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 A B S T R A C T

Magnetic resonance imaging (MRI)-guided radiotherapy (MRIgRT) integrates MRI with linear accelerators 
(MRI-linacs), enabling real-time motion management based on temporally resolved 2D MRI (cine-MRI). Current 
systems rely on template matching or deformable image registration for radiotherapy target (typically the gross 
tumor volume) localization, which allows beam gating. Further advances in localization could support more 
precise and efficient delivery methods.

https://trackrad2025.grand-challenge.org/ was organized to provide a common dataset to benchmark 
algorithms for MRIgRT target tracking in 2D+t cine-MRI. Participants propagated target segmentation masks 
from an initialization frame across subsequent frames. The dataset comprised sagittal cine-MRI scans of 585 
cancer patients undergoing radiotherapy at 0.35 T and 1.5 T MRI-linacs at six different institutions, with 
expert-annotated targets in 108 sequences. Target sites included the thorax (179 cases), abdomen (266 cases), 
and pelvis (140 cases). A total of 477 unlabeled and 50 labeled cases were provided for training purposes, 
58 cases were kept private for preliminary testing (8) and final evaluation (50). The algorithms submitted by 
participants were executed on the challenge platform and assessed using metrics in three categories: geometric 
accuracy, surrogate dose accuracy and execution speed. Rankings were derived via a Rank-Then-Mean scheme.

TrackRAD2025 attracted 148 registrations from 28 countries, 100 preliminary submissions and 24 final 
submissions from 14 teams. The top five methods achieved mean Dice similarity coefficients >0.87 and Eu-
clidean center distances <2.1 mm, comparable to interobserver variability. Leading top five solutions featured 
foundation models with (4) or without (1) finetuning. Field strength had minimal effect on performance and 
tracking worked better for the pelvis with reduced motion amplitude compared to the thorax and abdomen 
cases, which achieved equivalent performance.

TrackRAD2025 established a benchmark for MRIgRT tracking on multi-institutional cine-MRI data, high-
lighting foundation models as promising for clinical translation.
1. Introduction

The use of magnetic resonance imaging (MRI) to visualize and char-
acterize motion is gaining increasing importance in cancer treatment, 
particularly in radiotherapy. Motion management is crucial for tumors 
affected by respiratory motion, such as liver, pancreatic, or thoracic 
tumors, to ensure a high radiation dose to the tumor and preserva-
tion of neighboring organs. The recent development of MRI-guided 
radiotherapy (MRIgRT), based on hybrid MRI-linear accelerator (linac) 
systems (MRI-linacs), offers the possibility of adapting to changes in 
tumor position during treatment (Keall et al., 2022). In 2D+t cine-
MRI scans, 2D MRI images are recorded in fast sequence to allow for 
real-time motion visualization. Adaptation of radiation therapy delivery 
requires tumor segmentation in each time-resolved frame (Green et al., 
2018; Jassar et al., 2023) to allow beam adaptation, e.g. via beam 
gating, where delivery is started and stopped when the target enters 
or exits a specific region. This needs to be done in real-time with low 
latency at frame rates of up to 8 Hz or beyond, with high accuracy 
and robustness to ensure the sparing of critical organs. Currently, 
clinically available solutions rely on conventional deformable image 
registration (DIR) (Palacios et al., 2023) or template matching (Jassar 
et al., 2023) to propagate contours from a labeled frame and struggle 
with large non-rigid motion (Mazur et al., 2016; Keiper et al., 2020). 
This limits treatment to beam gating, where the beam is turned off for 
large motion. Improved tumor tracking on cine-MRI at MRI-linacs will 
benefit patients with various motion-affected tumor entities, resulting 
in more accurate dose delivery.

The fast inference of artificial intelligence (AI) methods, obtained by 
shifting computation time to the training phase, has shown promise for 
this task (Lombardo et al., 2024). However, no large public dataset was 
available to foster model development and enable a fair comparison. 
TrackRAD2025 provided the first public, multi-institutional dataset 
and evaluation platform for comparing the latest developments in 
cine-MRI-based tumor delineation methods (Wang et al., 2025).

In this challenge report, we report the setup of the challenge, 
participation, evaluation, and ranking of submissions based on the 
specified metrics. The performance of the submissions is evaluated 
considering factors such as magnetic field strength and anatomical 
region. In addition, the stability of the ranking is assessed.
2 
2. Material and methods

2.1. Challenge setup

The TrackRAD challenge enabled teams to evaluate tracking algo-
rithms on a multi-institutional dataset. The challenge was hosted on 
the Grand Challenge platform at https://trackrad2025.grand-challenge.
org. The participants could team up and submit an algorithm for 
automatic evaluation.

The task of TrackRAD2025 was real-time tumor tracking in time-
resolved sagittal 2D cine-MRI sequences. Participants had to create 
algorithms that generate a tumor segmentation mask for every frame 
in a sequence (i.e. case), starting from a given ground truth label 
segmentation mask in the first frame. This task is also known as target 
localization, which is a pre-requisite for the effective implementation 
of tumor tracking approaches (Lombardo et al., 2024). This setup is 
illustrated in Fig.  1.

To ensure the applicability of the algorithms submitted for MRIgRT, 
the segmentation masks produced were automatically evaluated on the 
Grand Challenge platform with four geometric metrics and one dose-
based metric. Runtime restrictions were implemented to ensure com-
patibility with real-time applications. To determine the winner of the 
challenge, submissions were ranked based on these metrics, including 
runtime per frame, and placed on a leaderboard using a rank-then-mean 
scheme. The evaluation is described in detail in Section 2.4.

All relevant source code created in the context of the challenge 
organization was made available under an open source license. This 
included scripts for data preparation, the evaluation code, a baseline 
algorithm, and code for the final analysis. https://github.com/LMUK-
RADONC-PHYS-RES/trackrad2025.

The top 5 participants were also required to make their methods 
and source code publicly available, allowing future development and 
research. Participants were allowed to use publicly available additional 
datasets and pre-trained models, as long as they were made publicly 
available before the start of the challenge.

2.2. Challenge timeline

The challenge was announced in December 2024 and consisted of 
four phases: the training and development phase, a preliminary testing 
phase, the final testing phase, and a post-challenge phase.
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Fig. 1. Illustration of the TrackRAD2025 challenge setup. (1.) Submitted algorithms are executed using cine-MRI frames, the ground truth label segmentation 
mask of the first frame, and some metadata. (2.) The resulting predicted segmentation masks are evaluated in comparison to the ground truth labels. (3.) 
The evaluation metrics are aggregated for all frames and all cases/patients. (4.) The aggregated metrics are then used to determine a ranking, employing a 
Rank-Then-Mean scheme.
 

The training and development phase commenced with the release 
of the training data on March 15, 2025. The dataset included both 
labeled and unlabeled data (see Section 2.3), enabling participants to 
explore and evaluate algorithms using supervised and unsupervised 
training approaches. To raise awareness and encourage participation, 
the challenge was promoted at ESTRO 2025 on May 4, 2025 (Landry 
et al., 2025b).

The preliminary testing phase began on June 1, 2025. During this 
phase, teams could submit up to 10 proposals, which were evaluated 
based on 8 cases from the preliminary testing dataset. This phase 
aimed to familiarize participants with the challenge platform and in-
cluded open logs for debugging purposes. The results were made public 
on a leaderboard to encourage continued development. Although the 
ground truth segmentation masks were concealed to prevent biased 
results, open logs theoretically made them vulnerable to extraction 
using malicious code. However, no such activity was observed.

The final testing phase started on July 17, 2025. In this phase, 
participants could submit algorithms for evaluation on 50 cases, the 
final testing dataset. To minimize overfitting to the test data, each team 
was only allowed two submissions, with only the better one considered 
for the final leaderboard. This two-submission limit allowed teams to 
submit different variants of their algorithms or a second version that 
was further improved over the course of the final testing period. To 
ensure the integrity of the evaluation, both the test data and ground 
truth labels were kept entirely hidden, as the logs were not accessible 
to participants. The resulting metrics and leaderboard positions were 
also hidden from participants until the announcement of the winners.

Both the preliminary and final testing phases ended on August 15, 
2025, after which no further submissions were allowed. Participants 
were required to submit an Lecture Notes in Computer Science (LNCS) 
format algorithm description and questionnaire by September 1, 2025. 
The top 5 winners were announced on September 2, 2025, and invited 
to present their solutions in a challenge workshop at MICCAI 2025 on 
September 23, 2025.

Following the competition and challenge workshop, a post-challenge
phase was opened until early 2026, allowing interested participants to 
submit additional algorithms for evaluation on the 58 cases from the 
preliminary and final testing phases.

2.3. Dataset

The TrackRAD2025 challenge dataset (Wang et al., 2025) comprised 
2D+t sagittal cine-MRI sequences (time-resolved images) acquired dur-
ing radiation therapy treatments on 0.35 𝑇  (ViewRay MRIdian) and 1.5 
3 
𝑇  (Elekta Unity) MRI-linacs in six international centers. In total, data 
from 585 individual patients was included, providing over 2,878,000 
unlabeled cine-MRI frames. In addition, more than 10,000 labeled 
frames (including more than 8000 with multiple observer annotations) 
were available from 108 patients. Tracking targets (typically tumors, 
but also surrogates in some cases) in the thorax (179), abdomen (266), 
and pelvis (140) were included because they can be affected by motion 
and reflect the most frequently treated anatomies at MRI-linacs. De-
tailed information on the preparation of the dataset, the characteristics 
of the cases, origin institutions, annotators, and the annotation process 
are available in the dataset paper (Wang et al., 2025).

The complete dataset was divided into three subsets: two public 
datasets for supervised (50 cases) and unsupervised (477) training, 
and one private dataset reserved for testing within preliminary (8) 
and final (50) testing phases. This split balanced the desire for public 
training and hidden testing data. Each case consisted of imaging data 
and metadata (anatomical region, frequency, and MRI-linac type), and, 
where available, ground truth labels of the tracking target.

Parts of the testing dataset were also made publicly available along-
side the training dataset after the post-challenge phase closed in early 
2026. Some cases will not be made publicly available due to privacy 
restrictions.

The distribution of field strengths in the testing data was balanced, 
with 27 cases from 0.35 𝑇  and 31 cases from 1.5 𝑇  MR-Linacs. At 
0.35 T, the testing data included 17 abdominal, eight thoracic, and two 
pelvic cases, while at 1.5 T, there were 16 abdominal, nine thoracic, 
and six pelvic cases. For a more detailed break-down of the challenge 
data-sets, please refer to the corresponding data-set paper ((Wang et al., 
2025), Table  2).

Ethical approval was obtained from the internal review boards 
or Medical Ethics committees of the data-providing institutions. The 
training data was released under the CC BY-NC (Creative Commons 
Attribution-Non-Commercial) license and made available on Hugging 
Face at https://huggingface.co/datasets/LMUK-RADONC-PHYS-RES/
TrackRAD2025.

2.4. Evaluation

The segmentation masks produced by the algorithms submitted to 
the challenge platform were evaluated using four geometry-oriented 
metrics and one dose-related metric specific to radiotherapy. As the 
sixth metric, the runtime was measured to ensure that the submitted 
algorithms can be used in real-time, while the patient is lying in 

https://huggingface.co/datasets/LMUK-RADONC-PHYS-RES/TrackRAD2025
https://huggingface.co/datasets/LMUK-RADONC-PHYS-RES/TrackRAD2025
https://huggingface.co/datasets/LMUK-RADONC-PHYS-RES/TrackRAD2025
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the machine and is being treated. The overall ranking followed a 
Rank-Then-Mean scheme.

Finally, participants were required to adhere to additional rules as 
specified at (Landry et al., 2025a) and provide additional information 
on their methods in a form, and submit a short LNCS-format report 
detailing their methods.

To guide participants in their development and produce a reference 
level of the metrics, a baseline algorithm implementation was provided. 
This baseline repeats the initial label for every consecutive frame.

2.4.1. Geometric accuracy
For each cine-MRI frame, the predictions produced were evaluated 

by comparing the predicted mask 𝐴 and the ground truth label 𝐵 using 
image-based metrics. For cases where labels from multiple observers 
were available, the STAPLE (Warfield et al., 2004) mask was used. 
These per-frame metrics were aggregated using the mean to obtain the 
per-case metrics. The following metrics were used:
1. Dice similarity coefficient. The Dice similarity coefficient (DSC) be-
tween the model prediction and the ground truth is defined as:

DSC =
2|𝐴 ∩ 𝐵|
|𝐴| + |𝐵|

2. 95th percentile Hausdorff distance. The 95th percentile of the surface 
distance distribution between the model prediction and the ground 
truth, denoted as the 95th percentile Hausdorff distance (HD95), is 
defined as:

HD95 = P95

(

max

{

sup
𝑎∈𝑆𝐴

𝑑(𝑎, 𝑆𝐵), sup
𝑏∈𝑆𝐵

𝑑(𝑏, 𝑆𝐴)

})

where 𝑆𝐴 and 𝑆𝐵 denote the surface points of the predicted and ground 
truth segmentation masks, respectively, 𝑑(𝑎, 𝑆𝐵) represents the shortest 
Euclidean distance from point 𝑎 to any point in 𝐵, and similarly for 
𝑑(𝑏, 𝑆𝐵).

3. Mean average surface distance. The mean average surface distance 
(MASD) between the model prediction and the ground truth is defined 
as:

MASD = 1
|𝑆𝐴| + |𝑆𝐵|

(

∑

𝑎∈𝑆𝐴

𝑑(𝑎, 𝑆𝐵) +
∑

𝑏∈𝑆𝐵

𝑑(𝑏, 𝑆𝐴)

)

4. Euclidean center distance. The Euclidean center distance between the 
centroids (centers of mass) of the model prediction and the ground 
truth is defined as:
ECD = ‖𝑐𝐴 − 𝑐𝐵‖

Where 𝑐𝐴 and 𝑐𝐵 are the centroid coordinates of the predicted and 
ground truth segmentations, respectively.

In cases where an algorithm produced an empty segmentation mask 
on a given frame with a ground truth label available, the per-frame DSC 
is considered 0, and the HD95/MASD/ECD are calculated as the image 
size along the largest dimension in millimeters.

2.4.2. Radiotherapy metrics
For each cine-MRI sequence, the predicted segmentation masks 

were evaluated using a surrogate dose metric, as described in Lombardo 
et al. (2024b). This metric estimated the accuracy of radiotherapy dose 
delivery using multileaf collimator tracking based on the predicted 
target segmentation masks.

To compute the dose metric, the ground truth label of the first frame 
is used to compute an approximate radiation therapy dose distribution. 
First a 3 mm 2D expansion is applied to the gross tumor volume (GTV) 
indicated by the label to obtain a planning target volume. Subsequently, 
the expanded mask is smoothed using a Gaussian filter with a stan-
dard deviation of 6 mm for lung and 4 mm for all other anatomical 
regions. This simulates dose fall-off rates similar to those observed in 
clinical dose distributions for lung and higher-density tissue. For each 
4 
frame, the surrogate dose distribution was then shifted by the distance 
between the ground truth centroid position of the tracking target 
and the predicted centroid position. These shifted distributions were 
averaged to obtain a centroid-error-shifted dose. The ratio between the 
GTV D98% (from the cumulative dose volume histogram) for the final 
shifted dose distribution and the ground truth dose distribution was 
calculated.

DoseMetric = GTVD98%,Prediction∕GTVD98%,GroundTruth

Thus, a metric of 1.0 indicates no dosimetric difference between 
the predicted segmentation masks and the ground truth, meaning the 
delivery of an equivalent D98% dose, given the model’s assumptions. 
Lower values would indicate a reduction in the delivered dose due to 
tracking errors.

2.4.3. Runtime
The average runtime per frame was calculated under the assumption 

that faster algorithms enable real-time applications at higher frequen-
cies and are generally less computationally expensive, making them 
preferable.

For this purpose, the total runtime of each submission algorithm was 
measured for each case. The average runtime per frame was determined 
using linear regression of the runtime for a given case against the 
number of frames present in this case, to exclude the runtime attributed 
to initialization procedures. The average runtime per frame was also 
selected as a tie-breaker if necessary.

Additionally, a maximum runtime was imposed per case. Algo-
rithms that exceeded a runtime of 1 s per frame on the provided 
hardware were excluded from the challenge due to concerns regarding 
the real-time applicability of the algorithm.

The limit was established by benchmarking a relatively large trans-
former model, SAM2 (small) (Ravi et al., 2024). Without model compi-
lation or other optimizations, this model met the real-time requirement 
of 8 Hz on an RTX A6000 GPU from 2020, achieving a runtime of 
approximately 109 ms. The runtime of this model was then measured 
on the Grand Challenge platform to be approximately 950 ms, which 
is about 9 times slower. The runtime limit was therefore set to 1 s per 
frame, with an additional margin for container, algorithm, and data 
loading.

Notably, the platform advises against using the runtime for ranking 
purposes, as it may improve performance through hardware or software 
changes that are not known to challenge organizers or participants. 
However, all submissions to the final testing phase occurred in a very 
short time span. Furthermore, the challenge organizers confirmed that 
no significant performance change occurred during this time period.

2.5. Supporting documents

In addition to their algorithm, participants were required to submit 
a form detailing their method and a report in LNCS format outlining 
their approach to the challenge. The form is included in the supple-
mentary material. The LNCS format reports of the top five submissions 
were peer-reviewed by the organizers and made available on the leader-
board. Additionally, the top five submissions were required to be 
publicly available as open source.

2.6. Prize eligibility

Submissions not in accordance with the additional requirements, 
such as the submission of supporting documents, were excluded from 
price eligibility. Submissions that were not eligible for prizes were still 
included in the evaluation, wherever possible. Submissions from orga-
nizers or related parties (determined by recent common publications) 
were also excluded from prize eligibility, as defined in the challenge 
design document (Landry et al., 2025a). Cash prizes were awarded 
to the top five teams (2500 USD from sponsor Elekta (Stockholm, 
Sweden), 1st place 1000 USD, 2nd place 600 USD, 3rd place 400 USD, 
4th place 300 USD, 5th place 200 USD).
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2.7. Ranking

The metrics calculated for each submission were made public on 
a leaderboard. Submissions were sorted by and ranked in each of 
the six metrics. In a Rank-Then-Mean scheme, the mean rank per 
submission (averaging over the six metrics) was computed to produce 
a final mean rank score, which was used to determine the final posi-
tion in the leaderboard. Submissions that did not improve above the 
baseline algorithm in any of the four geometry metrics or the dose 
metrics were excluded from the ranking. The per-frame runtime was 
considered as a tie-breaker for determining the top five submissions. 
However, this scenario did not materialize. For the preliminary testing 
phase, participants were allowed up to ten submissions, which were 
immediately visible on the public leaderboard. For the final testing 
phase, participants were allowed up to two submissions, and only the 
highest-scoring submission was visible in the leaderboard.

2.8. Qualitative analysis

The information from the submission descriptions and forms was 
used to qualitatively evaluate the different approaches participants 
used.

2.9. Identification of failure modes

Challenging cases were identified by comparing the mean DSC for 
each patient case with the corresponding mean DSC over all cases from 
the same anatomical region and submission. Cases were considered 
challenging when all of the top 5 submissions exhibited a decrease 
in their DSC of at least 0.05 relative to their mean DSC score per 
anatomical region (𝛥DSC). These cases were then further analyzed by 
visual inspection to identify the failure modes of the submissions.

2.10. Inter-observer variability

To establish an overall success criterion for model performance, the 
degree of agreement between human annotators was quantified. The 
inter-observer variability was computed two-fold: (1) pairwise between 
all observers, and (2) against a consensus reference obtained using the 
STAPLE algorithm (Warfield et al., 2004). This analysis was performed 
on the subset (N = 20) of the test dataset annotated independently by 
five observers each. The resulting inter-observer variability provides an 
empirical upper bound for model performance, indicating the inherent 
uncertainty in the manual annotations.

2.11. Quantitative analysis

For further analysis beyond the challenge ranking metrics, failure 
rates were calculated, defined as the percentage of frames with ECD 
greater than 3 mm. Additionally, the per-frame J& F metrics (Perazzi 
et al., 2016) were computed. The J-metric is also known as intersection 
over union or Jaccard value, and the F-metrics is also known as 
F2-score, a metric combining recall and precision. The correlation co-
efficient (Spearman, 1904) of these metrics was computed. A minimal 
subset of relevant metrics was identified.

2.12. Group-based analysis

An impact analysis was conducted to evaluate how the anatomical 
region (thorax, abdomen, or pelvis) and magnetic field strength (0.35 
𝑇  or 1.5 T) affect the performance metrics of the top five submissions 
For each submission, the statistical significance of the differences in 
the DSC between the two field strengths was assessed using a Mann–
Whitney U test (Mann and Whitney, 1947). Additionally, discrepancies 
among the three anatomical regions were examined using a Kruskal–
Wallis test (Kruskal and Wallis, 1952). A significance level of 𝛼 =
0.05 was applied in both tests. Where necessary, a post hoc Dunn 
test (Dunn, 1964) was performed to identify discrepancies among the 
three anatomical regions groups in pairwise comparisons.
5 
2.13. Ranking stability

The stability of the ranking was evaluated, following (Wiesenfarth 
et al., 2021; Huijben et al., 2024). First, the variability of the rankings 
with respect to the cases included in the test set was assessed. For this 
purpose, bootstrapping was used to generate 1000 test sets, each con-
sisting of 50 randomly selected cases from the test dataset, with cases 
potentially being selected more than once. The variability between 
the original ranking and the rankings from the 1000 bootstrapping 
test sets was assessed using Kendall’s Tau analysis (Kendall, 1938). 
Additionally, the stability of the rankings was assessed in relation to 
variations in the evaluation metrics. For this purpose, rankings were 
recomputed using different sets of metrics: the official set of metrics 
with each metric removed in turn (ablation analysis), a minimal subset 
of metrics identified based on the correlation analysis, the full extended 
set with the failure rate and J&F metrics, or with the runtime metric 
weighted double or triple, and the official set of metrics without 
applying penalty terms for empty predictions (by repeating the last-
non-empty prediction). This analysis enabled an assessment of whether 
the specific choice of evaluation scheme had a meaningful impact on 
the resulting rankings, i.e., on the outcome of the challenge.

2.14. Dataset variability

The SAM-2 foundation model (SAM2-large variant) was used to as-
sess the consistency of the annotations within each scan quantitatively 
and to identify outlier frames. For each sequence from the final testing 
set, SAM-2 was prompted with every frame and its corresponding 
ground truth label to segment the remaining frames. The DSC metric 
was computed between the predicted segmentation masks and the 
reference labels, and the results were assembled into a pairwise con-
sistency matrix. Frames with consistently low DSCs across comparisons 
below a threshold of Q1 - 1.5 ⋅ IQR were classified as outliers, indicating 
potential labeling inconsistencies or atypical image appearances. These 
detected outliers were excluded to generate a cleaned test set. The 
metrics for submissions were then recalculated with and without the 
outlier frames to evaluate the robustness of the performance rankings. 
This comparison enabled an assessment of whether the detected outliers 
affected the relative performance of the models.

3. Participation

The TrackRAD2025 challenge received notable participation and 
interest from the target demographic. By the end of the final testing 
phase, 148 participants from a total of 28 countries registered for the 
challenge on the challenge platform.

In total, 166 algorithms were submitted to the preliminary test 
phase, resulting in 100 successful submissions. 29 algorithms were 
submitted to the final testing phase, resulting in 24 successful sub-
missions. These belonged to 15 unique teams. Ten teams completed 
the additional prize eligibility requirements and submitted both the 
required form and LNCS report. Two teams submitted the form, but no 
reports were provided. The submissions from one team were excluded 
from the leaderboard because they did not improve on the baseline 
algorithm in any of the four geometric metrics or the dose metric. These 
submissions reproduced the baseline. Table  1 shows an overview of the 
algorithms submitted.

4. Submissions

The authors of the top five submissions were invited to present their 
methods in the following section in more detail. In addition, the authors 
of some technically interesting submissions were also invited. The LNCS 
reports for all of these submissions are hosted on the challenge platform 
along the leaderboard and contain references on how to make use of 
the respective methods. They can also be found in the supplementary 
material.
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Table 1
Ranking, Team or submission name, minimal submission descriptions of the 
successful participants. Abbreviations used in the description: finetuned (FT) 
and with pseudolabels (wPL). Italized descriptions are based on submission 
forms only, not on complete LNCS reports. 
 Rank Team name Description  
 1 Track’n’Treat MedSAM2 FT wPL  
 2 Hkini SAM2 FT wPL  
 3 CoTrackRAD Contour point tracking  
 4 CIT SAM2 FT w adapted loss  
 5 Reg’n’Track SAM2 FT + ensemble  
 6 Breizhtrack SAM2 FT  
 7 Deeptrack C-VMorph; registration  
 8 Youbetcha SAM2 FT + nnUNet  
 9 Biomed TransMorph + Attention  
 10 hnourzad -/no report  
 11 Peter Treloar Cross correlation techniques 
 12 ShangxuanLi -/no report  
 13 jintao SAM2 FT wPL  
 14 lWM -/no report  

4.1. Top 1 - track’n’treat - label-efficient semi-supervised cine-MRI tumor 
tracking using MedSAM2

The winning submission developed two MedSAM2-based strate-
gies (Ma et al., 2025). The first approach (Method A) finetuned Med-
SAM2 on 40 labeled cases from the training set, using the initial 
frame ground truth label to derive a tight bounding box prompt to 
guide segmentation across subsequent frames. To improve generaliza-
tion without added inference cost, the authors applied a lightweight 
‘‘model soup’’: a rank-weighted parameter average of the best valida-
tion checkpoint and its two nearest neighbors, yielding a single robust 
network.

The second approach (Method B) introduced a semi-supervised 
ensemble. Two MedSAM2 models were trained on different labeled 
splits and augmented with curated pseudo-labels generated by scanner-
specific nnU-Net models (Isensee et al., 2021). Reliability of pseudo-
labels was enforced via adaptive frame quality filtering, uncertainty-
based acceptance, and intra-sequence consistency checks, followed by 
visual quality control. At inference, the two MedSAM2 models are com-
bined by probability-level averaging to produce the final segmentation 
mask.

Both methods were scanner-agnostic, operating across 0.35 T and 
1.5 T data. As the final leaderboard reports only each team’s best 
submission, the listed result corresponds to Method A. In a compre-
hensive ranking that includes all submissions (see Table S1 in the 
supplementary material), Method B would place second.

4.2. Top 2 - Hkini - a three-stage semi-supervised finetuning method for 
SAM2 in real-time MRI tumor segmentation

The submission adapted SAM2 for tumor tracking through a pro-
gressive three-stage semi-supervised finetuning pipeline. In stage one, 
several SAM2 variants were evaluated on a held-out validation set, 
and the lightweight sam2_hiera_tiny model was selected for its balance 
between accuracy and real-time efficiency. In stage two, full-parameter 
supervised finetuning was performed on 38 sequences from the labeled 
training dataset, using first-frame prompts (mask, bounding box, and 
center point) to specialize SAM2 for cine-MRI tumor segmentation. 
This stage yielded notable improvements in segmentation accuracy and 
spatial consistency. Stage three introduced semi-supervised learning 
by generating pseudo-labels for 100 unlabeled sequences with the 
stage two model. These pseudo-labels, obtained with bounding box 
prompts, were combined with the labeled data to form an expanded 
training set of 138 sequences. The model was then finetuned again, 
with adjusted loss weights and learning rates to reduce pseudo-label 
noise and improve robustness across centers, anatomical sites, and MRI 
field strengths.
6 
4.3. Top 3 - CoTrackRAD - tumor tracking as point tracking: CoTracker3 
in the TrackRAD2025 challenge

The submission reframed the task of tumor tracking as a bound-
ary point tracking task, leveraging the pre-trained CoTracker3 model 
initially developed for natural video analysis (Karaev et al., 2023).

Instead of propagating full segmentation masks, the tumor contour 
provided in the initialization frame was converted into a discrete set 
of boundary points. These points were then tracked across time us-
ing CoTracker3, which produced temporally coherent trajectories. The 
tracked boundary points were then converted back into segmentation 
masks at each time step to produce full-frame tumor delineation. The 
CoTracker3 model checkpoint used was trained exclusively on large-
scale natural and synthetic video data and transfers to cine-MRI without 
any additional training. This approach therefore did not require any 
medical data nor annotations.

4.4. Top 4 - CIT - An adapted SAM2.1 framework for real-time tumor 
segmentation in MRI-guided radiotherapy

This method adapted the Segment Anything Model 2.1 (SAM2.1) 
base-plus variant. Since SAM2.1 was initially designed for RGB im-
ages, the vision input layer was modified for single-channel grayscale 
cine-MRI by averaging its weights across channels. Training primarily 
followed SAM2.1’s default configuration, utilizing the AdamW opti-
mizer, a base learning rate of 5e-6, a learning rate of 3e-6 for the vision 
encoder, and a cosine decay scheduler. To improve tumor-specific 
tracking performance, the standard SAM2.1 loss functions (focal, Dice, 
mean absolute error, and cross-entropy) were extended with five ad-
ditional domain-tailored losses: boundary, center distance, surface, 
temporal, and motion. Preprocessing employed bounding-box cropping 
with min–max and Z-score normalization, while data augmentation 
included random flips, rotations, zooms, and crops. The model was fine-
tuned for 250 epochs, and the best checkpoint was selected based on 
the highest average validation score. During inference, frame intensities 
were clipped relative to the initial frame’s distribution, and a Gaussian 
smoothing filter was applied to mask boundaries for stability.

4.5. Top 5 - Reg’n’track - No chains, just gains: Hierarchical SAM2 motion-
tracking

This method used Segment Anything Model 2.1 (SAM2.1) with a hi-
erarchical motion-tracking framework (HIM2SAM) (Chen et al., 2025). 
The approach leveraged the initial tumor mask provided in the first 
frame to guide the propagation of segmentation across time-resolved 
cine-MRI sequences. HIM2SAM exploited both temporal consistency 
and spatial embeddings from SAM2.1 to maintain accurate and sta-
ble tracking. Three SAM2.1 variants (tiny, small, and base+) were 
finetuned using the TrackRAD2025 training data. To improve robust-
ness, their frame-wise logits were selected and assembled using a 
motion estimation system to produce temporally coherent segmenta-
tion masks. Notably, the sequential inference of multiple variants for 
each timestep resulted in a longer runtime compared to the other 
SAM2-based methods.

The pipeline was designed to be anatomy-agnostic and applied 
uniformly across all anatomical regions and MRI field strengths. Prepro-
cessing involved Z-score intensity normalization and region-of-interest 
extraction to focus learning on relevant structures. Postprocessing steps 
included soft-label averaging of predictions and morphological refine-
ments to smooth and stabilize boundaries.
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Fig. 2. Example target tracking results. Each column corresponds to a top 5 model or the static registration baseline. The top two rows show the segmentation 
mask for two frames, where white contours denote labels and colored contours indicate model outputs. The bottom two rows present the DSC and ECD metrics 
over the frame index. Vertical dashed lines mark the median (black) and off-baseline (red) frames shown above. Adjacent boxplots summarize the distributions 
of metrics across all frames.
4.6. Honorable mention - Breizhtrack - Finetuning segment anything for 
accurate tumor tracking in MRI sequences

This submission evaluated two complementary strategies: an unsu-
pervised registration approach based on IMPACT (Boussot et al., 2025) 
and several foundation-model-based segmentation methods, including 
SAM2.1 and its variants. After comparing these models on the anno-
tated dataset, the SAM2-based approach was selected to satisfy the 
strict one-second runtime constraint and was subsequently finetuned 
to further improve performance. The SAM2.1b+ checkpoint was fine-
tuned on the labeled portion of the training data, without a separate 
validation split. A unified inference strategy was applied across all MRI 
types, and test-time augmentation was tested but found unnecessary.

4.7. Honorable mention - Deeptrack - cascaded U-net for real-time de-
formable registration in MRI-guided tumor tracking

This submission proposed a registration-based approach for real-
time tumor tracking in cine-MRI, introducing a VoxelMorph network 
named C-VMorph. The model was designed to progressively refine 
displacement vector fields (DVFs) by applying the same module for 
four iterations, aligning moving cine-MRI frames with a fixed target 
to capture tumor motion. Its cascaded U-Net architecture incorporated 
ROI-guided supervision, ensuring that training emphasized relevant 
regions. The model was trained in two phases. First, using only the 
unlabeled dataset, the model was trained to minimize a mean squared 
error loss for image alignment and a DVF regularization term based 
on bending energy, to encourage smooth motion fields. In a second 
supervised phase, the labeled data was used to minimize a DSC-based 
loss as well. A small part of the labeled dataset was used for validation.
7 
4.8. Honorable mention - Biomed - attention-guided TransMorph for real-
time tumor tracking in cine-MRI

The proposed method was based on deep learning-based deformable 
image registration, improving the TransMorph architecture (Chen et al., 
2022). It followed a two-step training paradigm. First, unsupervised 
pretraining was performed on unlabeled image pairs to learn general 
alignment patterns without requiring manual labels. Second, supervised 
finetuning used segmentation labels to refine the model for accurate tu-
mor localization. To enhance focus on relevant regions, attention gates 
were integrated into skip connections, enabling the model to prioritize 
important anatomical features during registration. The optimization 
employed a compound loss function that combines boundary-weighted 
Dice loss for segmentation accuracy, adaptive mean squared error 
(MSE) for alignment, L1 loss for stability, smooth diffusion for de-
formation regularization, and edge-based regularization to preserve 
structural details. This yielded significant performance improvements 
over the baseline TransMorph model, demonstrating enhanced seg-
mentation accuracy, deformation quality, and robustness for real-time 
tumor tracking.

5. Results

All successful submissions tracked the defined targets across cine-
MRI frames. As depicted in Fig.  2 for one case from the final testing 
set, the top 5 models consistently produce good segmentation masks, 
compared to the no-registration baseline method, which results in 
degraded metrics due to motion.
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Table 2
Evaluation metrics and leaderboard of the ranked submissions to the final testing phase. Submissions are ordered by mean rank 
across all evaluation metrics (Rank-Then-Mean): Dice similarity coefficient (DSC, higher is better), mean average surface distance 
(MASD, mm, lower is better), 95th percentile Hausdorff distance (HD95, mm, lower is better), Euclidean center distance (ECD, 
mm, lower is better), relative D98 dose coverage (higher is better), and runtime per frame (TPF, ms, lower is better). Additionally, 
the metrics from the static registration baseline are presented, along with the inter-observer metrics (IO), both pairwise and against 
a STAPLE mask. 
 Rank Team DSC ↑ MASD (mm) ↓ HD95 (mm) ↓ ECD (mm) ↓ Relative D98 ↑ TPF (ms)↓ Mean Rank 
 1 Track’n’Treat 0.891 (1) 1.5 (1) 4.2 (1) 1.7 (1) 0.936 (4) 43 (7) 2.5  
 2 Hkini 0.886 (2) 1.5 (2) 4.5 (2) 1.9 (2) 0.963 (1) 61 (11) 3.3  
 3 CoTrackRAD 3 0.876 (5) 1.7 (3) 4.5 (3) 1.9 (3) 0.925 (7) 18 (2) 3.8  
 4 CIT 0.871 (6) 2.0 (4) 5.3 (4) 2.2 (4) 0.939 (2) 24 (4) 4.0  
 5 Reg’n’Track 0.880 (3) 2.1 (5) 5.6 (7) 2.2 (5) 0.932 (5) 515 (14) 6.5  
 6 Breizhtrack 0.879 (4) 2.3 (7) 5.6 (6) 2.6 (8) 0.936 (3) 75 (12) 6.7  
 7 Deeptrack 0.851 (9) 2.3 (6) 5.3 (5) 2.3 (6) 0.908 (9) 55 (9) 7.3  
 8 Youbetcha 0.863 (8) 2.5 (8) 6.3 (10) 2.8 (9) 0.930 (6) 45 (8) 8.2  
 9 Biomed 0.836 (13) 2.6 (9) 6.2 (9) 2.5 (7) 0.875 (13) 22 (3) 9.0  
 10 hnourzad 0.864 (7) 11.8 (13) 14.6 (13) 12.0 (13) 0.912 (8) 18 (1) 9.2  
 11 Peter Treloar 0.842 (12) 3.1 (10) 5.9 (8) 2.8 (10) 0.899 (11) 225 (13) 10.7  
 12 ShangxuanLi 0.846 (11) 4.3 (11) 7.8 (11) 4.1 (11) 0.896 (12) 57 (10) 11.0  
 13 jintao 0.849 (10) 15.8 (14) 18.6 (14) 16.2 (14) 0.905 (10) 41 (6) 11.3  
 14 lWM 0.809 (14) 5.3 (12) 10.5 (12) 4.9 (12) 0.701 (14) 27 (5) 11.5  
 Baseline 0.773 5.7 8.1 3.6 0.736  
 IO (pairwise) 0.853 0.65 6.50 4.0  
 IO (staple) 0.891 0.13 4.2 2.7 0.900  
5.1. Metrics

As shown in Table  2, the evaluation on the challenge platform 
demonstrated that the submissions achieved high-quality target track-
ing on the final testing dataset. The winning approach, Treat’n’Track, 
achieved mean and standard deviation evaluation metrics of DSC 
0.89 ± 0.05, HD95 4.2 ± 1.8 mm, and ECD 1.5 ± 0.99 mm at a 
runtime of 42 ms per frame. The top five methods showed mean DSC 
>0.87 and ECD <2.1 mm. The mean pairwise inter-observer variability 
was DSC 0.853, and variability against the STAPLE mask was DSC 
0.891, also included in Table  2. The segmentation accuracy of the top 
5 submissions was thus comparable to inter-observer variability. All 
top 5 models, except one, were able to achieve a fast runtime on the 
provided hardware, with a computing time per frame below 125 ms, 
and would thus have been fast enough for real-time target tracking at 
8 Hz. The exception to this was the top 5 submission Reg’n’Track, which 
employed an ensemble approach, combining the outputs and runtimes 
of multiple SAM2 variants.

The penalty for empty frames was applied sparingly. It primarily 
affected two submissions: the Top 10 (Hourzad) submission, which 
had a total of 104 empty predictions distributed across four affected 
cases, and the Top 13 (Jintao) submission, which had 112 empty 
predictions distributed across four affected cases. In addition, four other 
submissions produced between 1 and 4 empty predictions: Top 5 and 
Top 6 (2 each), Top 12 (4), Top 7 (1).

5.2. Group-based analysis

The impact of magnetic field strength and anatomical region on 
model performance was assessed. Compared by magnetic field strength 
(Fig.  3 a), no significant differences in performance were observed 
between the 0.35 𝑇  and 1.5 𝑇  cases for most models. Only for the 
Top 3 model there was a statistically significant but small difference, 
with 0.35 𝑇  cases producing higher DSC scores compared to 1.5 T. In 
contrast, the anatomical region was found to exert a more substantial 
influence on the segmentation performance (Fig.  3 b). Specifically, 
pelvic cases consistently produced significantly higher DSC values in 
all top submissions and the baseline algorithm, compared to thorax 
and abdomen cases. Between these, there were no statistically signifi-
cant differences. These results matched expectations, as both magnetic 
field strengths are generally suitable for MRIgRT and exhibit sufficient 
contrast for accurate target localization. Additionally, the anatomical 
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region of the pelvis exhibits less motion, and therefore, target track-
ing solutions should generally yield better results. For submissions 
using SAM2-based methods and those using other methods (Fig.  3 
c), SAM2-based submissions consistently achieved a higher mean DSC 
score.

5.3. Qualitative analysis

A qualitative analysis of the submissions revealed that participants 
extensively utilized foundation models. Of the eleven teams that sub-
mitted forms and/or reports, six teams used the SAM2 foundation 
model for video and image segmentation. The winning submission 
also utilized this model, specifically the MedSAM2 variant, which is a 
variant of SAM2 finetuned on a large dataset of medical imaging data. 
Most teams conducted additional training to optimize the SAM2 model 
further.

All teams that implemented training utilized the 50 labeled cases 
provided in the TrackRAD2025 dataset for training purposes. The two 
top submissions both performed SAM2-based pseudo-labeling of the 
unlabeled dataset to obtain additional training cases. The training itself 
generally followed the training setup of SAM2 itself. One team (top 
4) adapted the loss function to reflect the evaluation metrics of the 
TrackRAD2025 challenge. Two teams further modified the training 
procedure to combine multiple checkpoints into a model soup (top 1) or 
multiple models into an ensemble (Top 5 and Top 1 - unranked method 
B). One submission combined the finetuned SAM2 with a specifically 
trained nnUNet to further improve the SAM2 outputs. The 3rd place 
submission did not use SAM2 but CoTracker3, a foundation model for 
point tracking, reformulating the task of video object segmentation as 
tracking the points on the boundary of an object mask. For this pur-
pose, the CoTracker3 model was used without modifications or further 
training. Two other teams (Top 7 & 9) used models performing image 
registration. Both models could be trained without using labels and 
utilized both unlabeled and labeled training data, with the labeled data 
partially used for validation or additional supervised training. The Top 
7 submission trained CNN-based models for image registration, with 
individual models for each B-field strength and anatomical region. The 
Top 9 submission added an attention mechanism to the TransMorph 
architecture. Finally, one team (Top 11) submitted an algorithm based 
on classical/non-machine learning, using cross-correlation techniques. 
Only one team utilized the provided metadata, with the top 7 submis-
sions training dedicated models for each MRI-linac type and anatomical 
region. No team utilized the provided frame rate.
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Fig. 3. Visualization of the performance signaled by DSC of the top 5 submissions for cases grouped by (a) different B-field strengths and (b) different anatomical 
regions. The baseline algorithm is included to indicate the general presence of movement. Panel (c) shows the performance between model types for SAM2-based 
and for other submissions. The center line of the box indicates the median, the box signifies the first and third quartiles, and the whiskers extend to the extremes 
of the distribution, up to 1.5 times IQR. Outliers beyond are shown as circles. Brackets marked with a star indicate statistically significant differences between 
the different case groups.
Fig. 4. Deviation of a case’s mean DSC from the mean DSC over all cases. 
The mean DSC over all cases was calculated per submission and per anatomical 
region. The submission with the best performance per case is plotted for better 
visibility, indicating that the remaining 4 submissions out of the top 5 had 
lower 𝛥DSC. Case IDs are printed next to the data points. Only the cases B18 
and D16 exhibit a decrease of at least 0.05 in the DSC metric for all top 5 
submissions.

5.4. Identification of challenging cases and failure modes

Only two cases, B18 and D16, were identified as particularly chal-
lenging according to the 𝛥DSC definition of Section 2.9, with all top 5 
submissions having at least 0.05 worse DSC than the mean DSC over 
cases from the same anatomical region (Fig.  4).

Detailed analysis of these cases revealed two distinct failure modes. 
In case B18 (Fig.  5a–b), motion perpendicular to the imaging plane 
9 
Fig. 5. Examples of the two challenging cases identified as per the 𝛥DSC
definition from Section 2.9.

resulted in the target being partially or completely absent in several 
frames. In case D16 (Fig.  5c–d), the target-tissue interface was partic-
ularly blurry. Detailed analysis of the other cases with a DSC worse 
than the mean DSC over cases from the same anatomical region showed 
similar features, although less pronounced.
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Fig. 6.  Correlation of the different evaluation metrics used (Dice similarity 
coefficient (DSC), Center Distance (ECD), 95th percentile Hausdorff distance 
(HD95), Mean average surface distance (MASD), Relative D98 dose metric 
(RD98), and Runtime per Frame (TPF)) and additionally considered evaluation 
metrics (Tracking failure rate (TPF) and J&F metrics).

5.5. Metrics correlation

The correlation between the metrics was calculated (Fig.  6) for 
the aggregated metrics of all submissions on the leaderboard. The 
distance metrics, ECD, HD95, and MASD, showed a very high corre-
lation coefficient above 0.98 with each other. The DSC showed a weak 
negative correlation with these metrics, with correlation coefficients 
of −0.3, −0.4, and −0.25, respectively. The radiotherapy-specific dose 
metric showed a strong correlation with the DSC metric (r = 0.85) 
and a weak correlation with distance metrics of −0.19, −0.31, and 
−0.14 for ECD, HD95, and MASD, respectively. A longer runtime was 
weakly correlated with better evaluation metrics, i.e., higher DSC and 
RD98 and lower ECD, HD95, and MASD. The additionally considered 
tracking failure rate and the J and F metrics were highly correlated 
with the DSC and RD98 metrics. In general, these correlations indicate 
that the selected metrics were sufficient to evaluate various aspects 
of submission performance. DSC, ECD, and runtime per frame form a 
minimal subset of metrics that reduce correlations.

5.6. Ranking stability

A variability analysis of the results was conducted to determine if 
the rankings of the challenge remain consistent under modifications to 
the challenge case selection, the chosen metrics, the penalty for empty 
predictions, and the consistency of the ground truth labels.

5.6.1. Case variability
Analysis of the variability of the rankings with respect to the cases 

included in the test set (Fig.  7) showed that the ranking was robust with 
respect to the case selection. The official ranking overall matched the 
hypothetical rankings based on bootstrapped test sets (N = 1000), with 
Kendall’s Tau correlation coefficients for the real and the bootstrapped 
rankings showing a high average correlation coefficient of 𝜏 = 0.749
with 𝑝 = 0.003.
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Fig. 7. Visualization of ranking stability with respect to case selection. Circle 
size and color are proportional to the frequency of the rank achieved based 
on the respective submission on N = 1000 bootstrapped sets of 50 cases (with 
repetitions). A dashed line indicates the identity, i.e., the location from the 
ranking on the full dataset.

5.6.2. Metrics variability
Hypothetical rankings were generated using different sets of met-

rics, including the default set with single metrics removed, a minimal 
set of metrics (DSC, ECD, and TPF), and the default set extended with 
the tracking failure rate or the J and F metrics, or with the runtime 
metric weighted double and triple. As depicted in Fig.  8, modulating 
which metrics are included has only a slight effect on the final ranking. 
Specifically, regarding the top 5 submissions, the top 4 are consistent 
between all considered sets of metrics. Furthermore, only when the 
runtime metric was weighted triple did the highest ranking submission 
change. Overall, these results show that the selected metrics provide a 
robust ranking.

5.6.3. Empty predictions penalty
Another possible alteration to the metrics that was discussed during 

challenge development was the implementation/handling of empty 
predictions for non-empty ground truth segmentation masks. For the 
final challenge, the organizers decided that empty frames should be 
counted as frames with a zero DSC value, with no dose contribution 
for the RD98 metric, and metric values for HD95, ECD, and MASD 
equal to the longest side of the frame. This results in even a single 
empty prediction severely impairing the overall metrics of a model. 
While participants were informed about this penalty and instructed 
to prevent empty predictions or to reuse the last non-empty frame 
if nothing else, the implementation of this penalty could still have 
impacted the overall leaderboard. To confirm the robustness of the 
challenge results with respect to this design decision, hypothetical 
rankings were calculated by auto-filling empty predictions with the 
previous non-empty prediction. As depicted in Fig.  8, applying this 
modification to the evaluation did not affect the ranking, except for the 
two submissions with the most empty predictions. These moved from 
tenth to third and from the 13th to eighth, respectively. The ranking of 
the other submissions, which had only a small number (≤ 4) of empty 
predictions, remained unchanged.
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Fig. 8. Hypothetical rankings based on other sets of metrics included in the 
Rank-Then-Mean scheme. The actual default metrics used are displayed on 
the left, with each submission positioned according to its corresponding rank. 
Lines connect the submissions to their positions on hypothetical other sets of 
metrics. Kendall’s Tau correlation coefficients for the real and hypothetical 
rankings are shown above.

5.7. Dataset variability

A SAM2-based outlier detection was used to identify frames for 
which the ground truth labels aligned less with the other labels of the 
same sequence. The number of such frames varied per case, ranging 
from 0 to 17.0% of the frames. The number of outlier frames per case 
was not normally distributed (Shapiro–Wilk, p = 0.003) with a median 
of 4.6% and an inter-quartile range of 2.1%–7.0%. No statistically 
significant differences were found in the percentage of outlier frames 
between cases from different institutions (ANOVA, p = 0.819). In 
total, 5.2% of the frames were identified as outliers. Excluding these 
outlier frames from the metric computation resulted in improved mean 
metrics for the submissions. On average, the DSC metric increased 
by 0.0012 across all cases and submissions. This indicated that the 
detection method indeed primarily identified frames for which the 
submissions produced below-average results. Comparing the impact of 
outlier-frame exclusion on metrics between models based on SAM2-
derived architectures or others (Fig.  9 a) did not show statistically 
significant differences (Mann–Whitney U, 𝑝 = 0.121). This indicated 
that the SAM2-based outlier detection not only excludes frames that 
are difficult for SAM2-based models but also those for which the 
predictions from all models deviate from the ground truth.

Comparing the inter-observer variability with and without the out-
lier frames (Fig.  9 a) showed similar results. This indicates that the 
detected outlier frames are indeed those in which the delineation 
deviates from the others in the same sequence by the same annotator. 
Comparing the default leaderboard ranking with all frames with a 
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Fig. 9. Impact of detected outliers on overall per-case metrics (a) and rankings 
(b). In (a), the impact of the outlier frames on per-case metrics is shown aggre-
gated for SAM2-based and other submissions, and inter-observer variability. In 
(b), a hypothetical ranking without the outlier frames and the actual ranking 
are shown, with lines connecting the position of each submission between 
both. Kendall’s Tau correlation coefficient for the real and the hypothetical 
rankings is shown above.

hypothetical leaderboard excluding the identified outlier frames (Fig. 
9 b) showed no impact on the leaderboard. This suggests that the po-
tential inconsistencies in the delineation detected by the SAM2-outlier 
detection did not significantly impact the overall ranking.

Although not affecting the ranking robustness in this evaluation, it 
should be noted that the use of SAM2 to detect outlier frames could still 
bias and artificially inflate the performance of SAM2-based and other 
methods by removing frames that might represent genuine anatomical 
challenges where the model simply fails, rather than actual labeling 
inconsistencies.

6. Discussion

The TrackRAD2025 challenge was designed to determine the lead-
ing methods for target tracking in 2D+t cine-MRI for MRIgRT.

6.1. Impact

The TrackRAD2025 challenge allowed for a detailed comparison 
of algorithms and machine learning techniques for target tracking in 
MRIgRT. It was the first large-scale, multi-center challenge for this task, 
garnering significant participation with a total of 166 participants and 
124 submissions. All valid submissions to the final testing phase were 
generally able to produce target segmentation masks that outperformed 
the baseline algorithm of static registration. The top five approaches 
achieved mean DSC values above 0.87, HD95 below 5.6 mm, and ECD 
below 2.1 mm, comparable to the inter-observer variability against 
STAPLE (DSC: 0.89, HD95: 4.2 mm, ECD: 2.7 mm). These results indi-
cate a high level of tracking accuracy. The results are also comparable 
to recent literature (Peng et al., 2024; Lombardo et al., 2024b; Blöcker 
et al., 2024). Analysis of the methods used by participants revealed that 
finetuning foundation models yielded the best results. The comparison 
between the submissions based on the SAM2 foundation model and 
those based on other methods highlighted that fine-tuned applications 
of SAM2 (Top 1, 2, 4, 5, and 6) consistently achieved high performance. 
Without finetuning, the application of CoTracker3 (Top 3) also yielded 
high performance, with a lower runtime per frame.
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6.2. Limitations

Although the TrackRAD2025 challenge successfully achieved its 
goal of determining the leading MRIgRT target tracking methods, it 
was limited by several issues. Most importantly, the dataset used in the 
final testing phase to rank the submissions could have been larger and 
more diverse. Although the public training dataset features a reasonable 
number of unlabeled frames for training, it only features a significantly 
smaller number of labeled cases. This was due to the significant effort 
required by the fully manual labeling process. Although this ensured a 
high quality of the segmentation masks, it limited the number of cases 
to be included in both the public labeled training dataset and the pri-
vate testing dataset. Another limitation of the challenge was the set of 
metrics selected for evaluation. Only a dose surrogate has been adopted 
to evaluate submissions, which may not accurately reflect real dose 
distributions. In particular, this metric also does not account for tissue 
deformation or proximity to organs at risk (OARs). Consequently, a 
high score on this metric implies target coverage, but offers no guaranty 
on OAR avoidance or toxicity, which is one of the main constraints in 
real-world clinical gating. Further, surface distance metrics were over-
represented compared to other metrics (two out of six metrics). A more 
diverse set of metrics could have been helpful, although the variability 
analysis demonstrated the overall robustness of the resulting ranking 
against differing metric selections. However, weighing the runtime with 
a factor of three would have resulted in a different highest ranked 
model, not based on SAM2 as foundation model, but on CoTracker3. 
Therefore, future iterations could place a higher weight on computa-
tional efficiency and runtime to incentivize a focus on these goals. The 
penalty for empty predictions could also have been handled differently. 
Since the chosen penalty for empty predictions, i.e., false negatives, 
was quite harsh, it demoted the two primary affected submissions to 
the lower ranks. However, the investigated mitigation of reusing the 
last non-empty prediction could significantly increase the occurrence 
of false positives, which were not evaluated in the current challenge 
setup, where the target was assumed to be continuously visible. For 
this purpose, a secondary task of determining if the target is visible 
in the image could be implemented. The difficulty of tracking targets 
with motion perpendicular to the imaging plane was also identified as 
failure mode of even the top 5 models, resulting in subpar performance 
for one of the cases where such motion was present.

The final set of limitations stemmed from technical constraints of 
the Grand Challenge platform. While it supported smooth operation, 
it also introduced inefficiencies. In particular, it creates individual 
jobs for each case and submission. This caused significant overhead 
from repeatedly loading and initializing submitted algorithms. It also 
required processing each case as a whole sequence rather than frame 
by frame, unlike real-world scenarios where later frames cannot inform 
the prediction of earlier frames. Although submissions were required 
to adhere to this logic for prize eligibility, a reverse flow of infor-
mation could have been required by construction. Finally, while the 
Grand Challenge platform ensured fair comparisons by running all 
submissions on identical hardware, it restricted the range of available 
computing options. In particular, the GPUs provided were less powerful 
than current state-of-the-art models. To work around this limitation, the 
organizers modified the real-time runtime requirements to account for 
the limited computational resources.

6.3. Open questions

With the increasing number of MRIgRT installations worldwide
(Slotman et al., 2022; Chuong et al., 2023) and the growing clinical 
interest in multileaf collimator (MLC) tracking (Uijtewaal et al., 2022, 
2025), research into motion tracking and adaptation is expected to 
intensify. A future iteration of the TrackRAD challenge could extend to 
other motion-tracking modalities, such as markerless X-ray tracking, to 
include the evaluation of tracking performance in the presence of noise, 
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and include test data from unseen centers to better evaluate model 
generalization. Addressing the current limitations in dataset diversity, 
labeling, and computational infrastructure will be key to enabling the 
next generation of benchmarking efforts in MRIgRT tracking.

7. Conclusions

The TrackRAD2025 challenge successfully established a benchmark 
for target tracking in MRI-guided radiotherapy. The results demon-
strated that finetuning promptable foundation models currently repre-
sents the state of the art for cine-MRI target tracking. Beyond identify-
ing top-performing methods, the challenge provided valuable insights 
into dataset design, evaluation methodology, and technical infrastruc-
ture that will inform future developments in adaptive radiotherapy and 
real-time motion management.
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Appendix A. Participation rules and prize policies

The complete challenge design can be found in (Landry et al., 
2025a).

Appendix B. Supplementary data

Supplementary material related to this article can be found online 
at https://doi.org/10.1016/j.media.2026.104134.

Data availability

No new data was generated, except for the evaluation metrics and 
derived evaluations using the methods presented in this publication. 
The evaluation metrics for the submissions and the final leaderboard 
are available on the challenge website:
https://trackrad2025.grand-challenge.org/

The code for the presented analysis and the entirety of the challenge 
will be available at the following url:
https://github.com/LMUK-RADONC-PHYS-RES/trackrad2025.

The challenge dataset was partly made public as the TrackRAD2025 
training dataset (Wang et al. (2025)) at the following url:
https://huggingface.co/datasets/LMUK-RADONC-PHYS-RES/TrackRAD
2025

Further parts of the testing dataset were also made publicly available at 
the same location after the challenge closed in early 2026. Some cases 
(N = 20) will not be made publicly available due to privacy restrictions.
Before and during the challenge, only Elia Lombardo, Tom Julius 
Blöcker and Pia A.W. Görts accessed the full testing dataset.
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