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Abstract: Surgical trainees often use laparoscopic surgery videos to understand
the appropriate use of instruments and visualise the surgical workflow better,
but these videos may be difficult to interpret without proper annotations. In
recent times, neural networks have emerged as an accurate and effective
solution for instrument detection and classification in surgical video frames,
which can subsequently be used to automate the annotation process. The
proposed implementation uses faster-RCNNs and bidirectional LSTMs with
(and without) time-distributed layers and attempts to solve some of the
problems commonly faced while developing deep learning models for surgical
image and video data: severe class imbalance, inaccuracies during multi-label
classification and a lack of spatiotemporal context from adjacent video frames.
The bidirectional LSTM with time-distributed layers achieved an average
accuracy of 80.20% and an average F1 score of 0.7176 on the M2CAI16 tool
dataset, while also achieving 63.49% average accuracy and an average F1 score
of 0.522 on unseen data. Jaccard distance and Hamming distance have also
been used as object detection-specific metrics; the same model registered
the lowest values for both distances, implying accurate localisation and
identification of surgical instruments.

Keywords: deep learning; surgica instrument detection; surgical instrument
classification; surgical instrument localisation; data augmentation; transfer
learning; faster-RCNN; region-based convolutional neural networks;
bidirectional LSTMs; long short-term memory networks, Jaccard distance;
Hamming distance.
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1 Introduction

Laparoscopic or minimally invasive surgery is performed using tiny cuts or incisions as
compared to traditional ‘open’ surgeries that require long incisions (Velanovich, 2000).
The smaller incisions result in less pain after surgery, shorter hospital stays, faster
recovery, and amost imperceptible scars (Varela et al., 2010; Stiff et a., 1994). These
benefits have made laparoscopic surgery a preferred option for managing several
abdominal and pelvic conditions requiring surgical treatment (Jonsson and Zethraeus,
2000; Cuschieri, 2005). Surgeons use a laparoscope: a long, thin, tubular telescope
attached to a high-resolution camera and a high-intensity light source. Images obtained
from within the abdominal cavity are displayed on a monitor and the surgeon operates by
looking at this live image. Footage of the surgeries is often recorded and can be used
subsequently for training purposes, alowing trainee surgeons to visualise and understand
the complex surgical procedures.

Figurel Partsof astandard laparoscope (see online version for colours)

Figure 1 (Yeola et a., 2017) shows a Hopkins rod lens telescope (Dobson and Hopkins,
1989; Ellis, 2007), itsfield of view (FoV), and its angle of view. The laparoscope’'s FoV
is a result of its angle of view; a forward oblique angle of the laparoscope tip gives
surgeons a better FoV. The diameter of the laparoscope also affects the area visible to the
surgeon. Figure 2 is a frame taken from a laparoscopic surgery video and shows the
anatomy and instruments visible to the surgeon from the laparoscopic camera feed. Apart
from the laparoscope, a variety of other instruments are used to carry out the various
steps of the operation. These include graspers, dissectors, clip applicators, hooks, surgical
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scissors, etc. These instruments are specially designed to be thin, long, and easy to handle
inside the narrow abdominal cavity. In recent times, robotic arms have been used to assist
surgeons, especialy in surgeries where additional dexterity or precision is required
(Taylor and Jayne, 2007; Peterset a., 2018; Longmore et a., 2020).

Figure2 Surgeon’sview from the laparoscope camera feed (see online version for colours)

As with any other surgery, there are some key challenges faced by surgeons while
performing laparoscopic procedures (Ballantyne, 2002). As the surgeon operates looking
at a 2D view of the 3D organs, the depth of vision is compromised (Tanagho et al., 2012).
Furthermore, the tactile feedback (from tissues and organs) that a surgeon is used to
during open surgery is reduced to a minimum when he uses thin, long laparoscopic
instruments. As the laparoscope provides a ‘tunnel’ vision of the operative field, organs
at the periphery tend to stay hidden and create a *blind spot’ (Trilling et al., 2021). The
small incisions allow only narrow-diameter laparoscopes to be used, resulting in alimited
FoV. Thisview may be further reduced if the laparoscope is not angled correctly. Finaly,
the quality of the video transmitted by the laparoscopic camera may drop due to the light
being absorbed by the blood in the operative field. All these aspects must be considered
while implementing a system for the analysis of surgical instruments to obtain a robust
model which performs well on real-time data. Taking these challenges into consideration,
it isimportant to identify the instruments being used in each surgical phase and determine
their location and orientation with respect to the surrounding anatomy (Allan et a.,
2012). The primary applications of analysing the presence and location of surgical
instruments are as follows:

1 Surgery videos are an important aspect of laparoscopic training (Motaet a., 2018;
de'Angdliset a., 2019; Celentano et a., 2019), as surgical trainees use them to
understand contextual anatomy (Fitzpatrick et al., 2001) and safe surgical actions
(Levy and Mobasheri, 2017); spotlighting the correct use and orientation of various
instruments would add to the trainees’ understanding of the same.

2 A surgeon’s technique can be evaluated in terms of the correct use of each
instrument and the proximity of instruments to vital organs (Baghdadi et a., 2019;
Li et al., 2019). A good surgical technique avoids damage to important structures,
which may be close to sharp instruments or instruments with electric current flowing
through them.
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3 Understanding the surgical workflow and identifying surgical phases by correlating
them with aframe-level presence of instruments (Loukas, 2018; Nakawala et a.,
2019; Kitaguchi et a., 2020).

Traditional instrument localisation and classification methods such as physica tagging,
image processing-based feature extraction, and haptic signal analysis have drawbacks in
terms of efficiency and scope of utility. A modern technique for instrument identification
that has gained ground is computer assisted intervention or CAl (Peter et a., 2019). It is
the use of digital tools and technology to perform tasks that are challenging for humans,
or tasks that can be performed better by a computer as compared to a human. Deep
learning and computer vision have severa applications in CAl; these include their use in
robotic surgeries, computer-assisted expert systems, biopsy guidance systems, diagnostic
assistance systems, etc. (Esteva et d., 2021). The computer vision framework proposed
by this paper focuses on the task of object detection (Bhagya and Shyna, 2019; Jiao et al.,
2019), which consists of a combination of object localisation and classification with
various surgical instruments as the objects to be detected.

Despite the popularity of deep learning networks for instrument detection and
classification, the nature of laparoscopic surgeries and imaging limitations of
laparoscopes result in the following common challenges:

1 Classimbalance in the dataset — Certain instruments (graspers and hooks) are most
frequently observed in images, which corresponds to their multi-purpose and
frequent use in surgeries.

2 Presence of multiple instrumentsin asingle frame— A surgeon may use several
instruments during a given surgical stage, with two or more of the same instruments
being used at the same time; this converts the multiclass problem into a multi-label
classification problem.

3 Instrument instances are highly correlated — The presence or absence of instruments
in asingle frameis highly correlated with the surgical phase and can result in
redundancy in datain neighbouring frames extracted from a surgery video.

4 Physical impedances — Although laparoscopic surgery videos are captured by
high-resolution cameras, it is nearly impossible to avoid physical impedances such as
gas, occlusions, light reflections, body fluids, etc., both during the operation and
during post-surgery video analysis.

5 Moation of camera— Unlike other surgeries like cataract surgery where the camerais
kept as till as possible, cameras in laparoscopies are frequently moved by surgical
assistants to give the surgeon the best view of certain anatomy; this may result in
motion blur and frequent shifts in perspective and scale of instruments and anatomy.

6 Sizeand quality of dataset — The dataset affects the performance of the deep learning
model significantly. Anideal dataset is of adequate size, with reduced redundancy of
data and accurate annotations.

Keeping these challenges in mind, the two-fold objective of this paper is to introduce a
computer vision framework that solves some of the previously described problems and to
evaduate this framework on noisy, unseen data to determine its suitability for potential
real-time applications. We have specifically focused on the lack of temporal context
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during training, i.e., asituation in which each frame is analysed and processed in isolation
with no information from adjacent frames being considered and our contributions are as
follows:

1 A single shot detector-bidirectional long-short term memory (LSTM) model is
proposed which uses time-distributed datain the spatial feature extraction stage. The
LSTM will provide greater temporal context to agiven video frame and result in
reduced erroneous classifications of instruments with similar handles and different
tips, especialy in cases where instrument tips are hidden by anatomical structures or
other instruments.

2 The problem of classimbalance in the M2CAI116 dataset was mitigated through
a combination of synthetic minority oversampling technique (SMOTE) oversampling
of the majority class and difference hash (Dhash) signature-based under-sampling of
the minority class.

3 The proposed system was trained and tested on the M2CAI16 tool dataset to obtain
baseline observations before being tested on previously unseen surgical video
frames. These frames are intended to simulate real-time data the system may receive
and to test the robustness of the system.

The rest of this paper is organised as follows. In Section 2, we undertake a
comprehensive study of previous work in the domain of instrument detection, tracing the
transition from traditional and modern methods. In Section 3, we discuss the details of the
proposed system including the dataset used, pre-processing performed, and deep learning
models developed. The evaluation metrics and results are presented in Section 4 and
Section 5 concludes the paper, with a summary of our work and proposed future
improvements.

2 Prior work

The earliest effort made towards detecting and tracking instruments in laparoscopy
surgery videos was in the form of attaching physical markers such as distinct coloured or
patterned tags and LEDs (Speidel et al., 2014; Tonet et a., 2007; Casals et ., 1996;
Krupa et al., 2003) onto the instrument. While these methods were simple and cheap,
they also made the instrument bulkier and less flexible, which made them difficult to
manoeuvre within the narrow abdominal cavity. Alternatively, electromagnetic field
sensing phenomenon may be used to sense surgical instruments; every surgical
instrument has a unique radio frequency identification (RFID) which acts as the signature
of the device, and the RFID signal is identified by the RFID antenna associated with the
instrument (Miyawaki et al., 2009; Kranzfelder et al., 2013). The performance of this
technique was satisfactory, but it suffered from the same physical drawbacks as the
previous method along with the unnecessary and avoidable cost incurred while tagging
several sets of instruments with RFID tags. It also required the existing instrument to be
modified to accommodate RFID tags and antennas. To overcome these shortcomings,
image processing-based extraction of salient features was combined with regression and
classification models to localise instruments (Bouget et al., 2017). This method, while
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less intrusive and safer than the physical marking of instruments, had a disadvantage in
terms of the amount of pre-processing required. Features such as colours, shapes, pixel
intensities, edges, etc. had to be carefully selected for each image which added to the
detection time and made the method unsuitable for real-time applications. The poor video
quality in the perioperative stage complicated the feature extraction as well. However,
breakthroughs in the processing power of machines, high-speed computations, and
computer vision techniques have made this aternative more promising. Ultrasound
signals collected over the course of surgery may also be used to measure the position and
orientation of instruments (Tatar et al., 2003; Greenish et al., 2002), but this technique
suffers from interference due to noisy signals which reduces localisation accuracy.
Moreover, the signal method was only able to localise and orient instruments, not classify
them.

Recently, deep learning approaches such as image classification, image segmentation,
and object detection have become very popular for the analysis of medical images
(Cheplygina et al., 2018; Litjens et a., 2017). This is primarily due to the increase in
computational power and graphic processing capacity of modern machines, and the
advantage that deep learning models have over traditional methods, i.e., they can
automatically detect the most optimal high-level features from all the training images
given to them. The trend of using deep learning for surgical instrument detection and
classification tasks started with the development of a convolutional neural network-based
model called EndoNet (Twinanda et al., 2016), which was based on the AlexNet
(Krizhevsky et al., 2017) architecture and was one of the first deep learning models for
detecting surgical instruments in laparoscopy videos. Other work towards using CNNs
and transfer learning for instrument detection included the use of AlexNet as the base like
EndoNet while addressing key gaps in it (Sahu et a., 2016), and comparing the
performance of AlexNet, VGG16 and Inception V3 architectures for the task of surgical
workflow anaysis (Zia et al., 2016). CNNs were also used in combination with
specifically extracted features for best results; this was seen in the use of CNNs, and
Hough lines (Cai and Zhao, 2020) and the use of fully convolutional networks combined
with key point features for optical flow tracking and enhanced instrument localisation
(Garcia-Peraza-Herrera et al., 2016). EndoRCN (Jin et al., 2016) and LapTool-Net
(Namazi et al., 2022) were used to extract spatiotemporal features between frames using
RCNs and region-based CNNs (RCNNs), respectively; these features were then used to
perform an analysis of surgica workflow within the video and localise instruments based
on the same. One of the authors of EndoNet also experimented with HMMs and RNNs to
utilise temporal features extracted from surgical videos (Twinanda, 2017). Mishra et al.
(2017) were the first to feed features obtained from a CNN (ResNet50) into an LSTM for
tool detection in a video sequence as compared to prior work on still frames. A unique
method for spatiotemporal analysis, using a combination of video-level features (from an
inflated inception 3D model) and frame-level features (from a ResNet) was proposed by
Kanakatte et al. (2020) in the form of the ST-LSTM. The dual-level feature method was
also used by Jin et a. (2018) along with an RCNN; this was also one of the first real-time
trials of a proposed system for surgical tool analysis.
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Comparison of selected, relevant prior work

Tablel
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Developing deep learning models for surgical data analysis has some inherent challenges,
including severe dataset imbalance and multi-label classification problems. The
multi-label classification issue was addressed by Prellberg and Kramer (2018) who used
the ResNet50 architecture, Wang et al. (2017) who used an ensemble of GoogL eNet and
VGG16, and Jaafari et al. (2022) who used various combinations of VGG19, Inception
v4, and NASNet-A as a part of their ensemble models. Mgjority-class under-sampling
and loss-sengitive learning were utilised by Alshirbgji et a. (2018) to develop a model
known as ToolMod which addressed class imbalance within the datasets used. Y oon et a.
(2020) employed a novel approach by combining semi-supervised learning with
bidirectional instrument tracking to mitigate the class imbalance problem. This method
independently generated class labels during training and did not limit the authors to the
classes defined in datasets, thus facilitating the identification of more instruments based
on minute differences in their tooltips. In the past few years, the use of retrained
open-source models such as YoloV3 (Yamazaki et al., 2020) and YoloV4 (Wang et d.,
2021) has resulted in faster training times and the subsequent integration of instrument
identification agorithms into applications such as laparoscopic training modules and
assistive surgical robots. Fathabadi et al. (2021) trained faster-RCNNSs on data collected
from laparoscopic surgical box-trainer devices (Grantner et a., 2019) and used the
resulting model to evaluate the performance of surgical trainees at Western Michigan
University. Along similar lines, Mohaidat et a. (2022) adapted the laparoscopic
box-trainer for the specific task of suturing anatomy inside the body. They used a scaled
version of the YoloV4 algorithm in tandem with a specialised centroid tracking system to
track the motion of the suturing needle and compared the model’s predictions with
corresponding trainee data to assess surgical competency in the defined task. Kletz et al.
(2019) were able to leverage used a modified form of RCNNs — known as mask RCNN —
for the task of instrument segmentation, which built on the task of instrument localisation
by generating a pixel-level mask for each instrument. This formed the basis of work done
by Lee et a. (2020) and Lam et al. (2022), who applied mask RCNNs on data acquired
from surgical robots to mask R-CNN to generate instrument trajectory maps. These maps
were then used to quantify surgical skills through real-time motion metrics. moving
distance, smoothness of instrument movement, and concentration of instrument
movement. The laparoscope manipulating robot — introduced by Myo et al. (2022) —
demonstrated an interesting application of surgical data analysis (specifically instrument
localisation) by training a robot entirely using continuous learning agorithms and a
feedback mechanism. The robot was tested on soft-tissue cadavers and was able to
navigate the laparoscope automatically by using the detected instruments as anchor
points. Instrument detection also played a crucial role in various robot surgical nurse
systems, such as those proposed by Nadhifatul Aini et a. (2019), Badilla-Solérzano et al.
(2022) and Nakano and Nagamune (2022). Compared to previous work — which used
largely sanitised data — Rol3 et al. (2021) and Maier-Hein et al. (2021) introduced data
that included visual noise in the form of surgica smoke, flecks of blood on the
laparoscope, and motion blur artefacts. These datasets simulated the complex and
unpredictable environments analysed by intelligent medical systems and allowed for the
development of more robust models. Other salient features of recent surgical computer
vision frameworks include:
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1 Theability to generalise well when faced with unseen or rare organ configurations,
i.e., domain adaptation (Azqueta-Gavaldon et al., 2020; Sahu et a., 2021; Wang
et a., 2022).

2 Theahility to transfer knowledge suitably when applied to instrument detection tasks
in other types of surgeries— Lee et a. (2021) and Markarian et a. (2022) suggest use
cases in neurosurgery, while Hossain et a. (2020) provide a model which works with
instruments specific to orthopaedic procedures.

3 Theahility to accurately identify subtle variations within a class of instruments —
Su et al. (2023) released the first-of-its-kind dataset covering multiple scalpel types
and demonstrated the use of amask R-CNN for multi-scalpel classification and
segmentation.

4  Thedelivery of rapid, yet accurate results at low computational costs (Sun et al.,
2021; Jhaet al., 2021).

Table 1 summarises the objectives, methodology, and results of selected works; papers
were chosen to highlight the progression of models over time and acknowledge previous
benchmarks.

3 Approach

The proposed method is divided into three key phases — data augmentation (oversampling
of the underrepresented classes and under-sampling of overrepresented classes), training
(feature extraction, region of interest generation, classification, bounding-box regression),
and testing (evaluation using standard and custom datasets, hyperparameter tuning).
Figure 3 provides a broad overview of the system, while the rest of the section provides
the specifics for each phase.

3.1 Dataset

This implementation uses the m2cai16-tool dataset from the MICCAI (M2CAI) 2016
surgical tool detection challenge, which is derived from the Cholec80 dataset introduced
by Twinanda et a. (2016) alongside their EndoNet architecture. The dataset consists of
15 videos of laparoscopic cholecystectomies performed by surgeons at the University
Hospital of Strasbourg. These videos are divided into ten training videos and five testing
videos and contain instruments across seven classes as shown in Table 2. The training
dataset is generated by selecting and annotating a frame once every 25 frames from the
(2,532 annotated framesin total). The annotations contain the following information:

1 image name and relative path
2 image length, width and depth

3 instrument(s) present in the image and the corresponding bounding box(es).
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Figure3 Block diagram of the proposed method showing data augmentation, training and testing
phases (see online version for colours)

Raw images from the M2CAI-16 dataset
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Images with bounding boxes and multi-label annotations
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Table?2 Ground truth labels for instruments and their frequency of occurrence within the
dataset (see online version for colours)

ClassID Class label Sample image Instances in the original dataset
0 NA NA 4,647

1 Hook 21,584

2 Grasper 16,938

3 Specimen bag 1,987

4 Irrigator 1,084

5 Clipper/clip applicator 1,193

6 Bipolar (forceps/cautery) 962

7 Scissors 569
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Chord diagrams were generated to visualise the correlation between a pair of instruments
in the dataset. It is observed that in the chord diagram for the training dataset
[Figure 4(a)], the maximum correlation is between the grasper and hook classes, with a
99% probability of them occurring in the same frame. The minimum correlation was
between the specimen bag and bipolar classes, which occurred together with only 0.9%
probability. Similarly, the maximum correlation in the chord diagram for the testing
dataset [Figure 4(b)] was between the grasper and hook classes (99% probability), while
the minimum correlation was between the clip applicators and scissors classes (16.9%
probability).

Figure4 Chord diagramsfor the () training data and (b) testing data (see online version
for colours)

@ (b)

From a surgical point of view, al these correlations make sense as graspers and hooks are
used together to lift and move organs, specimen bags are used towards the end of the
surgery to retrieve samples and bipolar forceps are used towards the middle of the
surgery to cut through fat and tissue. Similarly, clip applicators are used toward the end
of the surgery to clip off tubular structures while scissors are used throughout the surgery
to cut surface-level tissues. From a model point of view, the strong correlations between
certain classes may pose challenges during the training stage. Additional testing data was
gathered from raw footage of |aparoscopic cholecystectomies performed by local doctors.
This data was noisier, i.e., it required more pre-processing and was ‘unseen’ by the
model; thus, it smulated a real-world laparoscope feed. A total of five videos were
sampled every 30 frames, resulting in atotal of 476 frames, which were used to ascertain
the generalised instrument detecting and classifying ability of the network across a
variety of data.

3.2 Data augmentation using SMOTE and under-sampling

As seen in Figure 5, there is a significant difference between the number of instances of
hooks and graspers in the dataset as compared to the number of occurrences of other
classes. This class imbalance within the data skews the model towards making more
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accurate and more frequent predictions of the majority classes, i.e., graspers and hooks
while reducing accuracies for minority classes; this resulted in inaccurate models with
most of the instruments wrongly being predicted as the graspers.

Figure5 Histogram representing class imbalance of instrument classesin the original dataset
(see online version for colours)

25000
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SMOTE dgorithm (Chawla et a., 2002; Liu et a., 2017) was used to synthetically
generate additional samples of images which contain minority classes, to better balance
the dataset. Unlike simple oversampling algorithms which duplicate minority class
samples (i.e., no new information is provided to the model), SMOTE uses the k-nearest
neighbours of an image with instruments from the minority classes present in it, to
generate the new samples. The minority classes were under-sampled as follows:

1 Imagesin the same video are separated into sets based on their names.

2 Difference hash or Dhash (Weng and Preneel, 2010) signatures are generated for
every image in each set.

3 A subset of ten images is randomly chosen for every set and hashes of al the other
images are matched to hashes of the subset images using brute force.

4 Pairswith adegree of similarity greater than 0.8 had one of the images removed
from them.

5 Thisprocessis repeated till all the degrees of similarities are less than 0.8.

The original M2CAI dataset contained 580 frames, which were divided into 480 training
frames and 120 testing frames. A tota of 1,793 frames were obtained after data
augmentation, which were divided into 1,433 training frames and 360 testing frames.
Table 3 and Figure 6 show a partial resolution of the class imbalance problem after data
augmentation.
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Table3 Frequency of occurrence of instruments after data augmentation

ClassID Class label | nstancez;rg at;: original Iniirécr;ezr?tf;ro(rj‘ata
0 NA 4,647 5,230
1 Hook 21,584 15,739
2 Grasper 16,938 11,049
3 Specimen bag 1,987 7,567
4 Irrigator 1,084 8,839
5 Clipper/clip applicator 1,193 7,273
6 Bipolar (forceps/cautery) 962 4,767
7 Scissors 569 5,374

Figure6 Comparative histogram of instances of instrument classesin the original dataset (blue)
and of instances of instrument classes in the augmented dataset (red) (see online version
for colours)

25000

3.3 Deep learning models

3.3.1 Faster-RCNN

RCNNSs take an input image and give a set of bounding boxes at the output, which
contain the detected object and the label given to it. Faster-RCNNs (Ren et al., 2015) as
seen in Figure 7 are an improved version of the RCNN model, which incorporates a
region proposa network (RPN) in place of the selective search algorithm typically used
in RCNNs. The steps for generating bounding box and label outputs in a faster-RCNN
are

1 CNN extracts features including bounding boxes, class labels, and probabilities for
|abel s/bounding boxes from input images.

2 RPN generates region proposals using anchor boxes of various dimensions.

3 ROI pooling layer extracts feature vectors for each region proposal.
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4  Objectsin proposed regions are classified into foreground and background instances.

5 Classifier and regressor return the probability scores for predicted classes and
bounding boxes, respectively.

Figure7 Block diagram for faster-RCNN (see online version for colours)

The CNN used in Step 1 isusually amodel used for transfer learning which is pre-trained
on an enormous dataset of generic images; for this implementation, Inception V3 and B1
Efficient Net architectures were used.

3.3.2 Theinception architecture

The inception architecture is a series of heavily engineered deep neural networks which
aim to improve performance metrics in terms of accuracy and speed through feature
engineering, as compared to CNNs which try to improve performance by increasing
depth. Inception V1 (Szegedy et al., 2015) was designed to be more ‘wide' than ‘deep’; it
achieved this by performing paralel convolutions using filters of various sizes (1 x 1,
3 x 3 and 5 x 5) before pooling the outputs and repeating the process in the next
‘inception’ layer. Figure 8(a) shows an inception block with additional 1 x 1
convolutional filters which help in dimensionality reduction. Inception V1 has nine such
blocks between the input and SoftMax output layers. The depth of the network introduced
a vanishing gradient problem, which was resolved by adding auxiliary classifiers to the
central inception blocks. Inception V2 and V3 (Szegedy et a., 2016) were introduced to
solve the problem of information loss which occurred due to drastic changes in input
data dimensions because of different filter sizes. They factorised convolution blocks to
improve computational efficiency at two levels—5 x 5 convolutions were factorised into
apar of 3 x 3 convolutions, and all N x N convolutions were factorised into 1 x n and
n x 1 convolutions. Figure 8(b) shows &l the changes made in Inception V2, which
contributed to its superior performance. Inception V3 changed the location of the
auxiliary classifiers from the middle inception blocks to the end inception blocks and
added batch normalisation to them. This helped in regularising the model output as
accuracies were approaching saturation values towards the output layer. The architecture
also introduced another regularisation component called label smoothing, which
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prevented over-fitting by preventing the model from becoming too confident about a
class prediction.

Figure8 (a) Inception V1 block with dimensionality reduction and (b) Inception V2 block with
convolution block factorisation (see online version for colours)
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3.3.3 The Efficient Net architecture

The Efficient Net architecture (Tan and Le, 2019) was introduced as a highly accurate
and efficient, yet scalable alternative to traditional small-scale CNNSs. It used a technique
called compound coefficient to scale up models in a simple but effective manner; instead
of randomly scaling up width, depth, or resolution, compound scaling uniformly scaled
each dimension with a certain fixed set of scaling coefficients. Using these scaling
methods and AutoML, the authors developed seven models of various dimensions (BO to
B7) which surpassed the state-of-the-art accuracy and efficiency of most of the
commonly used convolutional neural networks. The architecture also cut down the time
wasted by researchers in trial-and-error scaling of their models by developing a uniform
set of scaling models.

3.3.4 Bidirectional long-short-term memory networks with single-shot detectors

L STMs networks were introduced by Hochreiter and Schmidhuber (1997) and are a type
of RNN that replaces the feedforward connections in neural networks with a back
propagation loop. Most RNNs suffer from the problem of short-term memory; this means
that if the input is along sequence, the RNN will not be able to carry information reliably
from one time-step to another. LSTMs counter this drawback by using gates, which
ascertain whether information from long sequential data is important enough to retain or
discard. This allows the model to develop a ‘memory’ and pass aong only important
information to future time steps. A bidirectional LSTM is an extension of a traditional
LSTM which consists of two LSTMS; one with data flow in the forward direction and
one with data flow in the backward direction. Figure 9 illustrates the flow of data in a
bidirectional LSTM. The simultaneous forward and backward propagation alows
individual LSTM layers to obtain context from both the next and previous image and
resultsin better instrument classification.
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Figure9 Dataflow inabidirectional LSTM
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This implementation uses bidirectional LSTMs in combination with SSDs, which require
asingle ‘shot’ or step to detect multiple objectsin an image. This makes them faster than
two-shot methods such as RCNN which make use of RPNs for region proposal in the first
shot and detect objects within each proposed region in the second shot. Figure 10 shows
the SDD architecture as proposed by Liu et a. (2016), with a VGG16 (Simonyan and
Zisserman, 2014) pre-trained model used as a base and an additional convolutional layer
being used for precise feature extraction and classification.

Figure10 Single-shot detector architecture

3.3.5 Bidirectional LSTM without time-distributed layers

As seen in Figure 11, input images are fed to a VGG16-based SSD for spatial feature
extraction. The SSD returns frame-level bounding boxes with a confidence score of more
than 0.75 and instrument labels in the form of a feature descriptor vector; these are
combined into feature maps which act as the inputs for bidirectional LSTM layers. The
bidirectional LSTMs extract temporal features in the form of LSTM states which are
constantly updated, and LSTM output as compared to decide the label to be assigned to a
bounding box.
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Figure11 Block diagram of SSD-bidirectional LSTM without time-distributed layers (see online
version for colours)

3.3.6 Bidirectional LSTM with time-distributed layers

In temporal feature extraction architecture in this model is the same as that of the
previous model without time-distributed layers; however, the spatial feature recognition
is conducted on a segquence of input images which is separated by a period equal to the
sampling rate of the surgery video. As seen in Figure 12, this sequence is fed to
individual SSDs, and bounding box predictions are correlated in the bidirectional LSTM
layers.

Figure12 Block diagram of SSD-bidirectional LSTM with time-distributed layers (see online
version for colours)
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Time-distributed layers help in correlating the presence and location of instruments
between neighbouring frames; this is especialy helpful in cases where the tip of an
instrument is occluded in a prior frame but visible in the next. Instrument tips are usually
the main identifying features of an instrument and comparing adjacent frames helps in
reducing the possibility of N/A classifications or incorrect classifications for instruments
with similar barrels and different tips.

3.4 Evaluation metrics

Model performance was evaluated based on standard metrics (accuracy, precision, recall
and F1 score), as well as specifically metrics specific to object detection (Jaccard distance
and Hamming distance). This section defines our object detection-specific metrics and
describes them in the context of the M2CAI dataset.

3.4.1 Jaccard distance

As defined by equation (1), the Jaccard similarity index (Shi et al., 2014) is a measure of
similarity between the members of two sets in terms of intersection over union (IoU). As
aratio of areas, it can take values between 0 and 1.

Area of overlap
Area of union

Intersection over union =

)

The Jaccard distance is complementary to loU and can be calculated as shown in
equation (2).

Jaccard distance = 1- Intersection over union ()]

In this implementation, Jaccard distance is calculated as the difference between the actual
bounding box coordinates (defined in the metadata files for the M2CAI16 dataset) and
predicted bounding box coordinates (obtained from the RCNN). Thus, the lower the
Jaccard distance, the closer the predicted coordinates are to the actual coordinates from
the annotation files; this makes alower Jaccard distance adesirable result.

3.4.2 Hamming distance

Hamming distance (Norouzi et a., 2012) measures the difference between a pair of
vector elements containing binary data. As described in Section 4.1, the presence or
absence of instruments in a frame is annotated as a binary label vector of length = 7. In
this implementation, Hamming distance can be calculated by comparing the ground truth
and prediction label vectors. E.g., if a frame has one hook and one clip applicator, its
ground truth vector is[0, 1, 0, 0, 0, 1, 0] and the predicted vector is[0, 1, 1, 0, 0, 1, O], we
may conclude that a grasper is wrongly predicted to be present. In this case, we can say
the Hamming distance is 1, as only one element has taken the incorrect value in the
prediction vector. For surgical instrument identification, the values of Hamming distance
lie between 0 and 3, as the images in the M2CAI16 dataset have at most three instrument
annotations per image. Like Jaccard distance, a low Hamming distance is a desirable
metric as it indicates accurate detection of the presence or absence of instruments in a
frame.
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4 Resultsand discussion

4.1 Results

All the implemented models were trained and tested using video frames from the
M2CAI16 database, and the best models from the initia testing were further tested on
frames from unseen laparoscopic surgery videos. Figure 13 shows selected output images
from the augmented M2CAI16 dataset, with overlaid bounding boxes and instrument
annotations.

Figure13 Output images showing surgical instruments such as graspers, scissors and specimen
bag (see online version for colours)

Table 4 summarises results based on the Jaccard and Hamming distance metrics that are
chosen specifically for the object detection problem.

Table 5 summarises the results obtained from selected models, based on standard
model metrics such as on accuracy, precision, recall and F1 score. It aso includes the
results for models evaluated on unseen video data.

4.2 Discussion

Laparoscopic surgeons make use of instruments such as graspers and hooks more
frequently over the course of a surgery due to their versatility, making them the most
frequently occurring classes in the MICCAI16 dataset, i.e., the majority classes. On the
other hand, instruments such as clip applicators, scissors, and bipolar forceps have very
specific functions in the surgery and they do not occur as frequently in the dataset,
making them the minority classes. Severa instruments are often used simultaneously,
causing a single class to occur multiple times in the same frame and further increasing its
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counts in the dataset. This imbalance is reflected in the results for al the models trained
on data that did not undergo data augmentation; instruments in the majority class had a
higher classification accuracy while instruments in the minority class suffered from poor
classification accuracy and the issue was most evident when the models were tested on
unseen frames from a source outside the M2CAI116 dataset. An exception to this was the
specimen bag class; despite having relatively few samples, it had very good results across
all models which could be attributed to specimen bags looking the most different from all
other instruments in the dataset (which could be mistaken for each other by the model
due to them having similar handles and the identifying features being their tips).

The majority classes were robustly identified, as seen by the higher recall and
precision shown by models while classifying them, whereas the minority classes were
either identified as graspers or not identified at all, as seen by their significantly lower
recall and precision. Results for un-augmented data show significant differences between
the ground truth and predicted bounding box values resulting in high Jaccard distances,
pointing towards inaccurate localisation of the instrument. They also had high Hamming
distances due to incorrect labelling of the contents of the bounding boxes. Balancing the
dataset resulted in a marked improvement in performance across all models, as seen by
the increase in both accuracy and F1 scores along with a drop in the Jaccard and
Hamming distances. The best results achieved on the M2CAI16 dataset were an average
accuracy of 80.20% and an average F1 score of 0.7176 and were derived from the
bidirectional LSTM model with time-distributed layers; for the unseen dataset, the same
model had a peak performance of 63.49% average accuracy and an average F1 score of
0.5221. The same model also had minimum Jaccard and Hamming distances and overall,
both the bidirectional LSTMs performed better than both the faster-RCNNs due to the
additional validation of instrument labels by temporal features, with the bidirectional
LSTM model with time-distributed layers being the best-performing model across all
metrics for the M2CAI116 dataset. All the models performed poorly on frames from the
unseen surgical videos, an expected result that was caused by the significant visual
differences between the datasets despite initial image pre-processing efforts. The
bidirectional LSTM model with time-distributed layers performed considerably better
than the others despite this limitation and achieved an average accuracy and F1 score of
63.49% and 0.5221, respectively. The poor F1 score may be explained by the low recall,
which in turn was due to the model being unable to classify most of the unseen
instruments. Table 6 compares the performance of selected prior works that have been
evaluated on the M2CA 16 dataset and our best-performing model’s (bidirectional LSTM
with time-distributed layers) results with the data-augmented M2CAI16. It is observed
that our model performs better than al the transfer learning models trained by Zia et al.
(2016) and equally well as the modified recurrent CNN proposed by Namazi et a.
(2022). Although our architecture parallels that proposed by Mishraet al. (2017) with key
differences in our use of a bidirectional LSTM and time-distributed layers, their model’s
superior accuracy can be attributed to the author’s superior imbalance mitigation. Jin
et a. (2016) were the only other group to use Jaccard distance to evauate object
detection; our score was slightly higher than the score reported by them.
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Comparison of Jaccard and Hamming distance results

Table4
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Table5 Comparison of results based on standard metrics

Data Model Accuracy Precison Recall F1score
M2CAI16 tool Faster-RCNN (InceptionV 3) 71.12% 0.6298 0.6515 0.6404
dataset Faster-RCNN (Efficient Net) 63.47% 0.6885  0.4933 0.5163
(without data

augmentation) Bidirectional LSTM without ~ 65.53% 05573  0.6127 0.5304
time-distributed layers

Bidirectional LSTM with 79.35% 0.7185 0.6042 0.6472
time-distributed layers
M2CAI16 tool Faster-RCNN (InceptionV 3) 76.81% 0.6982 0.6850 0.6915

dataset Bidirectional LSTM with 80.20% 07134 07629 0.7176

(with data : P
augmentation) time-distributed layers

Frames from Faster-RCNN (InceptionV 3) 57.14% 0.5800 04722  0.4658
UNSEEN SUrGerY  pagter-RCNN (Efficient Net)  53.15%  0.6133  0.4421  0.4501

videos
Bidirectional LSTM without 56.30% 0.4556 0.4816  0.3891
time-distributed layers

Bidirectional LSTM with 63.49% 05808 0.5030 0.5221
time-distributed layers

Table6 Comparison of our best performing model with selected prior work

Method Jaccard distance Accuracy

Ziaet d. (2016) - AlexNet: 63.78%/V GG: 69.75%/inception: 76.6%
Jinetd. (2016) 78.2 -

Mishraet al. (2017) - 88.75%

Namazi et al. (2022) - Online: 80.95%/offline: 81.84%
Proposed method 78.7 80.20%

5 Conclusions

Surgery videos are an important part of surgical training but may not always be
easy to interpret for novice trainees and general surgeons who are shifting to a
super-specialisation (in this case, laparoscopy). The dynamic nature of anatomy,
combined with a surgeon’s limited FoV through a laparoscope may further complicate
the learning process. The proposed method aims to solve the low-level problem of
classification and annotation of instruments using a novel combination of bidirectional
LSTM and time-distributed layers, laying the foundation for various applications of
surgical video analysis. The results obtained on the M2CAI dataset are at par with
previous work of the same nature and may be further improved through future work as
follows: using generative adversarial networks to generate new training images for under-
represented classes during data augmentation, evaluating the models using other metrics
(average precision, mAP score, etc.), combining datasets for access to varied image data
and using metaheuristic optimisation algorithms to improve the accuracy metric of our
LSTMs (Rashid et a., 2018; Mahmoodzadeh et al., 2022). Another future direction
would be incorporating predictions made into real-time laparoscopic surgical training
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devices, that may require un-supervised or semi-supervised learning to provide rapid and
accurate predictions in complex and dynamic environments faced by surgeons.
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