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Background: The capsulorhexis is one of the most important and challenging maneuvers in cataract surgery. Automated analysis of
the anterior capsulotomy could aid surgical training through the provision of objective feedback and guidance to trainees.

Purpose: To develop and evaluate a deep learning-based system for the automated identification and semantic segmentation of the
anterior capsulotomy in cataract surgery video.

Methods: In this study, we established a BigCat-Capsulotomy dataset comprising 1556 video frames extracted from 190 recorded cataract
surgery videos for developing and validating the capsulotomy recognition system. The proposed system involves three primary stages: video
preprocessing, capsulotomy video frame classification, and capsulotomy segmentation. To thoroughly evaluate its efficacy, we examined the
performance of a total of eight deep learning-based classification models and eleven segmentation models, assessing both accuracy and time
consumption. Furthermore, we delved into the factors influencing system performance by deploying it across various surgical phases.
Results: The ResNet-152 model employed in the classification step of the proposed capsulotomy recognition system attained strong
performance with an overall Dice coefficient of 92.21%. Similarly, the UNet model with the DenseNet-169 backbone emerged as the most
effective segmentation model among those investigated, achieving an overall Dice coefficient of 92.12%. Moreover, the time consumption
of the system was low at 103.37 milliseconds per frame, facilitating its application in real-time scenarios. Phase-wise analysis indicated that
the Phacoemulsification phase (nuclear disassembly) was the most challenging to segment (Dice coefficient of 86.02%).

Conclusion: The experimental results showed that the proposed system is highly effective in intraoperative capsulotomy recognition
during cataract surgery and demonstrates both high accuracy and real-time capabilities. This system holds significant potential for
applications in surgical performance analysis, education, and intraoperative guidance systems.
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Introduction

The continuous curvilinear capsulorhexis (CCC) is an essential step in cataract surgery." The skillful performance of the CCC
allows for stability” of the capsular bag during nucleus disassembly and cortical removal. The continuity and appropriate sizing
of the anterior capsulotomy are essential to achieving the appropriate positioning of the intraocular lens implant at the end of
cataract surgery.” A capsulotomy that is too small can result in anterior capsular phimosis* ® and visual field constriction,” while
a capsulotomy that is too large can lead to instability and tilting™ of the intraocular lens (IOL) implant. The achievement of
a smooth, continuous, round, appropriately sized anterior capsulotomy can be challenging for surgeons in training and providing
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objective longitudinal feedback on CCC quality based on their actual surgical cases (rather than simply wet lab sessions or
simulator-based training) may be valuable to the trainee surgeon. '

The traditional approach to providing feedback on surgical performance involves direct observation by expert surgeons.
Providing feedback during surgery can distract focus from the patient, however, and can be disturbing to an awake patient. It
also may not be possible for a trainee to be observed by the same surgical mentor for the entirety of their training, making
longitudinal analysis difficult. An alternative to this approach is to provide automated objective feedback using computational
analysis of surgical video.""'> This could improve objectivity by separating the mentor-mentee relationship from the analysis
of performance, while allowing for longitudinal tracking of performance characteristics."> Since the quality of the CCC
depends at least in part on the morphological characteristics of the anterior capsulotomy, an important step in developing an
automated tool for analysis of capsulotomy performance (and cataract surgery performance) is the detection of the capsu-
lotomy and segmentation of the completed anterior capsulotomy in surgical video. Therefore, we sought to create a system for
identification and semantic segmentation of the completed anterior capsulotomy to aid in the analysis of its morphological
characteristics as one portion of an overall framework for objective analysis of cataract surgery performance.

Leveraging these technical advances in semantic segmentation as well as the carefully curated BigCat database, we developed
and analyzed deep learning models for the semantic segmentation of the anterior capsulotomy in surgical video frames.
A capsulotomy segmentation model could aid in providing feedback for trainee surgeons and help improve surgeon control
over the shape and size of the anterior capsulotomy. Furthermore, the detection and segmentation of a visible capsulotomy serves
as a gateway to the morphologic analysis of the capsulotomy, encompassing critical parameters like its size, centration, circularity,
and smoothness. A more nuanced understanding of these metrics may empower surgeons to achieve enhanced precision in their
technique.

Methods

In this section, we present the proposed capsulotomy recognition system in detail. To develop and validate the system
performance, we introduce two capsulotomy datasets dedicated to the separate components of the system. Furthermore,
the system consisting of three primary components: video recording and preprocessing, capsulotomy video frame
classification, and capsulotomy segmentation, as depicted in Figure 1, is also presented.

Data Collection

The dataset utilized for this study was derived from the BigCat database, which we have described previously.'*! In
particular, the BigCat database consists of 190 surgical videos recordings from Kellogg Eye Center at the University of
Michigan between 2020 and 2021. The study was approved (HUMO00160950) by the Michigan Medicine IRB (IRBMED) in
May of 2019 and was carried out in accordance with the tenets of the Declaration of Helsinki. Informed consent was not
required for this study due to its use of anonymized data and its retrospective nature. Surgical imaging was performed using
Zeiss high definition 1-chip imaging sensors integrated into ceiling-mounted Zeiss Lumera 700 operating microscopes (Carl
Zeiss Meditec AG; Jena, Germany). Karl Storz AIDA recording devices were utilized to obtain high resolution (1920 x 1080)
surgical video recordings (Karl Storz SE & Co. KG; Tuttlingen, Germany). Femtosecond laser cataract surgeries and complex
cataract surgeries (those qualifying for Current Procedural Terminology code 66,982) were excluded from the dataset. The
BigCat database contains over 4 million frames of surgical video in total.

In order to develop and validate the anterior capsulotomy recognition system in cataract surgery depicted in Figure 2,
two image datasets were established based on the BigCat database: 1) the anterior capsulotomy classification dataset
and 2) the anterior capsulotomy segmentation dataset. The anterior capsulotomy classification dataset, as shown in
Figure 2, was created for training and validating the capsulotomy classification model. It consists of 1556 images
belonging to two classes: Capsulotomy (V) and Non-Capsulotomy (NV), covering 13 surgical phases from 190 cataract
surgeries. In this context, visibility refers to whether a capsulotomy was visible by human annotators or not. Nine
hundred fifty images from the NV class were derived from five early surgical phases: Paracentesis, Medication Injection,
Viscoelastic Insertion, Main Wound, and Capsulorrhexis Initiation. These phases occur prior to completion of the
capsulotomy. The remaining 606 images in the V class were collected from eight later surgical phases, in which the
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Figure | The propopsed two-stage capsulotomy recognition system (detection and segmentation) in cataract surgery.

anterior capsulotomy is visible for observation: Capsulorrhexis Formation, Hydrodissection, Phacoemulsification,
Cortical Removal, Lens Insertion, Viscoelastic Removal, Wound Closure, and No Activity.

The semantic segmentation model was trained and validated using the capsulotomy segmentation dataset, which contains
only the Capsulotomy-class images. Consequently, the anterior capsulotomy region in 594 capsulotomy-class images was
manually labeled by two trained annotators using the Image Labeler applications in MATLAB (The MathWorks, Natick, MA,
USA with a Wacom One drawing tablet (Wacom Co., Ltd.; Kazo, Saitama, Japan), as shown in Figure 3. The videos within
each of the datasets were randomly divided into training, validation, and testing subsets consisting of 60% (114 videos), 20%
(38 videos), and 20% (38 videos) of the datasets, respectively. In order to reduce model size as well as training and inference
time, video frames were resized to 480x270 pixels.

Capsulotomy Detection and Segmentation Models

Automated capsulotomy recognition is a challenging task due to its subtle and intricate nature. The capsulotomy is
a delicate, approximately circular opening within the crystalline lens capsule. The fine edge and translucency of the
capsule, along with the presence of various anatomical structures and surgical instruments in the video frames make it
a complex feature to detect accurately. Furthermore, the recognition of the capsulotomy in cataract surgery poses
a challenge due to its appearance being limited to a few surgical phases. As such, using a segmentation model alone
is inadequate to accurately identify the presence of a visible capsulotomy.

To address this complexity and ensure a high level of precision in capsulotomy recognition, we propose a two-step
approach to detecting and segmenting the capsulotomy region: capsulotomy visibility classification and capsulotomy
segmentation. First, we employ a deep learning-based classification model to identify whether a given frame contains
a complete and visible capsulotomy. If present, the capsulotomy region is subsequently segmented using a deep learning-
based semantic segmentation model. By separating the process in this manner, our approach aims to enhance the

accuracy and reliability of capsulotomy recognition in cataract surgery.
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Figure 2 Samples in the anterior capsulotomy classification dataset. (a) The non-Capsulotomy images and (b) the Capsulotomy images.

In our investigation of optimal models for capsulotomy detection and segmentation tasks, we implemented an
evaluation process to consider a range of deep learning classification and segmentation architectures with diverse
backbone networks to conduct a comprehensive performance comparison. In particular, we conducted experiments
employing state-of-The-art deep learning-based classification models from typical families including VGG, ResNet,
and DenseNet.'®'® Subsequently, we investigated the performance of five distinct deep learning architectures, namely
FPN, LinkNet, UNet, HRNet, and DeepLabV3+, for the segmentation task.!2 The chosen deep learning models have
been demonstrated previously to be effective to achieve a high performance in eye anatomy segmentation task.** Each
investigated segmentation architecture was combined with multiple backbone networks (VGG16, ResNet50, and
DenseNet-169). Our objective was to discern the model configuration that exhibited the highest level of performance
and ensured the precision and robustness of our capsulotomy recognition system.

In our experiments, we alternatively trained all classification and segmentation models on the training sets of the
anterior capsulotomy classification and segmentation datasets, respectively, for a maximum of 100 epochs. The batch size
was constantly set at 32 for training models. All images were downsampled 224x224 pixels for the input to the CNN
models. An initial learning rate of 10~* was set for the Adam optimizer for all models. In this study, the learning rate was
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Figure 3 Samples in the anterior capsulotomy classification dataset. (a) The Capsulotomy images and (b) its corresponding capsulotomy masks.

then decreased by 0.1 when the validation loss stopped improving. The trained weights with the lowest validation loss
during the training process were stored for validation. In order to reduce training time, all classification models and
backbones of the segmentation models were pretrained on the ImageNet dataset.> Image shifting, rotating, flipping,
zooming, and shearing transformations were applied for data augmentation in order to improve the generalizability of the
models.

In this study, the performance of the classification and segmentation models was evaluated with precision, recall, and
F1-Score (Dice coefficient) as the primary metrics, which are given below:

Precision = — > (1)
recision = TP—|—FP7
P
Recall = ——— 2
TP + FN
2 x TP
Dice = . 3
T X TP+ FP+FN )
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where TP, FP, TN, and FN denote the true positive, false positive, true negative, and false negative rates, respectively. In
addition, the performance of the segmentation models was also evaluated by using the Intersection Over Union (loU),
determined as follows:

P

IoU =———F7———.
TP + FP+ FN

“4)

Results

In this section, the performance of each component of the proposed capsulotomy detection and segmentation system is
presented in detail. The experiments in this study were implemented on a workstation with a 24-Core Intel CPU, 128GB
RAM, and four NVIDIA RTX 2080 Ti GPUs.

Capsulotomy Video Frame Classification Performance
The performance of eight deep learning-based classification models: VGG-16, VGG-19, DenseNet-121, DenseNet-169,
DenseNet-201, ResNet-50, ResNet-101, and ResNet-152, was comprehensively assessed on the validation subset of the
anterior capsulotomy classification dataset and detailed in Table 1. As seen, the evaluation of performance showed
significant differences in the classification abilities of the examined models. Notably, the VGG architecture models,
VGG-16 and VGG-19, demonstrated the lowest classification performance and achieved F1-scores of only 46.34%. In
contrast, the DenseNet models exhibited considerably higher classification performance and achieved Fl-scores of
91.94%, 88.43%, and 91.64% for the DenseNet-121, DenseNet-169, and DenseNet-201, respectively. While the
ResNet-50 and ResNet-101 models demonstrated lower classification performance compared to all DenseNet models,
achieving Fl-scores of 87.11% and 88.43%, respectively, the ResNetl152, the largest model within the ResNet family
outperformed all other models. It attained an Fl-score of 92.21% with a recall of 92.15% and precision of 92.28%.
We further assessed the selected classification models by conducting comparison experiments to evaluate the
computational speed. As shown in Table 2, the inference time (milliseconds per frame) of ResNet-152 was faster than
that of all the DenseNet models in our experiment. The inference time of ResNet-152 was slightly higher than that of
VGG models, but this was outweighed by the substantial difference in classification performance. The ResNet-152 model
was selected as the final architecture for the anterior capsulotomy classification stage in the proposed system due to its

combination of top-level classification accuracy and computational speed suitable for real-world applications.

Table | The Anterior Capsulotomy Classification Performance
of Deep Learning Models on the Validation Set of the Classification

Dataset

Network Precision (%) | Recall (%) | Dice (%)
Architecture

VGG-16 37.32 61.09 46.34
VGG-19 37.32 61.09 46.34
DenseNet-121 91.71 91.96 91.94
DenseNet-169 88.69 88.20 88.43
DenseNet-201 91.21 91.21 91.64
ResNet-50 87.23 87.00 87.11
ResNet-101 88.23 88.10 88.14
ResNet-152 92.28 92.15 92.21

Note: Bold fonts indicate the better performance across models.
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Table 2 The Computational Speed Evaluation
of the Capsulotomy Classification Models

Network Size (M) | Speed (ms)
Architecture

VGG-16 138 18.54
VGG-19 143 18.54
DenseNet-121 8 24.15
DenseNet-169 14.3 27.80
DenseNet-201 20 30.99
ResNet-50 285 18.88
ResNet-101 44.6 21.84
ResNet-152 60.2 22.11

Capsulotomy Segmentation Performance

In this subsection, we investigate the segmentation performance of state-of-The-art deep learning segmentation models
with various backbone networks. We conducted an in-depth analysis of the chosen model performance across surgical
phases to insight into the factors influencing segmentation task performance.

The performance of all eleven deep learning-based segmentation models studied is presented in Table 3. Notably, the
HRNet model achieved the lowest performance, with a Dice coefficient of 83.58%. In contrast, the other models
demonstrated a substantial improvement in segmentation performance and achieved Dice coefficients higher than
90%. The UNet model with the DenseNet-169 achieved the highest performance with an Fl-score of 92.12%. The
results of the segmentation by the UNet model with the DenseNet-169 backbone are illustrated in Figure 4 below.

To evaluate for differences among the validation Dice coefficients of the eleven models studied, we used the Friedman test,
and found that there was a significant difference (p<le—15). In addition, we performed post-hoc paired Wilcoxon signed-rank
tests with Bonferroni correction to evaluate for statistical differences among the models. The UNet model with DenseNet-169
backbone had statistically superior performance (p<le—4) compared to all other models studied.

An evaluation of computational efficiency of the segmentation models is shown in Table 4. The UNet model with
a DenseNet-169 backbone had an inference time considerably lower than several of the investigated models (81.26

Table 3 The Anterior Capsulotomy Segmentation Performance of Deep Learning
Models on the Validation Set of the Segmentation Dataset

Network Backbone Precision (%) | Recall (%) | loU (%) | Dice (%)
Architecture Network

HRNet - 81.65 87.86 73.83 83.58
DeepLabV3+ - 91.02 93.28 85.73 91.31
FPN VGGl6 90.08 94.54 85.25 91.87
LinkNet 92.21 89.29 82.84 90.46
UNet 91.31 92.80 84.80 9l1.61
FPN ResNet50 91.55 91.24 83.55 90.89
LinkNet 85.03 95.46 81.29 89.33
UNet 89.06 94.68 84.46 91.47
FPN DenseNet- 83.78 96.92 81.39 89.53
LinkNet 169 91.33 92.64 84.75 91.62
UNet 92.42 93.52 87.59 92.12

Note: Bold fonts indicate the better performance across models.
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Figure 4 The anterior capsulotomy segmentation results of the UNet (DenseNet-169) model. (a) The video frames in various surgical phases of cataract surgery (the edge
of capsulotomy is marked by green lines); (b) the manually annotated capsulotomy masks of (a); (c) the masks generated by the UNet (DenseNet-169 model); and (d) the
overlay images of (a and c).

milliseconds per frame), including HRNet and FPN. Notably, the UNet model managed to achieve a high segmentation
accuracy in addition to its computational efficiency. Thus, the UNet model with DenseNet-169 backbone was chosen as
the segmentation model in the proposed system.

The performance of the chosen UNet model with the DenseNet-169 backbone for each surgical phase is depicted in
Figure 5. Notably, the highest performance (94.35%) was seen during the No Activity phase, in which the appearance of

the complete anterior capsulotomy was unobstructed. The performance of the model in Phacoemulsification phase was

Table 4 The Computational Speed Evaluation of
the Capsulotomy Segmentation Models

Network Backbone Size | Speed
Architecture Network ™M) (ms)
HRNet - 28.65 | 149.29
DeeplLabV3+ - 11.85 60.11
FPN VGGI6 17.57 | 408l
LinkNet 20.32 | 41.66
UNet 23.75 40.44
FPN ResNet50 15.71 106.55
LinkNet 28.78 58.15
UNet 32.56 57.24
FPN DenseNet- 15.71 104.95
LinkNet 169 15.62 | 103.47
UNet 19.51 81.26
654 https: Clinical Ophthalmology 2024:18
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Figure 5 Segmentation performance (Dice coefficient) of the selected UNet (DenseNet-169) model in the proposed system.

significantly lower than its performance in other phases with a Dice coefficient of 86.02%. The Dice coefficient of the
model in other phases (capsulorhexis formation, hydrodissection, cortical removal, lens insertion, viscoelastic removal,

and wound closure) was consistently higher than 92%.

Discussion

Accurate automated recognition of the anterior capsulotomy in cataract surgery presents several challenges. First,
a complete anterior capsulotomy can only be identified in later surgical phases. Thus, performing segmentation tasks
directly in the earlier phases, where the anterior capsulotomy does not yet exist, is an unnecessary task. This results in the
unnecessary consumption of computing resources and may yield false positive results. Secondly, the anterior capsulot-
omy presents as an extremely thin contour, which can make it difficult for surgeons to accurately discern depending on
the nature of the cataractous lens. Additionally, due to changes in the appearance of the crystalline lens due to cortical
disruption and nuclear disassembly, capsulotomy recognition can be a highly challenging task.

In this study, we addressed the aforementioned challenges by proposing a novel deep learning-based system for
precise recognition of the anterior capsulotomy during cataract surgery. Our approach involves dividing the recognition
process into two tasks: capsulotomy video frame classification and capsulotomy segmentation. This separation enables
accurate capsulotomy recognition while avoiding unnecessary segmentation tasks and the generation of false positive
results. Specifically, recorded and preprocessed video frames are first classified by a deep learning-based model for the
presence of a complete capsulotomy. The experimental results revealed significant variations in the performance of the
investigated classification models. Despite the VGG-16 and VGG-19 models having large architectures, they achieved
a relatively low performance with a Dice coefficient of 46.34%. This highlights the inherent difficulty in recognizing the
capsulotomy in cataract surgery.

Among the models examined, the ResNet-152 model yielded the highest performance in capsulotomy classification
with a Dice coefficient of 92.21%, which was significantly higher than the performance of the VGG models. The skip
connections within the ResNet architecture play an important role enabling the model to learn residual functions. This
characteristic facilitates easier training and the acquisition of more complex features, particularly in high-variation

environments as in cataract surgery.
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The video frames classified as “Visible” were subsequently employed for capsulotomy segmentation. Similar to the
classification stage, we conducted a series of experiments to assess the performance of deep learning-based segmentation
models using various backbones. The UNet model with the DenseNet-169 backbone demonstrated the highest segmenta-
tion performance and achieved a Dice coefficient of 92.12%.

In our experiments evaluating factors impacting segmentation performances, we observed that the performance of the
UNet model with the DenseNet-169 backbone was affected during the Phacoemulsification phase. The Dice coefficient
achieved in this phase was only 86.02%, which was significantly lower than its performance in other phases and the
overall average (92.12%). The presence of surgical instruments and changes in the appearance of the crystalline lens due
to nuclear disassembly emerged as primary factors contributing to the lower segmentation performance of the model
during this phase of cataract surgery.

In order to enable real-time applications, we conducted experiments to assess the processing time of each component in the
proposed system. The ResNet-152 model employed in the classification task consumed approximately 22.11 milliseconds per
video frame. The segmentation model, UNet with DenseNet-169 backbone, required approximately 81.26 milliseconds to
segment the capsulotomy in each “Visible” frame. In total, the system processed a video frame with complete capsulotomy in
approximately 103.37 milliseconds. These findings indicate that the proposed system is well-suited for real-world applications
to allow for high-speed capsulotomy recognition in cataract surgery, while maintaining high accuracy.

Conclusions

The capsulorhexis is a crucial and intricate step in cataract surgery. The automated high-speed analysis of the anterior
capsulotomy can enable objective real-world feedback for trainee surgeons, as well as intraoperative guidance regarding
capsulotomy position for more advanced surgeons in poor visibility situations. This study introduces an innovative
system designed to automatically recognize and segment the capsulotomy during cataract surgery. The system utilizes the
ResNet-152 model in the classification stage and the UNet model with DenseNet-169 backbone in the segmentation
stage. Experimental results demonstrate impressive classification and segmentation performance, reaching 92.21% and
92.12%, respectively. Furthermore, the computational efficiency of the proposed system proves suitable for real-time
applications including intraoperative analysis and guidance.
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