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Laparoscopy instrument tracking for single view camera and skill
assessment *

Benjamin Gautier, Harun Tugal, Benjie Tang, Ghulam Nabi, Mustafa Suphi Erden

Abstract— Assessment of minimally invasive surgical skills is
a non-trivial task, usually requiring the presence and time of
expert observers, including subjectivity and requiring special
and expensive equipment and software. This study develops
an algorithm for tracking laparoscopy instruments in the
video cues of a standard laparoscopy training box with a
single webcam camera and proposes new criteria to assess
skill level using the extracted tool trajectories. Instrument
tracking and assessment criteria together constitute a significant
step towards developing a low cost, automated, and widely
applicable laparoscopy training and assessment system using
a standard physical training box equipped with a webcam. The
developed visual tracking algorithm recovers the 3D positions of
the laparoscopic instruments tips to which simple colored tapes
(markers) are attached. The new assessment criteria are based
on frequency analysis and linear discriminant analysis of the 3D
reconstructed trajectories of the instruments. The performance
of these proposed criteria are compared to the conventional
criteria for laparoscopy training and demonstrated to be
superior on the data we have recorded from six professional
laparoscopy surgeons and ten novice subjects.

I. INTRODUCTION

Laparoscopy is a minimal invasive surgery performed in
the abdominal cavity with the most important advantage of
fast recovery of patients, compared to conventional open
surgery procedures . Using only small incisions the surgeon
is able to perform an operation such as removing damaged
organs or retrieving tissue samples for further analysis with-
out fully opening the abdomen [1]. However, this method
brings new challenges to the surgeon as it is more difficult
to perform than a conventional open surgery. The main draw-
backs are a reduced field of view due to the use of a single
camera view, a loss of depth perception, a less sensitive force
perception and inverted motions due to a rotation around the
insertion points [2],[3]. To adapt to those elements a surgeon
must carry out an intensive training, which is difficult to be
objectively assessed due to lack of consistent quantitative
measurements showing the level of technical skills attained
through training [4]. The aim of our research is to develop
a software to assess laparoscopy skills based on a single
camera video cue from a standard laparoscopy training box,
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Fig. 1: (a) Instrument detection, (b) Convex Hull area due to rope,
(c) Convex Hull area due to Instrument crossing, (d) out of the
frame (Filter prediction)

without any extra cameras or special sensors. A method to
track the tools in a training box might allow to automatically
use the available [4], [5], [6], [7], [8] and new criteria of
performance to be applied to the extracted trajectories to
indicate whether a surgeon has reached a sufficient level of
skill in a specific method. In this study we focus on intra-
corporeal wound suturing as this is one of the most difficult
procedures of the laparoscopy training [9], [10]. The suturing
method is mainly composed of four distinctive skills: two
different knot tying, needle set-up, and needle entering the
skin. Besides the instrument tracking algorithm, we introduce
new criteria of laparoscopy training performance that are
applicable to the extracted trajectories. We apply our tracking
algorithm and criteria to the video cues recorded with six
professional laparoscopy surgeons and ten novice subjects.
We demonstrate that the tracking algorithm successfully
extracts the instrument trajectories even in the presence of
occlusions and that the proposed performance criteria applied
on these trajectories are superior to the conventional criteria
found in literature.

II. MOTION MODELING

Our goal is to track the 3D tip point position trajectory of
the instruments in the training video cues. As seen in Fig. 3,
there are two instrument tips which sometimes occlude each
other in the video. Each of the instruments has four degrees
of freedom, all actively controlled by the subject. However,
in this study we track only the three degrees of freedom,
translational movements, and ignore the single degree of
freedom rotational movement around the shaft axis. This
is because, almost all of the performance criteria apply to
the translational movement trajectories and do not require



Fig. 2: Elementary displacement

the rotational movement around the shaft. The three degree
of freedom translational movement of the tip point can be
translated into other movement parameters, possibly some
of them defined as rotations around specified axes, such as
rotation of the instrument shaft around the insertion point.
In this study, we consider a rotation of the instrument shaft
with an angle α around the z axis, rotation with an angle β
around the x axis, and a translation of the tip point along
the instrument shaft in y axis, as shown in Fig. 2. These
three motion parameters can easily be translated into tip point
translation parameters along the three Cartesian axes through
straightforward geometric relations.

Lets consider R0 being direct orthonormal reference frame
parallel to the ground positioned at the instrument center
of rotation (COR) (the insertion point). A homogeneous
transform to pass from the COR to the tip of the instrument
is realized by multiplying the COR coordinates (x0, y0, z0)
with a homogeneous transformation matrix 0TF such that:
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where 0RF represents the rotation matrix and 0PF the
translation matrix to pass from R0 to RF .

0TF = Rot(z, αz) ·Rot(x, βx) · Trans(y, y0) (2)

III. INSTRUMENT MARKER DETECTION

Instrument detection is realized by tracking the colored
tapes attached to the end of both instruments. In our study,
the use of such markers are justified as they are easily
applicable to any such training laparoscopy instrument and
they do not impact the performance of the subject.The colors
of the tapes are chosen to be easily separable from the
background and each other in a hue saturation value space.
For instrument detection the following steps are used:
• HSV decomposition
• First approximation of ranging the HSV image
• Finding the contours
• Detecting the largest contour
• Identifying a region of interest around the detected contour
• Refining the ranging if the object is over the colored pad
• Regrouping separated parts using Convex hull

• Hough line detection
• Corner retrieval from votes and distances.

As all these are well known techniques in literature, we
will not explain them in this paper. We will note however
that, what we have performed in this study is adapting
these techniques and integrating them effectively to solve the
specific detection challenges in the context of a laparoscopy
training practice. For example, and specifically, the method
we have developed allows detection of an object even if parts
of it are separated from each other, which can happen in our
tracking in two distinctive cases: when the rope is wrapped
around the instrument over the tracked marker and when one
of the instruments hides part of the tracked marker (Fig. 1)

IV. INSTRUMENTS TRACKING

Our tracking algorithm retrieves the depth information by
making use of the circumference of the markers in the 2D
image, as will be explained in Section V. Therefore, detect-
ing the markers is not sufficient as partial or full occlusion of
the marker corners poses a problem for tracking. An obvious
example of this problem is demonstrated in Fig. 3b (stage 2
and 4) where the top and bottom of the markers are hidden.
In this scenario the above-mentioned algorithm will return
set of non-informative four labeled corners leading to a false
depth estimation as these corners do not correspond to the
actual corners of the marker. In order to track the markers
in such cases, a Kalman filter return a position estimation
of the instruments when a correct corner detection is not
possible. For this method we ensure that there is sufficient
frames per second as the Kalman filter relies on the past
frames to estimate the location of corners on the current
frame. The Kalman filter implementation is a standard one
where the estimation of the next position of the instrument
is based on a corrector and predictor equation [11]. The
corrector will use the previous measurement to update the
model and the predictor will estimate the next position using
the error covariance of the model. In our application, we use
the Kalman filter estimation only when there is an occlusion
of some marker corners. Deciding when to switch between
actual detection and Kalman filter prediction on the fly is
not a trivial task. Usually the algorithm that detect occlusion
uses the geometric properties of the object and therefore are
computationally expensive. In this study a different approach
is developed using the specificites of the laparoscopy training
environment and specifically the distance between the two
instruments is considered to decide on the presence of
occlusion. The markers can be occluded in the laparoscopy
training context by two means, the first one being by the
crossing of the instruments and the second one being the
instrument leaving the field of view. For the first one our
method relies on the detection of the two instruments being
close enough for one of them be occluded by the other, by
computing the minimal distance between a detected segment
and the line formed by the other segment or the tip of the
other instrument, using the following formulas:



Fig. 3: (a)distance between instruments, (b) crossing between
instruments

sign(DSj |Li
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where ai and bi are the parameters of the line Li|i=1,..,4

and (xmj
, ymj

) is the middle point of a given segment Sj

as described in the Fig. 3 a.

Knowing the distance between the tools and the estimated
position of an instrument in the next frame, it is possible to
detect when a tool is occluded. In such cases the Kalman
filter estimation is used. Furthermore, in order to reduce the
use of the Kalman filter prediction, it is possible to detect
the instances when recovery of the actual corners of markers
can be performed during the occlusion of the marker body.
In the Fig.3b we can see that during stage 3, the corners
of the markers can be completely recovered. Such detection
and use of actual corner positions also update the Kalman
filter to be more accurate. The other situation that require the
Kalman filter estimation is when one of the instruments goes
out of the video frame which can be simply estimated and
detected using the minimal distance between the previously
detected location of the instrument and the borders of the
image frame. For such cases, the Kalman filter estimation is
directly used.

V. DEPTH ESTIMATION

A major challenge with a single camera tracking is esti-
mation of the depth of the tracked markers. We reconstruct
the 2D earth position information from the 2D Camera
view following standard methods [12]. We estimate the dept
using the difference in circumference of the detected marker
polygon between successive frames.

D =
Ptool|real

P̂tool|img

(4)

Ptool|real
represents the actual perimeter of the marker and

Fig. 4: (a)Left: Image view / Right: Estimated / α representation,
(b) Depth estimation / β representation

P̂tool|img
represents the computed perimeter in the image.

This method is consistent with our problem as the cylin-
drical shape of the object always returns a quadrilateral
shape where the perimeter can be extracted; furthermore, the
relation between the 2D top view of the object in the image
and its actual 3D view allows to retrieve a depth estimation
as well as the angle β (Figure 5) . This method relies on
triangle similarity for which an estimate of the marker shape
is required. In order to remove the implication of β we use
the length C (Fig. 4) and reshape the marker to create a
rectangular shape. By knowing the ratio, A/C of the real
marker, we define the new perimeter as 2C · 2Â where Â is
the estimate of A such that Â = C · ratio. This method is
highly sensitive to noise and will give non-accurate results
as the length C is dependent to noise in the detection. An
estimated value for C is then implemented using the property
of the marker. Whatever the shape of the polygon is, the
detected segments C and B must remain parallel, the angle
ĈA, ĈD should be equal and the angles B̂A, B̂D should
also be similar. Using those properties, we can reshape C
into Ĉ and apply the ratio r to find an accurate perimeter
for the instrument in each frame.

Using this depth estimation and the model depicted in
Section II it is possible to find the center of rotation (COR)
of the instruments. Finally, the tip point of the instrument is
retrieved using a homography transform of the tip position
from frame to frame based on the shape of the detected poly-
gon filtered with the Kalman filter. This method assumes that
the distance between the tape and the tip of the instrument is
known in pixel in the first frame. To do so we imposed the
same depth starting point for every subject (both instruments
need to touch the ground in the center of the pink tissue) at
the start of each video recording.

VI. VERIFICATION OF THE INSTRUMENT TIP
POSITIONS TRACKING

We have tested the tracking algorithm, specifically the
depth estimation, on different known objects before applying
it to the actual videos of suturing with professional and
novice subjects. A sample verification experiment is shown
in Fig. 5. In this experiment we have traced the tip of the
instruments along the edges of a box and compared the
tracked trajectories with the actual dimension of the box.
It should be noted that, the errors presented here include
both the errors of tracking and the error of hand movement



Fig. 5: (a) Tracking of the instrument, (b) Reconstruction of
the box with camera rotation considered

Fig. 6: Mean error from the ground truth for the red box along
every axis.

in tracing the edges of the box.

The measures similar to those in Fig. 6 show that for this
box the error is less than 1 mm along x axis, 1.5 mm along
the z axis and 0.5 along y axis, with a larger error in one of
the segments for the y axis of 3mm due to a human tracking
error. These measures indicate that the tracing error due to
our algorithm is in the range of 1 mm and guaranteed to
be less than 3mm in any given instant. This error margin is
sufficient for our purposes as the performance criteria used
in assessment of skill level in laparoscopy training require
continuous segments of trajectories in large time intervals
rather than precise positioning in specific instances.

VII. DATA COLLECTION FROM PROFESSIONAL
SURGEONS AND NOVICE SUBJECTS

Six professional surgeons (male) participated in the experi-
ments in the Cuschieri Skills Centre at University of Dundee.
Ten novice subjects (5 males and 5 females) took part in a
five weeks long training program, where experiments and
measurements of 6 hours in total per participant took place
in Week 4 (W4), Week 5 (W5), and at the end of the
experiment (W6). For the purposes of current paper, Weeks
1-3 were considered to be a training period. In this study
we used the videos recorded in Week 4 and Week 5 . All
the novice subjects were recruited among the PhD students
of the Institute of Sensors, Signals, and Systems at Heriot-
Watt University, on a voluntary basis. The novice subjects
did not have any prior experience on laparoscopic operation
and they used the MIS training setup for the first time during
our experiments. The experiment was approved by the Ethics
Committee of the Heriot-Watt University. All the participants
were provided with an information sheet, and they gave their
informed consent prior to the experiments. In this study we
focused on the suturing and knot tying procedures, which
are considered to be among the most difficult in laparoscopy

Fig. 7: (a) Novice trajectory of the right-hand (driver, in blue) and
left-hand (receiver, in red) instruments, (b) Professional instruments
trajectory with the same color coding.

[9], [13]. The procedure was composed of:
• Bringing the tool tips to the middle of the screen (same

starting position for all subjects) before the start,
• Grasping the needle and entering the skin on the upper

part of the suture as a first step,
• Making the first knot
• Performing six sutures on the suturing line (same number

of crossing the suturing line)
• Making the last knot.

During the experiments we instructed the subject to make
sure that they all follow the same steps and similar/compa-
rable trajectories (for example, we did not allow giving a
break while doing the sutures or arbitrarily moving the tools
for any purpose other than fulfilling the task).

VIII. SKILL PERFORMANCE CRITERIA AND
APPLICATION TO THE TRAJECTORIES

We applied our explained tracking algorithm to the col-
lected video cues and successfully extracted automatically
six professional versus ten novice instrument trajectories
from the video cues of the suturing exercise. Fig. 7 shows
sample tracked novice and professional instrument trajecto-
ries in 2D for the right-hand instrument (driver, in blue) and
left-hand instrument (receiver, in red).

In order to perform skill assessment we computed various
skill performance criteria, some derived from the literature
and some developed by ourselves, to the extracted trajecto-
ries. The conventional performance criteria that we applied
were derived from [8] and are shown in the upper half
of Table I, separated from the lower half with a double
line in between. The purpose of this study was to find a
set of discriminative features that make a clear distinction
between professional and novice subject performances. For
each criterion we computed the corresponding mean for
the three groups Novice Week 4, Novice Week 5, and
Professionals and searched for a threshold value to clearly
distinguish between novice and professional performances.
If we found a threshold value for a criterion, we considered
that criterion to be successful for assessment of the skill. As
observed in the upper part of the Table I, the conventional
criteria from the literature did not produce discriminative
thresholds for our dataset, except for the time required to



TABLE I: Criterion comparison

fulfill the suturing procedure. This result is due to the high
sensitivity of those criteria to different techniques used by the
subjects. For example, pulling the rope out of the suturing
line can be made by pulling with the left instrument or
by pulling with the right while rotating around the left. In
this case the maximal distance between the instruments will
change and be irrelevant to distinguish between the profes-
sionals and novices. Thus, we searched for new methods that
could be applied to trajectories resulting from such different
techniques.

A. Frequency analysis

The extracted instrument movement trajectories can be
considered to be composed of two elements as an intended
Trajectory (Ta) and unintended Tremors (Tr) such that
• Ta corresponds to low frequency components (smooth

movements)
• Tr corresponds to high frequency (undesired) components.

We differentiated between these two components for each
tracked trajectory and investigated whether we could find
features of these separate components to distinguish between
professional and novice performances. Thus, our goal was to
show that Ta for professionals was more concordant between
each other and the ratio Ta over Tr for non-professionals
was smaller (implication of presence of more tremors in the
overall trajectory).

B. Low frequency analysis (Ta)

The first step was to compare the Ta of pairs of profession-
als, pairs of non-professionals, and between professionals
and non-professionals to see if a similarity measure could
be extracted. To compare them we applied a hard thresh-
olding scheme in the Fourier domain (assuming the signal
S ∈ L2(R)) to only keep the low frequencies supposed to

Fig. 8: (a)- Signal in time domain, (b)- frequency representation of
the signal, (c)- Low-pass filtered signal in frequency domain, (d)-
low-pass filtered signal in time domain

correspond to Ta. Then we applied a zero-padding to the
signals to match their sizes. Finally, we reconstructed the
filtered signals with an inverse discrete Fourier transform
and compared them in time space. Fig. 8 depicts an original
signal, the extracted low pass window in frequency domain,
the omitted high pass component in frequency domain, and
the reconstructed time domain signal after low-pass filtering.
We performed these steps with varying cutoff frequencies
of the low-pass filter in order to find the optimal cutoff
frequency to result in the best similarity on the reconstructed
professional signals. Comparing the correlation between the
different signals and different filtering we where able to de-
fine a cut-off frequency highlighting the difference between
individuals. Tremors are involuntary shaking motions linked
to an individual (age, level of stress) and thus should not
correspond to any similarity between the test subjects. It
is also important to notice that the subjects were asked to
perform the same operation. Using those two information, the
cut-off frequency computed defines a separation between Ta
and Tr. The value of this cut-off frequency was computed
using the maximal of the integral of the correlation between
sets of signals and was set to be over 0.3Hz as explained
in [14]. The cut-off frequency for the left hand is found
at 0.6Hz in Y direction and 0.7Hz in X direction. For the
right hand the cut-off frequency is found at 0.7Hz in Y and
0.5Hz in X. Using the reconstructed trajectory of the low-
passed filtered signals we applied a MSE to measure the
similarity in between professionals and between professions
and novices. These similarity measures were computed as the
mean of the MSE of each couple of samples to be compared
within these groups (in X and Y directions):

MSEX =
2

K · (K − 1)

K−1∑
i=1

K∑
j=i


√∑N

n=1(XSi
[n]−XSj

[n])2

N


(5)

where Si and Sj represents different signals. K is the
number of signals we are comparing. A similar equation was
used to compare two different groups:

MSEX =
1

K ·M

K∑
i=1

M∑
j=1


√∑N

n=1(XSi
[n]−XSj

[n])2

N

 (6)

where M is the number of signals in the second group.
Based on the results we obtained we defined thresholds such



Fig. 9: mean of the Gaussian distributions of tremors for the left
instrument (a), and right instrument (b) in Y .

that if the error between a new trajectory and the set of
professionals is lower than 0.004 in X and 0.02 in Y , the new
trajectory is considered to belong to a professional practice.
When this criterion was applied, as seen in the lower part of
Table 1, we could identify a clear threshold that distinguishes
between all of our professional and novice performances.

C. High frequency analysis (Tr)

The second part of the frequency analysis is the analysis
of Tr [15]. In order to study the tremors, we applied a
high pass filter using the frequency thresholds retrieved in
the previous analysis to generate only the high frequency
components of the trajectories supposed to represent the
tremors. Then we compared the variances for professionals
and non-professionals. The mean of the recreated signal after
high-pass filtering is zero as the mean is filtered-out.

The curves in Fig.9 shows that the variance of the profes-
sional tremors is lower than the one for non-professionals
along the Y axis for the left instrument. Along X axis,
however, in contrast to our expectations, our results shows
a consistently higher variance in high frequencies for the
professional compared to the non-professionals. This result
needs further investigation of why there are such unexpected
but consistent high frequency movement components with
the professionals in this specific direction.

When this criteria was applied on our dataset, as seen in
Table I, we were able to find a clear threshold for the move-
ment in Y direction of both right and left-hand instruments
that clearly distinguished between all professional and novice
performances. The analysis along the X axis did not produce
a distinguishing threshold, as also indicated in Table I.

D. Linear discriminant analysis on the instruments

The last method we develped made use of the workspace
of instrument tip movements and sought for a separation
between the workspace of the right and left-instruments.
For each performance, we found the most discriminative
line separating the two-instrument workspace throughout the
video by using a linear discriminant analysis (LDA)[16],
[17]. Afterwards we analyzed the probability density function
of the tip point positions across the two sides of this pre-
identified separation line for each performance. The results
indicated that the professional surgeons had a clearly distinct

Fig. 10: (a) LDA line (green) pro instruments, (b) LDA line
(green)novices instruments , (c) PDF pro, (d) PDF novices.

workspace for the right and left-hand instruments, whereas
the novices intruded much more to the workspace of one
hand with the other hand instrument. With this observation
we were able to define a new criterion of comparison.

By comparing the intersection area under the curve of
the probability distribution functions of professionals and
novices and by taking the worst case for the professionals
(maximal area crossing) and the best case for novices (min-
imal area crossing) we would define a threshold that allows
us to detect if any given instrument trajectory belongs to
a professional or novice performance. The worst case for
the professionals gave a crossed area of 0.2934 and the best
case for novices gave 0.4644. As indicated in Table I, this
criterion was also fully successful to discriminate between
all of the professional and all of the novice performances.

IX. CONCLUSION

In this paper a 3D instrument trajectory tracking is devel-
oped for single camera laparoscopy training boxes in order
to be able to compute skill performance criteria for training
and assessment purposes. Applying the criteria available in
the literature to the trajectories extracted with our tracking
algorithm, it was not possible to achieve discriminative
features to classify a performance to belong to a novice or
a professional. The only criterion from the literature that
could achieve this was the total time, but we did not find
this criterion to be applicable alone as it included almost
no feature regarding to the performance itself. Therefore,
new performance criteria were proposed and demonstrated to
perform superior to the conventional criteria on our collected
dataset. The dataset was collected through training exercises
with expert laparoscopy surgeons and novice subjects.

This paper introduces three new comparison elements
based on frequency analysis and linear discriminant analysis
to classify extracted instrument trajectories from video cues.
The new methods use threshold values to discriminate be-
tween the groups as professionals or novices. Those criteria
are applicable with the instrument tracking algorithm we
have developed. The tracking algorithm and performance
criteria developed in this study together pave the way towards
a low cost, practical, and self-used training and assessment
system applied with standard and single camera laparoscopy
training boxes.
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