2024 |IEEE International Conference on Robotics and Automation (ICRA 2024)

May 13-17, 2024. Yokohama, Japan

Ada-Tracker: Soft Tissue Tracking via
Inter-Frame and Adaptive-template Matching

Jiaxin Guo', Student Member, IEEE, Jiangliu Wang', Member, IEEE, Zhaoshuo Li2, Tongyu Jia®
Qi Dou*®, Member, IEEE, and Yun-Hui Liu'®, Fellow, IEEE

Abstract— Soft tissue tracking is crucial for computer-
assisted interventions. Existing approaches mainly rely on ex-
tracting discriminative features from the template and videos to
recover corresponding matches. However, it is difficult to adopt
these techniques in surgical scenes, where tissues are changing
in shape and appearance throughout the surgery. To address
this problem, we exploit optical flow to naturally capture
the pixel-wise tissue deformations and adaptively correct the
tracked template. Specifically, we first implement an inter-
frame matching mechanism to extract a coarse region of interest
based on optical flow from consecutive frames. To accommodate
appearance change and alleviate drift, we then propose an
adaptive-template matching method, which updates the tracked
template based on the reliability of the estimates. Our approach,
Ada-Tracker, enjoys both short-term dynamics modeling by
capturing local deformations and long-term dynamics modeling
by introducing global temporal compensation. We evaluate our
approach on the public SurgT benchmark, which is generated
from Hamlyn, SCARED, and Kidney boundary datasets. The
experimental results show that Ada-Tracker achieves superior
accuracy and performs more robustly against prior works. Code
is available at https://github.com/wrld/Ada-Tracker.

I. INTRODUCTION

Soft tissue tracking is an essential task in computer-
assisted interventions, benefiting various downstream appli-
cations, including force estimation [1], motion compensa-
tion [2], image-guided surgery [3], tissue scanning [4], [5],
autonomous tissue manipulation [6], 3D Reconstruction [7],
[8], etc. Tissue tracking also enhances tissue deformation es-
timation but also manipulation and interaction within surgical
spaces [9].

Typically, the soft tissue tracking technique involves se-
lecting the target region of the tissue in the initial frame and
then tracking the movement in subsequent frames of a sur-
gical video sequence. Previous traditional methods employ
rigid assumptions [10], [11], [7], classical descriptors [12], or
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Fig. 1. Different approaches to employ optical flow for soft tissue
tracking, with blue and bounding box indicating the predicted result
and ground truth. a) Inter-frame matching updates the target box based on
optical flow from consecutive frames, prone to drift due to accumulated
error. b) Template-based matching predicts the target box by matching the
template image from the anchor box with every input frame, struggling
with appearance variation and large motion. ¢) Our Ada-Tracker exploits
the benefits of a) and b) for the more robust and accurate tracker.

model-based techniques [13], [14], [15] to recover complex
deformations on tissue surfaces. Recent studies [16], [17],
[18] have revealed an emerging trend that utilizes data-
driven techniques, which can be roughly divided into two
categories: feature-based patch tracking and flow-based point
tracking. One major line of research is to consider the
region of interest as an object and apply general visual
object tracking (VOT) methods for tissue tracking [19], [20],
[21], [22]. Such deep VOT trackers adopt a Siamese-based
network [23] that independently extracts appearance features
of the template and search region, then matches them via
cross-correlation to determine the position with maximum
similarity in the response map. However, surgical scenes
possess a homogeneous appearance with texture-less soft
tissue, making it difficult to correlate the template and search
region to find the correspondence based on their appearance.
To tackle this problem, recent works attempt to estimate
optical flow and capture the movements of individual points
between neighboring frames for tissue tracking [24], [25],
[17]. Without relying on the appearance of objects during
training, such flow-based methods offer better generalization
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to unseen deformable patterns, avoiding the challenges of
adapting to different surgery domains. However, as they
focus on estimating the motion of sparse points individually,
such methods lack contextual information and are susceptible
to noise and large deformations.

In this work, we argue that estimating the patch-level
optical flow provides a comprehensive view of tissue de-
formation, enabling stable motion estimation with enhanced
robustness. Tissue tracking based on patch-level optical flow
could be more effective in modeling complex and non-
rigid deformations, making it natural to handle complex
deformations and occlusions. It motivates us to answer the
following question: How to exploit patch-level optical flow
for soft tissue tracking ? Two natural strategies to adapt patch-
level optical flow for template-based soft tissue tracking
are inter-frame matching and template-based matching. As
shown in Fig. 1, the first approach updates the target box by
computing optical flow between consecutive frames. While
this approach excels in achieving precise and stable motion
estimation for short-term video sequences, it is prone to
accumulate errors during long-term tracking, which can
result in issues such as drifting, divergence, and sensitivity to
occlusion. The template-based matching predicts the target
region by taking the template image as the reference, to
match with every frame. But this method struggles with
challenges posed by variations in appearance and large
movement, including fluctuations in illumination, camera
motion, and deformations in soft tissue.

Based on the above analysis, we then propose Ada-
Tracker for patch-level, long-term soft tissue tracking that
exploits the strengths of both inter-frame motion estimation
and template-based refinement, correlated with a designed
adaptive template updating scheme. Ada-Tracker provides a
comprehensive solution to soft tissue tracking by leverag-
ing optical flow to capture both real-time tissue dynamics
and exploit template-based correspondences. Specifically, our
method consists of two stages: i) the Inter-frame matching
stage estimates optical flow between consecutive frames,
capturing the immediate motion of soft tissues to extract a
coarse region of interest (ROI). We evaluate the confidence
of the flow estimate to down-weigh outliers and check if
occlusion is present. ii) the Adaptive-template matching
stage then adaptively updates the template to reflect appear-
ance changes while rectifying potential inaccuracies and drift
from the initial inter-frame estimates. Ada-Tracker is capable
of capturing the deformations of soft tissues with robustness
and accuracy, countering surgical tracking challenges such
as occlusions, drift, and appearance variations. Our contri-
butions are summarized as threefold:

1) We present a novel approach for soft tissue tracking by
capitalizing on optical flow, offering a comprehensive
solution that bridges optical flow with soft tissue
tracking in surgical contexts.

2) Our method harnesses the strengths of both inter-frame
and adaptive-template matching, which estimates the
soft tissue movement effectively, catering to both short-
term changes and long-term trends.

3) We perform thorough experiments to validate our
method on the SurgT dataset, outperforming the previ-
ous SOTA trackers in terms of accuracy, and robustness
in both 2D and 3D tissue tracking.

II. RELATED WORKS

Visual Object Tracking. Previous studies utilize CNN
backbones [26], [27] to extract features and fuse them
through lightweight relation modeling networks, such
as Siamese [23], [28], [29] and discriminative track-
ers [30], [31]. However, their performance is restricted due to
one-way information interaction. In response, methods like
TransT [32] and STARK [33] incorporate Transformers to
allow bi-directional relation modeling, enhancing accuracy
but at the cost of slower inference. By considering the region
of interest as an object, some recent studies adopt the general
VOT to address data-driven soft tissue tracking problem [9].
According to the report of the SurgT [9], however, the low
scores of TransT [32] indicate the difficulty of the generaliza-
tion of the supervised learning-based method to the surgical
scene. The VOT-based unsupervised tracking methods also
struggle to find correspondence between the template and
search region of homogeneous appearance, yielding lower
performance compared to the traditional method.

Soft Tissue Tracking. Soft tissue tracking is a non-rigid
tracking method, that meets the challenges of texture-less,
deformable tissue. Traditional works [10], [11], [7] track the
surgical scene with rigid assumptions, which fails when en-
countering large motions. MIS-SLAM [13] leverages deform
nodes to model the surface deformations, and models like
DefSLAM [34] combine meshes with classical features. To
model the deformations, some work [14], [15] leverage spline
and mesh to describe the deformations. Recent studies [16],
[17], [18] have revealed an emerging trend that utilizes
data-driven techniques using convolutional neural networks
(CNN) or graph convolutional networks (GCN). However, a
significant limitation of these efforts is their dependence on
sparse key points or descriptors designed for specific datasets
or applications. This restriction limits their usefulness in real-
world dynamic surgical scenarios, which involve challenging
situations such as instrument obstructions, changes in light-
ing, and significant distortions of soft tissue.

II1. METHODOLOGY

The overview of Ada-Tracker is illustrated in Fig. 2.
Ada-Tracker aims to locate the ROI of soft tissues in the
form of bounding boxes at every frame, which is pre-
defined at the start of a surgical video sequence. Our method
follows a coarse-to-fine structure, consisting of two stages:
1) Inter-frame matching to capture the real-time dynamics
of soft tissue movements, providing a coarse prediction for
initialization (Sec. III-A), 2) Adaptive-template matching
to first update the template image dynamically, and then
refine the coarse prediction from the first stage. (Sec. III-B)).
We lastly introduce our self-supervised training and losses in
Sec. II-C.
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Inter-frame Matching (Section. ITI-A)

Adaptive-template Matching (Section. I11-B)
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Overview of our proposed Ada-Tracker. Given a bounding box at the start of the surgical video, we aim to locate the ROI of soft tissues in

the form of bounding boxes at every frame. Our method consists of two stages: inter-frame matching and adaptive-template matching. In the first stage,
we capture the immediate motion, and obtain a coarse bounding box prediction. Next, we update the template adaptively based on the flow, confidence
and occlusion information from the previous stage. We finally match the updated template and coarse ROI to obtain the final prediction.

A. Inter-frame Matching

In the inter-frame matching stage, we aim to capture
the immediate motion and obtain a coarse bounding box
prediction of the tracked tissue. At the start of the sur-
gical video, a bounding box by at Iy is assumed given,
and the template patch Py € RHoxWox3 within bg is
extracted. At each time t, we initialize the search region
in I, to be P, € R*Hi-1x4Wi1x3 "which is expanded from
the previous bounding box result Bt—l- The tracked patch
P,_; € R i-1x4Wi1X3 from the previous image I;_; is
also extracted by expanding Bt,l. Both P, and P;_; are
used to estimate a coarse bounding box at time ¢.
Uncertainty-aware Optical Flow Estimation We leverage
the RAFT model [35] for our optical flow estimation to
capture pixel-wise soft-tissue movement between consecutive
frames P;_; and P,. Ada-Tracker begins with a feature
encoder that transforms the input image pair FP,_; and
P, into a lower dimensional representation F;_;,F; €
R% sXC with C = 256 to preserve the motion-
critical details. P;_; is processed by the context encoder to
provide spatial information during updating following [35].
Subsequently, a 4D correlation volume is constructed, cap-
turing the similarity between every pixel pair. A GRU-
based updater is employed to iteratively refine optical flow
predictions by exploiting both spatial and temporal contexts.

To address the inherent uncertainty in motion estimation,
we introduce an additional CNN layer to generate a con-
fidence map U;_1—; from the output of the GRU-based
updater by a sigmoid activation. The inter-frame optical flow
and its associated confidence are jointly computed as:

)

where 17t_1_>t denotes the estimated optical flow between
the origin image patch I;_; and the search image patch I;.

Viciost, U1t = Fo(Li_1, 1),

The function Fy refers to the inter-frame optical flow model
parameterized by weights 6. The confidence map U;_1_,¢
quantifies the reliability of the predicted flows, highlighting
regions with strong feature correspondences and thereby
indicating areas of high stability.

Coarse ROI Prediction. Based on the inter-frame optical
flow ‘25_1_>t, we update the coarse ROI r; from the previous
coarse ROI 1;_; which is double size expanded from the
previous target bounding box b;_1. We combine the origin
coordinates in r;_; with the predicted flow ‘Zg_l_)t(f't_l) as
the predicted coordinates in P;. Then 1 is generated with a
Min-Max strategy to extract the minimal enclosing rectangle
of the predicted coordinates in P;.

Occlusion Map. To deal with the occlusion from instru-
ments, camera movement, and tissue deformation, we ap-
ply the forward-backward consistency check following [36].
Specifically, we calculate the forward flow ‘7t_1_,t and
backward flow ‘7;_,t_1, then generate the occlusion map
O¢_1_; and Oy_,;_1. The occlusion map helps in identifying
the occluded areas in the tracking region, serving as a mask
to filter out the noisy feature with occlusion in the adaptive
template updating. During online tracking, we calculate the
occlusion percentage occy_1_; in Ot_1_>t(f)t_1). No pre-
diction will be made if occlusion percentage occ;_1_,; > [3,
where  is an occlusion threshold.

B. Adaptive-template Matching

During long-term tissue tracking, matching a static tem-
plate image with the search region is prone to fail when
encountering drastic appearance change, deformation, and
occlusion. To avoid the problem, the adaptive-template
matching is introduced to dynamicly update the template
image P, to improve the robustness under motion and
appearance change. We update the template adaptively based
on the flow, confidence, and occlusion information from the
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previous stage. Next, we devise an anchor-based matching
network to find the best match of the updated template in the
coarse ROI r;. This anchor-based matching network follows
a RAFT-like structure but focuses on patch-level updating
instead of pixel-wise motion estimation, which is robust to
noises and highly efficient.

Adaptive Template Updating. To aggregate the template
image with spatial and temporal information from inter-
frame dynamics, we enhance the anchor patch compensating
both motion and appearance variation, from multi-aspect: the
accumulated flow, occlusion map, and uncertainty map.

For motion updating, we maintain the accumulated flow
Gy, which contains the pixel-wise motion variation of the
coarse target region from the start til now, e.g. camera
shift, scale-in, scale-out, and soft tissue deformation. To
compensate for the motion variation, we design a scale-
invariant warping scheme with the grid of the coarse ROI
Xg, the center of the coarse ROI box cg, the calculated scale
ratio S;:

Gy =var(Gi—1 + Vici)

e _ 2
S¢ = mean( | =G + %o (;O ” ), 2
Il x0 —co |
Pyt = —Gy +x0 — ¢g) - ¢ + co),

where P, ; denotes the warped template image from the
template image Py. By using this scale-invariant warping
approach, we could obtain the warped template image P, ;
with inherent preservation of intricate details, such as rota-
tions and tissue deformations, whilst simultaneously filtering
out extreme alterations or positional shifts from camera-
like scale-ins, scale-outs, or shifts. Then we extract warped
template feature [, ; from P, ; by the feature encoder.

To address the appearance variation during the long-term
surgical tracking, we resize the confidence map U;_1_y;
and occlusion map O;_j_,; to match the size of F;_;.
Then U;_1_,+ and O;_1_,; are leveraged to determine the
weight for F,,; to adapt the appearance by fusing the
target feature of previous step F;_1(f;—1). Our designed
appearance adaptation is designed as follows:

Fooe = (1 = Oy—1(F121)) © Fy—1(84-1),
Fconf - Utflﬁt (f'tfl) © Focca (3)
Fu,t = aFw,t + (1 - O‘)Fconfa

where F,.. and F,,,r denote the feature masked with the oc-
clusion map, and the feature with both uncertainty-awareness
and occlusion-awareness, [, ; refers to the final updated
template feature. Therefore, we ensure that occluded or
boundary regions do not overly influence the fused feature
representation.

Template-based Matching. In this step, we aim to conduct
an anchor-based matching between the updated template
feature F,; € R& %5 XC and the coarse ROI sampled

search image feature F}(T;) 5 xC_ Specifically,
to correlate the template and search re%}on we bu11d a 4D

Hg Wo
correlation cost volume C € Rs %8 X8

the center half-size bounding box of 1, as the initial index
for the template feature to lookup the correlation volume,
which enables a faster matching process based on the coarse
initialization. Finally, we take F;_;(f;_1) as the context
feature to serve the network with more spatial context around
the template region.

Different from the pixel-wise motion updating in RAFT,
our anchor-based GRU updates the region-wise motion to
find the bounding box that best matches the search region.
Specifically, our method only outputs the flow of the left-
top corner and right-bottom corner to update the predicted
bounding box. Then the updated flow is calculated as the
interpolation of the corner flow:

VI = VO 4 Interp(AV) (x4), AV (x3)), ()

where VZ(Z) refers to the predicted flow at iter i, AVZ(i)(xtl)
and AV?(xp,) denote the delta flow of the left top corner
and bottom right corner. With the iterative updating of the
template coordinates, we aim to match the template feature
with the search region feature. Then the final predicted
bounding box is calculated from the left top corner AV, (xy;)
and right bottom corner AV, (xp,.) from the anchor-based
matching model Fy:

Vi, U, = Fo(Futs Fi(£1), Fio1(Fc-1),

. N . &)
b; = bbox(V(x41), V. (X)),

where VZ and U, indicate the tracking flow between the
warped template image F),; and the coarse search re-
gion F;(f;). The designed anchor-based matching realizes
a coarse-to-fine prediction of the tracking target, enabling
improved tracking accuracy and robustness.

C. Training and Losses

Cycle Consistency Loss. As shown in Fig. 2, after predicting
the target bounding box Bt_l_,t from ¢t —1 to ¢, we crop the
I+ with four times expanded bounding box of the predicted
result as the search region to track the anchor from ¢ to t+1.
After this forward-tracking procedure, we take Btﬁtﬂ to
start a backward-tracking from ¢ + 1 to ¢ — 1 to obtain the
backward predicted result chde. After this cycle tracking,
we could take the original anchor box b as a pseudo label to
supervise chcle by a linear combination of GloU loss [37]
and 11 norm loss. Additionally, we employ a cycle template
loss to penalize the reconstruction loss between the warped
template image Pcycle after the cycle and the template image
P. Then our cycle loss is represented as follows:

['cycle = EGIOU (chclm ) + El( : cyclm b)
+ £recon( cycle» P)

Total Loss. To improve the self-supervise performance,
we adopt an occlusion-aware photometric 10ss Lpnoto [38]
to train the inter-frame matching network, leveraging the
occlusion map O;_1_,+ and O;_;_1. An augmentation loss
Ly is empolyed to supervise the tracking results with
the pseudo ground truth label. A smooth loss Lgp00tn [39]

(6)
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TABLE I
COMPARISONS AGAINST PRIOR WORKS IN THE SURGT CHALLENGE

ON TEST SET

Method Robsp?t Accapt Errapl  Robsp?T Errspl EAO?T
CSRT 0.872 0.769 5.7+£2.6 0.894 3.3+3.8 0.563
Jmees 0868 0.818 5.3+24 0878 2.7+19 0.583
KIT 0.465 0.747 125480 0810 11.9+9.5 0.223
TransT 0.701  0.529 16.3+5.1 0861  17.3£26.7 0.274
SRV 0.476 0.681 15.4+7.5 0.710 8.5+13.7 0.293
MEDCVR 0.702 0.509 7.945.8 0.832 9.2+39.7 0.302
ETRI 0.802 0.693 12.1£7.4  0.909 57452  0.405
RIWOIlink | 0.807 0.737 8.0+4.5 0.894 5.8+9.2 0433
ICVS-2Ai | 0.872 0.816 6.74£3.5 0901 2.64+23 0.573
Ours 0894 0.833 52433 0912 21+2.0 0.591

is adopted to regularize the optical flow. Eventually, our
training loss £ is formulated as follows:

L= Alﬁcycle + >\2£aug + )\3£photo + )\4£smooth7 (7)
where A1, A2, A3, and )4 are loss weights.

IV. EXPERIMENTS
A. Datasets

We evaluate our method in the recent proposed public
SurgT dataset [9]. It provides the first standardized bench-
mark for assessing soft tissue tracking approaches and is
generated from three datasets: Hamlyn [40], SCARED [41],
and Kidney boundary datasets [42]. The SurgT dataset is
composed of 157 stereo endoscopic videos with calibration
parameters, including 125 videos from 12 cases for training,
12 videos from 3 cases for validation, and 20 videos from 5
cases for testing. Only the validation and testing datasets are
annotated with the bounding boxes. Since no annotation is
available for training, we randomly create the bounding box
to train the Ada-tracker in a self-supervised manner.

B. Implementation Details

All experiments are implemented using PyTorch, and
conducted on an NVIDIA RTX 3090 GPU. During training,
we apply the AdamW optimizer with the learning rate as
0.000125 and the weight decay as 0.00001. For loss weights,
we set \; = 0.5,A = 0.1,A3 = 0.1,y = 0.001.
For training data, we collect video sequences from the
training datasets in a random range, and random crop the
256 x 256 size images as input. We add shift, rotation, and
illumination change to the image for augmentation and obtain
the augmented bounding boxes as pseudo ground truth for
Laug. Following SurgT [9], we use both monocular metrics
and stereo metrics to evaluate our method, including 2D/3D
Accuracy, 2D/3D Error, 2D/2D Robustness, and Expected
Average Overlap (EAO).

C. Comparison with State-of-the-art

We compare Ada-Tracker with 7 methods submitted to
the SurgT challenge, as well as CSRT [43], TransT [32]
as two additional baselines. These methods can be grouped
into three categories: i) traditional discriminative correlation
filters-based tracker (CSRT [43], Jmees), ii) feature-based
patch tracking method (TransT [32], ETRI, MEDCVR, SRV,

Tracking Result Coarse ROI Template Warped Template Predicted Target

Fig. 3. Qualitative results. We visualize the tracking in different cases,
including tissue deformation, camera movement, and illumination variations.

KIT, RIWOlIink), and iii) optical flow based point tracking
method (ICVS-2Ai).

As shown in Tab. I, Ada-Tracker performs favorably
against prior work in all metrics on case 1-5. The methods
in the first category have achieved the most competitive
performance, with Jmees achieving the best performance
during the challenge. However, Jmees requires stereo frames
to calculate the disparity information of consecutive frames
to determine the size of the updated bounding boxes. They
also require the pre-trained segmentation network to leverage
prior tool information to determine the tracking occlusion.
VOT-based methods leverage the generalization of models
trained on the general computer vision datasets, which differ
drastically from surgical scenes due to domain gaps. Regard-
ing the optical flow-based ICVS-2Ai, while optical flow for
point tracking improves the performance against appearance
variation, their sensitivity to noises makes ICVS-Ai suffer
from sudden scale change and occlusions during long-term
tracking, as evidenced by the low robustness in Case 5 shown
in Tab. II and Tab. III. Without patch-level optic flow to
help determine the patch boundary, ICVS-Ai relies on left
and right disparity to determine the predicted bounding box
scale, which can affect the robustness in Tab. III.

On the contrary, by combining the benefits of inter-frame
and adaptive-template matching, our Ada-Tracker addresses
the limitations of both methods and performs more robustly
than previous work. Our patch-level soft-tissue tracking
tracks the target bounding box by estimating a holistic defor-
mation of the template patch, overcoming surgical tracking
challenges such as large tissue deformation (Case 3, 4), and
random camera movements (Case 1, 2, 5), illumination and
reflective surfaces (Case 1, 5). Without the use of stereo
disparity information, our method is still capable of achieving
competitive performance by utilizing scale-invariant warping
in adaptive template updating. This maintains a constant
scale reference point to assist in determining the target box
boundary. As shown in Fig. 3, while the current frame
encounters camera rotation and illumination variation, our
Ada-Tracker still achieves stable and accurate tracking, with
the warped template remaining in the same motion state as
the predicted target. More tracking visualization is provided
in our supplementary video.
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TABLE 11
COMPARISONS AGAINST PRIOR WORK IN THE SURGT CHALLENGE ON TEST 2D CASES

Case 1 Case 2 Case 3 Case 4 Case 5
Method
Robypt Accopt Errapl | Robapt Accapt Errapl | Robapt Accap?t Errapl | Robapt Accapt Errapl | Robapt Accapt Errapl
CSRT 0.92 0.72 7+£3 0.87 0.77 8+3 0.87 0.81 542 1.0 0.85 3+1 0.70 0.68 643
Jmees 0.92 0.76 7+3 0.89 0.77 7+3 0.88 0.88 542 0.94 0.90 3+1 0.70 0.75 543
KIT 0.26 0.61 19+£13 0.17 0.61 23+17 0.81 0.84 9+7 0.84 0.71 11£6 0.16 0.58 20+10
TransT 0.72 0.46 18+4 0.64 0.42 24+10 0.82 0.61 16+4 0.79 0.61 117 0.47 0.48 114
SRV 0.39 0.49 27+13 0.19 0.55 1611 0.71 0.80 11+6 0.98 0.69 135 0.07 0.56 22+12
MEDCVR | 0.74 0.54 75 0.65 0.48 16£12 0.82 0.68 4x4 0.77 0.61 10+7 0.46 0.57 6+4
ETRI 0.88 0.56 2113 0.82 0.69 14+10 0.85 0.82 7+3 0.94 0.73 T+4 0.49 0.60 10£6
RIWOlink 0.89 0.66 945 0.71 0.78 9+6 0.85 0.86 3+1 0.99 0.69 10+5 0.55 0.59 9+6
ICVS-2Ai 0.94 0.76 9+4 0.84 0.79 9+6 0.91 0.88 543 1.0 0.90 3+1 0.65 0.72 8+5
Ours 0.95 0.79 75 0.88 0.82 7+6 0.91 0.88 443 1.0 0.88 3+1 0.72 0.78 443
TABLE III
COMPARISONS AGAINST PRIOR WORK IN THE SURGT CHALLENGE ON TEST 3D CASES
Method Case 1 Case 2 Case 3 Case 4 Case 5
Robspt Errspl | Robspt  Errspl | Robspt Errspl | Robspt Errspl | RobspT Errspl
CSRT 091 5+4 0.83 2+1 0.93 1+1 1.0 1+1 0.78 9+16
Jmees 1.0 2+1 0.85 2+1 0.93 1+1 0.95 1+1 0.72 5+4
KIT 0.68 20+16 0.70 23+14 0.97 242 1.0 65 0.68 20+19
TransT 0.91 2348 0.82 24+53 0.92 614 0.92 10456 0.70 31426
SRV 0.66 16+13 0.37 1612 0.96 343 1.0 241 0.46 18466
MEDCVR 0.90 8+22 0.75 20+125 0.88 249 0.92 10+£62 0.67 14424
ETRI 0.97 6+4 0.90 76 0.94 243 1.0 343 0.71 13£13
RIWOlink 0.96 74 0.81 6£5 0.93 11 0.99 5+34 0.72 117
ICVS-2Ai 0.98 442 0.84 1+1 0.94 12 1.0 1+1 0.71 616
Ours 0.99 242 0.84 241 0.96 1+1 1.0 1+1 0.76 43
TABLE IV

ABLATION OF ADA-TRACKER ON VALIDATION SET. ”I”:INTER-FRAME
MATCHING ONLY, ”T”: TEMPLATE-BASED MATCHING ONLY, "A”:
ADAPTIVE TEMPLATE UPDATING.

I T A ‘ ROszT ACCzDT ETT‘ZD\L RObgDT ETT3D¢ EAOT

v 0.323 0.512 14.24+5.4  0.587 16.9£13.5 0.088
v 0.541 0.627 89+£73 0.620 9.8£19.7 0.164
v v 0.643 0.639 72+£6.5  0.693 79+£17.4 0.279

v v v 0.740 0845 42456 0.783 28425 0318

D. Ablation Study

We evaluate the effectiveness of different components in
our proposed method as shown in Tab. IV.

a) Inter-frame Matching: It updates the target box in
the next frame based on the previous prediction and the
estimated flow, resulting lowest robustness and accuracy
in both 2D and 3D tracking. As shown in Fig. 3, when
encountering large movements, the trajectory will get noise
accumulation and eventually get a divergent trajectory.

b) Template-based Matching: Template-based match-
ing estimates the target box based on finding the correspon-
dences between the template image and the current frame,
which improves the accuracy and robustness by setting a
reference. It is shown in Fig. 3 that in the first case, the
trajectory of the template-based tracker could closely follow
the ground truth trajectory most of the time. However, it
eventually fails when the template appearance has a large
difference with the search region.

c) Adaptive Template Updating: After adding the tem-
plate updating scheme, we could improve the template image
to make it consistent with the search region. As shown in Fig.

== Ground Truth Inter-frame Matching = Template-based Matching === Ada-Tracker (Ours)

Fig. 4. Qualitative comparison of different approaches in both short-term
(first row) and long-term (second row) tracking case.

3, the warped template realizes consistent deformation and
motion with the predicted target, making it easier to find
correspondence for matching. The trajectory in Fig. 4 shows
that our trajectory closely matches the ground truth, verifying
the effectiveness of our method.

V. CONCLUSIONS

In this paper, we propose Ada-Tracker to enable patch-
level optical flow in soft tissue tracking, combining the
strengths of both inter-frame and dynamic-template match-
ing. Our method could identify movement from frame to
frame and refine its accuracy through anchor-based modifi-
cations. Our Ada-Tracker achieves high robustness and accu-
racy encountering surgical obstacles like unexpected tissue
movements or appearance alterations. Our work has the great
potential to be applied to computer-assisted interventions,
helping make surgeries safer and more streamlined.
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