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1 Introduction

Artificial intelligence (Al) is the use of computers or machines to simulate human
behaviour. Machine learning is a subset of Al that involves the use of computer
algorithms to learn automatically through experience and exposure to data. Artificial
intelligence (Al) technologies are used increasingly in biomedical applications, in
part owing to their ability to process and interpret complex images. The field of Al
and machine learning in medicine has grown in recent years through access to
improved computing power and data collection. In the case of surgery, such advance-
ment has been enabled through the development of improved camera guided mini-
mally invasive and robotic surgical techniques [1]. Artificial neural networks are a
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subtype of machine learning algorithm that are modelled on the structure and func-
tion of the animal visual cortex. They are able to classify images and identify struc-
tures within images based on prior learning and have underpinned a rapid growth in
Al technology in surgery [2].

The investigation of machine learning applications in laparoscopic surgery is a
fertile area for research. Current applications include the autonomous recognition of
anatomy and instruments to provide intraoperative guidance or as a safety mecha-
nism to operating surgeons. In addition, superimposed radiological images, or
maps, can even provide an augmented reality environment to help guide the sur-
geon. Through its ability to track surgical instruments, Al technologies can be used
as tools to assess surgical performance and optimise surgical training. Furthermore,
it can be used to break down operations into phases as a documentation tool and to
improve operating theatre workflow. There is considerable work on exploring ways
to apply machine learning to many laparoscopic surgical procedures. Despite the
wide potential of Al in laparoscopic surgery, at the time of writing, very few appli-
cations have been approved for clinical use.

This chapter explores the use of machine learning algorithms in laparoscopic
surgery. It will outline the key machine learning techniques that have been applied
to laparoscopy surgery. Preliminary work on machine learning in laparoscopic cho-
lecystectomy will be demonstrated. The ability of neural networks to autonomously
recognise anatomical structures and surgical instruments and the clinical relevance
of this will be explored. Future applications and hurdles to clinical implementation
will also be discussed.

2 Machine Learning Applications in Laparoscopic Surgery

Laparoscopic surgery is a minimally invasive operative technique. It involves insuf-
flation of the abdominal cavity with gas to create space followed by the insertion of
ports through small incision through the abdominal wall to gain adequate access for
both a camera and surgical instruments (Fig. 1). Surgery is then guided by images
transmitted to a video monitor (Fig. 2). The use of laparoscopic surgery has increased
considerably over the past few decades with the improvement of cameras, video
technology, hardware, improved surgical instruments and techniques. It now forms
a core competency for surgeons practicing abdominal surgery. The high volume of
video data generated through a laparoscopic operation plus the increase in avail-
ability of computational power and development of machine learning algorithms
has fuelled a rapid increase in the development of machine learning applications in
laparoscopic surgery [3].
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Key:

A: Anaesthetist

S1: Primary surgeon
52: Assistant surgeon
N: Scrub nurse

P: Patient

M: Video Monitors
C: Camera

Tools as illustrated

Fig. 1 Schematic of laparoscopic cholecystectomy set up demonstrating theatre personnel and
tool and camera position relative to the liver and gall bladder

Fig. 2 Intra-abdominal image from a laparoscopic cholecystectomy
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2.1 Convolutional Neural Networks

Multiple techniques have been applied to autonomously identify and classify differ-
ent components of laparoscopic surgery images and videos. The most common and
recently utilised algorithms are convolutional neural networks (CNN). CNNs are a
type of neural network that aim to mimic the structure and function of the biological
visual cortex [2]. These networks consider the hierarchical relationships between
neighbouring image pixels rather than only the individual pixel itself. Through
learning from previously seen visual image data, they are capable of identifying and
classifying objects in different configurations [4]. The volume of relevant visual
data that the algorithm is trained on is proportional to its success. CNNs are often
combined with other algorithms, which take alternate data inputs and aim to enhance
the performance of CNNs with parallel and complementary data when available.
CNNs must be trained on a training dataset. Training datasets are extensive sets
of images that are labelled according to the presence of classes, or key features of
the image. In the case of laparoscopic surgery images, classes might include ana-
tomical structures, surgical instruments or the presence of absence of disease.
Training datasets should include images that the CNN is likely to encounter and
interpret and are tailored to the intended output or application of the network. The
accuracy of the labels in the training dataset is important as incorrect labels will be
perpetuated through the output of the network, reducing the accuracy. Broadly
speaking, datasets can be labelled in three ways, classification, detection and seg-
mentation (Fig. 3). Classification requires the binary detection of the presence of
absence of a class in an image. Detection refers to locating a class within an image
as defined by a bounding box. Segmentation involves the attribution of each pixel to
a certain class creating an overlying segmentation mask. Fully supervised labelled
data refers to a dataset that has been manually labelled by a human. This is a meticu-
lous and labour-intensive process. Weakly supervised labelled data by contrast
involves data that is not labelled explicitly by a human but rather used automated or
computer generated labels. These labels are less accurate but easier to obtain.
Weakly supervised models are trained with only partially labelled data, allowing the
algorithms to extract other features which are considered in classification of inputs.

Classification Detection
Diathermy hook Diathermy hook
Grasper Grasper
Gallbladder Gallbladder
Cystic duct Cystic duct

Fig. 3 Schematic outlining classification, detection with bounding boxes and pixel-wise segmen-
tation labelling
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The interpretation and accurate labelling of image data from laparoscopic sur-
gery is complex. The same operation can appear differently between patients and
surgeons with variability in pathological states, anatomy and operative technique or
approach. The surgical field is often partially occluded by diathermy smoke, blood
or fluid. Furthermore, the camera used is non-static. This leads to changes in per-
spective, angle and zoom plus transient blur or poorly focussed images. While
CNNs have successfully been developed capable of identifying phases within an
operation, identification of surgical tools and recognition of anatomy, to date, imple-
mentation into clinical practice has been limited.

3 Surgical Tool Recognition

A significant proportion of the work on machine learning in laparoscopy focusses
on surgical tool or instrument detection and segmentation. The detection and track-
ing of tools is a prerequisite for many clinical applications. These include the assess-
ment of technical performance, understanding surgical phases and workflow,
intraoperative decision support as well as warning against potentially unsafe actions.
Surgical tool identification can be approached through three ways: binary tool clas-
sification, whereby the presence or absence of a tool in an image is recognised; tool
detection whereby the presence of the tool is detected and located using a bounding
box within the visual field; and segmentation, whereby the precise pixels demon-
strating the tool are correctly attributed to that tool, as demonstrated in Fig. 3.

3.1 Surgical Tool Classification

Studies on binary tool classification aim to label images from laparoscopic surgery
based on tool presence or absence. Earlier studies have used a superpixel method
grouping image pixels together based on similar surrounding information. This
allowed the classifier to consider neighbouring information, which improved seg-
mentation compared to a pixel-method [5]. However, there was inherent error in the
generation of superpixels which contributed to reduced accuracy of identification.
This work contrasts with more recent studies that have employed CNNs with greater
success.

Madad Zadeh et al. employed a CNN for binary tool detection during gynaeco-
logical surgery with moderate success. As they were limited by a small data set
containing a low number of surgical tool annotations, they were only able to achieve
an accuracy of 54.5% [6]. In comparison, Kletz et al., using an existing CNN and a
much larger dataset, demonstrated superior segmentation and precision yielding a
maximum accuracy of 98% [7]. The other binary segmentation studies all used vari-
ations of similar CNNs. Lee et al. and Shvets et al. both made comparisons between
CNN architectures consisting of different numbers of layers [8, 9]. While these
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studies tested different modifications of these algorithms, the CNNs with the great-
est depth had the best performance in each respective study. They both produced
similar analytical metrics for binary segmentation, meaning they both had similar
classification capabilities when comparing their outputs to labelled data.

Classification of laparoscopic tools into multiple categories has also been
achieved with some success. A number of studies trained and tested CNNs on lapa-
roscopic cholecystectomy videos to classify the same seven or eight instruments
into their respective classes [9-16]. Of the studies who reported it [10, 12—14, 16,
17], all achieved relatively poor classification of scissors, with sucker irrigator,
bipolar and clipper also often poorly classified. These tools were usually fairly rep-
resented in the training datasets. Poor recognition was likely due to their similarity
in appearance with other instruments. Images of these tools are demonstrated
in Fig. 4.

There is wide variation in the overall accuracy achieved in multi-class tool type
detection. Nwoye et al. and Twinanda et al. demonstrated good results with an all-
tool presence detection mean average precision of 92.9% and 81% respectively.
This was achieved using CNNs incorporating other additional machine learning
algorithms [12, 13]. Namazi et al. developed a novel system called LapToolNet
using superclasses of instrument combinations and eliminated uncommon instru-
ment combinations. It was trained and validated using existing laparoscopic chole-
cystectomy video databases (Cholec80 [13] and M2CALI [18]) and outperformed
previously published work trained on the M2CAI databases [13, 18, 19]. Sahu et al.
by comparison showed poor performance despite utilising additional algorithms
with an all tool mean average precision of 54.5% [14]. This is most likely due to the
use of a shallower CNN architecture.

Larger datasets are required in more complex procedures or to train algorithms
to detect larger sets of tools. Fuentes-Hurtado et al. developed weakly labelled anno-
tated datasets to improve labelling efficiency, applying their method to sleeve gas-
trectomy and gastric bypass surgeries [15]. The accuracy was 90% of the accuracy
of a fully supervised approach suggesting weakly supervised data labelling is via-
ble. CNNs trained on fully supervised segmentation datasets for sleeve gastrectomy
and gastric bypass achieved a mean intersection-over-union (mIOU) of 75.4% and
53% respectively [15]. mIOU is a common metric used in machine learning that
refers to the common overlap between the ground truth segmentation mask and the
CNN generated segmentation mask (Fig. 5).

Sucker Irrigator Scissors Diathermy hook Clip applicator Bipolar

Fig. 4 Commonly used laparoscopic instruments



Machine Learning in Laparoscopic Surgery 181

0.91 0.72 0.3

Excellent Good Poor

Fig. 5 Intersection over union. Navy blue = ground truth; green = prediction

3.2 Tool Detection and Tracking

Tool localisation or tracking was often conducted in conjunction with other applica-
tions of CNNs, building on previous non-CNN methods. Lee et al. demonstrated
their approach had increased tool tracking capabilities compared to instrument
tracking using radiofrequency ID tags designed to detect and track instrument posi-
tion. Radiofrequency ID tags had been the most successful method prior to the
application of machine learning techniques [8]. This is thought to be due to reduced
interference and more specific tracking due to the classification of tools inherent in
these algorithms. Nwoye et al. added long short-term memory network (LSTM) to
their CNN which was shown to improve performance compared to the CNN alone
[12]. LSTMs bridge time intervals and lags allowing them to enhance the CNNs
ability to continuously track the tools in laparoscopic video even as they move in
and out of frame [20]. Studies which utilised weakly supervised models had greater
tool tracking performance compared to fully supervised models [8, 12, 16]. This
improved performance may be through the looser inputs allowing the algorithms to
extract additional data or due to these studies having a greater focus on tool track-
ing. More recently, CNNs have been developed capable of estimating position in a
three-dimensional space, known as 3D pose estimation, rather than segmentation on
a two dimensional image [21].

The ability of machine learning algorithms to identify and track tools continues
to improve through use of problem specific algorithms and larger datasets. It forms
a key competency for the implementation of Al technology in a clinical surgical
setting.
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4 Anatomical Structure Recognition

Anatomical structure identification is an important application of machine learning
in surgery. This presents additional difficulties over surgical tool detection due to
greater variation in appearance between individuals and pathological states.
Anatomical structure recognition can be broken down into the binary classification
of the presence of organs in a frame, organ detection or recognition of the position
within a frame and organ segmentation or the pixel-wise outline of a structure
within a frame as well as the automated interpretation or recognition of pathology [3].

Detection of arteries and haemorrhage has been attempted with the aim of pre-
vention or early detection of vessel injury during surgery. Unsupervised algorithms
have been applied to this task using recognition of pulse frequency and colour [22—
24]. Garcia-Martinez et al. employed a computer vision algorithm to detect haemor-
rhage in an experimental setting achieving high specificity in the context of low
sensitivity [24]. Adams et al. have focused on detection of both visible and obscured
arteries for visual enhancement and greater surgical detection through coupling
their algorithms to a pulse oximeter, narrowing the frequency range of pulse detec-
tion and thereby removing false positives [22]. Akbari et al. coupled pulse oximetry
with visual data and was able to detect exposed arteries but was unable to outline
margins or categorie vessels [23]. More recent work has explored the assessment of
gall bladder wall vascularity using CNN as a surrogate for inflammation and surgi-
cal difficulty [25].

The classification of organs has been approached by several methods. Performance
was often greater in studies where fewer structures were to be detected. Both
Prokopetc et al. and Madad Zadeh et al. demonstrated high detection rates of the
uterus (95% and 97% respectively) [6, 26]. Madad Zadeh et al. demonstrated a poor
ovarian detection rate (29.6%) likely stemming from greater variation in location
and appearance as well as low representation in the training dataset [6]. Both
Petscharnig et al. and Moccia et al. attempted classification of multiple structures
with limited success [27, 28]. Moccia et al. achieved good results only with addition
of a confidence measure, and while they outperformed Petscharnig et al., their algo-
rithm was only applied to porcine models of laparoscopic surgery [27].

Segmentation of anatomy in laparoscopic images has also been explored. Hattab
et al. achieved accurate detection of the kidney boundary except in instances of
motion blur, obstruction by instruments or otherwise and by the presence of smoke
[29]. Similarly, Prokoptec et al. have achieved good detection of the fallopian tube/
uterine junction in the context of uterus detection [26]. Greater specificity is
achieved probably due to aiding localisation of the area of these landmarks.

Tokuyasu et al. employed an existing CNN to detect four important structures
during laparoscopic cholecystectomy, namely the common bile duct, the cystic
duct, a landmark of the liver called Rouviere’s sulcus and the lower border of the
left liver just adjacent to the gallbladder [30]. While average prevision (AP) was
relatively low (common bile duct: AP 0.320, cystic duct: 0.074, lower edge of the
left medial liver segment: AP 0.314, and Rouviere’s sulcus: AP 0.101), subjective
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Ground Truth Laparoscopic Image Prediction Abdominal Wall
Bowel and omentum
Gallbladder
Diathermy Hook Tip
Cholangiogram catheter
Johann grasper shaft
Johann grasper tip
Right lobe liver
Segment [V
Connective Tissue
Common Bile Duct
Cystic duct

Cystic artery

Duodeum

Fig. 6 Examples of computer-generated segmentation of anatomy and instruments from a laparo-
scopic cholecystectomy using DeepLabV3+ CNN

validation conducted by surgeons deemed that in 22 out of 23 videos had satisfac-
tory landmark identification. This CNN was trained and tested on non-complicated
laparoscopic cholecystectomy videos [30]. Only one study focused on classification
of structures within a specific context, namely tagging of different liver views [31].

Accurate detection and segmentation of anatomy is important in the develop-
ment of Al technology that can help guide surgeons and effectively warn against
inadvertent injury. Preliminary work has been successful but is hindered by a pau-
city of large, labelled datasets. This is compounded by dataset variations in tech-
nique, anatomy and pathological states between countries, hospitals, patients and
surgeons. International collaborations will improve the performance and generalis-
ability of these networks underpinning the development of effective clinical appli-
cations (Fig. 6).

5 Surgical Phase Recognition

Classification of laparoscopic surgery videos into pre-determined surgical phases is
another important application for machine learning. Accurate recognition of surgi-
cal phase can improve the workflow of the operating theatre through improved tim-
ing and anticipated staffing and equipment requirements. Anaesthetic use can be
minimised through improved prediction of surgical duration. Furthermore, video
documentation can be improved contributing to surgical training tools. Al powered
surgical phase recognition has been used in clinical products to catalogue and anal-
yse surgical videos for surgical training, research and the creation and maintenance
of catalogued surgical videos. This is one of the few areas where Al has been imple-
mented in clinical settings in laparoscopic surgery.
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5.1 Surgical Phase Recognition
in Laparoscopic Cholecystectomy

A number of studies have achieved surgical phase detection in laparoscopic chole-
cystectomy, often using pre-existing training datasets [3, 14, 32]. In addition to
CNN interpretation of visual data, several studies have employed additional inputs
to improve performance. Dergachyova et al. used both visual and instrument use
data as inputs, providing additional temporal information which improved the
detection of surgical phase [32]. Similarly, Jin et al. improved their algorithm with
the addition of a LSTM, outperforming Twinanda et al. on the Cholec80 dataset,
and openly available laparoscopic cholecystectomy video dataset [13, 33].

5.2 Surgical Phase Recognition in Other
Laparoscopic Procedures

Surgical phase recognition has also been applied to other surgical procedures such
as sleeve gastrectomy and colorectal surgery. Each of the studies involving sleeve
gastrectomy had very different approaches. Hashimoto et al. and Volkov et al. have
applied additional networks to CNNs for this task [34, 35]. Volkov et al. obtained
greater performance on their dataset, however the surgical phases all occurred in the
same order in each video, which may suggest the algorithm used by Volkov et al. is
not as variable and generalised. Surgical phase classification in colorectal surgery
had more variable results, probably due to the greater number of surgical phases and
variability between surgeons and operations and therefore the requirement of larger
training datasets. Jalal et al. demonstrated low performance in their use of AlexNet,
a CNN to classify sigmoid resection into ten phases [36]. Compared to Jalal et al.,
Kitaguchi et al. were able to obtain very high overall accuracy for the classification
of sigmoid resection into eleven phases [37]. This may be attributed to the use of a
light gradient boosting machine, an efficient machine learning algorithm based on
decision tree classification which enhances the classification accuracy of the
CNN. Additionally, Kitaguchi et al. had large annotated data sets in both of their
studies, which also may have contributed to their high classification accuracy
[37, 38].

6 Machine Learning Applications Specific
to Laparoscopic Cholecystectomy

Laparoscopic cholecystectomy has become a commonly used operation in the
exploration of machine learning applications due to its common performance and
therefore ample data availability plus the relatively standardised nature of the
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procedure. The use of machine learning in laparoscopic cholecystectomy has the
propensity to improve safety through improved anatomical structure identification,
the recognition of an unsafe line of dissection, early recognition of bile duct injury
(BDI), a major potential complication of cholecystectomy, improved recognition of
important steps and landmarks and through training and performance assessment.

Madani et al. designed three CNNs capable of demarcating the ‘go-zone’, ‘no-go
zone’ as well as achieving limited segmentation of anatomy (liver, hepatocystic
triangle and gallbladder) in laparoscopic cholecystectomy surgery [39]. These zones
constitute areas where ongoing dissection has a low risk or high risk respectively of
inadvertent injury to critical structures. The study was limited by the dataset with
the use of 10 randomly selected labelled frames per video. Furthermore, anatomical
recognition was crude and unable to identify finer structures and recognise anatomi-
cal variation. A heat map was employed based on correlation between indepen-
dently labelled images by a panel of surgeons. Each surgeon was asked to
independently assess their opinion on the ‘safe’ and ‘unsafe’ zone. Inevitably, there
was a degree of variability between each surgeon's assessment that was presented as
probability heat map. This provided a visual probability of each pixel belonging to
a zone rather than absolute demarcation of ‘ground truth’. This is a highly labour-
intensive process however and may not be suitable for the development of large,
broader datasets [39].

The work by Tokuyasu et al., as discussed earlier, demonstrates the feasibility of
a landmark identification system. The most common cause of BDI is misidentifica-
tion of biliary anatomy by the surgeon [40]. This is often due to lack of operator
awareness and error, anatomical variation between patients, gallbladder traction
altering the perception of the anatomy, and inflammation and scarring of the soft
tissue causing distortion of the anatomy [41]. This technology has the potential, not
only to aid the training surgeon in anatomical recognition, but also may aid the
experienced surgeon in interrupting unsafe plan continuation or tunnel vision and
confirmation biases underlying potential BDI [30]. Confirmation bias is a cognitive
error whereby one preferentially seeks information that supports what one thinks to
be the case and ignores information that suggests otherwise.

The use of the critical view of safety (CVS) has been an important development
in the safety on laparoscopic cholecystectomy [42]. The CVS is a goal of dissection
during a laparoscopic cholecystectomy where all connective tissues is cleared from
the area between the liver and gallbladder and the artery and duct to the gall bladder
are clearly and unmistakably defined. By achieving the CVS, the surgeon can be
confident that the perceived anatomical configuration is correct and that no inadver-
tent bile duct injury has or will take place. Mascagni et al. developed a computer
vision model capable of locating and labelling critical events during cholecystec-
tomy, in particular the CVS and cystic duct division to improve surgical documenta-
tion and reinforce the need for surgeons to achieve a satisfactory degree of
dissection [43].

Machine learning algorithms can also serve as an adjunct to interpretation of
intraoperative imaging, as demonstrated in Fig. 7. Automated interpretation and
documentation plus recognition of filling defects or presence of abnormal stones
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Cholangiogram catheter
Common Hepatic duct
Common bile duct

Cystic duct

Duodenum

Left hepatic duct

Right hepatic duct

Right anterior hepatic duct
Right posterior hepatic duct

Fig. 7 Machine learning segmentation of intraoperative cholangiogram performed as part of a
CNN. Colour overlay represents the CNN generated segmentation mask

and anatomical aberrancy in intraoperative cholangiograms is another promising
application of machine learning in laparoscopic cholecystectomy.

7 Challenges in Machine Learning
and Laparoscopic Surgery

While the field of machine learning in laparoscopic surgery has progressed consid-
erably, there remain considerable challenges. One major limitation is the size, vari-
ability, accessibility and quality of existing datasets for the training, testing and
validation of these algorithms. CNNs require large training datasets. The labelling
of these datasets is a labour intensive and time-consuming process. As described,
some existing studies have attempted to improve labelling efficiency by applying
weak labels, then training their algorithms to deduct the information that more
extensive labels would have provided [8, 12, 15, 16, 44]. This method however
requires larger datasets than fully supervised training and generally yields inferior
results in most applications. Many existing studies have used the same set of pub-
licly available datasets, limiting the applicability to other settings [13, 18]. The
availability of more high quality, multi-site datasets from a variety of procedures
and pathologies will improve the capabilities of machine learning in laparoscopic
surgery [2].

Another challenge is in consistency of data labelling and how to define the
ground truth. It is often not possible to accurately demarcate adjacent anatomical
structures, for example the point at which lower gallbladder becomes the cystic
duct. Similarly, the presence of adipose tissue, blood and fascia overlying structures
further complicates this. Furthermore, the notion of ground truth is contentious. The
source of ground truth in visual data is generally derived from human labelling and
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subject to an inevitable degree of bias. There will always be degree of interobserver
variability between labellers with inevitable inaccuracies within the training datas-
ets. Better defined methodologies and consensus for the labelling of ‘ground truth’
will improve datasets and in turn performance of ML algorithms. Furthermore, the
assessment of success of the validation of machine learning algorithms is not con-
sistent. An arbitrary threshold of 0.5 has been used by a number of studies for cor-
rect segmentation. While this is the accepted standard in the machine learning
literature more broadly, it is not validated for clinical and surgical applications [3].

The published work on machine learning laparoscopic surgery generally applies
to more straightforward operative cases on a limited number of surgical applica-
tions. While these provide important prototypes, the clinical value of these CNNs is
limited as it is in more complex surgical cases or in more advanced pathology where
effective machine learning algorithms are likely to translate to improved clinical
outcomes.

Finally, most of the aforementioned machine learning applications in laparo-
scopic surgery have not been applied clinically. Much of the recent work focusses
on methodology from a computational point of view. There is limited reporting on
surgical indications, pathological degrees, patient characteristics and surgeon pref-
erences. Furthermore, most studies are retrospective with significant heterogene-
ity with minimal data demonstrating Al in laparoscopic surgery leading to improved
clinical outcomes. A greater focus on clinical application, plus collaboration
between clinicians and computer scientists will be important in the further develop-
ment and translation of this technology.

8 Conclusion

The application of machine learning to laparoscopic surgery is a growing and prom-
ising field with the potential to revolutionise surgical practice. Applications have
included surgical tool detection and classification, anatomical structure classifica-
tion, landmark classification and surgical phase detection. These have been achieved
with varying levels of success. While some studies show high accuracy and preci-
sion in their algorithms to perform these tasks, none have applied them to real-life
surgical procedures. There also appears to be limited research in utilising these
methods in anatomical structure and landmark classification, identifying a need for
further study. The field is rapidly progressing with incremental improvements in
algorithm performance and novel applications being regularly published in the lit-
erature. As datasets are developed, labelling guidelines finetuned and international
collaborations are fostered, new clinical applications can be developed and vali-
dated underpinning advancement in laparoscopic surgery.
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