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ABSTRACT Box trainers are widely used for laparoscopic skills training due to their ease of setup and
realistic tool-tissue interaction. Automating skill assessment on these systems can enhance training by
reducing analysis time and eliminating subjective evaluations. Achieving this requires accurate real-time
estimation of the instrument tooltip’s three-dimensional (3D) pose. However, existing methods either depend
on additional sensing hardware, which introduces ergonomic challenges, or lack real-time capabilities. A
modular architecture has been developed for estimation of an instrument’s tooltip pose from video frames
acquired during laparoscopic training. Our method incorporates a GPU-based algorithm that takes input from
a customized deep learning model (YOLOV7), detects the edges of the surgical instrument, and computes
tooltip’s 3D pose. Additionally, an automated 3D-pose dataset generation technique is introduced to generate
datasets for training the model. Our method was evaluated using a vision-based tracking experiment,
achieving 3D positional errors of 0.72 mm, 0.88 mm, and 3.81 mm over the X, Y, and Z-axes, and an
orientation error of 5.65° with an end-to-end latency of 144 ms and sustained real-time throughput of 11.4
frames per second (fps). The proposed method enables accurate estimation of laparoscopic instrument tooltip
poses without the need for additional hardware or markers. This work represents a significant step toward

automated skill assessment in laparoscopic training using box trainers.

INDEX TERMS 3D Pose Estimation, Laparoscopic Simulators, Real-time Instrument Tracking

I. INTRODUCTION

APAROSCOPIC surgery is considered an evolution of

conventional open surgeries due to several advantages
such as reduced invasiveness, lower post-operative pain, min-
imized blood loss, scarring, infection rates, shorter hospital
stays, and quicker recovery times [1]. It is performed within
the abdominal cavity using elongated surgical instruments
and an intra-corporeal scope camera. An inflated working
space is generated within the abdominal cavity by infus-
ing CO5 gas, and the patient’s anatomy (captured by the
scope camera) is visualized on an external monitor. The
surgical instruments and the camera are introduced through
small incisions via cannulas (or trocars), and the miniaturized
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tooltips allow the surgeon to manipulate the patient’s internal
anatomy, dissect, ablate and suture tissues [2].

However, such advancements pose new challenges to sur-
geons. Laparoscopic procedures are limited by reduced field
of view due to the single camera, loss of depth percep-
tion, inverted motions caused by pivoted rotation around the
incision (also called the fulcrum effect), and amplification
of normal hand tremor at the tip of long instruments [3].
Moreover, they demand specific laparoscopic psychomotor
skills and hand-eye coordination in addition to skills required
for open surgery, such as knowledge of anatomy, pathology,
and surgical techniques. Hence, to reduce surgical errors and
improve outcomes, surgeons must undergo extensive training



IEEE Access

Shabir et al.: 3D Pose Estimation of Laparoscopic Instruments

in acquiring laparoscopic skills, including the precise motion
of surgical instrument tooltips while operating on the tissue
at the surgical site.

Training for laparoscopic surgery typically follows either
the traditional apprenticeship model [4] or simulation-based
methods using box trainers or virtual reality (VR) simulators
[51, [6], [7]. Unlike the apprenticeship model, simulation-
based training offers several advantages, such as the ability
to rehearse outside the operating room (OR), reduced ethical
concerns and risk to patients, longer training periods, and ex-
posure to a wider range of surgical tasks [8]. It has been shown
that simulation-based training methods improve laparoscopic
skills [9], which are transferable to the OR [10]. Among
simulation-based methods, box trainers offer a low-cost alter-
native to VR simulators. A typical box trainer setup consists
of a sealed box with entry ports, a tissue phantom, laparo-
scopic instruments, and an RGB camera (with an integrated
light source) connected to a laptop for visualization. Due to
ease of setup and realistic tool-tissue interaction, box trainers
are widely used in surgical training. However, skill evaluation
on box trainers has traditionally been performed manually by
analyzing captured video using procedure-specific checklists
and global rating scales. This makes skill assessment time-
consuming and expensive [11]. Thus, automating skill assess-
ment on box trainers has the potential to reduce the analysis
time, eliminate subjectivity in human judgement, and allow
expert surgeons to more efficiently assess trainees.

Automated skill assessment using box trainers is typically
performed by employing external devices, such as sensors
(optical or electro-magnetic) or cameras (RGB or depth), to
measure laparoscopic tooltip motion in three-dimension (3D)
space. A common approach is to analyze the collected tooltip
motion data and calculate descriptive metrics, such as path
length, smoothness, and curvature of instrument trajectories,
to estimate the surgical skill of the trainee [12], [13]. In
general, the motion of the laparoscopic instrument tooltip
in 3D space forms the basis for all other derived metrics.
To track laparoscopic instrument tooltip movement in 3D
space, most approaches require either additional hardware-
based systems (such as optical, electro-magnetic, or depth-
based tracking systems) or attaching color-based or pattern-
based markers to the laparoscopic instrument. This requires
additional equipment installation with the box trainer, impose
ergonomic challenges, or necessitates modifications to the
surgical instruments and operative field. Machine Learning
(ML)-based approaches, which rely solely on processing
video frames acquired from the scope’s RGB camera, have
the potential to overcome these challenges. However, they
are constrained by the limited availability of training datasets
containing 3D position and orientation (pose) information of
laparoscopic instruments and estimation techniques capable
of predicting 3D poses in real-time.

In this work, we introduce a 3D pose estimation method
that mitigates the need for hardware-based or marker-based
instrument tooltip tracking. The main contributions of this
work are outlined below:
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1) A modular architecture for real-time estimation of in-
strument tooltip poses from video frames acquired dur-
ing laparoscopic training scenarios.

2) A GPU-based algorithm that takes input from a cus-
tomized ML model, detects edges of the surgical in-
strument, and computes the 3D pose of the tooltip in
real-time.

3) An automated 3D-pose dataset generation technique.
The dataset comprises videos depicting laparoscopic
instrument movement in 3D space inside a box trainer
and their corresponding poses relative to the scope
camera. We will make this research dataset publicly
available to the broad research community upon pub-
lication.

Il. RELATED WORK

Existing 3D pose estimation methods for surgical instru-
ment tooltips can be broadly classified into sensor-based
and vision-based techniques. However, these approaches of
localizing and estimating 3D poses face several restrictions
when translating into practical applications for laparoscopic
training. In this section, we discuss existing efforts and the
challenges they encounter in 3D pose estimation. In the case
of vision-based techniques, we also highlight the lack of much
needed training datasets for developing ML models tailored
to laparoscopic training environments.

A. SENSOR-BASED TECHNIQUES

Optical tracking uses retroreflective markers to determine an
object’s pose, but it requires an uninterrupted line of sight,
and its accuracy varies across the tracking volume. In la-
paroscopic training, the instrument tip is often hidden within
a cavity, preventing direct tracking. Therefore, markers are
placed on the instrument handle [14]. However, this approach
requires non-trivially translating the handle pose to the tip
pose, and even slight shaft bending significantly reduces the
accuracy.

Electromagnetic (EM) tracking determines the 3D pose of
a wired sensor using a magnetic field generated by a field
generator. These EM sensors are attached to either instrument
handle [15] or near the distal end [16] to track the tooltip’s
movement during laparoscopic training. While EM tracking
avoids line-of-sight issues [17], its accuracy is affected by
magnetic field distortions caused by nearby ferromagnetic
objects, including laparoscopic instruments. Inertial sensors
are also used to track the motion of laparoscopic instruments
but require extensive calibration steps to be used within a
box trainer [18]. Time-of-Flight (ToF) sensors track surgical
instrument motion in 3D [19]. However, ToF sensors rely
on a flat surface for emitted pulse rebound, necessitating the
addition of an external disk to the instrument shaft.

Other sensors have also been explored. LeapMotion uses
multiple infrared (IR) cameras and LEDs to project struc-
tured IR light patterns onto the laparoscopic instrument, an-
alyzing the deformation in the pattern to determine the 3D
pose [20]. Similarly, a combination of the Microsoft Kinect
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and colored markers placed on laparoscopic instrument en-
ables 3D pose detection [21]. Another approach increases the
number of scope cameras to capture laparoscopic instrument
motion from different perspectives [22]. Although precise,
these sensor-based methods require installation of additional
expensive hardware and pose ergonomic challenges during
instrument handling [23].

B. VISION-BASED TECHNIQUES

1) Computation Techniques

Vision-based techniques use computer vision and image pro-
cessing to compute the 3D poses of surgical instruments from
the video frames acquired by the scope camera. Most of
these techniques rely on attaching a color-based or pattern-
based marker to the distal end of the laparoscopic instrument.
Examples of such markers used during laparoscopic training
include equally spaced round-strip markers [24], [25], unique
solid-colored tapes [26], cylindrical marker with a unique
pattern [27], [28]. These techniques typically require manual
modifications to instruments, which are not strictly repro-
ducible and may suffer from human errors.

Another category of vision-based techniques involves
aligning a 3D virtual model (e.g., a CAD model) of the
instrument tooltip with their corresponding video frames to
estimate the poses [29], [30]. While effective, such techniques
require prior availability of 3D models and knowledge of
tools, limiting their versatilities. Additional techniques rely
on geometric constraints and gradient-based features to local-
ize tooltip poses [31], [32]. However, these techniques often
require knowledge of the insertion point, and the gradient-
based features of tools tend to blend with the background,
making these image processing methods unreliable for real-
time implementation.

2) Learning-based Techniques

Traditional learning-based techniques heavily depended on
hand-crafted, color-based, or texture-based feature descrip-
tors of surgical instruments to train computationally intensive
algorithms like support vector machines, random forests, and
decision trees [33], [34], [35]. However, these techniques
were not only limited by their lack of real-time performance
but also by poor robustness to variations in colors, lighting,
and the presence of complex tissues, restricting their applica-
tion to pose estimation in 2D space.

To overcome such limitations, the focus has shifted toward
deep learning (DL). Most DL techniques utilize Convolu-
tional Neural Networks (CNNs) to automatically extract ro-
bust image features, eliminating the need for tedious feature
engineering processes [36], [37]. Zhao et. al. [38] proposed
a 2D shaft and end-effector tip estimation mechanism based
on instrument edge-line extraction using CNNs, followed
by 3D pose estimation. However, their work relied on pre-
determined 3D position of the instrument’s insertion point
and does not demonstrate real-time capabilities. Hasan et. al.
[39] proposed a DL-based technique with one encoder and
multiple decoders to detect tool existence, followed by direct
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regression of the geometric primitives of the laparoscopic
shaft from input video frames. The 3D pose was estimated
from the extracted geometric primitives. This study achieved
good performance on in-vivo data; however, the results were
evaluated over a subset of 32 image frames selectively chosen
based on acceptable reprojection errors. Although the pro-
posed model was lightweight, it was not evaluated for real-
time performance. Gerats et. al. [40] proposed a method using
neural field representations of surgical instruments, enhanced
by OmniMotion [41] and class weighting for 3D depth esti-
mations of laparoscopic instruments from monocular videos.
However, their method does not estimate poses in all 3D
dimensions and is based on generated pseudo-depth of the
instruments, which are approximations derived from scene
reconstructions. Several other attempts at instrument pose
tracking based on DL have shown promising results [42],
[43], [44], but they are either limited to 2D space or focus on
robotic instruments with articulated tooltips and stereo vision.

C. TRAINING DATASETS

For ML-based 3D pose estimation of laparoscopic surgical
tools, the requirement is a well-annotated, reliable dataset for
training and evaluation. While there is a plethora of datasets
for robotic surgeries, limited data are available for manual
laparoscopic surgeries. Existing laparoscopic datasets include
2D manually annotated datasets for laparoscopic tool pres-
ence classification [39], [45], tool mask segmentation [46],
[47], tool type, surgical workflow, phase, and action recog-
nition [37], [45], [48]. Recently published datasets, such as
Cholec80-locations [37] and CholecT50 [48], include laparo-
scopic tool detection data with 2D bounding boxes around
the tooltips. Additionally, the ART-Net dataset [39] includes
images with precise locations of manually annotated laparo-
scopic instrument shaft tips. However, these datasets are lim-
ited to 2D annotations and do not include 3D ground truth
poses of the instruments. To overcome the challenges related
to the lack of datasets, this work proposes an automated 3D-
pose dataset generation technique, which generates datasets
containing 3D pose annotations for laparoscopic instruments
used in box trainers.

Ill. MATERIALS AND METHODS

Estimation of the instrument’s tooltip poses from video
frames is implemented as a pipeline comprising multiple
modules. Section III-A provides an overview of the pose
extraction pipeline, while Section III-B explains the func-
tionality of each module in detail. Section III-C describes
the implementation of parallelization within the pipeline. The
experimental setup used to evaluate the pipeline is presented
in Section III-D.

A. MODULAR ARCHITECTURE

The architecture of the proposed pose extraction pipeline is
shown in Fig. 1. The pipeline takes video frame F(¢) as input,
processes it through five sequential modules, and outputs the
estimated tooltip pose. We use the naming convention X(¢)
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FIGURE 1. (a) Architecture of the proposed pose extraction pipeline comprising of five modules. (b) Points detected by the pixel detection module on the
surgical tool shaft. (c) The contour of the surgical tool shaft generated by the contour detection module. (d) Endpoints of the left and right line segments
representing the edges of the surgical tool shaft generated by the edge detection module. (e) The tooltip detected by tip detection module in the image

frame.

€ R3 where X(¢) is a vector representing a 3D point at
time instance t, measured with respect to a camera-frame
coordinate system. The Z axis of the coordinate system is
orthogonal and pointing towards the video frame plane, while
the X and Y axes are same as the video frame plane. Within
each module, if required, X (#) can be projected onto the video
image plane and its corresponding pixel can be retrieved on
the video image to enable image processing. The tooltip pose
is defined by a point X, (#), representing the position of the
tooltip shaft, and a vector n;(¢), indicating its orientation.
Both X;,(7) and n, (r) are measured with respect to the refer-
ence frame of the scope camera. Each module of the pipeline
is implemented as an independent thread running in parallel.
The data transferred from one module to another is stored in
a deque, with a constant length. The design ensures that each
module processes data as soon as it becomes available and
passes itimmediately to the next module, ensuring an efficient
and uninterrupted flow of data throughout the pipeline.

The pixel detection module receives the image frame F(t)
from the scope camera, processes the image using DL tech-
niques (described in Section III-B1), and detects two pixels
which are converted to the points X1 () and X2 () on the
video image plane. The module also detects up to three
additional collinear points, X;(z) where 3 < i < 5, along
the midline of the tool. These points form an approximate
midline of the tool (shown in Fig. 1b). Points X;(#) and
X (t) are sent to the contour detection module, while all
the points are sent to edge detection module. The contour
detection module processes the image frame F(¢), extracts the
pixels outlining the surgical tool shaft, and stores it in a binary
image frame F’(¢) (Fig. 1c). The module operates under two
modes, as described in Section III-B2. The edge detection
module uses the binary image frame F’(¢) along with five
points X;(¢) (where 1 < i < 5) to compute the edges of the
surgical tool shaft in the image frame, represented by two line
segments with endpoints X 7, (?), Xy gase(t), and Xg.7j, (1),
Xg-pase(t) (shown in Fig. 1d). A shift-rotate-search algorithm
(described in Section III-B3) is implemented on a GPU to
compute these lines segments. The line segments, along with
binary image frame F'(¢), is fed to the tip detection module,
which computes the tip X7, (¢) of the tool shaft in the image
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(Fig. 1e). The details of the tip detection module are presented
in Section III-B4. The tip X7, (¢), along with the left and
right line segment endpoints, are then fed to the last 3D pose
estimation module in the pipeline. This module (described in
Section III-B5) computes the pose of the tooltip and returns
Xrip(t) and ny (1).

B. MODULES

1) Pixel Detection Module

The pixel detection module detects up to five collinear points
on the video frame F(¢), starting from the tip of the tool and
extending along its midline. A deep learning-based model
was trained on our proposed dataset to detect two points
X, () and Xz(t), and three additional points X;(¢), where
3 < i < 5, depending on the length of the instrument visible
in the frame. We formalize the pixel detection problem as a
supervised multi-output regression problem, where the input
is the video frame F(r), and the output includes n pixel coor-
dinates (x;,y;) € R%fori =1,...,n, where 2 < n < 5. The
model was based on YOLOv7 [49] object detection network,
where bounding box regression was modeled as an accurate
pixel regressor.

The data generation process was automated using a robotic
manipulator. A laparoscopic instrument was mounted to the
end effector of a URS5e robotic arm (Universal Robots —
Denmark) using a 3D-printed instrument adapter (Fig. 2a).
Alongside the laparoscopic instrument, three scopes were in-
serted into a box trainer lined with a monochromatic screen. A
tissue phantom was placed inside the box trainer, and a marker
(developed by [27]) was attached to the tooltip of the laparo-
scopic instrument (Fig. 2b). Three different scopes were used
to acquire the motion of the laparoscopic instrument with
respect to the tissue phantom from different viewpoints. The
marker provided the position and orientation (pose) of the
tooltip relative to the camera.

A pre-defined motion of the laparoscopic instrument was
generated using the ROS platform based on our previous work
[50]. The motion enabled the tooltip to traverse a path inside
a cube (6 x 6 x 6cm®) while maintaining a remote center
of motion at the incision point on the box trainer (Fig. 2c).
The path was discretized into waypoints for the movement
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FIGURE 2. (a) Setup used for data collection process, comprising of laparoscopic instrument attached to a robotic manipulator, three scopes, and a box
trainer. (b) Inside of the box trainer with a tissue phantom placed on a monochromatic screen. A visual marker is attached to the tooltip of the instrument.
(c) Path traversed by the tooltip while maintaining a remote center of motion at the incision point. (d) Sample of images in the collected dataset
comprising four different tissue backgrounds from the three scope cameras. Each background consists of images with tooltip jaw in both open and close

state.

of the tooltip. At each waypoint, three images were acquired
using the scope cameras. The robot controller executed the
motion twice: first with the marker attached to the tooltip,
and then without it. During the first motion, the pose of the
tooltip relative to the camera was recorded for each frame.
In the second execution, the poses computed from the first
motion were mapped to the corresponding images acquired
during the second execution. This dual-step execution pro-
duced images of the tool without the marker while retaining
pose information. The dataset was collected using the three
scope cameras, incorporating four distinct tissue backgrounds
and capturing the tool’s jaw in both open and closed states for
each background (Fig. 2d). Frames where the marker was not
clearly visible were excluded. The final dataset contained a
total of 9,590 frames with tooltip pose annotations (detailed
in Section III-C).

For a frame F(t), the dataset provided the corresponding
tooltip’s 3D pose. The 3D position of the tip was projected
onto frame F(¢) using known camera intrinsics, to obtain
X (t). To generate the rest of the points, the 3D tip was trans-
lated to four equidistant locations along the orientation of the
tool shaft. These 3D points were projected onto frame F() to
generate the ground truth for the five points following X (7).
Additionally, since the model was based on YOLOv7, each
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pixel coordinate was assigned a class label and a surrounding
bounding box. The class labels were ordered from 1 to 5,
with 1 at the distal end of the instrument. The bounding box
annotation process was automated based on known camera
and tool information in 3D space, eliminating manual efforts.

Since the model was trained to detect multiple points on the
shaft, it was susceptible to drifting (non-collinear detections)
and increased false positives. To address this, we ensured that
each of the bounding box included a portion of the tool’s
metallic region. This metallic reference provided a spatial an-
chor, ensuring that detected points were constrained relative
to the metallic region. Incorporating this reference enabled
our model to produce context-aware detections, reducing re-
liance on ambiguous features of the shaft. The approach also
improved the model’s stability compared to modeling this
problem as a key-point estimation issue.

A total of 8,267 frames from the dataset were used, split
into 80% training (n = 6613), 10% validation (n = 827)
and 10% testing (n = 827) subsets. To evaluate the training
performance of the model, we focused on minimizing local-
ization loss and additionally monitored precision, recall, and
mAP (mean Average Precision). The model utilized transfer
learning from pre-trained weights of YOLOv7 trained on
the COCO (Common Objects in COntext) dataset [51]. The
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FIGURE 3. (a) Schematic representation of the processing performed by the edge detection module. Panel A1 shows the original the frame F(t), Panel A2
shows the binary image frame F’(t) after contour detection, and Panel A3 illustrates the rotation angles for the edge detection algorithm. (b) Memory

allocation for the ordered sets to facilitate processing on both CPU and GPU.

training consisted of 100 epochs and a batch size of 16 on a
Quadro RTX 5000 GPU with four dedicated CPU threads.
Data augmentations techniques included 20% translation,
50% scaling, 50% flip up & down, 50% flip left & right,
and HSV channels adjustments (1.5% Hue, 70% Saturation,
40% value). Additionally, mosaic augmentation was applied
to every training sample, which creates a composite image out
of four randomly sampled frames. Each of these four images
in a mosaic is randomly cropped, placed and scaled to en-
sure robustness to complex backgrounds, better detection of
smaller tool sizes, and improved generalization. The mosaic
also ensured inclusion of cases where F(¢) contained no tools,
eliminating data imbalance.

2) Contour Detection Module

The contour detection module processes the image frame
F (1), generates a contour in the form of pixels outlining the
surgical tool shaft on the image, stores it in a binary image
frame F’(¢), and passes it to edge detection and tip detection
modules. The module runs two variants:

o Canny variant: The variant involves several prepro-
cessing steps. First, the video frame F(¢) is smoothed
using median blur with kernel size of 25, producing
Fp-(t). Next, to adjust brightness, Fpy,,(¢) undergoes
linear blending with weight of 1.2. The resultant image
is then converted to greyscale, followed by Canny edge
detection [52] with a hysteresis threshold range of 120
to 130. To improve robustness to lighting variations,
an additional image of higher brightness is formed us-
ing the same image processing steps. This is achieved
by blending Fy,,(¢) with a weight of 3, followed by
greyscale conversion and Canny edge detection with the
same threshold range. The two Canny-generated binary
images are then combined to produce the binary image
frame F'(7).

« FasterSAM variant: The variant receives video frame
F(¢) along with points X;(¢) and X(#) and extracts
the contour in three steps. First, an object segmentation

model, Faster Segment Anything Model (FasterSAM),
generates a separate mask for every detectable object
within F(¢). Second, each mask is validated to determine
if it contains the points X4 () and X4 () that specify the
location of the tool. Additionally, the bounding box of
the tool shaft is also generated using the points X (¢)
and X (¢) to specify the region of interest. These loca-
tion and region prompts are combined to select the frame
containing the mask of the tool shaft. In the third step,
the tool mask is processed using Canny edge detection
to extract the tool contour F’ (). If no mask is found, the
system defaults to Canny variant of contour detection.

3) Edge Detection Module

The edge detection module takes as input: (a) the binary
image frame F’(¢) (Fig. 3a, Panel A2) generated from video
frame F(¢) (Fig. 3a, Panel Al), (b) five points X;(¢) where
1 < i < 5, and (c) four parameters Ourares Orotate-steps
Ashifts Ashifi-step- 1t OUtpUts two line segments: (a) Xy.7;,(¢) and
X1 Base (1), representing the left side of surgical tool shaft, and
(b) Xg.7ip (1) and Xg.pase (1), representing the right side of the
surgical tool shaft on the image frame. The edge detection
module runs an algorithm (Algorithm 1) to search for optimal
edges on both left and right sides from multiple line segments
representing the edges. The multiple line segments are gener-
ated by adjusting the slope and shifting the position from an
initial line segment.

An initial slope 60, of a line passing through the five
points X;(¢) (where 1 < i < 5) is calculated (Fig. 3). An
ordered set Sy.;, of rotation angles is computed for searching.
The range varies from ainilial - (erolate/z) to einitial + (arutate/2)
with a step size of O,ysare-s1ep (Fig. 3, Panel A3). A set of points
Sx-Lefr and Sx.gign: are computed on both left and right sides
of a line passing through X (7) and orthogonal to 6,,;;4;. This
is done by shifting the point X (¢) by a step size of Apif-siep
until the distance A is covered. Both sets Sx.re and Sxgigns
are combined into Sx.g;,.

After storing the range of possible values for the slope and
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Algorithm 1 Edge Detection Module

Input: Xl(t)7 XQ(I), Xg(t), )(4(1‘)7 X5(I), j
Output: X 7ip(1), X1 Base (1), Xr-1ip (1), Xg-Base (1)
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‘ k=0,1,..., |—)\shi]“t/)\shz:ﬁ-step-‘ }
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1: Oiiiar < getBestFitLineSlope(X1 (1), Xa(1), X5(1), X4(t), X5(t))
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5: Sx.1ip = Sx-Lest U Sx-Right

6: fOI‘ each (Xlipa 9"-,,) where (Xn’p, 9,,‘]7) S SX-Tip X SG—Tip do

7: Xpase < getBasePoint(Xqp, Op)

8: Sline-segments = Sline-segmems U {(Xtip7 Xbase)}

9: Sn-samples = On-samples U {HXtip - Xbase||2}
10: SX—samples = SX-xamples U {Xtip + (k ' (Xtip - Xbase)/HXtip -
11: end for
12: for each X where X € Sx_sampies in parallel do
13: SX-Intensity = SX—Intensity U {get[ntenszty(X, Fl(t))}

14: end for
15: ¢, =0
16: for each n where n € Sy._gumples do

17 Ssegment-intensizy = Ssegment-intenxity U {Z Sk/n | Sk € SX-lntensitya k= cn + 17 sy Cn T n}
18: Ch =Cp+n
19: end for

20: Csegments = ’—erotate/arotate-step—l . [Ashiﬁ/)\shift-stepw
21: Ssegments-left < sort (Ssegl1lelzt-intensit)77 1a Csegments)
22: Ssegmentx-righz < 50rt(Ssegmem-intensify, Csegments s 2. Csegments)

(Xp-7ip (1), X-Base(t)) <= getBestFitLine(Ssegments-lefts D)
24: (XR-Tip(t)va-Base(t)) — getBestFitLine(Smgmem_,,-gh,, 5)

position in Sy, and Sx.7ip, three additional sets, Sye-segments
Sh-samples> and Sx_sampies, are computed. These sets store the
endpoints of all possible line segments, the number of sam-
ples on each line segment, and the position of the samples (as
shown in Fig. 3b), respectively. For each sample, an intensity
value [ is computed and stored in Sx.juensiy- The intensity
computation is performed in parallel using the getIntensity
function, which applies a 9 x 9 kernel as follows:

S S wlig) - 1K)

1=
y]+5 [x]+5 ’
ZJ Ly D Dhik Lx]— 2 w(isJj)

where

1

Here, X ; ;) represents the pixel at i-th row and j-th column
of the frame F’(¢). 1(X; ;) denotes the intensity of the pixel
at the i-th row and j-th column of the frame F'(¢). The intesity
values for each sample within a line segment are combined
to compute the overall intensity of the entire line segment.
The higher the intensity values, the closer the segment is
to the edges in F/(z). These intensity values for the line
segments are then sorted, and the top five line segments with
the highest intensity values are selected to determine the best-
fit line segment. The tip and base of the best-fit line segment

if X, £ X
if X;; = X or X;; is outside F(¢).
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on the left side are represented by the endpoints X, 7;,(7)
and X g (f). Similarly, the tip and base of the best-fit line
segment on the right side are represented by the endpoints
Xg1ip(t) and Xpg pase(t). These endpoints are returned by
Algorithm 1 and passed on to the 3D pose estimation module.

4) Tip Detection Module

The tip detection module utilizes the points Xy 7;,(),
X1-Base(t), Xg1ip(t) and Xg.pase(r) received from the edge
detection module to compute the point Xys.7i, (7). A midline is
computed from the left and right line segments, and X .7, ()
is located along this midline at the point where there is a
significant change in pixel intensity, corresponding to the

region where the metallic portion of the tool connects to the
shaft.

5) 3D Pose Estimation Module

The 3D pose estimation module computes Xr,(f) and
n;(t) based on points Xy 7;,(¢), Xr-pase(t), Xg-1ip(t), and
X g-Base (t) from the edge detection module and X .7, (1) from
the tip detection module. The radius of the shaft \p,oradius
and the position of the surgical scope camera X capera(?) are
known. Two unit vectors ny(¢) and ng(z) are defined such
that ng(7) is orthogonal to the plane consisting of points
X1-Base(t), Xp1ip (1), and Xamera(t), and ng(z) is orthogonal
to the plane consisting of points Xg.pase(t), Xg.7ip(2), and

7
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FIGURE 4. (a) Two planes enclosing the surgical tool shaft, formed by two
sets of points (X_1ip(£), Xi-Base(t), and Xcamera(t)) and (Xg1ip (), Xg-gase(t),
and Xcamera(t))- (b) Top view of the image plane and tool shaft, showing
the point Xy, 1, (£) re-projected to find point Xr, (). (c) Cross-sectional
view of the tool-shaft Xy.1;p (), with n;(t) and ng(t) representing the
normal vectors of the planes enclosing the tool shaft.

X camera(t) (Fig. 4a). In addition, two unit vectors n; () and
no(t) are computed as follows:

) _ IIL(I) X nR(t)
g (t) x ng(t)]’

X Tip(? *Xamemt
ny(1) = MTI’() C (1) 7
||XM-Tip(t) - XCamera (t)”
ny (t) represents the direction of the tool shaft, whereas

ny(t) represents the direction from Xcumera(t) to Xaszip(t)
(Fig. 4b). The tip Xr;,(1) of the tool shaft is computed as:

n; (I

Xorip(t) = Xarip (1) + 11 (2)
(«Xxomeo»xnxm~mn0xnxm>

Iy (1) % na (1)

—ny(1) (‘m) ’

XP(t) = XCamem(t)"_
( nL(t) +nR(t) ) ( )\ToolRudius )
.. (t) +ng(1)[| ) \cos (0r(2)/2) ) °
where 0;x(7) is the angle between vectors ny (7) and ng(t),
and 615(¢) is the angle between n;(¢) and ny () (Fig. 4c).

The point Xp(#) is computed such that the direction along
the points Xp(#) and X camers(¢) is orthogonal to ny (7).

C. PARALLELIZED IMPLEMENTATION

In our work, we define real-time as the ability of the pipeline
to process input frames at a specified target frame rate (30 fps)
with bounded end-to-end latency. All timings were obtained
from a representative workstation with NVIDIA Quadro RTX
5000 GPU, Intel Xeon Silver 4216 CPU (32 cores, 2.10 GHz),
128 GB RAM, after 50 warm-up frames. The pipeline was
implemented in C++ on the Windows operating system and
compiled using MSVC (Microsoft Visual C++). All machine
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learning models were converted to the ONNX format using
the ONNX Runtime library with CUDA support for GPU
acceleration and compatibility within the C++ environment.

To achieve parallelism, the std::thread library was utilized,
which provides a high-level, portable interface for creating
and managing threads in C++. In MSVC, each std::thread cre-
ates a native Windows thread managed by the Windows kernel
scheduler. Windows uses a preemptive, priority-based, time-
sliced scheduler. The scheduler allocates CPU time based
on thread priorities, preempting lower-priority threads when
higher-priority ones become runnable. Within the same pri-
ority level, threads share CPU time in a round-robin manner.
The Windows scheduler aims for fairness but does not guaran-
tee deterministic ordering or equal CPU time — it depends on
load, core count, and thread priority. When executing our ap-
plication, it does not manage or assign thread priority explic-
itly and relies solely on the Windows OS scheduler for thread
scheduling. However, we run the application in a controlled
environment, without any other heavy resource-consuming
(CPU time or memory) applications in the background, to
ensure that our application receives more consistent CPU time
and runs smoothly.

D. EXPERIMENTAL SETUP

1) Assessing Performance of the Pose Detection Pipeline
The experiment assessed the performance of the proposed
pose detection pipeline in terms of positional error, orien-
tation error, and computation time while varying the input
parameters. A new experimental dataset was collected (dif-
ferent from the training dataset detailed in Section III-B1).
In the setup, a computer vision-based technique was used
to compute the ground truth. The experimental setup was
similar to the data generation setup, which utilized a robotic
manipulator (Fig. 2a). The robotic manipulator maneuvered
a laparoscopic instrument (curved scissors) inside the box
trainer along a path. The instrument was maneuvered over
three different tissue background structures (suturing pad,
cholecystectomy, and abdomen, as shown in Fig. 5a), and for
each background structure, three different paths were used
(circular = 891 frames, sinusoidal = 1854 frames, and spiral =
1836 frames, as shown in Fig. 5b) totalling 4581 frames. For
each path, the instrument’s movement was recorded twice by
a single scope camera: one with the marker and the other with-
outit. A frame F(¢) of size 1920 x 1080 was acquired from the
scope camera. The tooltip poses computed from video frames
with the visual marker served as the ground truth and were
compared to those obtained using the proposed pose detection
pipeline from frames without the marker. This marker-based
pose estimation technique was chosen due to their proven
work exceeding state-of-the-art, and code availability. The
marker has a reported mean absolute 3D error of 0.28 mm and
0.45°on all axes, for a working distance between 50 and 100
mm. The comparison enabled the computation of positional
and orientational errors for the detected poses. In addition, the
computational time for Algorithm 1 was also recorded. The
computational load of the pose detection pipeline was varied
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FIGURE 5. (a) Background tissues used in the experimental setup to compute position and orientation error. The pipeline takes video frame F(t) as input
and outputs the position Xr;p (t) of the tooltip shaft and a vector n; (t) indicating its orientation. (b) Paths traversed by the laparoscopic instrument tooltip,

tracked using a visual marker and the proposed pose detection pipeline.

by altering its parameters to assess its performance under dif-
ferent settings. In particular, Asp.qcp parameter values varied
between 1, 2, and 3; 0,0/se-srep parameter was varied among
0.1, 0.5, and 1.0; and both variants (FasterSAM and Canny)
of the contour detection module were used.

2) Evaluating Performance of Pixel Detection Module

In the proposed pose detection pipeline, a machine learning
model was trained and used in the pixel detection module.
The performance of this module was evaluated using two
metrics: (a) Mean Euclidean distance, computed during the
validation (827 frames) and testing (827 frames) phases using
the training dataset detailed in Section III-B1 (Fig. 2d), and
(b) the detection rate, assessed using the experimental dataset
detailed in Section III-D1 (Fig. 5a). The Mean Euclidean
distance measured the average pixel-wise distance between
the ground truth and the predicted positions of X;(¢), where
1 < i < 5. The detection rate was defined as the percentage
of trials in which at least two points X;(#) were successfully
detected by the module when tested on the experimental
dataset.

IV. RESULTS AND DISCUSSION
A. EXPERIMENTAL RESULTS

The results of the studies conducted using the experimental
setup described in Sections III-D1 and III-D2 are presented
in following sections: IV-A1 and IV-A2, respectively.
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1) Performance of the Pose Detection Pipeline

Table 1 and Fig. 7, Fig. 8, and Fig. 9 present the performance
of the proposed pose detection pipeline across different tissue
backgrounds and the paths traversed by the tooltips. The
performance is measured in terms of average positional errors
(mm), orientation errors (°), and computation time for Al-
gorithm 1 by varying parameters Agifi-siep> Oroate-step> and the
variants used in the contour detection module. The following
paragraphs provide a summary of the results.

« Positional Errors: A slight increase in positional error
was observed for the proposed pose detection pipeline
as Agifi-step ANA Ororare-siep increased along the X, Y, and
Z directions. Additionally, the FasterSAM variant had
slightly higher positional errors (X-direction range: 0.85
mm to 1.05 mm; Y-direction range: 1.05 mmto 1.19 mm;
and Z-direction range: 4.28 mm to 5.55 mm) compared
to the Canny variant (X-direction range: 0.67 mm to
1.00 mm; Y-direction range: 0.85 mm to 1.20 mm; and
Z-direction range: 3.58 mm to 5.70 mm). The range
of positional errors was higher in the Z-direction. This
occurred because the Z-coordinate of Xr;,(7) depends
on the line segments representing the left and right sides
of the surgical tool shaft in (). Due to the dark color
of the instrument shaft, shadows may mistakenly be in-
cluded as a part of the shaft, leading to an overestimation
of its width. As a result, the estimated line segments ap-
peared wider than they actually were, causing deviations
in the Z-coordinate during 3D pose estimation.
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TABLE 1. Performance of the proposed pose detection pipeline with different parameter settings

Contour Detection Ashift-step | Orotate-step X (mm) Y (mm) Z (mm) Orient. Error (°) | Alg. 1 Time (ms)
0.1 0.85+0.27 | 1.054+0.25 | 4.28 £0.89 3.38 = 1.55 413 + 36
1 0.5 0.87+£0.28 | 1.07+0.25 | 4.444+0.97 3.49 + 1.50 100+ 9
1.0 0.91+£0.29 | 1.08+0.25 | 4.60 & 1.02 3.89 + 1.45 55+5
. 0.1 0.86 £0.27 | 1.06 £0.26 | 4.33 +0.91 3.42 + 1.50 226 + 16
F"(Sfi:n?:’%}/g;)“”’ 2 05 | 090+£0.28 | 1.090+0.26 | 4.63+£0.99 | 3.67+1.42 54+3
1.0 0.97 +£0.31 1.15+£0.26 | 5.12+1.12 4.16 £1.35 29+ 2
0.1 0.87+0.27 | 1.07+£0.27 | 4.40 £ 0.90 3.50 & 1.49 156 £ 17
3 0.5 0.94+0.29 | 1.12+0.26 | 4.85+1.02 3.77+1.34 39+3
1.0 1.054+0.31 | 1.19£0.26 | 5.55 £ 1.19 4.61 £1.31 20+ 2
0.1 0.67+0.35 | 0.854+0.32 | 3.568 =1.68 5.17 + 3.39 386 £+ 25
1 0.5 0.724+0.36 | 0.884+0.32 | 3.81 £1.61 5.65 + 3.19 88+ 7
1.0 0.82+0.40 | 0.98+0.36 | 4.33 +1.73 7.14 + 3.23 45+ 3
. 0.1 0.68+£0.35 | 0.86 £0.32 | 3.64 + 1.62 5.24 + 3.28 206 + 15
(CT“iI’;"ey:V‘zl;’;’g 2 0.5 0.80+0.39 | 0.97+£0.36 | 4.29 4+ 1.69 6.80 & 3.30 45 +3
1.0 0.94 £+ 0.43 1.124+0.41 5.19+1.93 9.00 + 4.40 26 £+ 2
0.1 0.69+0.35 | 0.874+0.32 | 3.69 £+ 1.60 5.40 4+ 3.24 137 £ 11
3 0.5 0.87+0.42 | 1.06 £20.40 | 4.78 = 1.86 7.99 + 3.97 3243
1.0 1.004+0.45 | 1.20£0.41 | 5.70 £1.72 10.58 £ 5.05 17+2
TABLE 2. Mean Euclidean distance (in pixels) between predicted and ground truth position of X;(t)
Phase Platform X1 (1) Xo(t) X3(t) Xy4(t) X5(t)
Validation PyTorch 1.23 +£1.17 135+ 1.26 | 1.43+1.39 1.62 £ 1.66 1.75 £ 1.71
ONNX 275+1.56 | 316 199 | 3.58+£295 | 3.76 £2.00 | 3.53 £2.15
Testing PyTorch 1.18 £1.26 | 1.29 £ 1.31 1.30 £ 1.17 1.48 £1.36 1.68 £ 1.65
ONNX 281 +1.56 | 3.19+2.07 | 3.43+£299 | 346+t 1.74 | 3.31 £1.83

o Orientation Errors: The orientation errors of the pro-

posed pose detection pipeline varied between 3.38° to
4.61° for the FasterSAM variant, and 5.17° to 10.58°
for the Canny variant. The FasterSAM variant exhibited
lower orientation errors than the Canny variant, sug-
gesting a better accuracy for orientation detection. The
orientation errors depend on the accurate computation
of n; () from the unit vectors ny (¢) and ng(¢), which
are in turn dependent on accurate computation of the
line segments representing the left and right sides of the
surgical tool shaft. The FasterSAM variant generates a
single contour around the tool shaft, while the Canny
variant often produces contours due to the similar colors
of the background tissue or shadows casted by the tool
shaft. Consequently, the orientation errors are lower for
the FasterSAM variant.

Algorithm 1 Computational Time: The computational
time of Algorithm 1 in the edge detection module varied,
depending on the selection of values for the parameters
Ashifi-step AN Ororate-siep- AS Ashifi-siep increases from 1 to 3
and 0,ys41e-s1¢p increases from 0.1 to 1.0, the search space
gets reduced, leading to a reduction in computational
time. This was observed irrespective of the contour
detection module variant (Canny or FasterSAM). For a
given set of parameter values for Ag-siep aNd Ororare-step,
the Canny variant of the contour detection module took
less computational time than the FasterSAM variant.

This is because Canny uses small convolutional kernels
with a fixed sequence of operations, while FasterSAM,
utilizing visual transformers, performs intensive matrix
multiplications.

The average computational times for the pixel detec-
tion module was 32+1.9 ms, contour detection module was
24.1140.8 ms, edge detection module was 8817 ms, and both
tip detection module and 3D pose estimation module was less
than 1 ms. Fig. 6 presents a timeline diagram illustrating the
processing performed by each module. The diagram is not an
absolute representation of the processing time, but assists in
understanding how the threaded modules communicate, and
the delays are introduced. In the pipeline, the edge detection
module takes the maximum time. The cumulative end-to-end
latency for the pipeline to process an input frame and generate
output is ~144 ms. Some of the intermediate input frames
get overwritten, and thus, only a selected few input frames
are processed. Once the pipeline reaches steady operation,
its end-to-end computation time is bounded by its slowest
module (~88 ms), hence maintaining a sustained frame rate
of ~11.4 fps.

Based on the aforementioned results, we choose our
pipeline configurations as Canny variant of contour detection
module, at Aghifi-siep=1 and Aysare-51ep=0.5, as this configuration
yielded the lowest 3D pose estimation errors. Although the
FasterSAM variant showed lower orientation errors, its pre-
diction latency (91 ms) is much higher than Canny variant
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FIGURE 6. A timeline diagram depicting timings and processing
performed by each module within the proposed pipeline.

(24 ms) creating an undesirable bottleneck for 3D pose esti-
mation.

Apart from average 3D pose errors, we also report 95th
percentile (P95) errors to further evaluate the pipeline’s worst-
case behavior. Under the best configuration, X and Y direc-
tions showed P95 errors of 1.29 mm and 1.28 mm, respec-
tively, indicating that 95% of estimation errors are less than 2
mm on these axes. The Z-direction P95 error was 6.98 mm,
indicating that depth-estimation can reach approximately 7
mm in the worst-case.

2) Performance of the Pixel Detection Module

The trained model was deployed on both PyTorch and ONNX
platforms, and the Mean Euclidean distance was computed
for each using the training dataset (Table 2). A mean Eu-
clidean distance of smaller than 2 pixels on PyTorch and
smaller than 4 pixels on ONNX was recorded. This indicates
that the model was effectively trained and maintained a low
error rate even on unseen data. The average inference time for
the pixel detection module was 7.26£0.76 ms using the Py-
Torch implementation and 18+1 ms using the ONNX imple-
mentation. PyTorch consistently outperformed ONNX across
all positions and both phases. The ONNX platform, although
optimized for real-time performance, showed a higher Mean
Euclidean distance due to minor approximation introduced
during the conversion from the original PyTorch implemen-
tation.

TABLE 3. Detection rate (in percentage) of the pixel detection module

Tissue Background | Circular | Sinusoidal | Spiral
Suturing pad 95% 99% 93%
Cholecystectomy 92% 99% 87%
Abdomen 84% 77% 69%

High detection rates were observed when the Suturing Pad
and Cholecystectomy phantom were used as backgrounds
(Table 3). This is likely because these backgrounds closely
resembled the conditions present in the training dataset. In
contrast, the detection rate was lower when the Abdomen
phantom was used as the background, suggesting reduced
model performance in less familiar visual contexts. Overall,
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an average detection rate of 90% on unseen data demonstrates
that our model is robust to unseen tissues and tool motions.

When trained on videos from two scopes and evaluated on
a held-out scope, the model exhibits higher pixel-detection
errors (~6.3 px) while maintaining a high detection rate
(99%). This emphasizes the importance of all three scopes in
improved pixel detection, while suggesting that cross-scope
generalizability may be limited using this model. Neverthe-
less, the remaining modules in our pipeline are designed to
accommodate detection errors and deviations, by considering
the detections only as an initialization, followed by further
processing to mitigate its effects on the final 3D pose estima-
tion.

With five points detected by the pixel detection module,
our pipeline estimates 3D pose with average errors of 0.72
mm, 0.88 mm and 3.81 mm on the X, Y and Z directions,
respectively, and an average orientation error of 5.65° about
the tool’s shaft axis. For the same configuration, when the
detected points were reduced to two, the average errors in-
creased by 0.38 mm (X), 0.034 mm (Y), and 2.56° (orienta-
tion), while the Z-direction positional error reduced slightly
by 0.25 mm. These changes indicate that the default design
with five midline points improves 3D pose estimation of the
laparoscopic instrument. As another variation of the pixel
detection module, we considered using a YOLO-pose model
instead of YOLOvV7. YOLO-pose yields only two keypoints
for the laparoscopic shaft: (a) a point where the metallic
portion of the tool-tip connects to the shaft, and (b) a pivot
point about which the jaw-tips rotate. These two points proved
insufficient for robust 3D pose estimation compared with the
five points predicted by YOLOV7.

B. COMPARISON WITH EXISTING ALGORITHMS

The comparison of our work with existing works in similar
directions is summarized in Table 4. Allan et al. [33] utilized
Random Forests and 3D model alignment to estimate the 3D
poses of laparoscopic instruments, but reported more than 4
seconds of computational time per frame. In their subsequent
work [53], they improved the results, but the computational
time per frame remained high, on average over 1 second
per frame. A further improved version of their work [34]
reduced the processing time to 830 ms with an improved
accuracy, but still lacked real-time capability. Moreover, their
work focused on robotic articulated instruments and required
prior availability of their 3D CAD models. Augustinos et
al. [54] employed image processing techniques along with
known information about the 3D insertion point for 3D pose
estimation, but the errors along the Z-direction were high
(about 7.24 mm), and the latency of their system was not re-
ported. Zhao et al. [38] used CNNs combined with the known
3D insertion point to estimate the 3D pose of laparoscopic
instruments, reporting very low estimation errors along the
Z-direction (about 0.35 mm). However, measuring the 3D
position of the insertion point required additional sensors. The
work most relevant to ours, by Hasan et al. [39], estimates
3D poses of both robotic and laparoscopic instruments using
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FIGURE 9. Variation in computation time (milliseconds) of Algorithm-1 by altering the parameters \pift.steps Orotate-step, and contour detection module
variant (FasterSAM or Canny) in the proposed pose detection pipeline. The analysis was performed across the three paths (spiral, sinusoidal, circular)
traversed by the tooltips over three different tissue backgrounds (suturing pad, cholecystectomy, abdomen).

TABLE 4. 3D Pose Estimation Methods

Existing Work L | R I Techniques X (mm) | Y(mm) | Z (mm) | Orientation Error (°) | Time (ms)
Allan et al. [33] v Random Forests 1.73 1.89 9.86 - >4000
Allan et al. [53] v |V Random Forests 1.09 0.59 7.48 10.0 >1000
Allan et al. [34] v Random Forests 0.70 0.50 4.09 4.58 830
Augustinos et al. [54] | v v' | NA (Image processing) 1.79 2.42 7.24 - -
Zhao et al. [38] v v' | CNN 2.57 1.97 0.35 - -
Hasan et al. [39] v |V CNN 1.87 0.70 4.80 5.94 -
Proposed v YOLO 0.72 0.88 3.81 5.65 144

L: Laparoscopy Surgery, R: Robotic Surgery, I: Insertion point needed

DL techniques. However, the reported values were based on
a subset of 32 in-vivo frames, and they did not evaluate
real-time performance of the system. In contrast, our work
evaluates 3D pose estimation on 4,581 frames, demonstrating
the lowest reported latency of 144 ms, lowest error of 3.81 mm
in the Z-direction and an improved orientation error of 5.65°.

Since the proposed pipeline focuses on estimating the 3D
pose of laparoscopic instrument tooltip primarily from the
shaft, several existing works in the field of robotic surgery
can also be considered for comparison. In robotic surgery,
the error is reported as Root Mean Squared Error (RMSE)
by measuring the difference between predicted and actual
values along a series of points on the articulated robotic
tooltip. Ye et al. [55] reported an extremely low 3D Pose
estimation RMSE of 2.83 mm for translation and 7.4° for
orientation of robotic instruments, with demonstrated real-
time performance of around 40 ms. However, their work
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requires the 3D model of the tool and kinematic data from the
instrument’s robotic manipulator, limiting their application to
laparoscopic procedures. Additionally, their system relies on
features extracted from the instrument’s appearance, specific
to robotic articulated instruments, which is not applicable to
laparoscopic instruments. Another work by Allan et al. [56]
utilized Random Forests and a 3D model of the instrument
to estimate its 3D pose, reporting an RMSE of 5.07 mm
translation and 24° for orientation, but with a latency higher
than 3 seconds per frame. Moreover, their system utilized
region-based estimation, where both metallic and shaft por-
tions of the instrument contributed to the estimation, limiting
its applicability to laparoscopic instruments. Recently, Fan
et al. [30] used DL and reinforcement learning techniques
to estimate the 3D pose of articulated robotic instruments,
reporting the lowest RMSE of 2.81 mm and low latency.
However, their work requires the 3D model of the instru-
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ment, and the RMSE results were reported on synthetic data
generated using the dVRK simulator [57]. Additionally, the
2D key points detected by their system depend on features
surrounding the metallic joints of the articulated instrument
tip, limiting comparability to laparoscopic instruments.

C. LIMITATIONS

The background tissues in our dataset are limited to syn-
thetic phantoms, which means the pose estimation pipeline’s
performance on real surgical videos cannot be assessed. As
our system was designed and tested for box-training and
simulated environments, its applicability to live surgeries is
currently not feasible. However, in the future, the pipeline
can be trained by chroma-keying the monochromatic back-
grounds in video frames to substitute actual intra-operative
video footage. Such surgical videos can be recorded during
the procedure by withdrawing the laparoscopic instruments
and manoeuvring only the scope to capture the operative
field from various perspectives. The pipeline can also be
extended to other training environments with live animals or
cadavers. In such cases, the robotic setup is still applicable for
collecting training data. The modules trained on such dataset
may have the potential to address challenging conditions that
are prevalent in in-vivo scenes, like real blood, tissue, and
smoke not present in box-trainer environments.

Our dataset did not account for common challenging con-
ditions that occur within laparoscopic videos, like motion
blur, tool occlusion, smoke, and uneven illumination. Most of
the challenges could be addressed by ensuring availability of
such data during ML training. Motion blur could be induced
by varying the robotic manipulator’s end-effector speed, and
occlusion of instrument tooltips could be introduced by mod-
ifying the setup to partially or heavily occlude the tooltips.
To further ensure that such conditions do not impact the sub-
sequent modules in our pipeline, a pre-processing stage can
be introduced that detects distortions and helps the pipeline
to adapt dynamically. A lightweight distortion classification
model similar to [58] could be used to detect whether input
frames are distorted, followed by recognition of the type of
distortion, and a ranking on its severity [59]. This would allow
the pipeline to filter input frames and either perform targeted
corrections or reject severely distorted images. Laparoscopic
training environments do not typically encounter distortions
pertaining to heavy smoke or fog, however, occurance of
light smoke and noise can be rectified using desmoking
techniques utilizing CycleGAN [60], probabilistic graphical
models [61], or texture-preserving temporal smoothing [62].
Although our work has introduced rigorous augmentations
to overcome illumination challenges, severe cases of low-
illuminance could be detected using metrics based on no-
reference background illuminance [63] and can be corrected
using edge-preserving illumination equalization and color
correction techniques [64]. Furthermore, a combination of
distortion detection techniques and confidence dips within
our ML models can be used to trigger uncertainty-aware
thresholding for Canny edge-detector. In severe cases where
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input frames are rejected, the last reliable output can be used
in a hold-last-good manner to maintain a stable and adaptive
pipeline.

Our current work does not incorporate errors from the
cylindrical marker used to extract ground-truth. As our results
are referenced to this marker, they may include positive or
negative deviations from the reported 3D errors. Moreover,
our work does not estimate the instrument’s jaw angle or
its rotation around the shaft axis. As part of future work,
we plan to use the same robotic setup to generate a dataset
that includes these parameters and subsequently extend the
pipeline to estimate both jaw angle and axial rotation.

V. CONCLUSION

In this work, we present a modular pipeline for real-time,
marker-less 3D pose estimation of laparoscopic instruments
in simulated training scenarios. To enable training of the DL
modules within the pipeline, an automated dataset generation
method is introduced. Additionally, to ensure real-time per-
formance, the pipeline incorporates a parallelized GPU-based
processing module. The pipeline extracts geometric features
of the instrument using context-aware DL techniques, fol-
lowed by 3D-pose computation. The system estimates the
3D-pose of instrument tooltip with low errors of 0.72 mm,
0.88 mm, and 3.81 mm along the X, Y, and Z directions, and
5.65°f instrument-axis orientation error with 144 ms end-
to-end latency and a sustained frame rate of 11.4 fps. Thus,
the work addresses the lack of non-hardware-based, marker-
less 3D pose estimation techniques for laparoscopic instru-
ments, primarily due to the limited availability of ground-
truth data in 3D space. Moreover, our method achieves real-
time performance with accuracy comparable to state-of-the-
art approaches. Our work forms a significant step toward
automated skill assessment with the potential to improve
laparoscopic training.
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