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Abstract— In robotic-assisted minimally invasive surgery, an
assistant surgeon stands at the bedside to insert and manipulate
instruments while the primary surgeon operates the robot.
Augmented reality (AR) head-mounted displays (HMDs) may
improve the assistant’s spatial awareness, but require tracking of
surgical tools (both robotic and hand-held) for accurate overlay.
In this work, we propose a markerless method to estimate the
6-DoF trocar pose for the assistant port, which can convey the
insertion trajectory of any handheld instrument to the assistant
surgeon. The method is based on a deep U-Net architecture with
cross-attention and Atrous Spatial Pyramid Pooling (ASPP) to
predict 2D keypoints on the trocar, which are then used by a
Perspective-n-Point (PnP) method to estimate the trocar’s pose.
From the predicted trocar pose, we can also directly find the
4-DoF shaft-line of the handheld instrument using a multi-view
method; this enables correction for misalignment of the trocar
and instrument shaft. The trocar tracking runs in real-time
(66 Hz) and can be integrated into an AR-assisted workflow.
Experimental results with a phantom show an accuracy of
~5.5mm and angle error of ~1.9 degrees, which is sufficient
to guide instrument insertion into the endoscope field of view.

I. INTRODUCTION

Robot-assisted minimally-invasive surgery couples a tele-
operated robot with a human surgeon at a console, offering
benefits like enhanced dexterity and depth perception [1]. A
sterile assistant surgeon at the patient’s bedside is required
to perform tasks such as instrument insertion, retraction,
and suction [2], often through a dedicated, non-robotic port
(trocar). The assistant’s performance is critical to surgical
outcomes [3], [4], yet the assistant lacks the immersive visual
feedback of the console surgeon and often works under
suboptimal viewing conditions [5]. For example, instrument
insertion is typically performed without direct endoscopic
visualization, and has been shown to generate forces sufficient
to damage intra-abdominal organs [6].

We previously proposed ARssist [7], an augmented reality
(AR) application intended to improve the assistant’s situa-
tional awareness. ARssist uses an optical see-through HMD
to provide in situ augmented reality overlays of the robot
and handheld instrument shafts in the assistant’s field of
view. Fiducial markers attached to the handheld instrument
and to the surgical robot’s cannulas enabled tracking of
the instrument poses relative to the HMD. The ARssist AR
overlays demonstrated improved instrument navigation for
novices compared to no AR [8].

A major limitation of ARssist is the requirement for
attached markers, which are not straightforward to implement
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Fig. 1. Images captured through the HoloLens 2 display showing an AR
guidance application based on our markerless trocar tracking method. The
robotic endoscope is tracked via an attached ArUco marker (not shown)
and has an overlay showing its shaft and camera frustum. The trocar is
tracked using our markerless method (without shaft detection). A dashed
3D guideline along the trocar’s center shows the direction of insertion in
relation to the endoscope frustum. In the right image, the instrument is
inserted until just visible in the endoscope FOV, as seen on the monitor.

in a surgical setting. Sterilization, placement, and registration
of markers may disrupt established surgical workflows and
complicate or prolong procedures. An alternative to sterilizing
and placing markers would be to introduce new sterile
devices which would add significant overhead for design,
regulatory approval, and inventory. This limitation motivates
the development of markerless tracking methods for localizing
the instruments in the surgical scene with respect to the HMD.

Recently, we achieved markerless tracking of robotic instru-
ments by detecting feature points in the HMD camera images
of the robotic instrument housing and using Perspective-n-
Point (PnP) to predict the pose [9]. The pose was refined by
finding the instrument shaft in a multi-view geometry error
minimization. This method attained sub-5 mm tip accuracy,
which was comparable to a marker-based baseline method.
However, this work focused on the robotic instruments and
not handheld instruments.

In this paper, we tackle the challenge of markerless tracking
of the assistant surgeon’s trocar in real-time in order to
estimate the insertion trajectory for any handheld instrument,
as shown in Fig. 1. The advantage of this approach is that
we need only track one object (the trocar), rather than any
possible instrument that could be inserted through that trocar.

The contributions of this work are:

1) A markerless 6-DoF pose estimation method for tracking
a laparoscopic trocar using a HoloLens 2 (HL2) HMD.

2) A real-time 2D object keypoint detection network
architecture based on U-Net with cross-attention and
ASPP and a task-specific composite loss for robust single-
image keypoint predictions.
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3) A three-stage training strategy combining extensive
synthetic data and real annotated data to achieve high
accuracy despite imperfectly labeled real data.

4) Experimental evaluation of the accuracy of our method for
its intended use of providing a shaft direction that can be
used for AR guidance in robot-assisted surgery.

Our method lays the groundwork for a clinically realistic,
comprehensive AR system to assist the surgical assistant
without disrupting the current robotic surgery workflow.

II. RELATED WORK

Early augmented reality systems for the surgical assistant
in robot-assisted surgery, such as ARssist [7], [8], relied
on fiducial markers to track instruments. Other works have
explored using other types of markers for HMD tracking. For
example, Martin-Gomez et al. developed STTAR [10], which
uses the HL2’s IR camera to track passive markers. They
achieved sub-millimeter tool tracking accuracy in a K-wire
insertion phantom experiment, and demonstrated that built-in
HMD sensors can rival optical tracking for small tools.

A successful use of STTAR in an AR application was to
track a dental drill for root canal therapy [11]. The tracked
drill pose updated live overlays of cone-beam-CT slices on the
dentist’s HMD. In phantom trials with six novices, the HMD-
only method achieved a mean positional error of 1.3 mm on
the crown plane and an angular deviation of 1.8°.

As another example, Gadwe et al. [12] introduced a marker-
based method that tracks a cylindrical instrument’s 6-DoF
pose using a fiducial pattern of squares and circles wrapped
around the instrument shaft, achieving mean translation and
rotation errors of 1.3 mm and 1.5°.

While fiducial markers can lead to effective AR guidance,
the challenge of introducing markers into the sterile field
has led to research on markerless pose estimation. Doughty
et al. proposed HMD-EgoPose [13], a single-shot CNN for
markerless 6-DoF pose estimation of a surgical drill and the
user’s hand from monocular RGB video. On a real benchmark
dataset, the network achieved a drill tip error of 28.1 mm and
a direction error of 3.9°. A separate feasibility experiment
demonstrated sending video from a HoloLens 2 to a remote
workstation for inference, then returning the estimated pose
for a total round-trip latency of approximately 199 ms.

Dehghani et al. [14] developed Colibri5, which tracks
a trocar’s 5-DoF pose monocularly in real time for robot-
assisted vitreoretinal surgery. On a phantom eye dataset,
Colibri5 achieved average orientation errors of 3° at 15 fps,
with translation errors of 4.6 mm, 3.2 mm, and 1.5 mm along
X, Y, and Z. While not HMD-based, this demonstrated the
feasibility of markerless pose tracking of a trocar.

FoundationPose [15] is a transformer-based foundation
model trained on large-scale (~1 million) synthetic images for
unified 6D pose estimation and tracking. It can generalize to
novel objects without per-object training (given a CAD model
or a few reference images) and significantly outperformed
specialized methods on standard benchmarks. This under-
scores the power of massive synthetic data and attention-based
architectures, which we adopted in our method. However,
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Fig. 2. Data flow for AR-Based trocar tracking: HoloLens 2 streams RGB
and stereo grayscale via hl2ss to a workstation, the pose-estimation network
predicts 6-DoF trocar pose in real time, and poses are sent back to the HMD
for overlay.

FoundationPose requires about 1.3 s for pose estimation before
it switches to a 32 Hz tracking mode. If tracking is lost, the
full 1.3 s pose-estimation is required for reinitialization, which
may be disruptive in time-sensitive applications.

Another notable approach is SC6D [16], a symmetry-
agnostic and correspondence-free framework for 6D pose
estimation. It predicts an object segmentation mask alongside
a visual embedding that is matched against pre-computed
SO(3) rotation embeddings to estimate orientation. We
similarly employ object mask prediction to aid our network.

While the above works represent significant accomplish-
ments toward tracking for AR, to the best of our knowledge,
no prior work has demonstrated real-time monocular marker-
less tracking of a laparoscopic trocar using an HMD.

III. METHOD

Our goal is to estimate the pose of the assistant surgeon’s
trocar relative to the HMD camera in real time. We first
describe the devices and physical setup in Section III-A,
then our markerless pose-estimation network in Section III-B,
training strategy in Section III-C, and shaft detection method
in Section III-D.

A. System Overview

As shown in Fig. 2, a Microsoft HoloLens 2 serves as the
image source for all experiments as well as the augmented-
reality display. RGB frames are streamed at 720x 1280 and
30fps, and the left- and right-front visible-light (grayscale)
cameras provide 640x480 at 30 fps via HoloLens 2 Research
Mode [17]. Image streams are transmitted using h12ss [18]
to an off-device workstation for real-time processing. Factory
camera calibrations supplied by the specific HoloLens 2 de-
vice are used. Estimated poses are returned to the HoloLens 2
via UDP. The workstation is equipped with an Intel Core i9-
10850K (10 cores, 2020) and an NVIDIA RTX 3090 (2020).

B. Markerless Pose Estimation

Our markerless pose estimation method uses a network
to predict 2D keypoints of the trocar in the image, which
correspond to known 3D keypoints on the trocar model. We
then estimate the pose using PnP.

1) Trocar Keypoint Selection: We manually chose 11
keypoints on the trocar. The keypoints were chosen based on
the features of the model, and were chosen to be asymmetrical.
Not all points are directly visible in every view (e.g., the
far-side points might be self-occluded by the trocar depending
on the view). However, we chose points that, when projected
onto the image plane, will most likely lie within the trocar
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Fig. 3. An overview of our training data, keypoint prediction network, pose estimation via PnP and multi-view refinement pipeline. (a) Synthetic
photorealistic data generation of the trocar using randomized pose/lighting via BlenderProc. We generate a pose, an RGB image, and a mask. (b) Real data
collection via HL2 videos of the trocar inserted in different phantoms. We get 6-DoF ground truth (and a mask) from a hand-annotated registration to a
tracked ChArUco board. (c) U-Net-inspired architecture for keypoint detection using YOLO detection as the input. Our architecture uses a ResNet-34
encoder. The bottleneck fuses self-attention, ASPP, and a segmentation head via cross-attention on resized mask logits. In the up-sample decoder, skip
connections from corresponding encoder levels are used for multi-scale fusion, and there is a self-attention layer in the middle of the decoder layers. The
output is 11 keypoint logit heatmaps, converted to sub-pixel coordinates via soft-argmax, then fed to RANSAC-PnP for 6-DoF pose. (d) Our Multi-view
shaft refinement. We seed SAMURALI with a projected point, fit PCA lines in RGB + stereo, then solve a 4-DoF line fit with keypoint regularization. Red
Line: before refinement, Green Line: after refinement. Note: The visible ArUco markers were not used for tracking, only for evaluation.

mask in the image. For example, a point near the tip, when
projected onto the image, would likely lie somewhere on the
phantom, outside the visible part of the trocar.

We chose 11 keypoints informed by the ablation study in
PVNet [19], which compared different numbers of keypoints
in a similar scenario. They found best results with 8, though
12 also performed well. Using more than 8 gives room for
outlier rejection during the PnP step.

2) Network Architecture: The trocar is a difficult object
to track due to partial radial symmetry, textureless surfaces,
and specular reflections caused by its glossy finish under
overhead surgical lighting.

The input to our network is a cropped image of the
trocar provided by YOLOvI11 [20], which was fine-tuned
on bounding boxes derived from the real dataset (described
in Section III-C.2). Bounding boxes were generated by
projecting a shortened trocar model (in order to exclude
the occluded portion inside the phantom) onto the image
plane using the 6-DoF pose annotations.

To handle the challenges of the trocar appearance, our
network architecture (Fig. 3) adopts an encoder-decoder
paradigm inspired by U-Net [21], augmented with attention
mechanisms [22] and multi-scale feature aggregation. The
network jointly predicts keypoint heatmaps and a binary
segmentation mask of the trocar. Input RGB frames are aug-

mented with two coordinate channels which linearly encode
the x and y coordinates in normalized coordinates [—1,1].
This explicit spatial representation aids in localizing keypoints
relative to the trocar’s geometry and helps to mitigate visual
ambiguities. The encoder employs a lightweight ResNet-34
backbone [23], initialized from scratch and inspired by the
structure from [24].

At the bottleneck, a self-attention block builds a global
summary of the scene and reweights feature channels ac-
cordingly. The subsequent ASPP layer [25] applies parallel
dilated convolutions at multiple rates to merge local features
with broader spatial context without downsampling. Together,
these operations promote a globally consistent representation
and reduce sensitivity to context-inconsistent distractors such
as background shafts or cables.

A dedicated segmentation head branches from the bottle-
neck features, progressively upsampling through convolutional
layers with ReLLU activations and batch normalization to
output a logit map for binary segmentation, inspired by
SC6D [16]. This mask prediction not only regularizes the
network by encouraging coherent keypoint placements within
the instrument boundary, but also serves as a soft prior for
subsequent cross-attention fusion. The predicted mask is
resized to match the bottleneck resolution and then mapped to
the channel dimension via a 1 x 1 convolution. The mapped
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mask and the RGB bottleneck features are fused via a multi-
head cross-attention layer, and the output residuals are added
to the bottleneck features. Such integration draws from multi-
head cross-attention designs in pose estimation frameworks
like [15].

The decoder mirrors the encoder’s hierarchy, employing
bilinear upsampling followed by convolutions and skip
connections from the corresponding encoder levels to recover
detail. A single self-attention layer in the mid-decoder further
refines representations. The final output layer produces a logit
map for each keypoint. These logits represent unnormalized
heatmaps, from which sub-pixel keypoint coordinates are
extracted via a soft-argmax operation.

3) 6D Pose prediction: Once the 2D keypoints are pre-
dicted, we recover the 6-DoF pose by using OpenCV’s
solvePnPRansac with the EPnP method [26]-[28]. This
finds the pose that minimizes reprojection error of the known
3D model points, with RANSAC outlier rejection to handle
occasional detection failures.

For our handheld instrument shaft tracking, our predicted
trocar pose seeds a multi-view shaft-line estimation which is
described in Section III-D.

4) Loss Construction: The network outputs keypoint logits
and one segmentation logit. Our training data contains three
supervision sources: a binary segmentation mask, labeled
keypoint coordinates, and keypoint heatmaps which are
generated as normalized Gaussians (o = 5) centered at the
ground-truth keypoints.

We construct our loss as a weighted sum:

Etotal = Eheatmap + )\coordﬁcoord + /\segﬁsega (1)

where Acoorg and Ageg balance the terms. Heatmap 10ss Licatmap
applies KL-divergence between the spatial softmax of the
predicted logits and the ground-truth Gaussian heatmaps.
Coordinate 10oss Lcoorq uses Huber (smooth L1) on extracted
soft-argmax points. The choice of Huber provides robustness
to outliers. Segmentation Ly, applies binary cross-entropy
on logits. The composite 1oss Ly is optimized via Adam
with cosine annealing.

C. Training with Synthetic and Real Data

A significant contribution of our work is an effective
strategy for training our network with synthetic data and
real data, which overcame frequent tracking failures when
the network was trained with only real data. In the following
subsections, we describe our synthetic data generation, our
method for collecting real data, and our training strategy.

1) Highly Realistic Synthetic Data Generation: Training
with photorealistic synthetic data has been shown to consis-
tently improve accuracy on real-image 6D pose benchmarks.
In 2020, the Benchmark for 6D Object Pose Estimation
(BOP) challenge [29] introduced BlenderProc [30], a tool
to procedurally generate ray-traced images using Blender’s
cycles engine. The top entries leveraged these renders during
training [31]. In reported ablations across these challenges,
every method that augmented real data with synthetic images
outperformed its real-only counterpart [32].

We generated two synthetic datasets using BlenderProc
[30] with the same camera intrinsics as our HL2 camera. We
took care to use realistic materials (e.g., white glossy plastic
or semi-transparent plastic) for our trocar model.

Our first dataset, Syn-Empty (SE), contains the trocar on
an empty background with two point light sources. For each
image, the location and intensity of the light sources are
randomized, and the camera position is uniformly sampled
in a spherical shell centered on the trocar. The inner (0.2 m)
and outer (1.0 m) radii of the shell are chosen based on how
far the assistant surgeon would be from the trocar during a
procedure. The camera orientation is directed at the trocar
with random orientation offsets applied using Euler angles,
+90° for roll and +45° for pitch and yaw. In addition to the
RGB image, we also generate a segmentation mask.

Our second dataset, Syn-Hospital (SH), contains renders of
the trocar model in a hospital scene. The scene consists of a
room with various objects such as a surgery table, a medical
robot, a computer monitor, a hanging blood bag, and a hospital
bed. Each object has realistic materials for rendering. On the
surgery table is a mock “patient” underneath surgical drapes.
The trocar orientation and position are randomized such that it
may be placed in various poses which intersect the “patient”.
In this scene, there are three point light sources which are
randomized in position and intensity, but they always remain
above the surgical table to represent overhead lights. The
camera position is uniformly sampled in a hemispherical shell
centered on the patient and normal to the surgical table with
the same random radius as before. The camera orientation is
chosen to point towards the object but such that the camera
roll is “up” (i.e., as if someone were wearing an HMD). The
camera then has a random rotation applied in the same manner
as before. Notably, in this dataset, the trocar is always partially
occluded by the “patient” and the generated segmentation
mask reflects this.

2) Real Data Collection: Our real data collection required
images from the HoloLens 2 camera in realistic conditions,
without any visible markers attached to the trocar, and with
a fast collection process.

We tracked an OpenCV ChArUco board [26], [33]-[35],
which is robust to partial occlusion. In one set of data, we cre-
ated a small hemispherical phantom (diameter 80 mm) which
sits at the center of a standard letter sized (21.6x27.9 cm)
ChArUco board. The trocar was inserted into the phantom and
we recorded videos. In each frame, we found the ChArUco
board pose, and computed the pose of the trocar relative to
the camera given a registration. We manually registered the
model of the trocar to the tracked ChArUco coordinate frame
with an interactive GUI. The GUI shows the projection of the
trocar model onto calibrated RGB, left-grayscale, and right-
grayscale images from different video frames. The trocar
registration is “nudged,” using a keyboard, until it looks
visually correct in the different images and frames.

In another set, we created a very large ChArUco board
(50x90 cm) which was placed alongside a full-sized training
phantom. We then inserted the trocar into the phantom. We
also inserted an instrument through the trocar in approximately
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half of the images. We used the same method to manually
register the trocar model to the board. However, we also
corrected for error in the ChArUco tracking caused by motion
artifacts (such as rolling shutter distortion) by interactively
micro-adjusting the trocar to camera pose in each frame using
a similar GUI. Usually, we only adjusted the position, as
the orientation was more stable. We used the previous video
frame’s adjustment as the starting point for the next frame to
make this process go quickly. Our adjustment speed exceeded
1000 images per hour per person. The two phantoms and
ChArUco boards are visible in Fig. 3b.

To improve robustness, we intentionally captured some
images where the trocar was partially occluded. We varied
the HoloLens 2 camera ISO gain and exposure time across
recording sessions to help make our method robust to various
lighting conditions. We further applied standard practice data
augmentation during training.

3) Three Stage Training Strategy: We generated/annotated
20,000 images for each dataset. All three datasets provide an
RGB image with a binary segmentation mask of the trocar,
and the 2D projections of the 11 keypoints as training labels.
We did not use any pre-trained weights. The first stage of
training was with the SE dataset for 400 epochs and with a
high learning rate of 0.001. This forced the model to learn the
structure of the keypoints. The second stage involved training
on a 30% SE and 70% SH mix with a 0.0001 learning rate
for 600 epochs. The final stage was 30% SH and 70% real
data with a 0.0001 learning rate for 400 epochs. The total
training time was approximately 60 hours on the workstation
described in Section III-A.

D. Shaft Detection for Pose Refinement

Given the predicted 6-DoF trocar pose, we are able to
provide some directional information to the assistant surgeon
for guiding the handheld surgical instrument. One caveat,
however, is that the inner diameter of the trocar is often larger
than the outer diameter of the handheld instrument, leading to
significant play between the trocar and the instrument shaft.
This can cause a less accurate shaft direction prediction. In our
case, we used a 10 mm diameter instrument with a 5-12 mm
trocar (the inner diameter was measured at 13.3 mm). The
maximum angle error between this instrument and trocar is
calculated to be 2.1°. For a 5 mm instrument, the maximum
error is calculated as 5.5°. We address this by using the trocar
pose as a hint to find the instrument shaft directly in the RGB
and grayscale images.

We detect the shaft by employing SAMURALI [36], a real-
time segmentation tracker. To initialize tracking, a fixed
3D point on the z-axis (along the shaft) of the trocar’s
coordinate system is projected to 2D in all images using the
estimated trocar pose. The projected point serves as a “point
prompt” for the segmentation network. For each image (RGB,
left-grayscale, and right-grayscale), SAMURALI provides a
segmentation prediction of the handheld instrument’s shaft.
We clean the predicted binary mask by retaining the largest
connected component and pruning the bottom 20% of points
along the principal axis. In each image, a line is fitted to
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Fig. 4. da Vinci Si docked to a draped phantom with an internal 4x4 target
grid (20 mm). A trocar enabled handheld instrument passage; the tip carried
a centered 3D-printed cap and ArUco markers. Tip contact was monitored
on the endoscope display. A tripod-mounted HoloLens 2 at an assistant-like
vantage defined the world frame, independent of SLAM.
the remaining pixels using principal component analysis: the
mean p € R? yields a point on the line, and the dominant
eigenvector v € R? yields the direction. The resulting 2D
lines ¢rgg, /L, (R, lie along the shaft in each respective image.
We take the initial handheld instrument pose T € SE(3)
to be equal to the previously predicted trocar pose. We then
refine this so that its axis better matches the true instrument
axis. We project two canonical 3D shaft endpoints q; and qo,
on the z-axis of T, onto each image plane. Using an iterative
method, we find the pose, formulated as T; = [r,t] € R®
(r is the axis-angle representation of the rotation, and t the
translation) to minimize the sum of squared residuals:

min Y wilei(T1)]? ©)

where w; are weights, and e; are residuals which encode
multi-view constraints.

For each image (RGB, L, R), there are two residuals
that are the signed distances between each endpoint of the
corresponding detected 2D line ({rgg, fL, or £R), and the
projected shaft line (i.e., the 2D line through the projections
of q; and q3), yielding 6 residuals.

In the RGB image we obtain an additional 11 residuals
by projecting the 3D trocar keypoints onto the RGB image
from the starting pose T and finding the 2D distances to the
new projections in the final pose T;. This has a regularizing
effect to prevent the pose from shifting too much. We solve
for Ty with an iterative least-squares solver.

In reality, we are only able to recover 4-DoF of information
(a 3D infinite line) by looking at the shaft line in the images.
We cannot recover the handheld instrument’s insertion or
rotation about the shaft. Despite this, it is convenient to
solve for a 6-DoF pose even though there are two ambiguous
degrees of freedom.

IV. EXPERIMENT

We performed an experiment to evaluate the accuracy of our
method. Since the goal of the trocar tracking is to provide a
direction to the assistant surgeon, we focus on the orientation
accuracy of our markerless tracking method.
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Fig. 5.

A. Experimental Setup

Our experimental setup, as shown in Fig. 4, consists of a
visually realistic robot-assisted surgical scene with a training
phantom and a da Vinci Si. The da Vinci is docked to the
phantom. A 4 x4 paper grid with 20 mm spacing, placed inside
the phantom, serves as a ground truth. The phantom is covered

with a blue surgical drape to better mimic a clinical scenario.

We simulate the role of the assistant surgeon by touching
the grid points with a handheld instrument that is inserted
into the phantom through the trocar. We use the robotic
endoscope video monitor to view the grid and instrument tip
when touching the points.

The instrument does not have a well-defined tip, so we
attached a 3D-printed cap with a sharp tip centered on the
instrument axis. We also attached a pair of ArUco markers
to the end of the instrument shaft, which avoids interference
with our markerless tracking method.

During the experiment, the HoloLens 2 is placed on a tripod
at a realistic distance and orientation from the phantom. We
keep the HoloLens fixed for each trial of our experiment
to avoid relying on the device’s SLAM to relate different
camera poses throughout a trial.

B. Experimental Procedure

Before our experiment, we performed a pivot calibration
to find the instrument tip with respect to each ArUco marker
using the RGB images. We also calibrated the shaft direction
using a jig which constrained the instrument to only rotate
about the shaft. We placed the trocar at four distinct locations
within the phantom for diversity. Two trials were recorded
per location (8 trials total).

For each trial, we touched the instrument tip to each of

the 16 grid points on the planar target (20 mm spacing).
An example of the collected data can be seen in Fig. 5.

We recorded 30 video frames (1 second) while maintaining
contact at each point, yielding a total of 480 frames captured
with the HoloLens 2 for offline analysis. Each frame contains
the RGB, left grayscale, and right grayscale images. The
RGB images were processed using our markerless trocar

pose estimation method to compute the 6-DoF trocar pose.

The instrument shaft is assumed to be coaxial with the
trocar centerline. For each prediction, we subsequently used
our multi-view shaft refinement with all three images to
get a refined shaft direction. Additionally, we recorded the
instrument tip position and shaft directions given by the
ArUco markers.

For each trial, we fitted a plane in HL2 coordinates using
the measured tip points from the ArUco markers. Next, we

RGB images from trial 1. The images show one frame of the handheld instrument while it is touching the four outermost corners of the grid. The
predicted trocar pose is shown in each image as a red overlay and a coordinate frame.

computed errors for the shaft direction predictions for three
cases: our tracking method without refinement, our method
with multi-view refinement, and the ArUco marker (shaft
directions obtained from the jig calibration). For each trial
and method, we registered the grid points to the measured
shaft lines by finding a grid-pose (3 DoF) on the trial’s fitted
plane which minimizes the distance of each grid point to its
corresponding shaft line. We also found the remote center
of motion (RCM) point as the point which minimizes the
distance to each recorded shaft line.

Finally, for each predicted shaft direction we computed the
in-plane distance error in mm, and the orientation error as the
angle between the recorded shaft direction and the direction
from the RCM point to the corresponding grid-point

C. Results

Table I reports in-plane position error (mm) and angular
error (deg) over eight trials (3,840 frames). We evaluated the
estimated instrument shaft line in two cases: (i) the direct
markerless trocar pose prediction (“before refinement”) and
(ii) the multi-view shaft refinement result using case (i) as
the initialization (“after refinement”). Before refinement, the
mean planar position error was 7.10 mm (median 6.70 mm,
std. 3.60 mm), with a maximum of 19.99 mm and 22 outliers.
The mean angular error was 2.40° (median 2.14°, std. 1.39°),
with a maximum of 7.82°. After refinement, errors improved
substantially: mean planar position error dropped to 5.50 mm
(median 4.60 mm, std. 3.50 mm), with no outliers and a
maximum of 19.20 mm. The mean angular error reduced
to 1.87° (median 1.51°, std. 1.32°), with a maximum of
6.74° and zero outliers.

Multi-view refinement improved results in every trial,
with the largest relative improvements in trials with higher
pre-refinement error (e.g., Trial 7: mean planar error from
9.00mm to 6.70 mm; angular from 2.77° to 2.13°). Across
all trials, refinement eliminated all outliers. We set the outlier
threshold to 20 mm, which is the size of the grid.

Our full pipeline (YOLO + pose prediction network +
PnP) runs at 66.38 Hz before refinement (tracking is limited
to 30 Hz by the HoloLens 2 camera capture rate), enabling
real-time AR overlays. We measured latency by filming
videos with a 30 Hz camera through the HoloLens display
and counting the frames between the start of a sudden motion
of the real trocar and the start of motion of the AR overlay.
In all 10 video clips considered, the latency was exactly 6
frames, which is nominally 200 ms. The multi-view refinement
reduced error, but the downside is that the inference time
for three SAMURALI segmentation instances is too slow for
real-time use.
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TABLE I. Position (mm) and angular (deg) errors from our experiment. The “Network Prediction” block corresponds to the raw trocar pose predictions

from our markerless method (Section III-B). The “Multi-View Refinement” block shows the results after refining the instrument shaft line (Section III-D).

Trial Error Type Network Prediction Multi-View Refinement

Mean  Median Std  Min Max  Outliers Mean  Median Std  Min Max  Outliers

Trial 1 Planar (mm) 6.20 560 330 0.70 15.70 0 4.70 370 330 020 15.10 0
Angle (deg) 2.26 1.88 141 025 6.47 1.78 140 134 0.05 6.17

Trial 2 Planar (mm) 6.70 630 3.10 0.30 16.50 0 4.00 330 240 090 11.90 0
Angle (deg) 2.38 215 127 0.12 6.36 1.40 1.09 087 024 4.00

Trial 3 Planar (mm) 8.00 8.00 333 0.80 16.80 0 7.20 6.60 330 0.00 15.20 0
Angle (deg) 3.14 290 151 030 7.82 2.74 251 142 0.02 6.51

Trial 4 Planar (mm) 8.10 820 370 040 16.90 0 7.70 790 400 0.02 16.60 0
Angle (deg) 3.29 330 158 0.15 7.13 2.92 288 155 0.08 6.42

Trial 5 Planar (mm) 5.80 570 290 0.60 18.9 1 4.00 3.60 1.90 0.20 9.80 0
Angle (deg) 1.58 1.57 072 0.15 3.72 1.15 1.03  0.60 0.08 3.36

Trial 6 Planar (mm) 5.40 530 270 040 18.80 | 3.70 333 200 050 11.50 0
Angle (deg) 1.52 1.40 074  0.09 3.68 1.12 097 066 0.11 3.50

Trial 7 Planar (mm) 9.00 9.00 430 030 19.90 10 6.70 570 400 0.06 19.20 0
Angle (deg) 2.77 292 132 0.10 7.23 2.13 .76  1.25 0.15 6.74

Trial 8 Planar (mm) 7.60 730 390 020 19.70 3 5.70 540 3.60 030 16.20 0
Angle (deg) 225 227 111 0.07 6.00 1.71 1.61 1.11  0.09 5.78

’ All ‘ Planar (mm) H 7.10 670 3.60 0.20 19.99 2 H 5.50 460 350 0.00 19.20 0
Trials Angle (deg) 2.40 214 139  0.07 7.82 1.87 .51 1.32 0.02 6.74

D. Analysis and Discussion

We quantified pose accuracy for our trocar tracking method
both before and after multi-view shaft refinement against the
ArUco marker as a baseline. We additionally compared our
results to other relevant works.

To establish the baseline, we followed the identical proce-
dure for computing position and angular errors, but used
the shaft lines recorded by the ArUco markers attached
to the handheld instrument shaft. Of the 3,840 frames, we
removed 105 outliers, which yielded a mean planar position
error of 5.3 & 3.7mm and a median of 4.4 mm, where +
denotes standard deviation. The mean angular error was
1.71 £1.32° with 1.38° as the median. From both positional
and angular perspectives, our pose-refinement results are
comparable to this baseline, with an overall mean position
error of 5.5 £ 3.5 mm and angular error of 1.87 4+ 1.32° (no
outliers removed). This indicates that the refined method
achieves similar accuracy to marker-based tracking while
offering greater stability (i.e., zero outliers). Pre-refinement
performance is slightly inferior to the baseline, with a position
error of 7.1 & 3.6 mm and an angular error of 2.4 4+ 1.4° (22
outliers), though the standard deviations are nearly identical.
Nonetheless, even without refinement, the errors remain
within a viable range relative to the baseline—just 2 mm and
0.7° worse on average—while offering real-time tracking and
greater stability with fewer outliers. Our accuracy is within
the approximate 10 mm tolerance that a surgeon subjectively
estimated for instrument insertion when aiming at a safe zone
in the endoscope frustum [9].

To contextualize our results within the broader landscape
of trocar and instrument pose estimation, we reference two
related works cited earlier: a marker-based method for shaft
detection [12] and a markerless neural network-based ap-
proach (Colibri5) [14] for trocar tracking. We note that direct
comparison is not possible as each method was evaluated on
different objects, clinical contexts, and test sets. Since our
application focuses on the insertion direction, we focus on the
rotation error reported in these works. Both Colibri5 and our
method are markerless, relying on deep learning for real-time

inference from monocular RGB images, but each work targets
a distinct clinical context: Colibri5 focuses on smaller trocars
in vitreoretinal procedures, where sub-millimeter precision is
paramount due to the eye’s confined workspace. Their system
achieves an average orientation error of 3.06 +2.36° at 15 fps.
With larger laparoscopic trocars, we obtain a post-refinement
angular error of 1.87 £ 1.32°. Our direct network prediction
(no refinement) still achieves reasonable error at 2.4 £ 1.4°
and is more than four times faster than Colibri5 at 66 fps.
Our result is also comparable to the marker-based approach
in [12], which achieved an angular error of 1.50 £ 0.87° with
a 6.7mm diameter cylindrical tool.

E. Limitations

Our method estimates the insertion trajectory (orientation)
but does not provide depth along the shaft, so the instrument
tip position is not visualized. However, tip localization is not
the intended use case: our system guides the instrument
toward the endoscope field of view, at which point the
surgeon switches to direct visual feedback from the endoscope
video. Additionally, our evaluation was conducted with the
HoloLens 2 fixed on a tripod to isolate pose-estimation
accuracy from head motion effects; the ArUco marker baseline
was evaluated under identical conditions. In clinical use, a
head-worn HMD would introduce additional challenges such
as motion blur and temporary trocar occlusion. Qualitatively,
our method works under these conditions, but future work
would include measuring tracking accuracy.

V. CONCLUSION

In this work, we present a markerless tracking method
for the assistant-port trocar in robot-assisted minimally
invasive surgery. Our method enables AR overlays for head-
mounted displays without disrupting sterile workflows. Our
deep learning-based approach leverages a customized U-Net
architecture to predict 11 asymmetrical 2D keypoints followed
by RANSAC-PnP for robust 6-DoF pose recovery. A novel
three-stage training paradigm achieves high generalization
despite labeling imperfections, yielding real-time performance
at 66 Hz on a consumer-grade GPU. Experimental validation
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in a realistic da Vinci-docked phantom setup demonstrates
in-plane tip errors (~ 5.5 mm) and angular errors (~ 1.9°)
for trocar tracking. Accuracy can be improved with multi-
view shaft-line refinement that accounts for trocar-instrument
diameter mismatches. These metrics are well within the
10mm approximate clinical threshold for AR-guided in-
strument insertion estimated by a surgeon [9]. This trocar
tracking method is a foundation for comprehensive AR
assistance, enhancing the bedside surgeon’s spatial awareness
and reducing cognitive load. Future work will integrate a faster
segmentation pipeline to enable real-time pose-refinement.
Ultimately, our method advances toward clinically viable,
marker-free AR systems that provide immersive surgical
guidance.
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