
Estimating the Joint Angles of a Magnetic Surgical Tool using
Monocular 3D Keypoint Detection and Particle Filtering

Erik Fredin and Eric Diller

Abstract— Magnetic surgical tools benefit greatly from real-
time pose estimation, as this is essential for controlling them
safely and effectively. Current pose estimation methods for
surgical tools either focus on rigid tools, or are developed
specifically for the da Vinci surgical system. In this work, we
use computer vision from a monocular endoscopic camera to
estimate the pose of an articulated magnetic surgical tool. In
particular, we present a deep 3D keypoint estimation framework
and a particle filter to achieve this. The former method can be
used for any articulated surgical tool, while the latter method is
specific to magnetic tools. We show that the deep 3D keypoint
estimation framework estimates the surgical tool’s joint angles
with an average error of 4.0 degrees and a speed of 29 Hz.
In addition, we demonstrate the robustness of the magnetic
particle filter and the deep pose estimation method for real-
time tool pose estimation.

I. INTRODUCTION

Minimally invasive neurosurgery has been subject to in-
creasing research in recent years, which promises neurosur-
gical procedures completed with smaller incisions, shorter
hospitalization stays and reduced trauma. We recently pro-
posed a magnetic serial robot (MSR) for minimally invasive
neurosurgery [1], consisting of a magnetic end effector
attached to a delivery platform (Fig. 1). The tool consists of
2 revolute flexure joints, as well as two on-board magnets. A
magnetic field is used to wirelessly move the tools joints, as
the tools’ magnets align themselves with the external field.
A recently proposed magnetic coil system [2] generates such
fields without restricting the workspace available to surgeons.
This setup enables these tools to have a diameter of only
4 mm, while maintaining full dexterity. However, magnetic
actuation of such multi-jointed tools requires feedback on the
tools’ joint angles (q1 and q2) for safe and effective control
[1]. Endoscopic computer vision methods are promising to
this end. The delivery platform already includes an endo-
scopic camera (Fig. 1), and therefore computer vision allows
for pose estimation without altering the physical setup.

Pose estimation methods for surgical tools using computer
vision have been studied since the 2000s. Early work uses
filtering and thresholding techniques to manually extract
keypoint and segmentation data [3][4]. However, these vision
methods lack robustness in the common situation of self-
occlusion, blood or occlusion from tissue. Deep-learning
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Fig. 1. Vision of in vivo pose estimation for magnetically acutated surgical
tools. A monocular camera is placed in a trocar to estimate a small 2-DoF
surgical tool.

methods on the other hand have been able to track visual
features of surgical instruments in images with excellent
results [5]. The orientation of rigid surgical instruments has
been detected using deep-learning models, yielding average
errors from 5-6° [6][7]. However, these methods specifically
designed for rigid instruments cannot easily be extended
to articulated tools. Allan et al. proposed a gradient-based
optimization method for estimating the pose of an articulated
tool from monocular images [8]. However, this method is
neither accurate or fast enough to suit the requirements for
controlling MSRs in real time. Sestini et al. recently achieved
a much greater accuracy by using joint angle encoder data to
train models in a self-supervised manner [9]. This approach
yielded an average angular error 4.8°, and avoids manual
labelling of data. MSRs however do not have access to joint
angle encoder data, and thus cannot use this method.

Other studies [10][11] have shown markerless keypoint
detection using deep neural networks (DNNs) to be a promis-
ing technique for estimating the 3D pose of surgical tools.
This poses the problem of re-projecting keypoints detected
in a 2D image plane into 3D world space, which is non-
trivial for monocular vision. To this end, the human pose
estimation (HPE) community often uses DNNs to predict 3D
keypoint locations given their respective 2D pixel coordinates
[12]. Applying deep 3D keypoint detection to estimating the
pose of surgical tools thus has the potential to outperform
more standard methods such as stereo triangulation, while
also enabling monocular 3D keypoint estimation.

As an alternative to direct joint angle estimation using
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Fig. 2. The proposed deep method for joint angle estimation. DNN2D (architecture based on [13]) detects 2D keypoint probability density maps. These
are thereafter converted to 2D coordinates, and converted to 3D world space by DNNpose. The architecture of DNNpose was proposed by Martinez et
al. [20]. Finally, joint angles are calculated analytically from detected 3D keypoints.

computer vision, state estimators such as Kalman filters or
particle filters have been used with great success in surgical
robotics [14] [15] [16]. These filters typically use 2D features
in the image plane detected using computer vision together
with a measurement function to provide a state estimate. This
approach is well-suited for monocular vision, in addition
to reducing the final joint angle estimates’ susceptibility to
noise and occasional failures. However, application of these
filters to magnetic robot tracking remains limited. Some
studies have applied the Unscented Kalman Filter (UKF)
[17] to the tracking of magnetic systems [18], [19]. These
typically incorporate a mathematical model of the field mea-
sured by magnetic sensors. There are few studies modelling
the motion of magnetic robots in a process model. One
such study models the planar motion of spherical magnetic
janus microrobot particles [20] with no articulating joints.
So-far, no state estimators have been devised for articulated
magnetic tools.

In summary, current pose estimation methods for surgical
tools are either tailored to specific tools or rely on joint
angle encoder data. Tools that do not have access to such
encoder data require alternative methods. In this work, we
thus propose two methods for estimating the joint angles of
a magnetic surgical tool, presenting the following contribu-
tions:

1) A deep method for estimating the 3D pose of a
multi-jointed surgical tool from monocular images,
demonstrating an accuracy of 3.95 degrees, a speed
of 29 Hz and that it outperforms stereo triangulation,

2) A particle filter for estimating the state of magnetic
serial robots, demonstrating its robustness in estimating
the tool pose in real-time tracking trials.

II. DEEP POSE ESTIMATION (DPE)

Fig. 2 shows the proposed method for estimating the
joint angles. This is broken down into two stages: 2D
keypoint detection, and pose estimation. The 2D detection
stage estimates the pixel coordinates of markerless keypoints
in a given monocular image. The markerless keypoints are
located at the end of each link of the tool, resulting in a
total of 6 keypoints. The probability distribution of each
keypoint is predicted as a heatmap. Due to its simplicity and

robustness, a model proposed by Xiao et al. [13] for HPE
is used to do this. The deconvolutional layers of this model
have been modified to match the desired heatmap output size
(224x244 pixels). The pose estimation stage regresses the 3D
coordinates of the markerless keypoints. The DNN chosen
for this was proposed by Martinez et al. [21] for HPE. In the
final stage of the method, 3D keypoint locations are used to
calculate the tool’s joint angles analytically.

A. 2D Keypoint Detection

The 2D detection model is trained using a large quantity
of simulated data and fine-tuned using a smaller amount of
real data. Fig. 3 (b) shows an example of a real image.
The process for collecting the real training data is described
in Section IV. The simulated training dataset is generated
using the game engine Unity (Unity Technologies, San
Francisco, USA) and its perception package [22]. A domain
randomization approach [23] was chosen to facilitate the
synthetically-trained model’s generalisation to real data. The
background, lighting, tool texture and camera position were
randomized, and only the rods texture was designed to mimic
that of the real dataset. Fig. 3(c) shows an example of a
synthetic training image. In total, 20 000 synthetic images
were used to train the model. The model was trained on
synthetic data for 88 epochs and for 90 epochs on real data.

B. 3D Pose Estimation

1) Geometric Loss Function: DNNpose does not predict
3D keypoint coordinates accurately enough when trained
with a conventional L1 loss. To address this, a geometric
loss function is proposed to train the DNN in accordance
with the tool’s geometry. The motivation for this is illustrated
in Fig. 3(a). A link’s orientation, denoted lx, is given
by two keypoints on its center axis, xa and xb. Their
estimated counterparts, x̂a and x̂b, make up the estimated
link orientation l̂x. As shown in Fig. 3(a), estimating 3D
keypoints without considering such geometric constraints
leads to estimated link orientations violating them. The
estimated link orientation l̂x points downwards, even though
this should not be possible given the tools configuration
space. Errors in detected 3D keypoints can thus have an out-
sized impact on the estimated joint angles. A geometric loss

13176



Fig. 3. (a) Illustration of loss function that reinforces geometric constraints
of the surgical tool, (b) example of real image of tool, (c) example of
synthetic training image.

function is therefore proposed to address this:

Lgeo = L1(x, x̂) + L1(l, l̂) +
1

N

N∑
i=n

|θl̂n,Pn
|, (1)

where x and x̂ are the ground truth and estimated keypoint
coordinates, l and l̂ are the ground truth and estimated link
orientation vectors, and θl̂n,Pn

represents the angle that an
estimated link l̂n makes with the plane P n. All terms in
(1) use an L1 loss to compute estimation errors for their
respective parameters. The first term regresses the direct
output of the network, i.e., the 3D keypoint coordinates,
while the second term penalizes incorrect link orientations.
The second term is particularly important, since joint angles
are determined using estimated link orientations. Finally, the
last term computes the angle that estimated links make with
the plane that their respective ground-truth link rotates in.
This term penalizes keypoint predictions that are inconsistent
with the configuration space that a given link is able to rotate
in.

2) Synthetic 3D Data Generation: While a vast dataset is
needed for training DNNpose, collecting this experimentally
is highly challenging. Therefore, 2D and 3D keypoints pairs
are instead generated by simulating the robots kinematics.
For a given keypoint Pi with known coordinates with respect
to its link’s coordinate frame j, the keypoint’s 3D coordinates
in the camera frame are given by:

PC
i = TC

0

j∏
n=1

T n−1
n (qn)P

j
i , (2)

where TC
0 is the robot base to camera transform, T n−1

n (qn)
is the transform from the frame of link n to the previous
link n− 1, qn is the angle of joint n, and P j

i is the location
of keypoint i with respect to the frame of link j. P j

i is ob-
tained from the robots CAD model, while T n−1

n (qn) can be
calculated via kinematic modelling. TC

0 is determined using
ArUco markers placed in a known configuration on a board
mounted onto the rod and an iterative PnP algorithm. Finally,

3D keypoint coordinates in the camera frame are transformed
into 2D pixel coordinates via the cameras intrinsic matrix,
K:

pi = KPC
i , (3)

where pi is the 2D pixel coordinates of keypoint PC
i and

K is the intrinsic matrix. K is calibrated using Zhang’s
method [24]. Using this approach, 3D keypoints PC and
their corresponding 2D pixel coordinates p can be generated
for a wide array of joint angles q. In a real-world setup
however, errors occur in calibrating the robot-to-camera
transform, TC

0 , and estimating 2D keypoints p. To account
for this, (2) and (3) are modified to add noise to both of
these parameters:

pi = K((T̃ TC
0 )

j∏
n=1

T n−1
n (qn)P

j
i ) + p̃i, (4)

The added noise increases the likelihood that a subset
of the training data reflects the testing environment. This
improves the potential for DNNpose to generalize to test
conditions. 100 000 training samples were generated using
this approach, and the model was trained for 110 epochs with
a learning rate of 1e-4.

III. PARTICLE FILTER FOR MAGNETIC SERIAL ROBOTS

Particle filters use a finite set of particles to represent pos-
terior probability density function. In robotics, each particle
represents a state hypothesis that is simulated via a motion
model of the robot. The probability that a given particle
represents the robots true state is thereafter computed via
a measurement function and the true sensor measurement.

A. Motion model

The motion model for the robot is derived by modelling
its flexure joints as an overdamped spring-damper system
under an external load. The external load for this system is
the magnetic torque applied to the tool for actuation, as well
as the internal magnetic forces between on-board magnets.
Specifically,

Mu(q)u+ τ int(q) = cq̇ + kq, (5)

where Mu(q) is the current actuation matrix, u are the
magnetic coil currents and τ int(q) are the internal forces
of the MSR due to its on-board magnets. u is the known
control input to the system, while expressions for Mu(q)
and τ int(q) have previously been derived in [25]. The
calibration process for the spring and damping constants k
and c is described in Section IV-B. Notably, we did not
include an acceleration term in (5). The reason for this is that
we assume that the tools acceleration will be comparatively
low. While this assumption does not always hold true, we
design the particle filter such that this inaccuracy can be
compensated for. Expressing (5) in discrete-time yields the
particle filters process model:

qk+1 = qk + c−1(Mu(qk)uk + τ int(qk)− kqk)∆t, (6)

where ∆t is the timestep between particle filter iterations.
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B. Importance sampling

Importance sampling quantifies the proximity between 2D
keypoints estimated using a measurement function and the
corresponding 2D keypoints detected using DNN2D. This
proximity corresponds to the probability that the particles
state is the correct state, also known as that particles weight.
(2) and (3) are used as the measurement function, which
estimates the 2D keypoints given a particle’s state q.

C. Implementation

Importance resampling is commonly used in particle filters
to avoid degeneracy, where some particles weights are com-
puted to be near-zero. The particle filter calculates how many
weights are effective for each iteration, and applies stratified
resampling if the number of effective weights is too low.
However, this can lead to the opposite problem, where many
or all particles are resampled to have the exact same state and
equal weights. In practice, this yields the same result as if a
single particle had been used, and is not representative of the
probability distribution of the robots state. This problem is
particularly prevalent when a low number of particles is used.
To counteract this, we add a small amount of gaussian noise
∼ N(0, Q) to (6). This way, the particles avoid converging
to the same value and are more likely to represent the true
distribution of the tools pose. This comes at the expense
of the particle filter being more susceptible to temporary
measurement noise, however, in practice this can be reduced
by setting Q to a low value.

IV. DATASETS & EXPERIMENTS

A. Rigid Tool Dataset

A key challenge in testing the deep pose estimation (DPE)
method is acquiring data where the tools ground truth joint
angles are known precisely. Accurate ground truth is also a
challenge in surgical computer vision in general. We address
this by 3D printing many different rigid samples of the tool
with known joint angles. The rigid tools are painted silver
to visually resemble machined surgical tools. The degree to
which the joint angles of a 3D printed tool matched that of
its CAD model was validated using an Epilog laser scanner.
This showed that the joint angles of the rigid tools deviated
from their CAD model by at most ± 2 deg. In order to ensure
that the configuration space is represented adequately in the
test dataset, each joint angle is increased in steps of 10. This
resulted in 190 rigid surgical tools.

Fig. 4(a) shows the setup used for collecting the data.
Framing as well as a shroud are used to mount tissue and
block external lighting. The rod used to mount the tool
includes an insert, so that the tool is unable to rotate around
the rods axis. A phantom brain was chosen as background
tissue. While a porcine brain strongly visually resembles a
human brain, the use of one requires strict ethical approval
and guidelines. A phantom brain does not come with these
restrictions, and has been used as a background in other
studies estimating surgical tool pose using computer vision
[6]. The use of an animal cadaver brain is however desirable
in future work. In total, 814 training images and 183 test

Fig. 4. (a) Setup for data collection (zoom in on trocar, show mounting
of gripper), (b) Setup for calibrating the joint stiffness and damping
coefficients.

images were collected using this method. The test images
features the phantom brain as a background only, while
the training data features various backgrounds including the
phantom brain. This discrepancy was included to reflect the
fact that a surgical workspace may not match the surgical
training data perfectly. The DPE method is tested on the
images of the right camera. We compare these results to
the use of stereo triangulation for estimating 3D keypoints,
as this is a well-known method in computer vision for
projecting points in images into 3D space.

B. Time-Series Experiment

1) Data Collection and Training: To test the performance
of both estimation methods on temporal data, three 50-80
second videos of the tool moving under magnetic actuation
are collected. Two of the three trials use the phantom brain
as a background and a shroud to block external lighting,
while the final test video is recorded in our labs environment
without a dedicated background. The trials in the phantom
brain environment use dim and warm endoscopic lighting
respectively, and the speed of the tool is varied across
the three trials. Video frames of the tool are recorded
synchronously with coil currents used for actuation. DPE by
itself, DPE combined with a low-pass filter and the particle
filter are tested on these. The low pass filter calculates the
average pose from the previous 10 timesteps. The particle
filter is initialized with 50 particles and a noise Q of 2
radians. In addition, 877 training images are collected. The
training dataset is comprised of each of three settings in the
testing videos. The keypoints on these images are annotated
by hand, and the real-world images are supplemented by
20k simulated images. DNN2D is trained for 70 epochs on
simulated data and finetuned for 130 epochs on the real-
world data. A learning rate of 0.0005 and a batch size of
100 were used each time.
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2) Ground-Truth: In the absence of direct ground truth on
the tools’ joint angles, the IoU of the estimated and ground-
truth segmentation data is computed, an approach to ground-
truth previously used to test other pose estimation methods
for surgical tools [14], [16]. The estimated tool segmentation
is generated using the estimated joint angles and the tools’
CAD model, while the ground-truth masks are hand-labelled.
While a subset of the video frames are annotated and used
to show IoU, inference of both methods is done on all video
frames.

3) Flexure Joint Identification: To model the behavior
of the robots flex joints, k and c in (6) are determined
experimentally. Fig. 4(b) shows the calibration setup using
the magnetic coil system. k is identified by applying a
magnetic torque to a joint angle such that it is in equilibrium.
Torques and joint angles are recorded for various equilibrium
positions, and the collected data is used together with (5)
to identify k. This yields k1 = 0.0004 Nm/rad and k2 =
0.00035 Nm/rad. c is determined by placing joint angles
at their limit positions and thereafter removing any external
forces. The joint angles are measured over time using a
perpendicular camera. This data is then used to fit the general
solution for an overdamped spring-damper system, yielding
c1 = 0.00098 Nm·s/rad and c2 = 0.00069 Nm·s/rad.

V. RESULTS AND DISCUSSION

A. Rigid Tool Dataset

Fig. 5 shows the box plot data of the rigid-tool dataset.
While some test images have high errors, the mean error
for each joint angle is 3.1◦ and 4.8◦ respectively, while
their standard deviations are 2.9◦ and 4.7◦. This suggests
that while Fig. 5 shows some samples with high errors, the
joint angles were detected much more accurately for most of
the dataset. However, a non-negligible number of samples
have joint angle errors greater than 10◦, with 2 samples
having an error of over 20◦ for the second joint angle.
The likely reason why the second joint angle is more error
prone is that it is computed from keypoints at the tool’s tips.
These are more difficult to track, as their position changes
considerably across the dataset relative to other keypoints.
Detecting these keypoints more robustly would thus likely
reduce the occurrences of high joint angle detection errors.
For in vivo settings, low-pass filters could alternatively be
used to reduce this methods susceptibility to occasional
tracking failures. This method computes at an average rate
of 29.4 Hz on an NVIDIA GeForce RTX4090 GPU, where
DNN2D takes by-far the longest (33ms) to process. It it thus
fast enough for real-time pose estimation.

Table I shows a comparison of deep pose estimation (DPE)
to stereo triangulation. As shown in Table I, the use of
DNNpose outperforms stereo triangulation for estimating the
3D pose of the tool. The most likely explanation for the poor
performance of stereo triangulation is that, as discussed in
Section II, errors in the estimated 3D keypoints can result in
outsized joint angle detection errors. DPE mitigates this by
using the geometric loss function, penalizing 3D keypoint
estimates that are not located on center axis of each of

Fig. 5. Joint angle estimation results on the rigid-tool dataset.

the tool’s links. Stereo triangulation would likely improve
considerably if 2D keypoints are detected more accurately.
This would however likely require tens-of-thousands of train-
ing images, rather than the 814 real-world images used in
this experiment. Other pose estimation methods in surgical
robotics [6], [9] also require tens of thousands of training
images. We therefore believe that the proposed DPE method
could present a compelling option when training data is
scarce.

TABLE I
JOINT ANGLE ESTIMATION RESULTS

Method Mean error (deg) St. Dev. (deg)

2D Detector + triangulation 18.85 17.95
2D Detector + DNNpose 3.95 4.75

B. Time-Series Data

Fig. 6 shows the IoU over time for unfiltered DPE (red),
DPE combined with a low-pass filter (green), and the particle
filter (blue). The particle filter seems to outperform the deep
pose estimation method for most of the tools trajectory, with
the exception of the time stretching from around 14 to 25
seconds. An example of this is shown in the top left of
Fig. 6. The pose estimated using the deep pose estimation
method (red) seems to match the wrist angle of the tool more
closely than the particle filter (blue). The detected keypoints
are shown in yellow. These are detected at the ends of each
link for the top left example, matching their ground truth
positions well. The DPE method benefits from this, and
hence yields in a higher IoU for this timestep. In the top right
example however, the detected keypoints have considerable
errors. Here, DPE performs worse than the particle filter, as
demonstrated by the latter’s higher IoU. This suggests that
the particle filter’s use of temporal data combined with the
motion model in (6) helps to accurately predict the gripper’s
pose. These features make the particle filter more robust
to temporary measurement noise. In addition, DPE can at
times be susceptible to errors stemming from DNNpose.
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Fig. 6. Trial 2 results: the IoU from re-projecting the estimated tool state
onto the image is shown over time for deep pose estimation (DPE, red),
DPE and a low pass filter (green) and the particle filter (blue). The IoUs are
averaged over 5 timesteps. Re-projected masks from DPE and the particle
filter are shown in red and blue respectively, to illustrate how closely these
match the tool’s true pose. Estimated keypoints are shown in yellow.

This is demonstrated in the bottom example, where detected
keypoints are placed closely to link endpoints. Despite this,
the tool pose estimated using DPE still has a lower IoU than
that estimated using the particle filter. Errors in DNNpose

may also explain DPE yields noisier estimates than the
particle filter.

The speed of the particle filter is up to 27 Hz, not including
the time taken to detect 2D keypoints. In an in vivo scenario,
multi-threaded programming could be used to run DNN2D

and the particle filter on separate threads. This would yield
pose updates at a maximum rate of 27 Hz, which is similar
to the speed of DPE (29 Hz). Both methods are thus fast
enough for controlling the magnetic tool in real-time [1].

Table II shows the tool tracking performance over the
3 recorded trials. While DPE still displays a high level of
robustness across the three trials, it is less accurate than the
particle filter in all of these. The particle filter estimated the
tool’s state adequately in Trial 3, where the tool experienced
fast motion at certain times. This is despite the tools inertia
not being modelled in (6), which could conceivably have
lead to errors during high speeds. We believe that impor-

tance sampling via keypoint detection compensated for this
modelling inaccuracy. If this is true, then the strength of the
particle filter is derived from the fact that the both the motion
model and keypoint detection can compensate for temporary
failures in each other. DPE cannot take advantage of a motion
model, and is thus less robust. However, the particle filter
in this work is designed specifically for magnetic tools. The
main strength of the DPE method is that it can be applied to a
wide variety of surgical tools, as long as their articulation can
be modelled using homogenous transformations. DPE thus
presents a very versatile alternative to the use of a particle
filter, as it does not require a motion model of a given tool.

TABLE II
RESULTS FOR 3 DIFFERENT TOOL TRACKING TRIALS

Trial no. Trial 1 Trial 2 Trial 3

Lighting Dim Warm Lab lighting

Background Phantom
brain

Phantom
brain Lab background

Speed Moderate Moderate Fast
Avg. IoU DPE 0.76 0.79 0.77

Avg. IoU particle filter 0.80 0.81 0.79

VI. FUTURE WORK

We would like to acknowledge that our methods in their
present form likely cannot estimate the gripper’s pose in
in vivo settings, such as occlusion by grasped tissue. An
important subject of future work is thus to adapt our methods
to such a setting. In particular, this includes re-training and
testing them on images with the presence of blood, occlusion
and smoke, as these are very often present in surgical settings
[26]. In addition, the cameras used in this work were low-
cost endoscopic cameras. For future experiments, we aim
to use medical-grade cameras instead. Finally, the tool’s
delivery platform in this work consisted of a straight rod,
rendering the position and orientation of its base-link as
fixed relative to the camera. To achieve adequate dexterity
for neurosurgery however, the tool must be mounted to a
delivery platform consisting of concentric tubes [27]. To
control the tool in such a setup, its position and orientation
relative to the camera also need to be estimated, increasing
the pose estimation problem from 2-DoF to 8-DoF. In real-
world surgical settings the trocar would also move freely,
meaning that a method for transforming the estimated state
from the camera’s frame to the coil system’s frame will be
needed.

The training data required to adapt our proposed methods
to these challenges will be substantially greater. Studies for
other surgical tools have addressed this by using either im-
proved sim2real transfer [28], [6] or self-supervised learning
[9], and we hope to implement similar methods to gather
more training data for the magnetic tool.
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