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Abstract

Despite rapid advances in medical image segmentation
(MIS), fair and reproducible comparisons of segmentation
models remain challenging due to heterogeneous datasets,
inconsistent evaluation protocols, and rapidly evolving ar-
chitectures. In particular, comparisons often implicitly as-
sume that model rankings are invariant to data partition-
ing, preprocessing, metric aggregation, uncertainty esti-
mation, and computational constraints. The lack of ex-
tensible and unified evaluation frameworks further lim-
its systematic investigation of new models, datasets, and
training paradigms. We present MEDSEGBENCHMARKER
(MSB), a configuration-driven framework for controlled
benchmarking of 2D MIS. It integrates duplicate and near-
duplicate detection during data preparation, group-aware
data splitting, layered YAML study specifications, resum-
able training, hyperparameter optimization (HPO), cross-
validation (CV), and checkpoint-based final evaluation.
Rather than retaining only aggregate performance mea-
sures, MSB exports sample- and class-level pixel counts
and predictions together with the associated evaluation
context. These elementary artifacts enable post-hoc analy-
ses without requiring repeated inference. We demonstrate
MSB in a case study involving three heterogeneous 2D
datasets and multiple MIS and general-purpose vision mod-
els evaluated at 256- and 512-pixel input resolutions. Reag-
gregation of identical predictions changes the top-ranked
architecture in three of six dataset–resolution settings, de-
spite high rank correlations between aggregation strategies.
Increasing input resolution produces model- and dataset-
dependent performance gains and losses that must be con-
sidered alongside empirically measured inference complex-
ity. These results show that seemingly minor choices in
evaluation and experimental setup can affect benchmark
conclusions. MSB, available at GitHub, provides a prac-
tical and extensible basis for making benchmark conditions
and evaluation choices explicit and reproducible.

1. Introduction
In MIS, progress is commonly communicated through im-
proved metric scores attributed to a new encoder [6, 8, 38,
43], decoder [6, 8, 33, 34, 38], attention mechanism [33,
34], or pretraining strategy [27, 43, 52]. That score, how-
ever, is inseparable from the experiment that produced it.
Dataset curation, patient separation, input resolution, aug-
mentation, optimization budget, checkpoint selection, and
metric aggregation can all affect the reported result. Empir-
ical work has documented substantial variability in deep-
learning segmentation pipelines [36], while broader anal-
yses identify experimental design and reporting deficien-
cies as recurring threats to reliable medical-imaging re-
search [32, 45]. In a review of recent MIS papers, more
than half reported no measure of variability and fewer than
one percent reported confidence intervals (CIs) [9].

Evaluation choices are particularly consequential when
target structures are rare or heterogeneous. Pooling pix-
els across a test set gives greater weight to large structures,
whereas averaging image-level scores weights each image
equally; class-macro aggregation instead favors rare labels.
These estimators answer different questions rather than pro-
viding interchangeable versions of one result. Likewise,
higher image resolution may better represent small de-
tails while imposing model-dependent compute and mem-
ory costs. Biomedical challenge rankings can be unstable
under changes in test cases and aggregation schemes [28];
recent guidance emphasizes matching metrics to the scien-
tific question and properties of the target structures [35].

These issues reflect a broader reproducibility crisis
affecting scientific research across disciplines [4, 42].
Kapoor and Narayanan [20] documented reproducibility
failures and methodological pitfalls, including data leakage,
across 648 papers spanning medicine, neuroimaging, radi-
ology, and dermatology, contributing in some cases to sub-
stantially overoptimistic performance claims. Such discrep-
ancies can impede scientific progress, waste computational
and human resources, and increase the risk of deploying un-
reliable systems in high-stakes settings.
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Concerns about the validity of machine learning (ML)
evaluations are neither new nor confined to a single pipeline
stage. Semmelrock et al. [40] categorize reproducibility
barriers into description, code, data, and experiment, con-
cluding that the reliability of ML evaluation remains un-
deremphasized and lacks established best practices, partic-
ularly when ML frameworks are used by domain experts
rather than data scientists. Liao et al. [23] show in a meta-
review that pitfalls arise throughout the ML lifecycle, in-
cluding model training, baseline selection, and dataset and
metric choice, indicating that no single stage can be ad-
dressed in isolation. Hutchinson et al. [16] further confirm
this in an analysis of 200 papers from top-tier NLP and com-
puter vision venues, finding a systematic gap between what
should be evaluated and what is actually evaluated.

Dataset collections, benchmarks, and software frame-
works address important parts of this landscape. The Med-
ical Segmentation Decathlon [3] and MedSegBench [21]
provide curated evaluation tasks; MONAI [7] and
TorchIO[31] provide reusable medical-imaging compo-
nents; and nnU-Net automatically configures a strong seg-
mentation method for a new task [18]. Our scope is com-
plementary: we focus on controlled comparisons among
heterogeneous segmentation architectures and on retaining
the elementary evidence needed to examine how evaluation
choices affect their conclusions.

We present MEDSEGBENCHMARKER, a configuration-
driven research framework for controlled 2D MIS bench-
marks. The current implementation targets modalities ac-
quired as 2D images, including dermoscopy, endoscopy,
and ultrasound. It supports duplicate and near-duplicate
diagnostics during data preparation, as well as group-
aware splitting when group metadata are supplied. Layered
YAML specifications describe shared, dataset-specific, and
architecture-specific settings; execution covers single runs,
declared Cartesian grid or Hyperband searches, and K-fold
CV, with resumable run state. Final evaluation reloads the
selected checkpoint and exports foreground TP, FP, FN, and
TN counts for each sample–class pair, together with the rel-
evant split, fold, run, evaluation, and prediction-semantics
fields. These counts are then the basis for subsequent ag-
gregation, uncertainty estimation, figures, and LATEX tables.

To characterize the conditions of a model comparison,
we introduce the benchmark contract as a conceptual rep-
resentation of factors that may influence evaluation out-
comes: dataset and labels, split policy, preprocessing, data
augmentation, model settings, optimization and checkpoint-
selection policy, inference rules, and evaluation procedure.
The contract does not certify that a comparison is fair;
rather, it provides a structured means to record and in-
spect shared controls, justified differences, and architecture-
specific constraints across the configurations and artifacts
used in a study.

Overall, our contributions can be summarized as follows:
• Configuration-driven benchmarking tool: We design

a modular workflow connecting dataset diagnostics and
splitting, layered study specifications, resumable execu-
tion, checkpoint-backed final evaluation, and post-hoc
analysis for 2D MIS. MEDSEGBENCHMARKER pro-
duces reproducible artifacts, including raw CV results and
scripts for regenerating analyses and reports.

• Raw-count-first evaluation and benchmark contract:
Sample–class confusion counts retain the information
required for several count-based aggregation views
and paired resampling analyses after inference, while
the benchmark contract organizes the methodological
choices needed to interpret a comparison. By mapping
the contract directly to the implementation, MSB en-
ables systematic and reproducible comparisons of hetero-
geneous architectures for MIS.

• Case study of evaluation sensitivity: We demonstrate
MSB in a case study covering eleven architectures and
three heterogeneous 2D MIS datasets at two input resolu-
tions of 256×256 and 512×512. The study reaggregates
fixed raw counts under global-micro, image-macro, and
class-macro Dice, compares paired resolution changes,
and reports model-only inference complexity. Its pur-
pose is to illustrate the consequences of evaluation design,
rather than to establish an universal architecture ranking.

2. Related Work
Existing software addresses complementary parts of a
segmentation study: reusable medical-imaging compo-
nents, self-configuring task-specific pipelines, benchmark
datasets, and general model implementations. Table 1 re-
tains a scope-oriented comparison of representative sys-
tems, with Tier 1 comprising medical image frameworks,
Tier 2 consisting of benchmarking studies or datasets, and
the final tier (G) encompassing general-purpose semantic
segmentation toolkits. In particular, we consider the fol-
lowing categories: (I) Counts: Persistently exported sam-
ple-level confusion-count evidence. (II) Extensibility: Easy
inclusion of new models, datasets, and metrics. (III) Config-
urability: Fine-grained control over architectures, augmen-
tations, optimizers, etc. (IV) HPO: Automatic hyperparam-
eter tuning (e.g., grid search). (V) Data Audit: Duplicate
or leakage diagnostics; not necessarily automatic preven-
tion. (VI) Out-of-distribution (OOD) Analysis: workflow
for evaluation on an external test dataset. (VII) Explainabil-
ity (XAI): Integrated qualitative XAI outputs, such as Grad–
CAM [39]. (VIII) Profiling: Integrated model-complex-
ity, latency, or memory profiling. (IX) Plotting: Utilities
and capabilities for generating plots etc. (X) Notification:
Push-based status notifications upon benchmark comple-
tion. All listed systems are Python-based and can, in princi-
ple, be combined with specialized third-party frameworks,



Table 1. Comparison of segmentation frameworks and benchmarks (✓= fulfilled, G#= partially fulfilled, ×= not fulfilled).

Tier Framework / Benchmark Counts Ext. Config. HPO Audit OOD XAI Profil. Plotting Notifs.

— MEDSEGBENCHMARKER (MSB) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

1

nnU-Net [18] ✓ ✓ ✓ ✓ × × × G# G# ×
MONAI [7] G# ✓ ✓ ✓ × × ✓ × ✓ G#
TorchIO [31] × ✓ G# × × × × × × ×
TorchXrayVision [11] × ✓ × × G# ✓ × × × ×

2

MedSegBench [21] × ✓ G# × × × × × × ×
Medical Segmentation Decathlon [3] × × × × × ✓ × × × ×
TotalSegmentator [47] × ✓ G# ✓ × × × × G# ×
FeTS Challenge Toolkit [30, 51] × ✓ ✓ × - ✓ × × × ×

G

PaddleSeg [26] × ✓ ✓ ✓ × × × ✓ ✓ ×
Segmentation Models PyTorch [17] G# ✓ ✓ × × × × × × ×
MMSegmentation [12] × ✓ ✓ × × × ✓ ✓ ✓ ×
Transformers Hugging Face [48] × ✓ ✓ ✓ G# G# × × × G#

for example for HPO. Such integrations require users to se-
lect, connect, and maintain an additional tool within the
experimental workflow and are therefore denoted by “×”.
A “✓” is reserved for functionality implemented within
the system’s own workflow and exposed through interfaces;
study-specific configuration may still be required.

Medical Image Segmentation Frameworks. Promi-
nent MIS frameworks include nnU-Net [18], MONAI [7],
TorchIO [31] and TorchXrayVision [11]. MONAI pro-
vides composable networks, transforms, losses, and infer-
ence utilities for healthcare imaging [7], while TorchIO fo-
cuses on image loading, preprocessing, augmentation, and
patch sampling [31]. nnU-Net addresses a different, adja-
cent objective: it derives a strong task-specific pipeline from
dataset characteristics [18]. TorchXRayVision provides a
standardized interface to chest X-ray datasets, preprocess-
ing routines, and pretrained deep-learning models [11].
These systems provide valuable primitives, reference imple-
mentations, and task-specific automation. MSB operates
at a different layer: it coordinates a declared comparison
across heterogeneous model adapters, records the check-
point used for final evaluation, and retains sample–class
count artifacts for subsequent analysis. It is therefore com-
plementary to, rather than a replacement for, their model,
transform, and training components.

MONAI is the closest comparator in scope, combin-
ing broad medical-imaging primitives, visualization, and
extensibility. Nevertheless, it is a component framework
rather than a benchmark-control layer: its bundles may con-
tain executable Python expressions, while external-dataset
workflows and the use of optimization libraries such as
Optuna [1] or Ray Tune [24] require study-specific inte-
gration. MSB instead exposes seed control and an op-
tional deterministic mode through explicit YAML keys
(random seed and full determinism). Moreover,

it provides declared grid/Hyperband execution, checkpoint-
backed raw-count export, duplicate diagnostics, and sep-
arate efficiency profiling. These facilities make relevant
choices more explicit and inspectable.

Benchmarking Studies and Datasets. The Medical
Segmentation Decathlon established a collection of ten 3D
tasks for evaluating algorithmic generalization [3]. Med-
SegBench broadens task and modality coverage through a
curated collection of 2D and 3D MIS datasets [21]. To-
talSegmentator provides a widely used task-specific seg-
mentation application [47], while the FeTS Toolkit supports
challenge-oriented federated-learning workflows [30, 51].
Such resources define valuable tasks, data, and reference
settings. However, their primary focus is not on providing
general-purpose benchmarking capabilities, such as auto-
mated HPO, standardized visualization, or comprehensive
performance evaluation across heterogeneous models. Con-
sequently, such functionality may require additional im-
plementation or integration within the respective workflow.
In contrast, MSB provides dataset-agnostic infrastructure
for configuring and inspecting comparative studies once
a dataset has been converted to its indexed image–mask
schema. This design allows existing benchmark datasets
to be integrated without requiring the benchmarking frame-
work itself to be tailored to a specific dataset or task.

General Segmentation Frameworks. General-purpose
segmentation frameworks like PaddleSeg [26], Segmen-
tation Models PyTorch [17], MMSegmentation [12], and
Hugging Face Transformers [48] offer broad model zoos
and strong community support. MSB is not intended to
replace these libraries or to provide a general model zoo.
Instead, it supplies study-level control for declared 2D MIS
comparisons, while architectures remain available through
model adapters and can be implemented using general-
purpose framework components.



3. MedSegBenchmarker Toolbox
3.1. Design Rationale
MIS studies commonly combine dataset preparation, split
generation, model training, HPO, CV, post-hoc analysis,
and figure generation through study-specific scripts. Such
fragmentation can obscure the relationship between a re-
ported result and the experimental choices that produced
it, including the data split, selected checkpoint, decision
threshold, and aggregation rule. It can therefore impede the
inspection, reproduction, and comparison of results.

In contrast, MEDSEGBENCHMARKER was developed as
a Python/PyTorch toolbox for controlled end-to-end bench-
marks in supervised 2D MIS. It supports binary and multi-
class tasks from an indexed image–mask dataset through
training and final evaluation to reusable, sample-level eval-
uation data. Overall, its design is guided by five princi-
ples: (I) Transparency, through human-readable YAML
configurations, logging, and structured outputs; (II) Re-
producibility support, through seed control, checkpointed
states, and an optional deterministic execution mode; (III)
Modularity, through separate data, training, evaluation,
and analysis components; (IV) Extensibility, through com-
mon dataset and model interfaces; and (V) Traceability, by
linking final-evaluation counts to their configuration hash,
checkpoint reference, and prediction semantics.

Together, these principles support configurable bench-
marking across deep learning (DL) architectures. Con-
figurations declare architectures, transforms, optimizers,
loss functions, checkpoint policies, and evaluation settings.
The shared evaluator uses common metric definitions and
records binary decision thresholds or multi-class argmax se-
mantics with the final counts. When experiments are run un-
der a stated common protocol, these facilities make the re-
sulting comparison more transparent and inspectable; they
do not by themselves establish that the protocol is fair.

3.2. Benchmark Contract
We use the term benchmark contract for the methodological
choices that define the conditions under which performance
is estimated and compared:

C = (D,S,P,M,O, I, E). (1)

Here, D denotes the dataset and label mapping; S the split
and, where available, grouping policy; P preprocessing and
augmentation; and M the model architecture and its de-
clared settings. O comprises optimization and checkpoint
selection, I the output interpretation and decision rule, and
E the retained elementary outputs, metric definitions, aggre-
gation, and uncertainty procedure.

The contract is a conceptual representation, not a uni-
versal manifest format. In MSB, its elements are de-
clared across YAML configurations, the stored K-fold state,

checkpoint records, and final-evaluation artifacts. The con-
figuration generator combines global, architecture-specific,
and dataset-specific settings into runnable YAML files,
making experimental choices such as normalization, batch
size, or precision settings visible rather than hidden in or-
chestration code. The raw-count artifact then binds an eval-
uation to a configuration hash, an explicit checkpoint refer-
ence, and a decision rule. Thus, the toolbox makes many
comparison choices inspectable, but it does not certify that
all choices in C are scientifically appropriate. Those choices
should be fixed or justified before inspecting final results.

3.3. Five-Stage Workflow

Rather than treating training as an isolated task, MEDSEG-
BENCHMARKER organizes a study around persisted config-
urations, states, checkpoints, and evaluation outputs. Fig. 1
summarizes the stages: 1⃝ dataset preparation and audit; 2⃝
YAML-based study specification; 3⃝ training, HPO, or K-
fold CV; 4⃝ checkpoint-backed final evaluation with raw-
count export; and 5⃝ post-hoc analysis and reporting.

1. Dataset Curation and Leakage Control. The com-
mon dataset interface uses index.csv to associate image
and mask files with their split, dimensions, and file types,
and classes.csv to map source mask values to the
training classes. Dataset-specific converters are available
for some public datasets as an example, while any custom
dataset following this layout can use the same training path.
Fixed splits may be read from the index, and seeded custom
splits are supported. In K-fold CV, a configured group col-
umn keeps all samples of a known group, such as a patient,
in the same fold. MSB also provides optional duplicate-
assessment utilities. They report byte-identical files using
SHA-256, identical perceptual hashes, and candidate near-
duplicate groups based on perceptual-hash distance; an Ex-
cel report and a graphical review tool support manual in-
spection of the candidate images. A mask-drawing utility
further supports visual dataset inspection. These utilities
identify potential leakage routes but do not prove patient
identity or automatically remove samples: review decisions
must be applied during curation, and unknown cross-subject
dependencies remain a dataset-specific risk.

2. Study Specification and Configuration. YAML
specifications declare the dataset, transforms, architecture,
optimizer, loss, learning-rate (LR) schedule, checkpoint
policy, and evaluation settings. The configuration generator
can compose global controls with architecture- and dataset-
specific layers, yielding an explicit configuration for each
experiment. This provides a practical place to state legiti-
mate model accommodations, while retaining the common
settings that define a comparison.

3. Controlled and Resumable Execution. A com-
mon Segmentor interface separates orchestration from
model implementation. The current registry covers convo-
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Figure 1. Five-stage study workflow in MEDSEGBENCHMARKER.

lutional, transformer, hybrid, and state-space-inspired de-
signs (cf. Section 4). Some model adapters require op-
tional packages or native extensions, so registration alone
does not claim support on every platform. The execution
layer supports single runs, Cartesian grid search, Hyper-
band, and K-fold CV; the latter persists generated fold in-
dices. Training checkpoints retain model, optimizer, sched-
uler, gradient-scaler, early-stopping, metric-tracking, and
random-number-generator states for resumption. Determin-
istic execution can be configured, although exact numerical
equality may still depend on hardware and library versions.

4. Checkpoint-backed Raw-Count Evaluation. Fi-
nal evaluation explicitly reloads the configured checkpoint
role (best validation, latest, or both). Its checkpoint record
stores the epoch, selection split, metric, value, and a SHA-
256 content hash. By default, final evaluation writes one
raw-count record for each image–class pair. In addition to
true positives (TP ), false positives (FP ), false negatives
(FN ), and true negatives (TN ), the record contains inter-
section, reference-mask, predicted-mask, and union counts;
dataset, split, fold, run, model, checkpoint, image, and class
identifiers; and the prediction semantics. Binary records
retain the decision threshold and whether the model out-
put was interpreted as logits or probabilities; multi-class
records retain the argmax rule. These counts are suffi-
cient to recompute, for example, DSC, which is defined as
2TP/(2TP+FP+FN), or IoU as TP/(TP+FP+FN).
Crucially, the counts can be pooled before evaluating the
respective formula. They therefore preserve the informa-

tion required for foreground-pixel pooling as well as image-
weighted, class-weighted, or fold-wise summaries.

For each fold of a K-fold evaluation, a compressed Py-
Torch artifact additionally retains the reference masks and,
depending on the configured storage option, raw model out-
puts (logits), hard predictions, or both. The artifact links
image filenames, the checkpoint path, the class mapping,
and the declared prediction semantics, including the deci-
sion threshold where applicable, to the stored artifact. It
therefore preserves the per-fold segmentations needed to
compute additional geometry- or contour-based measures
later without repeating inference. When logits are retained,
hard predictions can also be regenerated under an alter-
native documented decision threshold; this enables subse-
quent threshold or calibration analyses.

5. Post-hoc Aggregation and Reporting. The post-
hoc layer distinguishes analyses of retained artifacts from
procedures that require model access. Without reload-
ing checkpoints or repeating inference, raw-count artifacts
can be validated and consolidated with duplicate-row de-
tection, then re-aggregated to derive per-image–class, per-
sample foreground, pooled-class, and pooled-foreground
results. The provided analysis recomputes count-based met-
rics, including Dice, IoU, precision, and recall, estimates
image-level bootstrap intervals, and generates PNG/SVG
figures and LATEX table entries. When the optional fold-
wise output artifacts are retained, additional output-based
measures and visualizations can likewise be computed post
hoc. Checkpoint-backed utilities are required only for anal-



yses that need a model forward pass. They support Grad-
CAM-style maps as diagnostic output, model-only com-
plexity and inference profiling, including latency and peak
GPU-memory measurements after warm-up, and evaluation
of K-fold checkpoints on a declared external test dataset.

4. Case Study
This case study illustrates the analytical value of retaining
evaluation artifacts after model training has finished, us-
ing a fixed collection of checkpoints and sample-level pixel
counts to ask whether benchmark conclusions depend on
aggregation, input resolution, computational constraints, or
transfer to an external dataset (OOD generalization).

4.1. Datasets, Model Cohort, and Artifact Scope
We use three heterogeneous 2D MIS datasets: ISIC’18 der-
moscopic lesion [10, 44], BKAI-IGH NeoPolyp Small en-
doscopic polyp [29], and CAMUS echocardiographic seg-
mentation [22]. After duplicate assessment and removal,
the datasets contain 3,565, 945, and 1,996 images, respec-
tively. ISIC’18 is binary; NeoPolyp comprises background,
neoplastic polyp, and non-neoplastic polyp; and CAMUS
comprises background, left-ventricular cavity, myocardium,
and left atrium. CAMUS uses patient-level folds, whereas
ISIC’18 and NeoPolyp use image-level folds. Building on
the selection rationale of prior work [2], the benchmarked
model cohort comprises U-Net [37], HiFormer-B∗ [14],
MISSFormer [15], Swin-UMamba (SU-Mamba) [25],
CENet∗ [5], SegFormer-B3 (SegFormer) [50], SegNeXt-L
(SegNeXt) [13], VWFormer with MiT-B3 backbone (VW-
MiT), VWFormer with ConvNeXt-S backbone (VW-Conv),
InternImage-T (InternImage) [46] with UPerHead [49], and
TransNeXt-Tiny (TransNeXt) [41] with UPerHead.

For this case study, we reused the 256 × 256 final-
evaluation artifacts generated as part of prior work [2] and
reproduced the same experimental protocol at 512×512, in-
cluding hyperparameter selection followed by five-fold CV.
This protocol was applied to all methods except CENet∗,
which exceeded the available GPU memory at the increased
input resolution. Consequently, matched five-fold check-
points and final-evaluation artifacts are available at both res-
olutions for ten architectures, while CENet∗ was excluded
from analyses requiring matched-resolution results. Details
of the architectures and setup are provided in the Appendix.

4.2. Analysis Protocol
All post-hoc analyses described below reuse the saved raw
counts and model checkpoints and do not involve retraining
any method. The following provides a brief summary of the
conducted analyses, while detailed descriptions and addi-
tional results are provided in the supplementary material.

Aggregation Sensitivity. We recomputed foreground
Dice under three defensible aggregation rules: global mi-

cro, which pools foreground counts before calculating Dice;
image macro, which first pools foreground classes per im-
age and then averages image-level Dice; and class macro,
which averages Dice after pooling counts within each fore-
ground class. Images without foreground in both prediction
and reference have an undefined Dice denominator and are
therefore excluded from image-macro Dice. Architectures
were ranked separately for every dataset, resolution, and ag-
gregation rule. We report rank correlation, changed ranks,
and whether the leading architecture changes between rules.

Input-Resolution Sensitivity. We compared 256× 256
and 512×512 predictions matched by dataset, architecture,
CV fold, and test image. The primary estimand was the
paired global-micro change ∆DSC = DSC512 −DSC256,
with 95% percentile CIs estimated from 1,000 paired, fold-
stratified bootstrap replicates (excluding CENet∗).

Inference Efficiency. We measured device-resident,
model-only forward-pass efficiency for batch size one on
an NVIDIA A100 MIG 40 GB partition. Timing used the
first NeoPolyp CV checkpoint per architecture and resolu-
tion, 100 warm-up passes, 1,000 timed passes, and five rep-
etitions. The timed region excludes preprocessing, trans-
fer, decoding, postprocessing, and I/O. We report parame-
ter count, GMACs, median latency, derived throughput, and
maximum allocated CUDA memory.

External Same-task Cross-Dataset Evaluation. For
same-task external transfer, we evaluated all five NeoPolyp
CV checkpoints for each available architecture–resolution
combination on the 1,000-image, test-only Kvasir-SEG
dataset [19], without retraining, fine-tuning, target-domain
threshold selection, or target-informed model selection.
Both source foreground classes were merged into a binary
polyp label before fold-wise scoring and ensembling. We
then formed a pixel-wise strict-majority ensemble, assign-
ing foreground when at least three of five folds predicted
polyp, and recomputed foreground Dice, IoU, precision,
and recall from retained per-image pixel counts for indi-
vidual folds and ensembles. The accompanying 256 × 256
qualitative example shows the ensemble prediction and a
fold-aggregated Grad-CAM diagnostic; details of the ontol-
ogy mapping, attribution aggregation, and representative-
image selection are provided in the Appendix.

4.3. Case Study Results

Reaggregation can change rankings. Table 2 compares
the three aggregation rules pairwise. Despite high rank
correlations (ρ = 0.93–1.00), reaggregation changes up to
seven architecture ranks per dataset–resolution cell and can
change the leading method. Global-micro (G) and image-
macro (I) Dice yield different winners for NeoPolyp at
256 × 256 and ISIC’18 at both resolutions, while G and
class-macro (C) preserve the winner but reorder up to seven
ranks. Full rank matrices are provided in the Appendix.



GT U-Net MISSFormer HiFormer-B* SegFormer SegNeXt VW-MiT CENet VW-Conv TransNeXt InternImage SU-Mamba

Figure 2. Representative 256×256 Kvasir-SEG example with ensemble masks and fold-aggregated Grad-CAM maps for each architecture.

Table 2. Ranking sensitivity to pairwise reaggregation. ρ: Spear-
man correlation; n∆/N : changed ranks; W: changed winner.

Dataset Size G vs. I G vs. C I vs. C

ρ n∆/N W ρ n∆/N W ρ n∆/N W

NeoPolyp 256 .95 7/11 Yes .95 7/11 No .95 7/11 Yes
NeoPolyp 512 .99 2/10 No .94 7/10 No .95 5/10 No
CAMUS 256 .99 2/11 No 1.00 0/11 No .99 2/11 No
CAMUS 512 1.00 0/10 No 1.00 0/10 No 1.00 0/10 No
ISIC’18 256 .93 5/11 Yes 1.00 0/11 No .93 5/11 Yes
ISIC’18 512 .93 6/10 Yes 1.00 0/10 No .93 6/10 Yes

Higher resolution is not universally beneficial. Fig. 3
shows paired global-micro Dice changes from 256 × 256
to 512 × 512. Effects vary by dataset and architecture:
NeoPolyp ranges from a +3.46 pp gain for SU-Mamba
(95% CI +2.40 to +4.64) to a −2.08 pp loss for U-Net (95%
CI −3.38 to −0.89); CAMUS shows mostly small gains
(+0.11 to +0.33 pp), while ISIC’18 includes losses for In-
ternImage (−0.30 pp) and U-Net (−1.26) pp.

Efficiency profiles differ substantially. Table 3 exposes
trade-offs that are invisible from parameter counts alone.
At 256 × 256, the models span 9.36–59.89 GMACs and
4.09–74.92 ms per image; at 512× 512, the available mod-
els span 37.43–238.43 GMACs and 13.17–57.46 ms. The
table therefore supports selecting an architecture under an
explicit deployment constraint, rather than treating DSC
as the sole criterion. More detailed analysis, including a
complexity-vs.-DSC-plot, are provided in the Appendix.

External transfer is model-/ resolution-dependent.
Fig. 2 shows same-task transfer from NeoPolyp to Kvasir-
SEG. Across 11 models at 256 × 256, strict-majority en-
semble DSC ranged from 0.689 (MISSFormer) to 0.862
(TransNeXt); across the 10 models with larger input size,
from 0.687 (MISSFormer) to 0.861 (VW-Conv). Fold-
level markers indicate checkpoint variation. Resolution ef-
fects were architecture-dependent, improving SegFormer
and VW-MiT but reducing U-Net, TransNeXt, and SU-
Mamba. The 256 × 256 case in Fig. 2, selected by the me-
dian architecture-level score, shows consistent recovery of
the main polyp region but visible boundary differences.

0.7 0.8
Pooled DSC

U-Net
MISSFormer
HiFormer-B*
SegFormer

SegNeXt
VW-MiT

CENet
VW-Conv

TransNeXt
InternImage

SU-Mamba

256×256

0.7 0.8
Pooled DSC

512×512

Figure 4. Pooled foreground DSC for each evaluated CV fold
(small, semi-transparent) and the strict-majority ensemble (larger).

5. Discussion

From score reporting to inspectable evaluation claims.
The case study shows that segmentation scores depend on
both the estimator and experimental conditions. Reaggre-
gation changed the leading architecture in several dataset–
resolution cells, while 512× 512 input yielded neither con-
sistent gains nor uniform computational costs. Thus, ag-
gregation and resolution choices define the evaluation ques-
tion rather than a universally optimal setting. MSB makes
these choices explicit and preserves the quantities needed to
revisit them after training. Inference records further show
that parameter count alone does not characterize efficiency:
latency and memory depend on the configuration, with
CENet∗ exceeding available GPU memory at 512 × 512.
Together, these capabilities shift benchmarking from iso-
lated scores toward reproducible, inspectable claims under
a declared protocol.

Threats to validity. The current toolbox is scoped to
supervised 2D semantic segmentation and is not a general
platform for 3D, instance, detection, prompt-based, or de-
ployment workflows. New architectures and datasets still
require adapters or conversion to the index.csv schema.
Configuration hashes and study checkpoints improve trace-
ability, but do not replace complete dataset-version or con-
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Figure 3. Paired change in global-micro foreground Dice when increasing the input resolution from 256× 256 to 512× 512.

Table 3. Model-only inference efficiency at batch size one. GMACs denote model-operation counts per forward pass; latency is the median
across repeated runs (± between-repeat SD); peak memory is the maximum allocated CUDA memory observed across repetitions.

Architecture Param (M)
256×256 512×512

GMACs Latency (ms) TP (img/s) PM (GiB) GMACs Latency (ms) TP (img/s) PM (GiB)

U-Net 31.03 48.18 4.09 ± 0.00 244.4 0.62 192.70 13.17 ± 0.00 75.9 0.96
MISSFormer 42.46 9.36 32.75 ± 0.13 30.5 0.70 37.43 57.46 ± 0.04 17.4 1.66
HiFormer-B* 45.361 25.52 27.12 ± 0.18 36.9 0.72 100.03 56.55 ± 0.17 17.7 0.83
SegFormer 47.22 17.80 37.46 ± 0.18 26.7 0.86 71.21 39.27 ± 0.23 25.5 1.22
SegNeXt 48.78 16.05 32.56 ± 0.30 30.7 0.79 64.19 32.58 ± 0.10 30.7 0.85
VW-MiT 51.42 15.55 38.79 ± 0.19 25.8 0.84 62.81 41.50 ± 0.16 24.1 0.95
CENet 53.25 19.13 74.92 ± 0.40 13.3 1.41 – – – –
VW-Conv 57.01 19.21 17.52 ± 0.17 57.1 0.93 77.44 24.93 ± 0.00 40.1 1.04
TransNeXt 57.74 59.60 50.85 ± 0.14 19.7 1.02 238.43 56.88 ± 0.24 17.6 1.31
InternImage 58.37 58.57 36.17 ± 0.15 27.6 1.03 234.25 41.64 ± 0.23 24.0 1.28
SU-Mamba 59.89 39.74 21.45 ± 0.09 46.6 1.04 158.97 42.54 ± 0.01 23.5 1.34

1 HiFormer-B*: parameter counts differ by input resolution; the reported value is their mean (256×256: 44.62 M; 512×512: 46.09 M).

tainerized environment manifests. Likewise, duplicate di-
agnostics support review but neither prevent leakage auto-
matically nor substitute patient-, study-, or site-level meta-
data. Post-hoc analyses, including profiling, currently re-
quire study-specific maintenance when models, datasets, or
resolutions change; the underlying structure is modular, but
not yet fully plug-and-play. Fold-wise segmentations can be
retained, yet automated boundary-, instance-, calibration-,
and probability-based analyses are not yet provided. The
integrated HPO functionality automate executions, not the
choice of search space or evaluation protocol. Finally, de-
terministic execution remains best effort across hardware
and software environments.

Future work. Future work should extend the scope to
3D and instance-level segmentation and build analysis mod-
ules that use the already retained masks and optional logits
for surface- and object-based metrics and calibrated prob-
abilistic analyses. Further priorities are declarative seman-
tic mappings for external evaluation, more complete dataset
and execution-environment provenance, and reducing the

study-specific maintenance currently required for post-hoc
analyses. Finally, MSB itself should be evaluated as in-
frastructure: independent users should add a dataset and ar-
chitecture from the documentation alone, with onboarding
effort and reproduction deviations measured explicitly.

6. Conclusion

We introduced MEDSEGBENCHMARKER, a configuration-
driven PyTorch framework for controlled 2D MIS bench-
marks. It links duplicate-aware data preparation, lay-
ered experiment specifications, resumable execution,
checkpoint-backed evaluation, and raw-count-first post-hoc
analysis. The case study shows that architecture rank-
ings can depend on the aggregation rule and that in-
creasing input resolution yields dataset- and architecture-
specific accuracy–efficiency trade-offs. Rather than treating
a benchmark result as a standalone score, MSB preserves
the elementary evidence and declared conditions needed to
inspect, recompute, and qualify the resulting claim.
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