Outputs of d) proposed method, e) fully-supervised method, and f-h) existing weakly-supervised methods.



 
Fig. 4: Effects of different decoder numbers and consistency values 

iii. Effects of loss functions on pseudo-label generation 
Pseudo-label generation relies on the features learnt from 

the weak annotations. Hence, we modified ࣦ஼ா into a hybrid 
function and analyzed its contribution to the model. The new 
function is designed to down-weight the pixels easy to classify 
and focus on the hard ones. The new function, in Eq. (7), uses 
two factors α and β to regulate the learning process around the 
hard and soft pixels, where X and Y are true and predicted 
values, respectively. Additionally, we also removed the shared 
consistency to evaluate the effects of mixing loss function on 
pseudo labeling. As in Table I, the results obtained showed 
that the modified loss function and shared consistency offered 
0.38% and 3.68% of the model’s performance, respectively. 
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iv. Effect of backbone architecture 
We show that the proposed weakly-supervised method can 

also work with other SOTA deep learning models. The 
multi-lateral model was implemented into four network 
architectures that are used for pixel-level object segmentation 
in medical image analysis. Each network was implemented 
with different percentages of annotated signals in Dataset-1. 
The results obtained from each model are shown in Table II. 
The methods achieved an average mIoU of 58.95േ5.55%, 
66.64േ5.0% and 72.42േ4.27% for the 25%, 50%, and 75% 
partial annotation, respectively. While the five models achived 
the closest performance to their full-supervised versions when 
trained with 75% partial annotation, it can be seen that the 
proposed weakly-supervised method has stable performances 
across all the networks always.  

V. APPLICATION IN ROBOT-ASSISTED CATHETERIZATION  

The proposed weakly-supervised model is also used for 
tool segmentation during robotic catheterization. The setup 
includes a leader-follower RCS reported in our previous study 
[33]. As shown in Fig. 5a, the RCS was used to cannulate a 
silicon aorta phantom (Elastrat, Geneva, Switzerland) with a 
0.014” guidewire and 6fr catheter. Camera was used in place of 
angiography suite, and image frames (768 × 768 pixels) were 
extracted from video streams. The frames were preprocessed 
online, following the preprocessing steps in Section 3, and 
sent as input to a pre-built segmentation model that is based on 
the proposed weakly-supervised method. The model offered 
pixel-wise segmentation while cannulating the aorta phantom 
robotically with the guidewire and catheter. The proposed 
method has high segmentation outputs for both tools (Fig. 5c). 

Table I. Performances in different pseudo-label generation modes 

Pseudo labeling mode 
Performance (mIoU, %)

Dataset 1 Dataset 2 Dataset 3

ࣦ௦௨௣ሺࣣሺߠ|ݔሻ, ௜ሻ = ࣦ௦௨௣௑௒ݕ  71.08 67.42 85.94 
ࣦ஺௟௟ െ ࣭ሺܲܮௗଵ,  ௗଶሻ 68.56 63.85 81.63ܮܲ

 

Table II. Using SOTA models at different data annotation sizes 

Models Used 
Performance in rabbit data (%) 
25% 50% 75% Full 

This Study 62.26 70.81 73.79 78.78
Omisore et al [29] 64.17 71.38 76.85 84.89
Badrinarayanan [35] 49.78 58.95 66.41 75.27
Zhou et al [6] 59.89 66.49 75.29 83.48
Chen et al [36] 58.63 65.57 69.76 76.24 

 

Table III. Performances during robotic catheterization (Mean ± SD) 

Tool mIoU (%) Seg. Time (ms) Connectivity (%) 
Guidewire 69.32േ0.59 35.26േ11.29 87.39േ3.52 
Catheter 76.84േ1.87 33.85േ13.64 93.52േ1.89 

 

 
Fig. 5: Model deployment for tool visualization during robotic 

catheterization: a) Robot setup; b) Input image; c) Model output. 

As shown in Table III, tool pixel tracking was observed 
online with high segmentation performances (mIoU) of 
69.32േ0.59 and 76.84േ1.87 % for guidewire and catheter. 
We analyzed the pixels’ connectivity index of tools across all 
frames [19]. As in Table III, a high mean index was observed 
with processing times ~35 ms per frame. This shows the 
percentage of continuous connected tool pixels intersecting 
with ground-truth pixels in the labels with 100% annotation.  

VI. CONCLUSION AND FUTURE WORKS  

A weakly-supervised method with multi-lateral decoder 
branching is proposed for tool segmentation in catheterization 
data. The method is implemented in U-Net backbone and 
trained end-to-end with shared consistency loss for pixel-level 
pseudo labeling and segmentation. Supervision signals from 
three decoders are dynamically mixed for pseudo generation 
while the shared consistency function is used to enhance the 
model’s performance. Experiments on three partial annotation 
catheterization data show the proposed method performs 
better than existing weakly-supervised methods, and closest to 
fully-supervised model. With end-point detection and pixel 
adjacent analytics [37], full connectivity can be obtained for 
whole tool segmentation during robot-assisted catheterization. 
This could aid automation of tasks like visual analytics and 
autonomous catheterization. Thus, the method be extended for 
real-time surgical scene analytics in robotic catheterization. 
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