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Project Overview:

• Our task:
Mastoidectomy Surgical Video Segmentation using DL method.
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Importance:

• Importance of an automatic real-time Surgical 
Phase Detection:

• Operating room monitoring and scheduling.

• Surgical Video database indexing and 
analysis.

• Foundation of a context-aware system and 
other downstream applications.
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Updated Deliverables:
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Deliverables: Old Updated Status

Minimum 1. Dataset generation.
2. Benchmark three 
existing methods that are designed 
for a similar task (Cholecystectomy).

1. Same
2. Same
3. A well-documented benchmarking 
code base that can be easily reused 
to test out any model for our dataset.

Completed

Expected 1. Experiment results analysis of the 
weakness of benchmarked models.
2. Redesign a new model that 
achieved 90% accuracy in the test 
set.

1. Same
2. Redesign a new model 
that achieved 85% accuracy, 80% 
recall, and precision.

In progress

Maximum Conference paper Same During the 
summer
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# Annotated videos:
• Current: 12
• Expected: 15

Dependencies:



Current Progress: Preprocessed Mastoid Dataset
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• Overview:

• 12 Mastoidectomy Surgical Vidoes with Surgical Phase Annotations
• ~25-60min per video with 30 fps
• ~1,000,000 frames in total
• 3 labels: Expose, Open Antrum, Facial Recess

• Preprocessing:

• Removed corrupted video frames
• Downsampled to 225 X 400



SVRC
(ResNet + LSTM)​

TeCNO
(ResNet+MSTCN)​

Trans-SV 
(ResNet+MSTCN+Transformer)

Avg. Accuracy​ 0.993​ 0.979 0.832

Avg. Precision 0.990 0.972 0.792

Avg. Recall 0.993 0.980 0.812
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Current Progress: Existing Methods Benchmarking -- Overall Results

Training (11 videos):

SVRC
(ResNet + LSTM)​

TeCNO
(ResNet+MSTCN)​

Trans-SV 
(ResNet+MSTCN+Transformer)

Avg. Accuracy​ 0.88 0.87 0.77

Avg. Precision 0.76 0.65 0.591

Avg. Recall 0.76 0.69 0.612

Validation(2 videos):
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Current Progress: Existing Methods Benchmarking -- Validation Video 5



Current Progress: Existing Methods Benchmarking -- Validation Video 5
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Expose Open Antrum Facial Recess

Accuracy 0.90 0.90 0.96

Precision 0.96 0.61 0.91

Recall 0.82 0.65 1.0

SVRC(ResNet + LSTM) Video 5 results

Expose Open Antrum Facial Recess

Accuracy 0.83 0.89 0.93

Precision 0.94 0.41 0.86

Recall 0.72 0.65 1.0

TeCNO Video 5 results

Expose Open Antrum Facial Recess

Accuracy 0.76 0.86 0.87

Precision 0.94 0.05 0.76

Recall 0.63 0.29 0.95

Trans-SVNet Video 5 results
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Current Progress: Existing Methods Benchmarking -- Validation Video 8



Current Progress: Existing Methods Benchmarking -- Validation Video 8
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Expose Open Antrum Facial Recess

Accuracy 0.83 0.86 0.95

Precision 0.77 0.43 0.93

Recall 0.65 0.47 0.99

SVRC(ResNet + LSTM) Video 8 results

Expose Open Antrum Facial Recess

Accuracy 0.80 0.87 0.91

Precision 0.70 0.018 1.0

Recall 0.61 0.27 0.88

TeCNO Video 8 results

Expose Open Antrum Facial Recess

Accuracy 0.80 0.84 0.94

Precision 0.71 0.11 0.97

Recall 0.59 0.28 0.93

Trans-SVNet Video 8 results
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Current Progress: Existing Methods Benchmarking -- Analysis

• Low precision and Recall on "Open Antrum" label for all methods.

• Transformer based method not converging well.

• The validation predictions are unsmooth for all methods. -> Work 
on transition phase.

• The most straightforward model (SVRC) turns out to be more 
generalized, and has the best validation result in our database.

• End-to-end models are easier to be transferred to our task, as less 
"fine-tuning" is needed.



Current Progress: DL Framework for Mastoid Dataset
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• Overview:

A Python project based on PyTorch Lightning, implementing basic data management and 
training process for DL methods on Mastoid dataset

• Motivations:

• Provide an easy way to implement new and benchmark existing DL methods on 
Mastoid dataset

• Can be easily deployed/tested by others

• Features:

• Easy environment setup with docker
• Easy hyperparameters setup with config file
• Dataset/Datamodule base class managing data split, downsampling, sequence split
• Trainer base class managing training/testing/predicting logics
• Detailed documentations
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PyTorch Dataset:
• Sequence split
• Get a data point

Lightning Data Module:
• Data split
• FPS downsampling
• Get Dataloaders

Model :
• Network 

architecture

Lightning Module:
• Train/Val/Test/Pred step
• Loss function
• Optimizer

Trainer:
• Parser hyper-params
• Load Dataset/Data Module
• Load Module/Model
• Training / Prediction loop

Reusable code for all methods:
• Dataset(base class)
• Data Module
• Trainer (base class

Code needed for new methods:
• Dataset-specific __getitem(index)__
• Model architecture and forward step
• Optional: prediction logics

Current Progress: DL Framework for Mastoid Dataset

Framework Structure:



Current Progress: DL Framework for Mastoid Dataset
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• Documentation Sample:
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Challenges & Future Work:

1. Limited Dataset.

2. Many transitions within a short period.

3. Effective spatial embedding

4. Impairing benchmarking network over mastoidectomy surgery  
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Challenges & Future Work:

Limited Dataset
1. Currently, we have 14 videos captured from different cameras and surgeons. (Different ROI)
2. Different lighting conditions and anatomical appearance​.

Proposed Solution:
1. Cross-Validation Training. (Has been implemented manually)
2. Enrichment of our dataset. (Has been resolved by requesting more videos from our mentor)
3. Group data augmentation: Zoom level transform of sequential frame

• Preserving important clue based on our assumptions

Zoom level transform

Time Time
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Challenges & Future Work:

Many transitions within a short period
1. Network performance could be undermined by trying to "learn" the transitions.[1]
2. The transition boundaries are fuzzy.

Proposed Solution:
1. Masking the transition boundaries during training:

• Compensate the fuzzy effect.
• Drive the network to focus on accurate time stamp.

Ground Truth

[1]Wang, Zixun, et al. "Less is More: Surgical Phase Recognition from Timestamp Supervision." arXiv preprint arXiv:2202.08199 (2022).

Masking

Training sample
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Challenges & Future Work:

Effective spatial embedding
1. The second stage temporal network performance relies on embedding from the spatial feature 

extractor.
2. Hard to evaluate the effectiveness of the embedding.(The spatial embedding is uninterpretable)

Proposed Solution:
1. End-to-End training

ResNet

Spatial Embedding

Video 3
Video 2

Video 1

Temporal 
Network

Phase Segmentation 
Result

ResNet

Video 3
Video 2

Video 1

Temporal 
Network

Phase Segmentation 
Result

Two-stage Architecture: 

End-to-End: 



19

Challenges & Future Work:

Impairing benchmarking network over mastoidectomy surgery
1. The Cholec methods has loss function on tool presence.

• Assumptions of benchmarking methods over Cholec are related to tool presences.
• For mastoidectomy surgery → Zoom level change and Tool movement

2. Spatial embedding are the latent features (uninterpretable)

Future work:
1. Specific loss function design based on the proposed assumptions.
2. Interpretable network design (e.g. Optical Flow[1][2])

[1] Wang, Chenhao, et al. "Rgb stream is enough for temporal action detection." arXiv preprint arXiv:2107.04362 (2021).
[2] Lin, Chuming, et al. "Learning salient boundary feature for anchor-free temporal action localization." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2021.



Milestone Status:
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Deliverables:​ Updated​ Version Status​

Minimum​ 1. Same​
2. Same​
3. A well-
documented benchmarking code 
base that can be easily reused to test 
out any model for our dataset.​

Completed​

Expected 1. Same​
2. Redesign a new 
model that achieved 85% accuracy, 
80% recall, and precision.​

In progress​

Maximum​ Same​ During 
the summer
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Thank you!

Q & A
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