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Abstract. Uncertainty in echocardiography segmentation is predomi-
nantly geometric: speckle, shadowing, and inter-scanner variation create
boundary ambiguity that propagates to clinical measurements. We pro-
pose WaCT-US, a contour-native uncertainty representation that out-
puts a calibrated prediction set (“contour tube”) around a single pre-
dicted boundary. Cyclic landmark alignment resolves closed-curve in-
dexing, and a learned heteroscedastic scale profile specifies where the
boundary is intrinsically ambiguous. Split conformal calibration on held-
out data yields one global scalar that meets a user-chosen coverage level
with finite-sample, distribution-free marginal validity. Inference requires
one forward pass with light post-processing. We evaluate on CAMUS
and EchoNet-Dynamic across three seeds at nominal 0.9 conformal cov-
erage. While matching Dice, WaCT-US achieves the best mean calibrated
uncertainty scale (representing conformal efficiency and tube thickness)
while holding comparable coverage and improving uncertainty-guided er-
ror localization. This information can estimate how wrong the underlying
segmentation model is on each input image. The code will be publicly
available at https://github.com/MohammadMahdiKazemi/WaCT-US.

Keywords: Ultrasound - Echocardiography - Uncertainty Quantifica-
tion - Conformal Calibration - Contours

1 Introduction

Echocardiography segmentation underpins routine cardiac quantification, yet
ultrasound artifacts (speckle, shadowing, foreshortening) and scanner/vendor
variation can yield plausible-looking contours with clinically meaningful errors.
Because downstream measurements are geometric and highly sensitive to bound-
ary perturbations, reliable uncertainty estimates are needed for quality con-
trol, deferral, and safe large-scale deployment. Most segmentation uncertainty

* Corresponding author.
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quantification (UQ) methods are either pizel-centric (e.g., entropy- or evidence-
based maps, calibration layers) or sampling-heavy (e.g., MC dropout, Bayesian
deep learning, deep ensembles, Laplace/SWAG) [3,7,8,2, 10, 16,4]. While use-
ful, these approaches do not directly match echocardiography practice: clinicians
and downstream pipelines typically consume contours, landmarks, and derived
metrics rather than per-pixel probabilities, and repeated test-time sampling is
costly for real-time and video-scale settings. Echo-specific contour UQ has there-
fore been explored in multi-stage pipelines and metric-propagation studies [5, 6],
but they generally do not provide an explicit, calibrated set of plausible con-
tours with user-controlled coverage. Conformal prediction offers a complemen-
tary interface: it constructs prediction sets with finite-sample marginal valid-
ity under exchangeability [14, 17]. Recent work has adapted conformal ideas to
segmentation and structured outputs [11,12, 18], yet two challenges remain for
contour-based echocardiography: (i) mask-oriented constructions do not natu-
rally respect closed-curve geometry and indexing ambiguity, and (i) a single
global conformal inflation can be overly conservative without modeling local
(heteroscedastic) boundary ambiguity. We address these gaps with WaCT-
US (Wrap-aligned Contour Tubes for ultrasound), introducing cyclic-alignment
scaled contour tubes: contour-space prediction sets centered on a single pre-
dicted boundary with a learned, spatially varying thickness profile and one
globally conformalized scale. Cyclic landmark alignment resolves the start-index
ambiguity of closed contours, enabling stable training, calibration, and eval-
uation in landmark space. The resulting uncertainty object is contour-native,
compute-aware (single forward pass with lightweight post-processing), and pro-
vides an explicit coverage—efliciency trade-off. We evaluate on CAMUS [9] and
EchoNet-Dynamic [13], two publically available echo datasets, showing improved
coverage—efficiency and stronger uncertainty utility for error localization relative
to post-hoc baselines.

Contributions. Our main contributions are:

— Contour-native prediction sets: we formulate contour tubes as set-valued
outputs around predicted landmarks, with a learned heteroscedastic scale
profile.

— Cyeclic alignment for closed curves: we introduce cyclic landmark align-
ment to resolve contour indexing ambiguity and define stable contour-space
discrepancies.

— Single-scalar conformal calibration: we calibrate one global scale via
split conformal prediction, yielding finite-sample marginal coverage for the
chosen tube family with single-pass inference.

Section 2 formulates WaCT-US and the contour-tube construction, followed by
theoretical guarantees and complexity analysis, and Sections 3 and 4 report
experiments on CAMUS and EchoNet-Dynamic.



WaCT-US: Cyclic-Alignment Scaled Contour Tubes 3

Real-Time Inference (Online) Offline Conformal Calibration

Output
Segmentation
Head (7)

Calibration Set D¢y

U-Net

Backbone /
] g Binary Mask Predicted
inary Mas| redicte
Ultrasound Head (8) Contour §(z) i
Image X
Construct ﬁ = 1 & 5 = (o))l
Tube | S =min M§—33J
Local Scale Sample Scales
Map s(z) i
I Score Distribution

Raw Tube (Intermediate) Calibrated Contour Tube 79, s, A) : s

S;
v

Quantile
A=5Sa, k=I(n+1)(1 - )]

Raw Contour Tube 7(#), s, 1) Calibrated Contour Tube 77, s, \)

Fig. 1. WaCT-US overview. A single forward pass predicts a segmentation and local
contour-scale profile. Split-conformal calibration on a held-out split yields one global
scalar A, and test-time output is the calibrated contour tube 7 (g, s, A).

2 Method: Cyclic-Alignment Scaled Contour Tubes

2.1 Setup and Goal

Let (£2, F,P) be a probability space, X : {2 — X an ultrasound frame (including
echo), and Y : 2 — Y its ground-truth contour. We represent a contour as
M ordered landmarks y = (y1,...,yn) € YV = (R®)M. We seek a set-valued
predictor C' : X — 2¥ such that, for a chosen o € (0, 1),

P(Y € C(X)) >1-a. (1)

2.2 Cyclic-Alignment Discrepancy and Tube

To handle the unknown starting index of landmarks, let p; denote a cyclic shift:
(PE(Y))j = Y((j+k—1) mod a)+1 for k € {0,..., M —1}. For k € {0,..., M — 1}
define the shift-aligned discrepancy

1/2

1 M
Di(y.9) = | 47 Z ly; — (o (9)); 13 . (2)

We take the best cyclic alignment, W(y,q) := ming Dg(y, 7). To model het-
eroscedastic contour ambiguity, we use a positive scale profile s € (0,00)™ and
define the scaled discrepancy

1/2
2

M ~
ds(y,§) = min % 3 H%—@M _ 5
Jj=1 J
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Given a predicted contour g, scale profile s, and scalar A > 0, the scaled contour
tube is T(9,s,A) = {y € YV : ds(9,y) < A}. We interpret s as a local het-
eroscedastic ambiguity profile and A as a global calibration factor. Because (3)
is an RMS constraint, As; is a local scale proxy (used for visualization/relative
ranking), not an independent per-point feasible radius.

Hence, WaCT-US decomposes uncertainty into where the contour is am-
biguous (shape of s) and how much global inflation is needed for calibration

()

2.3 Architecture, Training, Inference

We use a single-pass backbone (e.g., U-Net [15]) with two heads: (i) segmen-
tation probability map r(xz) and (ii) positive boundary scale map 6(x) (Note
that WaCT-US is architecture agnostic and can be applied to any segmenta-
tion backbone). We extract M landmarks ¢(z) from the 0.5-level set of m(z)
as follows: threshold/level-set extraction, keep the anatomically central largest
component, resample by arc length to M points, and enforce a canonical con-
tour orientation for deterministic preprocessing. This orientation step fixes clock-
wise/counterclockwise direction and a stable traversal convention, while cyclic
alignment in Eqs. (2)—(3) still absorbs residual start-index ambiguity during
training, calibration, and evaluation. Scales s;(x) are sampled from & (z) at land-
mark locations.

For training, we use Dice + binary cross-entropy (BCE) for segmentation
and an alignment-aware pinball loss for scales. Let k* € argmin, Dy(7,y) and
residuals 7; = ||g; — (pr+(y));]|2. With pinball parameter 7 € (0, 1), letting
(.)+ = max(.,0) denote the positive-part operator, the pinball loss is ¢,(u) =

Tuy + (1= 7)(-u)4, y
Lscale = = Z (4)

Calibration and guarantees. Given a calibration set {(x;,y;)}—, define scores
Si = dy(z,)(9(7:),y;) and let k := [(n+1)(1 —a)]. We set A to the k-th smallest
of (S1,...,S,) and output T(j(z), s(z), \). Let P, and Py, denote the train and
test joint distributions on (X,Y); for any event B, P;,(B) and Pi(B) denote
event probabilities under these distributions. Let (X, 11, Yn11) ~ P be a fresh
in-distribution pair and define its score S, 1 1= dg(x,,.)(U(Xnt1), Ynt1)-

Theorem 1 (Finite-sample coverage and TV-shift diagnostic bound).
Assume o € (0,1) with o > 1/(n+1) (equivalently, k < n), assume exchangeabil-

ity of (S1,...,Sn, Snt1), and assume no ties almost surely. Then split conformal
with k = [(n+ 1)(1 — )] satisfies
Porl(dsx)(9(X <X >

If additionally the total variation distance TV (P, Pyo) < 6, then

Pte(ds(X)(g(X)aY) < )\) >1—a—09.
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Proof sketch. The first statement is the standard split-conformal order-statistic
argument under exchangeability. The second follows by applying | Pic(B)— P (B)| <
TV(Py, Pe) to B = {dyx)(9(X),Y) < A}, Since P(dy(x)(9(X),Y) < A) is
monotone in )\, the tightest population tube corresponds to the (1 — «)-quantile
A of S = dyx)(9(X),Y); split conformal estimates it via the order statistic
A Operationally, this means the method is calibrated for the in-distribution
population represented by the calibration split; under shift, calibration may
degrade according to the TV term in Theorem 1. Robust weighted conformal
alternatives under distribution drift are discussed in [1]. Conformal guarantees
are marginal /population statements over calibration-split randomness; finite test
sets can therefore over- or under-shoot the nominal level. In implementation, we
use the standard conservative event check S < 5\; this tie-safe rule preserves
finite-sample validity under discrete/tied scores. Accordingly, we interpret em-
pirical coverage together with exact binomial confidence intervals in the experi-
ments section. Brute-force calibration costs O(nM?+mnlogn) (min over M shifts
per score + sorting) and inference adds O(M) arithmetic beyond a single forward
pass; with M = 64, this post-processing is negligible relative to CNN inference
in practice.

3 Experiments

3.1 Datasets and Splits

We evaluate WaCT-US on two public echocardiography segmentation datasets:
CAMUS [9] (2D echocardiography; 2-chamber and 4-chamber (2CH/4CH) views),
and EchoNet-Dynamic [13] (echo Left Ventricle (LV) tracing subset). Unless
stated otherwise, we resize each image to 256 x 256 and normalize intensities per
image. We use train/val/test splits. Under a strict full-validation policy, for every
reported method we use the whole validation split for checkpoint selection and
conformal calibration of )\, and we use the whole test split for final evaluation
and reporting the results. For CAMUS, splits are patient-disjoint to avoid leak-
age across views and phases. CAMUS uses a 60:20:20 patient-disjoint split. For
EchoNet, we use the official video-level benchmark split (train/val/test). For
segmentation and contour-tube experiments, we report mean-+std over three
random seeds ({0,1,2}). Our primary evaluation unit is frame-level coverage
(Cov(frame)). Both datasets are publicly released for research use under their
original data-use terms; we use only de-identified public data and introduce no
new patient recruitment or intervention.

3.2 Model, Training, and Calibration

We use a two-head U-Net backbone (segmentation logits + positive scale map)
with a single forward pass at test time. Training minimizes Dice + binary cross-
entropy (BCE) for segmentation and an alignment-aware pinball loss (Eq. 4) for
the scale head. Unless otherwise specified, we train for 100 epochs with Adam
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(1073 learning rate, batch size 8), M = 64 landmarks, pinball parameter 7 = 0.9,
and scale-loss weight 0.01. We select the checkpoint with the best validation Dice
on the full validation split. For calibration, we compute nonconformity scores
Si = dg(2,)((x:),y:) on that same full validation split and set ) to the conformal
quantile. We report results at nominal 1 — o = 0.9 coverage (i.e., @« = 0.1). All
reported coverages in the main tables are frame/image level (Cov(frame)). In
Table 1, we define

I [ 1 &
Scale := 52)\ MZSU ,
icV j=1

where V C {1, ..., ntest } indexes test frames and n = |V|. We compute Cov(frame)
conservatively over all nis test frames. Note that, Scale is reported in mm-
equivalent units for CAMUS (from spacing metadata) and in resized-grid pixel
units for EchoNet (absolute spacing metadata unavailable). For the main CA-
MUS/EchoNet comparisons, this full-validation checkpoint-selection + calibra-
tion policy and whole-test evaluation are applied identically to WaCT-US and
all reported baselines.

3.3 Baselines and Shift Tests

For segmentation, we compare post-hoc uncertainty baselines: deterministic en-
tropy of p, evidential deep learning, temperature scaling [4], MC dropout [3]
(T=10), last-layer Laplace [2], and SWAG [10]. For each baseline, we build a
calibrated contour tube with the same full-validation policy (checkpoint selec-
tion and calibration on the whole validation split; evaluation on the whole test
split). Entropy and temperature scaling use contour-sampled pixel entropy as
the local scale map. Evidential deep learning uses contour-sampled Dirichlet
vacuity 2/(as + a_). MC dropout, Laplace, and SWAG use contour-sampled
predictive standard deviation. Our Laplace/SWAG implementations use the
publically available implementations. Main-text comparisons report both single-
pass (WaCT-US, entropy, evidential, temperature scaling) and multi-pass (MC
dropout, Laplace, SWAG) baselines.

4 Results

4.1 Calibrated Tubes and Metrics

Table 1 reports Dice/Hausdorff and contour-tube metrics (coverage, mean scale
proxy) on CAMUS and EchoNet. We separate interpretation into segmentation
quality (Dice/Hausdorff), set validity (Cov(frame)), and set efficiency (Scale).
At matched achieved coverage, smaller scale indicates sharper uncertainty sets.

Segmentation quality. Table 1 shows that WaCT-US remains competitive on
Dice/Hausdorff (since it doesn’t alter the main network architecture) against
the included post-hoc alternatives. In this table, Haus refers to maz Hausdorff
distance; we also log HD95 in our experiment logs.
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Table 1. Compute-aware segmentation and calibrated contour-set metrics (o =
0.1, M = 64; test metrics at best validation Dice checkpoint; mean+tstd across
seeds). Method compute is shown as (xn), where n is the number of stochastic
samples/forward passes per test frame (WaCT-US: x1). (CAMUS: mm unit from
metadata-aware spacing; EchoNet: resized-grid pixel unit).

Dataset Method Dice?t Haus] Cov(frame)? Cov 95% CI Scalel
WaCT-US (x1) 0.910+£0.003 12.204+1.52 0.9034+0.015 [0.881, 0.917] 8.09+0.41
Entropy (x1) 0.910+£0.003 12.2041.52 0.90140.016 [0.880, 0.915] 9.30+0.44

Evidential DL (x1) 0.910£0.003 12.204+1.52 0.912+0.007 [0.886, 0.919] 9.0040.10
CAMUS MC dropout (x10) 0.91040.003 12.20+1.52 0.905+0.009 [0.882, 0.918] 8.98+0.11
Temp. scaling (x1) 0.9104+0.003 12.204+1.52 0.90440.008 [0.884, 0.920] 9.02+0.10

Laplace (x20) 0.910£0.003 12.20%+1.51 0.903£0.008 [0.880, 0.917] 9.95+0.95
SWAG (x10) 0.906£0.005 13.05+0.74 0.900£0.026 [0.888, 0.923] 10.48+0.73
WaCT-US (x1) 0.901£0.004 8.53+0.67 0.91440.010 [0.897, 0.929] 5.10+0.36
Entropy (x1) 0.9014+0.004 8.53+0.67 0.916+0.006 [0.899, 0.931] 5.5540.33

Evidential DL (x1) 0.9014+0.004 8.534+0.67 0.91740.019 [0.900, 0.932] 5.2740.32
EchoNet MC dropout (x10) 0.901£0.004 8.53+0.67 0.916+0.013 [0.899, 0.931] 5.47+0.26
Temp. scaling (x1) 0.901+0.004 8.534+0.67 0.91740.020 [0.900, 0.932] 5.28+0.34
Laplace (x20) 0.901£0.004 8.51+0.65 0.91540.005 [0.898, 0.930] 5.98+0.37
SWAG (x10) 0.9034+0.003 8.65+0.72 0.913+0.010 [0.896, 0.929] 8.07+0.76

Set wvalidity and efficiency. Coverage is reported with exact Clopper—Pearson
95% confidence intervals (pooled across seeds) to reflect finite-sample variability
around the nominal conformal target. On EchoNet, all included methods re-
main close to the nominal 0.9 target (Cov(frame) range, with no marked under-
coverage under the strict full-validation policy. Scale is reported in resized-grid
pixel units on EchoNet and mm units on CAMUS and should be interpreted as
a calibrated scale proxy (not an independent per-point radius under Eq. 3). On
both datasets, WaCT-US reduces scale (uncertainty sharpens) relative to all the
baselines, including the non-deterministc uncertainty baselines that need orders
of magnitude more compute at inference time while holding better or comparable
empirical conformal coverage.

Decision utility. Finally, Fig. 2 (left) quantifies usefulness for error triage: WaCT-
US achieves the lowest risk—coverage area among the included baselines, meaning
its uncertainty ranking best localizes larger contour errors. At sample level, the
per-sample decile analysis shows consistent monotone alignment between pre-
dicted uncertainty and contour MAE, while the right subfigure provides qualita-
tive EchoNet examples where higher uncertainty aligns with visibly poorer frame
quality and larger contour disagreement. For an actionable quality-control pol-
icy, uncertainty-ranked deferral is effective: deferring the top 20% most uncertain
CAMUS samples reduces retained-set contour MAE by 15.7% for WaCT-US in
our single-seed triage analysis.
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(a) CAMUS risk—coverage (b) EchoNet uncertainty extremes (top: most
localization. uncertain; bottom: least uncertain), with
calibrated tube and contour overlays.
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Fig. 2. Uncertainty utility across quantitative and qualitative views. (a) CAMUS use-
fulness of uncertainty for error localization: contour points are sorted by predicted
uncertainty (low to high), and mean contour-point error is plotted versus retained-
point fraction ¢ (risk—coverage curve). Lower area indicates better concentration of
high-error points into high-uncertainty regions; oracle and random orderings are shown
for reference. (b) EchoNet-Dynamic qualitative ranking for WaCT-US using calibrated
scale proxy AS: the most uncertain frames (top row pair) exhibit lower visual quality
and larger contour mismatch, while the least uncertain frames (bottom row pair) show
cleaner boundaries and tighter agreement.

5 Conclusion

WaCT-US provides contour-native uncertainty via cyclic-alignment scaled con-
tour tubes with explicit local ambiguity profiles and global conformal calibration.
It provides finite-sample calibration via split conformal prediction with real-time
complexity. Practically, this gives clinicians and developers a calibrated, contour-
level reliability object: maintain segmentation quality while obtaining sharper
uncertainty sets and better localization of high-error boundary regions. Our cur-
rent discrepancy uses Euclidean landmark residuals; normal-direction discrepan-
cies are a relevant extension for future clinically weighted contour errors. While
we focus on segmentation, the same contour-tube formalism applies to other
structured geometric outputs with observer variability (e.g., landmark/diameter
annotations), where local scale can be calibrated against repeated labels and
validated across internal/external cohorts (e.g., PLAX LVID).
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