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Abstract. Laparoscopic instrument pose tracking from monocular en-
doscopic video in surgical training tasks is essential for computer-assisted
surgery and objective skill assessment. However, current methods re-
quire geometric priors unavailable in non-robotic settings and lack tem-
poral reasoning across multimodal cues and uncertainty quantification.
We introduce Bayesian Temporal Pose Network (BTPN), a framework
that fuses visual and kinematic features through hierarchical multi-scale
temporal attention operating at clinically motivated resolutions, with
calibrated Bayesian uncertainty. A fine-tuned segmentation backbone
achieves 99.1 % mAP50 and keypoint detection reaches 98.3 % mAP50.
End-to-end visual pose tracking attains 7.0 mm position and 11.7◦ ro-
tation RMSE with 0.028 uncertainty error. Our code is available at
https://github.com/omariosc/BTPN.

Keywords: computer vision · image processing · learning (artificial in-
telligence) · uncertainty · tool tracking · pose estimation · surgery

1 Introduction

Real-time pose tracking of laparoscopic instruments from monocular endoscopic
video of surgical training tasks is a challenging yet crucial task in computer-
assisted surgery. Accurate 6-DoF (Degrees of Freedom) pose (position and ori-
entation) can enable augmented reality (AR) guidance, safety monitoring, and
objective skill assessment in minimally invasive surgery [7, 15]. However, recov-
ering full 6D pose remains an open problem with prior approaches relying on
geometric priors unavailable in non-robotic settings [1]. Computer-Aided Design
(CAD)-dependent models achieve state-of-the-art 6D pose accuracy but require
a 3D model of each target object: FoundationPose [22] uses either a CAD mesh
or reference images, while some recent work obtains geometry via training on
synthetic renderings [21]. Robot-specific methods exploit forward kinematics and
known link geometry; the SurgRIPE benchmark [24] is the first robotic dataset
to provide joint 3D pose and segmentation masks. Geometric assumptions relax
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the CAD requirement but impose shape constraints [20]: ART-Net [11] recovers
3D pose via algebraic geometry under a cylindrical shaft assumption. Where
priors are absent, existing work is confined to 2D outputs where YOLO mod-
els have been used [4, 13]. The PhaKIR 2024 keypoint estimation challenge [16]
only received two entries, both degrading severely under occlusion. Non-robotic
laparoscopic tools lack CAD models, kinematic chains, and standardised geom-
etry. The clinically relevant point of interest is the jaw tooltip rather than the
shaft, precluding direct application of any existing method. Existing approaches
also largely operate using markers [10] or naïve bounding-box tracking [1, 3] on
individual frames, lacking other innovations in surgical data science, e.g. tem-
poral reasoning [2, 26] or uncertainty quantification [8, 18], essential for clinical
trust [14, 17].

Our work addresses this gap by presenting the Bayesian Temporal Pose Net-
work (BTPN), a framework for probabilistic 7-DoF tool pose tracking from
monocular video, requiring no geometric or CAD priors. Our primary contri-
butions are: (i) A hierarchical multi-scale temporal attention mechanism oper-
ating at clinically motivated resolutions with quaternion-aware bimanual cross-
attention for capturing inter-tool coordination and learnable cross-scale fusion
using segmentation (91.1% mAP50-95) and keypoint estimation (94.6 % mAP50-95);
(ii) A kinematic foundation model that learns tool dynamics by predicting fu-
ture poses, using ∼330 K electromagnetic (EM) tracking data frames across 114
peg transfer trials.

2 Methodology

2.1 Datasets

We use the multimodal LASK (Laparoscopic Skill & Kinematics) datasets [6,
5] of laparoscopic peg transfer trials recorded using cameras for image frames
and an NDI Aurora EM tracking system for ground truth tool poses (Table 1).
Approval for the dataset collection was granted by the University of Leeds Fac-
ulty of Engineering and Physical Sciences Research Ethics Committee (ref: EPS
2211 and MEEC 22-023). EM coils near each tool shaft base, calibrated to the
tool tips, provide per-frame position and orientation quaternion, recorded in the
Aurora tracker frame and transformed into the camera frame using the camera
pose and its intrinsic and extrinsic parameters. The Aurora system has 0.48 mm
position and 0.3◦ orientation RMSE; per-tool coil-to-tip calibration recovers the
sensor offset by axial-shaft rotation, the jaw-hinge offset by a pointed-cap pivot,
and axial roll against a world reference. All trials used a non-ferrous box trainer,
keeping interference below the system’s drift threshold. Magnetic sensors and
magnets attached to the lower and upper tool handles yield voltages proportional
to jaw aperture. This voltage is smoothed with a second-order Butterworth low-
pass filter (0.5 Hz cutoff, zero-phase using offline forward-backwards filtering)
and calibrated per trial to a [0, 1] opening fraction by 10th/90th-percentile scal-
ing; jaw error is reported as a percentage of this opening range. The datasets were
collected over three years; jaw sensing was added after Dataset A (so Dataset C
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Table 1: Dataset overview. Each trial corresponds to one unique participant
(urology surgeons for A and C, paediatric surgeons for B).

Dataset Collected Trials DoF Frames fps Jaw Ann. Neg. Pos. Role

A Oct 2024 60 7 ∼86K 13 ✓ 4278 3836 442 Train / val
B Nov 2024 30 7 ∼48K 13 ✓ 4784 4607 177 In-dist. ext. val
C Oct 2023 24 6 ∼107 K 26 — 416 108 308 OOD test

(a) Dataset A (b) Dataset B (c) Dataset C

Fig. 1: Representative annotated frames from each dataset.

has none). Dataset A comprises 60 urology specialists; Dataset B, 30 paediatric
specialists; Dataset C, 24 urology specialists collected one year earlier. One-
way analysis of variance (ANOVA) confirms significant distributional differences
across datasets (p<0.001) due to equipment differences in training boxes, cam-
era/tool models and insertion angles, with Dataset B suitable for in-distribution
validation and C for OOD (out-of-distribution). Each annotated frame contains
per-tool polygon segmentation masks and 8 keypoints: proximal and distal shaft
edge endpoints, end-effector joints and tips, and both jaws. Negative frames
in which neither tool is present are explicitly included to reduce false-positive
detections (Table 1).

2.2 Problem Formulation

Given an endoscopic video {It}Tt=1, we estimate 3D poses of each laparoscopic
tool k ∈{L,R} (left, right) with a calibrated measure of prediction confidence,
using only the images as input at inference time. Our objective is to maximise the
likelihood of the future pose y

(k)
t+1 under the predicted distribution p(y

(k)
t+1 | I1:t),

while ensuring that the predicted uncertainty is well-calibrated with respect to
observed errors, by minimising a composite loss (Sec. 2.4). The per-tool pose is
y
(k)
t = [p, q, θ], p∈R3 is the 3D tool-tip position in the camera coordinate frame

(mm), q∈ S3 is the orientation as a unit quaternion, and θ ∈ [θmin, θmax] ⊂ R
is the jaw angle. These components inhabit geometrically distinct spaces and
require distribution families that respect each geometry.

p
(
y
(k)
t+1 | I1:t

)
= N

(
µp, Σp

)︸ ︷︷ ︸
position

· vMF
(
µq, κ

)︸ ︷︷ ︸
orientation

· N
(
µθ, σ

2
θ

)︸ ︷︷ ︸
jaw angle

, (1)

By conditioning causally on all frames up to time t at multiple temporal scales
(enabling it to exploit motion continuity and anticipate short-horizon tool tra-
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jectories), the network predicts a factored distribution over future frames poses,
where the position mean µp ∈ R3 and covariance Σp = LL⊤ ≻ 0 are param-
eterised via a lower-triangular Cholesky factor L; avoiding costly eigenvalue
clamping or projection during training. For orientation, a standard Gaussian
on R4 would assign probabilities on invalid (non-unit) quaternions; we instead
adopt the von Mises–Fisher distribution vMF(µq, κ), defined natively on the
unit hypersphere S3 and concentration parameter κ > 0 where high κ concen-
trates density around the mean direction µq (confidence), while low κ spreads
density over the sphere (uncertainty). For the jaw angle, µθ and σ2

θ parameterise
a scalar Gaussian matching its 1D Euclidean nature.

2.3 Network Architecture

The three panels of Fig. 2 work together as follows. (a) BTPN: A two-stage
pipeline avoids tool-identity confusion: YOLOv26 [12] localises and segments
both tools, then per-tool ROI crops pass to a YOLOv26m-pose model for 8-
keypoint detection, with a frozen DepthAnythingV2 encoder [25] adding monoc-
ular depth cues along the optical axis. A matching image-based encoder produces
a visual embedding (V ), which a gated cross-modal fusion combines with the
kinematic embedding (K) supplied by the KFM. Separate probabilistic heads
then predict the position, rotation, and jaw distributions as gated residual cor-
rections to the kinematic prior, p̂ = µ

(kin)
p + gp δµp. Separate per-channel con-

c) Kinematic Foundation Model
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fidence gates prevent noisy visual estimates from corrupting modalities where
kinematics are already accurate (position and jaw ≤0.5, rotation ≤0.1). (b) Hi-
erarchical Temporal Transformer (HTT): Used by both the visual and
kinematic branches, the HTT models vision/motion through windowed atten-
tion at three clinically-motivated temporal scales spanning 10/50/100 frames
(≈0.8/3.8/7.7 s at 13 fps): a local scale for micro-gestures (grasp onset, release
timing), a medium scale for purposeful actions, and a global scale for subtask
context. These follow measured peg-transfer action durations (reach ≈1.1, grasp
≈1.2, transfer ≈2.4, place ≈2.0 s), with local micro-gestures nested within the
longer phases, so each scale matches the temporal extent of a clinically meaning-
ful motion. (c) Kinematic Foundation Model (KFM): An HTT trained on
EM trajectories to predict the next-frame pose from a causal context window,
learning tool dynamics that serve as a strong motion prior. A Memory-Enhanced
Encoder (MEE) augments these embeddings with a learned memory bank — a
small set of trainable prototype vectors that the sequence attends to through a
gated residual, recalling recurring motion patterns beyond the current window
using bidirectional context. Since surgeons do not move the two tools indepen-
dently, the MEE shares the per-tool streams with self-attention in addition to
quaternion-aware bimanual cross-attention: each tool first attends over its own
sequence and then into the other tool’s features, with a learned gate controlling
how much cross-tool information flows.

2.4 Loss Functions
Eq 2: Beta-NLL (position and jaw angle) Beta-NLL (negative log-likelihood)
re-weights gradients to prevent variance collapse on easy samples [19]. Here
σdet = stopgrad(σ) (and likewise κdet for the vMF concentration) denotes the
scale treated as a constant during back-propagation, so the β-weight (β=0.5)
re-scales gradients without itself receiving them. Standard Gaussian negative
log-likelihood (NLL) permits variance collapse on easy samples. Beta-NLL [19]
re-weights gradients to prevent this, where σdet = stopgrad(σ) denotes σ treated
as a constant (no gradient propagation). An identical scalar Beta-NLL is used
for the jaw angle.

Lpos = Ljaw = 1
2

[
σ2β

det
(y − µ)2

σ2
+ σ

2(1−β)
det log σ2

]
, β=0.5 , (2)

Eq 3: Beta-vMF. Quaternion orientation on S3 is modelled by a von Mises–
Fisher distribution with analogous beta-weighting, where q∗ is the ground-truth
quaternion and C4(κ) = κ2/(4π2 sinhκ) is the vMF normalising constant on S3.

Lrot = κ β
det

(
−|µq · q

∗|
)
+ κ 1−β

det logC4(κ) , (3)

Eq 4: Differentiable ECE (Expected Calibration Error). We directly optimise
uncertainty calibration, where B=9 calibration bins span target coverages αb∈
{0.1, . . . , 0.9}, zαb

the corresponding standard normal quantiles, σi the predicted
standard deviation, ei the prediction error, and τ controls temperature.

LECE =
1

B

B∑
b=1

(ĉb − αb)
2 , ĉb =

1

N

∑
i

σ

(
zαbσi − |ei|

τ σi

)
, (4)
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2.5 Training Strategy

The kinematic HTT is initially pre-trained for masked visual reconstruction (30%
of frames masked). It will use the previously predicted kinematics (initially, the
random initialisation before there are any kinematics) as priors in the HTT to
produce the kinematic embeddings. The main BTPN performs visual–kinematic
alignment (cosine similarity between kinematic embeddings and visual features).
In fine-tuning, we first train visual projections only and then all parameters (co-
sine LR from 3×10−4 to 10−7). We use AdamW (β1=0.9, β2=0.999, weight decay
10−5), gradient clipping at 1.0, batch size 16, and dense sliding window sampling
frame (∼47 K training windows with stride 2). At inference, the model runs a
single deterministic forward pass and reads predictive (aleatoric) uncertainty di-
rectly from the heteroscedastic output heads. All experiments ran on an NVIDIA
RTX 3060 with PyTorch 2.7 and CUDA 11.8.

3 Results

3.1 Experimental Setup

We report RMSE (root mean squared error) scores between predicted and ground-
truth tool-tip coordinates and overall Euclidean distance (mm), geodesic rota-
tion [23] (shortest angular path between predicted and target quaternions; ◦),
and percentage of the jaw opening range. Uncertainty quality is assessed by
ECE (deviation of predicted confidence intervals from observed coverage rates)
and empirical coverage (fraction of ground-truth poses falling within predicted
90% intervals). Visual components are scored by mAP50 and mAP50-95. For
cross-dataset evaluation (Table 2c), we report ∆Rot, the RMSE of the per-step
frame-invariant quaternion angular velocity computed between predicted and
ground-truth quaternions. Due to the Bayesian nature, we also report autore-
gressive (AR) multi-step position measuring kinematic divergence at horizon
h frames. Metrics are reported thoroughly on held-out test sets. The model is
trained only on Dataset A (39 trials for training, 21 held out). No published
method performs full 7-DoF monocular pose tracking, precluding direct com-
parison. ART-Net is the closest in setting and serves as a representative external
baseline, complemented by other architectures and component ablations. In Ta-
ble 2b, we compare against: (1) ART-Net [11]; (2) visual embedding with (a)
regression baseline; (b) Long-Short Term Memory (LSTM) network; (c) Tempo-
ral Convolutional Network (TCN); and (d) Visual Tracking Transformer (VTT);
(3) a kinematic regression baseline on raw EM input; (4) ablations removing (a)
KFM priors; (b) bimanual cross-attention; (c) hierarchical multi-scale attention;
and (d) uncertainty ECE loss.

3.2 Quantitative Results

BTPN substantially outperforms all other models (Table 2a). All methodolog-
ical contributions provide benefits over the baseline (Table 2b). Cross-dataset
evaluation (Table 2c) demonstrates generalisation.
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Table 2: Quantitative results overview.
(a) Visual Pipeline Components

Component Prec ↑ Recall ↑ mAP50 ↑ mAP50-95 ↑

Detection 98.1 98.3 99.1 97.5
Segmentation 98.1 98.3 99.1 91.1
Keypoints 97.3 97.3 98.3 94.6

(b) Pose Prediction RMSE Errors (Dataset A held-out)

Position ↓ (mm) Rotation ↓ (◦) Jaw ↓ ECE ↓

Method x y z ∥v∥ roll pitch yaw Geo (% open)

ART-Net [11] 19.7 20.7 14.9 32.2 65.6 30.7 67.5 55.4 42.5 0.155
Visual regr. 18.3 17.0 13.0 28.1 52.8 27.2 55.0 44.0 45.6 0.137
Visual + LSTM 17.1 13.2 12.3 24.9 76.8 36.8 68.0 67.9 43.2 0.098
Visual + TCN 15.1 11.9 11.0 22.1 72.0 37.3 68.6 66.4 41.9 0.240
Visual + VTT 16.4 13.7 12.5 24.7 74.0 45.6 79.7 69.0 42.2 0.115
Kinematic regr. 5.2 5.8 3.9 8.7 33.1 17.2 31.2 27.6 14.4 0.098
Full BTPN 4.2 4.4 3.4 7.0 14.4 7.3 15.6 11.7 13.6 0.028

w/o kin. prior 17.0 13.8 12.5 25.2 77.2 33.4 75.9 55.5 39.1 0.138
w/o bimanual 5.6 5.8 4.2 9.1 20.9 8.9 22.2 13.6 14.3 0.025
w/o multiscale 4.3 4.7 3.6 7.3 18.0 7.4 19.0 11.6 13.2 0.020
w/o calibration 4.2 4.5 3.5 7.0 15.1 7.7 16.0 11.9 13.5 0.259

(c) Cross-Dataset Generalisation RMSE Errors (Full BTPN Model)

Position ↓ (mm) ∆Rot ↓ Jaw ↓ AR Pos ↓

Dataset Role x y z ∥v∥ (◦/step) (% open) @5 @10

A (21 tr.) Held-out 4.2 4.4 3.4 7.0 17.6 13.6 16.7 28.2
B (30 tr.) In-dist. 5.6 5.0 4.2 8.6 28.9 11.6 21.9 34.9
C (24 tr.) OOD 4.9 7.1 6.8 11.0 29.1 N/A 21.1 33.5

3.3 Qualitative Results and Uncertainty Analysis

Correlating proxy variables with position error reveals that motion speed is
the strongest predictor of error (r= 0.65, p< 0.0001). Position extremity from
workspace centre (r= 0.50) and inter-tool proximity (r= 0.30) are also signifi-
cant (p< 0.0001). However, predictive uncertainty minimises these cases (Fig. 4)
and we can further see representative high tracking accuracy for trajectory pre-
dictions (Fig. 3). Per-modality calibration reveals position (ECE = 0.028) and
jaw angle (ECE= 0.079) are well-calibrated, while rotation is substantially over-
conservative (ECE = 0.30, Fig. 4a), reflecting the inherent difficulty of recovering
orientation from monocular images. Adding epistemic uncertainty from 30 Monte
Carlo dropout samples [9] to the aleatoric predictions does not improve calibra-
tion: position and jaw ECE slightly worsen (to 0.13 and 0.11, from over-coverage)
while rotation is unchanged (0.30), confirming that the heteroscedastic output
heads already capture the predictive uncertainty. We therefore report single-pass
deterministic inference.



8 O. Choudhry et al.

200

175

150

125

X
 (m

m
)

2.4 mm

60

40

20

0
Y

 (m
m

)

2.5 mm

250

225

200

Z 
(m

m
)

1.9 mm

100

120

140

160

Eu
le

r Z
 (°

)

4.8°

50

0

Eu
le

r X
 (°

)

5.1°

100

50

Eu
le

r Y
 (°

)

17.2°

0 5 10 15 20 25 30 35
Time (s)

0

50

Ja
w

 (°
) 6.2° GT

Pred
±2σ

Fig. 3: 7-DoF predictions for a held-out trial sequence.

0.4 0.6 0.8 1.0
Expected coverage

0.4

0.6

0.8

1.0

O
bs

er
ve

d 
co

ve
ra

ge

(a) Reliability diagram

Ideal
Position (0.028)
Rotation (0.301)
Jaw Angle (0.079)

2 3 4 5 6 7
Predicted σ bin (mm)

0

2

4

6

8

10

M
ea

n 
po

si
tio

n 
er

ro
r (

m
m

) r = 0.60

(b) Error by predicted uncertainty

0 20 40 60 80
Fraction removed (%)

2

3

4

5

M
ea

n 
po

si
tio

n 
er

ro
r (

m
m

)

(c) Sparsification curve

Oracle (by error)
Model (by σ)
Random
AUSE = 0.95 mm

High
(>0.7)

Medium
(0.3 0.7)

Low
(<0.3)

0

10

20

30

Po
si

tio
n 

er
ro

r (
m

m
)

n=20258
n=669

n=121

(d) Error by detection confidence

Fig. 4: Uncertainty quality assessment. (a) Reliability diagram at five confidence
levels with per-DoF ECEs. (b) Mean position error confirms higher predicted
aleatoric uncertainty corresponds to higher error. (c) Area Under the Sparsifica-
tion curve shows the model’s useful uncertainty ranking for selective prediction.
(d) Position error stratified by detection confidence.



Bayesian Temporal Pose Networks for Laparoscopic Tool Tracking 9

4 Discussion

Whilst this work makes several contributions, we believe the kinematic data
can be incredibly valuable to researchers as it opens an entirely new, yet clini-
cally relevant modality, especially with its potential for skill analysis. The results
are clinically meaningful given the scale of laparoscopic peg transfer, sufficient
to capture tool trajectories, and achieved entirely through vision. Since the in-
house dataset has no comparable counterpart, it places our results as a baseline
benchmark. However, the current framework has clear limitations. The mod-
els are not optimised for real-time inference on edge devices, which is required
for deployment in surgical training settings. Nevertheless, these results strongly
motivate future work in quantitative, objective surgical skill assessment.
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