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Abstract

Automated segmentation of the knee joint region in X-ray images is important for large-scale automation of osteoarthritis (OA)
analysis, but constructing pixel-wise segmentation ground-truth annotations is costly. We propose PO-IoU, a knee joint segmen-
tation framework that operates without pixel-wise segmentation ground truth by combining few-shot joint localization, zero-shot
segmentation, and point-offset prompt calibration. A YOLO-based detector extracts the joint region of interest and MedSAM
generates candidate masks; the optimal prompt position that maximizes overlap with a histogram-derived structural proxy is then
derived at the dataset level to stabilize the segmentation result. In experiments on 8,252 radiographs, PO-IoU showed a significant

negative correlation with the Kellgren—Lawrence grade, with R = 0.819 for the grade-wise mean trend.
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1 Introduction observer variability, particularly in large longitudinal cohorts [3,
4].

Although deep learning has improved automated analysis of
Knee osteoarthritis (OA) is a prevalent degenerative disease in & P & P Y

. . . . . knee radiographs [5, 6, 7], two barriers remain important in data-
which progressive cartilage loss narrows the radiographic joint ) ) ) ) ) )
i S . scarce settings. First, high-performing segmentation models typi-
space [1]. In routine practice, joint-space morphology on weight-

. . . . cally depend on dense pixel-wise annotations [8, 9]. Second, zero-
bearing X-rays is used to assess disease severity through the y cep P 8. 9]

. shot foundation models such as MedSAM are sensitive to prompt
Kellgren-Lawrence (KL) grading system [1, 2]. Manual assess-

. . . . . placement and can leak into adjacent bony structures when bound-
ment remains common but is labor-intensive and prone to inter-
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aries are weak or degraded [10, 11]. These limitations motivate a
pipeline that reduces annotation burden while stabilizing zero-shot
segmentation.

We therefore formulate knee joint segmentation as an integrated
three-stage pipeline: few-shot JROI localization, zero-shot Med-
SAM segmentation, and PO-IoU-based prompt calibration. The
proposed method uses histogram-derived structural information in-
side the detected JROI to identify the population-level prompt off-
set that yields the most consistent masks. Every stage is deployable
at modest annotation cost: sparse box annotations are sufficient for
localization, zero-shot MedSAM provides candidate masks, and
the final selection step is driven by image statistics. This makes
the overall framework appealing for retrospective cohort analysis
where curated segmentation masks are unavailable but radiographs
and severity labels are abundant.

The main contributions of this study are threefold. First, we
present PO-IoU, a prompt-calibration criterion that scores Med-
SAM candidate masks against a histogram-derived structural proxy
in place of unavailable pixel-wise ground truth. The design is delib-
erately minimal—an off-the-shelf detector, a zero-shot segmenter,
and a single population-level offset—so that the entire pipeline can
be transferred to a new cohort without any segmentation label, ad-
ditional training, or per-image tuning. Second, we combine few-
shot YOLO localization and zero-shot prompt-based segmentation
into a single end-to-end practical workflow for knee radiographs.
Third, we show that the resulting PO-IoU values remain clinically
informative at scale by exhibiting a significant negative relation-
ship with KL grade in a large OA cohort.

2 Related Work

Before deep learning, knee joint-space assessment relied on
semi-automated and classical computer-vision methods. Early ap-
proaches applied Canny edge detection and morphological op-
erations to locate the tibia—femur boundary, from which joint-
space width (JSW) was estimated along a series of vertical pro-
files [32, 33]. Active shape and active appearance models later en-
abled more flexible bone contour extraction [34], and atlas-based
registration methods aligned a template skeleton to each new radio-
graph to derive JSW measurements automatically [35]. While these
methods achieve clinically acceptable precision in controlled set-
tings, they require careful parameter tuning, depend on consistent
acquisition geometry, and typically need expert review before de-
ployment on large heterogeneous cohorts. Their reliance on precise
bone boundary localization also makes them sensitive to the same
low-contrast and sclerotic conditions that challenge deep learning

approaches. The proposed pipeline sidesteps explicit bone con-

tour estimation entirely: by anchoring MedSAM to the radiolucent
joint-space interior via a histogram-derived proxy, PO-IoU oper-
ates on intensity statistics rather than boundary geometry, offering
a complementary route that is less sensitive to boundary degrada-
tion.

Recent studies have shown that deep neural networks are effec-
tive for knee OA analysis from plain radiographs, including sever-
ity grading, ROI localization, and structural assessment [5, 12, 13].
Yet many of these methods rely on carefully curated labels or
dense annotations that are difficult to scale in clinical practice.
Follow-up studies have explored few-shot learning, external val-
idation, and broader review perspectives, underscoring both the
promise and the remaining generalization gap of current OA sys-
tems [14, 15, 16, 7]. Detection-oriented pipelines have also im-
proved structural focus by combining localized analysis with clas-
sification or grading [17, 18, 19].

Foundation segmentation models such as SAM and MedSAM
offer a promising alternative by enabling prompt-based zero-shot
inference [20, 10, 21]. In medical imaging, however, prompt sen-
sitivity remains a major limitation: small changes in prompt po-
sition can substantially alter the predicted mask, especially under
low contrast and weak anatomical boundaries [11, 22, 23]. In prac-
tice, many prompt-automation approaches reduce user burden but
still depend on task-specific heuristics, additional training signals,
or domain adaptation, which can weaken portability across cohorts.
Our work addresses this limitation by replacing manual prompt
selection with a histogram-guided objective tailored to knee ra-
diographs. By grounding prompt selection in the local brightness
distribution of the target image itself, the proposed method pre-
serves the zero-shot nature of MedSAM while introducing a simple
anatomical prior tied to the radiolucent joint space. This distinc-
tion is important for clinical translation: instead of retraining a new
segmentation model for every institutional dataset, the refinement
logic can be reused as long as the local radiographic appearance of

the joint space remains diagnostically meaningful.

3 Proposed Method

The proposed framework consists of three stages, as summarized in
Fig. 1: (1) image preprocessing and few-shot JROI localization, (2)
zero-shot MedSAM segmentation, and (3) PO-IoU-based prompt
calibration.

In the first stage, each input radiograph undergoes Z-score
normalization followed by CLAHE (Contrast Limited Adaptive
Histogram Equalization, clip limit 0.01) to reduce acquisition-
dependent intensity variation and improve local contrast around the

knee joint [24, 25]. This preprocessing standardizes the visual con-
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through PO-IoU calibration. Let ujror and ojro; denote the mean
and standard deviation of pixel intensities within the detected
JROI. We define an adaptive threshold as

T = prot — 0.503ro1,

and binarize pixels below 7 to construct the proxy region Q.
This proxy approximates the radiolucent joint space by exploiting
the fact that the joint space tends to occupy the darker local region
after contrast normalization, adapting naturally to patient-specific
intensity ranges and acquisition conditions (Fig. 2).

Prompt candidates are generated through a two-stage grid search
centered on the JROL Let Qsam(p) denote the SAM mask pro-
duced from prompt p = (¢ + €, ¢y + 6). The PO-IoU score for

each candidate is defined as

_Qsam(p) N Qs

J(p) = ZoSAMAP) 7" Chist]
) |Qsam(p) U st

In Stage 1 (coarse search), horizontal offsets ¢ € [—20, 4+20] and
vertical offsets 6 spanning both upward and downward directions
are evaluated at a coarse step to map the full optimization land-
scape. The resulting mean PO-IoU heatmap reveals that warm-
color (high-scoring) regions concentrate consistently in the down-
ward half of the search space, while upward shifts (§ < 0) yield
uniformly lower scores. This observation is anatomically consis-
tent: the radiolucent joint space lies in the lower portion of the
detected bounding box, between the femoral condyle above and
the tibial plateau below. Motivated by this finding, Stage 2 (re-
fined downward search) restricts the vertical range to 6 € [0, +30]
pixels and sweeps ¢ € [—20,+420] at step size 2 px, yielding a
21 x 16 candidate grid. Fig. 3 visualizes both search stages: the
coarse landscape in panel (a) and the refined landscape with the
identified global maximum in panel (b).

The grid search is conducted once across the full dataset. The
global maximum identified in Stage 2, (¢ = 0, § = 10), is then
applied as a fixed bias at every inference, making deployment de-
terministic and eliminating per-image grid search overhead. After
MedSAM inference, connected-component analysis retains only
the largest foreground region to suppress noise blobs. PO-IoU thus
serves as a prompt calibration criterion: rather than requiring a
manually placed prompt, the framework identifies the population-
level offset at which the joint space most consistently aligns with
the histogram proxy, and fixes that offset for all subsequent infer-

€nce.

4 Experimental Results

All experiments were run on a single workstation with an
NVIDIA GeForce RTX 3090 GPU (24 GB) under Python 3.11
and PyTorch 2.5.1 with CUDA 12.1. Detection used Ultralytics
YOLOV8n (v8.3.235), and zero-shot segmentation used the ViT-
B backbone [10, 11]; image I/O and processing used OpenCV 4.12
and NumPy 1.26. Because the pipeline performs inference only—
no per-image optimization is carried out and a single population-
level offset is applied at test time—the procedure is deterministic
and reproducible given the same inputs and model weights.
Experiments were conducted on 8,252 knee radiographs anno-
tated with KL grades. The radiographs were drawn from a pub-
licly available knee osteoarthritis grading dataset [36], derived
from the Osteoarthritis Initiative (OAI) repository and comprising
frontal knee X-rays graded KL 0—4, where left and right knees are
treated as independent images. The grade distribution is markedly
imbalanced—approximately 3,252, 1,494, 2,174, 1,085, and 250
images for KL 0 through KL 4, respectively—reflecting the natural
prevalence of mild-to-moderate disease. Because the segmentation
stage is zero-shot and performs no per-image training, the eval-
uation does not depend on a patient-level train/test partition; the
only trained component is the lightweight YOLO localizer, fit from
52 bounding-box annotations. Public knee OA grading resources
and cohort-oriented evaluation settings provide useful context for
interpreting this type of large-scale analysis [29, 4]. Instead of
evaluating direct geometric measurements, we examined how PO-
IoU varies with disease severity. This evaluation strategy is mo-
tivated by the fact that projection-dependent geometric measure-
ments can fluctuate with positioning and acquisition setup, whereas
a structure-consistency score can still provide useful population-
level information even when individual measurements are noisy.
Linear regression on individual images (N = §,252) revealed a
statistically significant negative association between PO-IoU and
KL grade (p < 0.001, R? = 0.048). The low sample-level R? is
expected given large image-quality variation, class imbalance, and
anatomical diversity. A separate regression on the per-grade mean
values showed a clear decreasing trend with R2 = 0.819, as illus-
trated in Fig. 4. Because a regression fitted to five aggregated points
carries limited information, we characterize the same association at
the individual-image level using several independent tests, summa-
rized in Table 2. Rank correlations, a non-parametric comparison
across the five grades with its effect size, and the discrimination
between early and advanced disease all confirm the negative trend
on the full cohort; the grade-level regression is reported alongside
them for reference rather than as primary evidence. Because the

KL grade never enters the calibration objective, which is defined
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the same quantity is used both to calibrate the prompt offset and
to summarize the resulting masks; it should accordingly be read
as a consistency measure rather than as a substitute for accuracy
metrics such as Dice or Hausdorff distance. Two aspects of the
design delimit this dependence: the KL grade used for validation
does not enter the calibration objective, which is defined solely on
the overlap with (s, and the calibration is applied as a single
population-level bias rather than optimized per image. The crite-
rion remains meaningful within an anatomically plausible range of
prompt displacements; establishing accuracy in the conventional
sense nonetheless requires expert pixel-level annotation.

Scope of comparison. Quantitative comparison against classi-
cal joint-space-width pipelines, supervised segmentation networks,
or alternative prompt-automation strategies requires pixel-level
ground truth on a common subset; the configuration comparison
in Fig. 5 is accordingly illustrative in nature.

Level of aggregation. The association with KL grade is robust
in aggregate (H = 635.4, p = 3.4 x 10~ '36) while individual-
image variation remains large (R? = 0.048). The score is therefore
best used as a cohort-level indicator of structural degradation rather
than as a per-patient measurement.

Partition, cohort, and proxy assumptions. The calibration off-
set (&, é) was determined on the same cohort on which results are
reported; left and right knees are treated as independent images;
and all radiographs derive from a single publicly available OAI-
derived source, leaving robustness across acquisition protocols
untested. The proxy threshold assumes that the joint space forms
the darkest local region after normalization, which may not hold
under severe sclerosis, radiopaque implants, or end-stage ankylo-
sis. Finally, the framework operates on 2D frontal radiographs and
models neither bilateral correspondence, longitudinal change, nor
3D modalities such as MRI.

These considerations define our ongoing work. We are assem-
bling an expert-annotated subset with pixel-level masks stratified
across KL grades, which will allow the pipeline and its config-
urations to be scored with Dice, IoU, and 95% Hausdorff dis-
tance and compared directly against classical and supervised base-
lines. Extending the criterion with explicit plausibility terms—
containment within the detected joint region, single-connected-
component structure, and an elongation prior consistent with joint-
space morphology—would allow the offset to be optimized rather
than bounded. Beyond a single global offset, a lightweight per-
image predictor fitted under a patient-level train/validation/test par-
tition, together with validation on an independent cohort and on the
longitudinal structure of the OAI cohort, would establish whether
the calibration transfers and whether the score tracks joint-space

narrowing within subjects over time. The same proxy-guided cal-

ibration principle may also transfer to other low-contrast muscu-
loskeletal segmentation tasks where annotation cost and prompt
sensitivity pose similar challenges.
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