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Abstract5

Underwater moving target behavior recognition is challenging when observations ar-

rive sequentially, are uncertain, and cover only a limited time window. Many methods

optimize final classification accuracy, but they rarely assess whether an intermediate

prediction is reliable enough to report. This study proposes a confidence-convergence-

based sequential recognition method for underwater moving target behaviors under10

limited observations. The method updates the behavior-type confidence distribution

as each observation arrives and accepts a decision only when dominance, temporal sta-

bility, and inter-class separation are jointly satisfied. Otherwise, it continues observing

or reports non-convergence when evidence is insufficient. A simulation-based dataset

was constructed with three representative behavior types, multiple observation-window15

lengths, and uncertain sensing conditions, including noise, missing data, and delayed

measurements. Under the standard setting, the method improved accepted-decision

accuracy by 15.4 and 9.2 percentage points over the static classifier and threshold-only

baseline, respectively, and reduced the wrong accepted-decision rate by 16.3 and 9.0

percentage points. It also outperformed the strongest abstention-capable baseline in20

accepted-decision accuracy and risk. These results support confidence convergence,

rather than confidence magnitude alone, as a reliable basis for sequential underwater

behavior recognition.

Keywords: Sequential recognition; Confidence convergence; Underwater sensing; Limited
observations; Reliability-aware decision making; Uncertainty25

1 Introduction

Sequential recognition under uncertain observations is a broad problem in engineering sens-
ing systems. A sensor stream often arrives gradually, is affected by missing or delayed
measurements, and may need to support decisions before a complete observation record
is available. Underwater sensing is a representative setting because acoustic and motion-30

related observations are affected by propagation uncertainty, multipath effects, sensor noise,
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limited bandwidth, and temporary data loss [1, 2, 3, 4]. In these conditions, a recognition
system must infer the current behavior and decide whether the evidence is reliable enough
for output.

Many underwater recognition models are designed for fixed-window classification. They35

process an acoustic, motion, or time-frequency segment and output a final label after the in-
put window has been observed [5, 6, 7, 8, 9, 10]. Recent studies have improved this final-label
setting through frequency-channel optimization, compact one-dimensional networks, pre-
trained transformers, convolution-transformer cooperation, two-stream temporal-frequency
modelling, few-shot learning with unlabeled samples, spectral attention, and Wasserstein40

spectral features [11, 12, 13, 14, 15, 16, 17, 18]. These advances strengthen recognition after
a chosen input segment has been processed, but they do not by themselves determine whether
an intermediate prediction should be accepted. Sequential testing, hidden Markov models,
partially observable decision processes, and selective prediction address related questions in
broader statistical learning and decision theory [19, 20, 21, 22, 23, 24]. However, a single45

posterior or softmax confidence value can still be misleading when observations are noisy or
poorly separated.

Confidence magnitude alone is an incomplete reliability criterion. Modern classifiers
can be poorly calibrated, especially under class imbalance or distribution shift, and high-
confidence predictions can occur before the underlying evidence has stabilized [25, 26, 27, 28].50

In a sequential stream, a temporary confidence peak may come from a short-lived observation
fluctuation, a missing feature, a delayed measurement, or weak separation between two be-
havior types. Accepting such a prediction can produce a wrong accepted decision even when
a later observation would have clarified the behavior. A reliability-aware system therefore
needs to consider how confidence evolves, not only how large it is at one step.55

This study uses confidence convergence as a decision condition for sequential recognition
under limited observations. The method updates a behavior-type confidence distribution as
observations arrive and accepts a behavior label only when three conditions are jointly satis-
fied: dominance of the leading behavior type, temporal stability of the confidence trajectory,
and inter-class separation from the second most likely behavior type. If these criteria are60

not met, the model continues observing or reports non-convergence at the end of the avail-
able window. This non-convergence output is treated as a reliability state, not as a forced
classification error.

This work contributes a reliability-aware decision layer that can be placed above sta-
tistical or learned evidence models. It provides a limited-observation sequential recognition65

formulation, a confidence-convergence decision rule combining dominance, temporal stability,
and inter-class separation, and a reproducible simulation-based evaluation. The evaluation
uses controlled underwater sensing scenarios with noise, missing observations, and bounded
measurement delay. It reports accepted-decision accuracy, wrong accepted-decision rate,
decision time, coverage-risk behavior, ablation results, robustness, and sensitivity tests. De-70

tailed settings and full numerical tables are provided in the Supplementary Information.

2



2 Results

2.1 Overall performance under limited observations

Under the standard limited-observation setting, the proposed method improved accepted-
decision reliability while avoiding full-window waiting. Figure 1 gives the method overview,75

and Fig. 2 summarizes the main comparison across forced-output, selective, temporal, and
confidence-convergence baselines. The standard setting used three behavior types, a com-
plete horizon of T = 100, an available observation window of Tw = 40, six observation
features, medium observation noise, a 10% missing-observation ratio, and a maximum delay
of one time step. Full numerical values are reported in Supplementary Table S5.80

Accepted-decision accuracy reached 91.2% for the proposed method. This was 15.4 per-
centage points higher than the static classifier and 9.2 percentage points higher than the
threshold-only sequential baseline. The method also reduced the wrong accepted-decision
rate to 7.9%, compared with 24.2% for the static classifier and 16.9% for the threshold-only
baseline. Relative to full-window forced recognition, the mean decision time was shortened85

by 26.5% while maintaining a non-convergence state for insufficient evidence.
The strongest abstention-capable baseline was the early-exit GRU. The proposed method

improved accepted-decision accuracy by 3.3 percentage points over this baseline and reduced
accepted-decision risk by 3.2 percentage points. Overall accuracy was slightly lower than the
forced-output GRU because non-converged cases were not assigned a forced label. This trade-90

off is expected for reliability-aware recognition: the method rejects or postpones ambiguous
cases rather than treating all samples as accepted outputs.

The reliability-timeliness panel in Fig. 2 shows that the threshold-only baseline made the
earliest decisions, but at higher risk. The proposed method made decisions later than the
threshold-only baseline, slightly earlier than early-exit GRU, and earlier than full-window95

forced baselines. Its operating point combined lower wrong accepted-decision rate with
partial-window decision time.

2.2 Coverage-risk analysis

The coverage-risk analysis tested whether the proposed method simply improved accuracy
by rejecting more samples. Figure 3 shows accepted-decision risk as acceptance strictness100

was varied. Coverage is the proportion of test episodes with an accepted recognition output,
and accepted-decision risk is 100− Alw, where Alw is accepted-decision accuracy.

As coverage increased, all abstention-capable methods accepted more difficult samples
and their accepted-decision risk rose. Across comparable coverage values, the proposed
method remained below the threshold-only, calibrated selective, and early-exit GRU curves.105

At the standard operating point near 90% coverage, the accepted-decision risk was 8.8%,
below the strongest abstention-capable baseline at similar coverage. This indicates that the
convergence criteria did more than reject uncertain samples; they selected accepted decisions
with lower empirical risk.
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2.3 Effect of observation-window length110

Longer observation windows improved reliability, but the benefit diminished once enough
evidence had accumulated. Figure 4 shows the effect of the observation-window ratio γ =
Tw/T across γ ∈ {0.2, 0.4, 0.6, 0.8, 1.0}. Accepted-decision accuracy increased from 85.0% at
γ = 0.2 to 96.1% at γ = 1.0. The increase was largest between γ = 0.2 and γ = 0.4, whereas
the gain from γ = 0.8 to γ = 1.0 was smaller.115

The wrong accepted-decision rate decreased from 9.3% at γ = 0.2 to 3.9% at γ = 1.0. The
non-convergence rate also decreased from 38.0% to 1.0%. These trends show that additional
observations reduce ambiguity, but they also delay decisions. Even when the full horizon was
available, the mean decision time was 50.8, well below T = 100. The algorithm therefore did
not simply wait until the end of the sequence; it stopped when the confidence distribution120

satisfied the convergence conditions. Full window-length results are given in Supplementary
Table S6.

2.4 Confidence evolution and convergence behavior

Representative confidence trajectories explain how the decision layer behaves in different
evidence conditions. Figure 5 shows correct convergence, delayed convergence, and non-125

convergence cases, together with binary maps for dominance, temporal stability, inter-class
separation, label consistency, and the all-criteria trigger.

In the correct-convergence case, the true behavior type became dominant and stable by
τ = 21. The confidence margin over the second-ranked behavior type also exceeded the sepa-
ration threshold, so the model accepted the correct label before the available window ended.130

In the delayed-convergence case, the leading behavior type changed during the early and
middle steps. Although maximum confidence temporarily exceeded the dominance thresh-
old, stability and separation were not satisfied together. The model continued observing and
accepted the correct label at τ = 32.

The non-convergence case showed persistent ambiguity. Two behavior types remained135

close, the dominant label switched repeatedly, and the separation margin did not remain
above the threshold. The model therefore reported non-convergence at Tw = 40. This
behavior illustrates the central distinction between confidence magnitude and confidence
convergence. A large confidence value at one step was not enough; acceptance required a
stable and separated confidence trajectory.140

2.5 Ablation analysis

The ablation study tested whether dominance, temporal stability, and inter-class separation
each contributed to reliability. Figure 6 compares dominance-only recognition, dominance
plus stability, dominance plus separation, and the full criterion set with label consistency.
Full numerical values are reported in Supplementary Table S7.145

Dominance-only recognition made the earliest decisions, with a mean decision time of
22.8, but produced the highest wrong accepted-decision rate of 16.9%. Adding temporal
stability reduced this rate to 10.6%, and adding inter-class separation reduced it to 11.2%.
The full method achieved the highest accepted-decision accuracy, 91.2%, and the lowest
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wrong accepted-decision rate, 7.9%.150

The full method increased mean decision time from 22.8 to 29.4 relative to the dominance-
only variant. This cost was moderate compared with the 9.0 percentage-point reduction
in wrong accepted-decision rate. Expected calibration error also decreased from 0.086 for
the dominance-only variant to 0.044 for the full method. These results support the use of
complementary convergence criteria rather than a single confidence threshold.155

2.6 Robustness and sensitivity analyses

The method remained more reliable than the threshold-only baseline under degraded sensing
conditions. Figure 7 summarizes robustness under observation noise, missing observations,
and measurement delay. Under high noise with σo = 0.10, the proposed method reduced the
wrong accepted-decision rate from 23.5% to 12.6%. When 30% of observations were missing,160

accepted-decision accuracy increased from 72.5% to 83.5%, and the wrong accepted-decision
rate decreased from 27.4% to 15.1%. When the maximum delay was three time steps, the
wrong accepted-decision rate decreased from 26.0% to 14.9%.

The non-convergence rate increased under severe degradation, which is consistent with
the reliability-aware design. Samples with unstable or weakly separated confidence distri-165

butions were not forced into accepted labels. Additional sensitivity tests are provided in
Supplementary Table S8. Laplace noise with matched variance, mixed Gaussian outliers,
and imbalanced class priors all reduced performance relative to the Gaussian reference, but
wrong accepted-decision rates remained below the corresponding threshold-only behavior.

3 Discussion170

The experiments suggest that confidence convergence can improve reliability in sequential
recognition under uncertain observations. The method helped because it evaluated the
trajectory of the confidence distribution rather than a single confidence value. Dominance
required sufficient support for one behavior type, temporal stability reduced the effect of
transient confidence peaks, and inter-class separation reduced acceptance when competing175

behaviors remained close. The ablation results show that each condition reduced wrong
accepted decisions, and the full criterion set gave the best balance between reliability and
timeliness.

This decision layer differs from confidence thresholding and forced classification. A
threshold-only method accepts a label once maximum confidence is high enough, even if180

that confidence is temporary or weakly separated. A forced classifier always outputs a label
at the end of the available window, even when the evidence remains ambiguous. The pro-
posed method can recognize, continue observing, or report non-convergence. In controlled
underwater sensing scenarios, this output structure reduced wrong accepted-decision rate
while retaining partial-window decision capability.185

Non-convergence should be interpreted as a reliability-preserving output rather than
as a simple failure. In a time-constrained sensing system, an unsupported label can be
more harmful than an explicit uncertain state. The coverage-risk analysis supports this
interpretation because the method achieved lower accepted-decision risk than abstention-
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capable baselines at comparable coverage. This suggests that temporal stability and inter-190

class separation provide information beyond a calibrated single-step confidence threshold.
Several limitations remain. The evaluation is simulation based and demonstrates method-

ological feasibility rather than operational readiness. Real underwater sequences may involve
more complex acoustic propagation, sensor placement effects, target interactions, environ-
mental variation, and data association errors. The simulated dataset used three abstract195

behavior types, which is useful for controlled comparison but narrower than real marine
behavior. The main protocol used balanced classes and Gaussian observation disturbances,
although sensitivity tests with non-Gaussian noise, mixed outliers, and imbalanced priors
partly address this limitation. The convergence thresholds were fixed after validation and
may need adaptation across missions, sensing environments, and risk preferences.200

Future work should test the method on real underwater acoustic or motion sequences,
extend it to non-Gaussian and non-stationary disturbances, and examine open-set, multi-
target, and adaptive-calibration settings. The confidence-convergence layer could also be
combined with stronger temporal representation models, provided that the output remains
interpretable as a reliability-aware decision state. These results indicate that confidence205

convergence can provide a practical reliability layer for sequential recognition under un-
certain sensing, but validation on real underwater sequences is required before operational
deployment.

4 Methods

4.1 Problem formulation210

The task was formulated as limited-observation sequential recognition. Let the behavior-type
set be

C = {c1, c2, . . . , cK}, (1)

with K = 3 in the simulation study. At time step t, the model receives an observation vector
ot ∈ R

M and has access only to the partial sequence

O1:t = {o1, o2, . . . , ot}, 1 ≤ t ≤ Tw, (2)

where Tw is the available observation-window length and T is the complete horizon. The215

model estimates a confidence distribution over behavior types,

bt = [bt(c1), bt(c2), . . . , bt(cK)], (3)

where bt(ci) = P (ci | O1:t) and
∑

i bt(ci) = 1. The decision state is

dt ∈ {recognize, continue, non-convergence}. (4)

4.2 Confidence updating model

The initial confidence distribution was set to a uniform prior when no class-prior information
was available. At time step t, the observation evidence for behavior type ci was denoted by220

ℓt(ci) = p(ot | ci). (5)
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The likelihood can be obtained from a statistical observation model, calibrated classifier, or
learned temporal model. The simulation used a Gaussian evidence model unless otherwise
stated:

ℓt(ci) =
1

√

(2π)M |Σi|
exp

[

−1

2
(ot − µi)

TΣ−1
i (ot − µi)

]

, (6)

where µi and Σi are the mean vector and covariance matrix associated with behavior type
ci. The preliminary Bayesian update was225

b̄t(ci) =
ℓt(ci)bt−1(ci)

∑K

j=1 ℓt(cj)bt−1(cj)
. (7)

Observation reliability was represented by ρt ∈ [0, 1]. The final confidence update was

bt(ci) =
[b̄t(ci)]

ρt [bt−1(ci)]
1−ρt

∑K

j=1[b̄t(cj)]
ρt [bt−1(cj)]1−ρt

. (8)

This update reduces abrupt confidence shifts caused by low-quality observations.

4.3 Confidence convergence criteria

The dominant behavior type and second-ranked behavior type were

c∗t = argmax
ci∈C

bt(ci), c
(2)
t = arg max

ci∈C\{c∗t }
bt(ci). (9)

Dominance was defined as230

Dt = bt(c
∗
t ), (10)

and was satisfied when Dt ≥ θD. Temporal stability was measured over a window of length
L:

St =
1

L− 1

t
∑

r=t−L+2

|br(c∗t )− br−1(c
∗
t )|. (11)

The stability condition was St ≤ ϵS, together with label consistency across the same window.
Inter-class separation was

Gt = bt(c
∗
t )− bt(c

(2)
t ), (12)

and was satisfied when Gt ≥ θG. The convergence indicator was235

It = I[Dt ≥ θD] I[St ≤ ϵS] I[Gt ≥ θG] I[Lt = 1], (13)

where Lt denotes label consistency. The standard parameters were θD = 0.75, ϵS = 0.03,
θG = 0.18, and L = 5.
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4.4 Sequential decision algorithm

At each time step, the algorithm updated bt, evaluated It, and determined the decision
state. If It = 1, the model output ĉ = c∗t and recorded the decision time τ = t. If It = 0240

and t < Tw, the decision state was continue. If It = 0 and t = Tw, the decision state was
non-convergence.

With diagonal covariance likelihoods, the computational cost over a window was
O(Tw(KM +K + L)). With full covariance Gaussian likelihoods and precomputed covari-
ance inverses, it was O(Tw(KM

2 +K + L)). If a neural model supplies the evidence score,245

the dominant cost is the model forward pass. The memory cost was O(KL) because the
algorithm stores the current confidence distribution and a short confidence history.

4.5 Simulation data generation

The simulation generated controlled underwater sensing scenarios with three abstract be-
havior types: stable motion, search-like variation, and intermittent correction. These classes250

were not platform-specific target models. They differed in maneuver smoothness, heading-
change variability, stage-transition frequency, and intermittent correction behavior. The
latent state was

st = [pxt , p
y
t , vt, ψt, at, ωt], (14)

where pxt and pyt are position components, vt is speed, ψt is heading, at is acceleration, and
ωt is heading-change rate. The behavior-dependent state transition was255

st+1 = gk(st) + ηt, ck ∈ C. (15)

The observation vector had six normalized indicators:

ot = [qvt , q
ψ
t , q

β
t , q

m
t , q

s
t , q

r
t ], (16)

where the terms represent speed trend, heading-change intensity, bearing-rate variation,
motion consistency, stage transition, and observation quality. The observation model was

ot = h(st) + εt, εt ∼ N (0, σ2
oI). (17)

Missing observations followed a Bernoulli feature mask with missing ratio rm. Missing
values were replaced by the most recent available or interpolated estimate. Measurement260

delay was modelled as õt = ot−δt with δt ∈ {0, 1, . . . , δmax}. To avoid undefined normalization
under no delay, the normalized delay term was set to zero when δmax = 0 and to δt/δmax

otherwise. The reliability coefficient combined missing data, delay, and noise:

ρt = clip(1− αmr
m
t − αdδ̃t − αnσo, 0, 1). (18)

Each random trial generated 900 class-balanced episodes, with 300 episodes per behavior
type. The split was 60% training, 20% validation, and 20% testing, giving 180 test episodes265

per trial. Results were averaged over 30 independent random trials, corresponding to 5400
test episodes across trials. The complete horizon was T = 100, and observation-window
ratios were γ = Tw/T ∈ {0.2, 0.4, 0.6, 0.8, 1.0}. The standard setting used Tw = 40, M = 6,
σo = 0.06, rm = 0.1, and δmax = 1. Detailed settings are listed in Supplementary Tables S1
and S2.270
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4.6 Baseline methods

The baselines included a static classifier, Bayesian sequential recognition without conver-
gence assessment, threshold-only recognition, selective posterior prediction, calibrated se-
lective prediction, early-exit GRU recognition, HMM-based recognition, and GRU-based
recognition. Hyperparameters and acceptance thresholds were selected on validation data275

within each trial. The baseline definitions are summarized in Supplementary Table S3. The
HMM and GRU baselines represent classical probabilistic temporal modelling and learning-
based temporal modelling, respectively, while the early-exit baseline reflects recent work on
uncertainty-aware early stopping in neural classifiers [20, 29, 30, 31, 32].

4.7 Evaluation metrics280

The main metrics were accepted-decision accuracy Alw, all-episode accuracy Aall, mean de-
cision time Tdec, wrong accepted-decision rate Rwad, non-convergence rate Rnc, coverage,
accepted-decision risk, expected calibration error, and robustness degradation. Accepted-
decision accuracy was computed over accepted recognition outputs. Wrong accepted-decision
rate measured incorrect labels among accepted outputs. For forced-output baselines, every285

sample was treated as accepted at the final available step. Non-convergence rate measured
the proportion of insufficient-evidence outputs. Metric definitions are listed in Supplemen-
tary Table S4.

4.8 Statistical analysis and reproducibility workflow

Reported values are means over 30 independent random trials. Error bars and shaded290

intervals in figures denote 95% confidence intervals computed as x̄± 1.96s/
√
Ntrial, where s

is the across-trial standard deviation and Ntrial = 30. Because all methods were evaluated on
matched generated splits within each trial, the analysis emphasizes effect sizes, confidence
intervals, and consistency across degradation settings. No significance-star notation was
used.295

The figure source data are stored as CSV files in figure source data/. The main
figures can be regenerated with scripts/make figures.py; figure-source data can be au-
dited with scripts/audit figure data.py. Specifically, overall comparison.csv sup-
ports Fig. 2, coverage risk curve.csv supports Fig. 3, window length effect.csv sup-
ports Fig. 4, confidence evolution.csv and confidence evolution criteria.csv sup-300

port Fig. 5, ablation results.csv supports Fig. 6, and robustness summary.csv supports
Fig. 7. The sensitivity tests are stored in sensitivity tests.csv. The figure-source audit
and figure-regeneration workflow were verified with Python 3.12.13 on Windows 11, NumPy
2.3.5, pandas 3.0.1, and Matplotlib 3.11.0.

4.9 Ethics statement305

This study did not involve human participants, human data, animals, or animal-derived
materials.

9



4.10 AI-assisted language and formatting

During manuscript preparation, AI-assisted tools were used only for language polishing and
LaTeX formatting. The author reviewed and edited all content and takes full responsibility310

for the manuscript.

Data availability

The data supporting the findings of this study are publicly available in Mendeley Data
under the dataset title “A confidence-convergence decision layer for reliability-aware se-
quential recognition under limited observations”, version 1, at https://doi.org/10.17632/315

2hxbs4gfxz.1. The deposited record contains the figure source data tables, sensitivity-test
data, publication-ready figure files, and Supplementary Information files. The source data
are provided as CSV files and are mapped to the corresponding main figures and sensitivity
analyses.

Code availability320

The Python scripts used for figure generation and data auditing are publicly available in
the same Mendeley Data record, “A confidence-convergence decision layer for reliability-
aware sequential recognition under limited observations”, version 1, at https://doi.

org/10.17632/2hxbs4gfxz.1. The archived code includes scripts/make figures.py,
scripts/audit figure data.py, and the dependency file requirements.txt.325
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Figure legends

14



Figure 1: Confidence-convergence framework for sequential recognition. The fig-
ure shows limited underwater observations entering a recursive confidence update, followed
by convergence assessment and one of three decision states: recognize, continue observing,
or non-convergence. The confidence distribution bt is updated at each time step from the
observation evidence and the previous confidence state. Convergence is accepted only when
dominance, temporal stability, inter-class separation, and label consistency are jointly satis-
fied.
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Figure 2: Overall performance and reliability-timeliness comparison. Panel a
compares accepted-decision accuracy and all-episode accuracy. Panel b compares wrong
accepted-decision rate and non-convergence or abstention rate. Panel c shows the reliability-
timeliness trade-off, with decision time normalized by the available observation window.
Error bars denote 95% confidence intervals over 30 random trials. Forced-output baselines
have no non-convergence state by design. Source data are provided in the figure source data
files.
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Figure 3: Coverage-risk behaviour under different acceptance strictness levels.

Coverage is the percentage of test episodes with an accepted recognition output. Accepted-
decision risk is 100 − Alw, where Alw is accepted-decision accuracy. Curves show how risk
changes as acceptance becomes more or less strict. Forced-output baselines are shown as
reference points at 100% coverage. Shaded bands denote 95% confidence intervals over 30
random trials. Source data are provided in the figure source data files.
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Figure 4: Effect of observation-window length on reliability and timeliness. Panel a
shows accepted-decision accuracy conditioned on accepted outputs and the correct accepted
share over all test episodes. Panel b shows the decision-outcome composition. Panel c shows
mean decision time relative to the available window. Panel d shows the reliability-timeliness
trajectory as the observation-window ratio increases. Error bars and shaded bands denote
95% confidence intervals over 30 random trials where applicable. Source data are provided
in the figure source data files.
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Figure 5: Representative confidence evolution and convergence-criterion maps.

Panels a to c show confidence trajectories for correct convergence, delayed convergence, and
non-convergence cases. Panels d to f show binary satisfaction maps for dominance, temporal
stability, inter-class separation, label consistency, and the all-satisfied trigger. The vertical
green line marks the first time step at which all convergence conditions are satisfied. Source
data are provided in the figure source data files.
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Figure 6: Ablation analysis of confidence-convergence criteria. Panel a shows the
active criteria for each variant, including label consistency. Panel b compares accepted-
decision accuracy, wrong accepted-decision rate, and non-convergence rate. Panel c shows
reliability and timeliness. Panel d reports calibration error and accepted coverage. Error
bars denote 95% confidence intervals over 30 random trials where applicable. Source data
are provided in the figure source data files.
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Figure 7: Robustness under observation noise, missing observations, and mea-

surement delay. Panels a to c show accepted-decision accuracy under degraded sensing
conditions. Panels d to f show wrong accepted-decision and non-convergence behaviour.
Panels g to i show accuracy gain and wrong accepted-decision reduction relative to the
threshold-only baseline. Error bars denote 95% confidence intervals over 30 random trials
where applicable. Source data are provided in the figure source data files.

21



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

supplementaryinformation.pdf

https://assets-eu.researchsquare.com/files/rs-10101351/v1/158e27f933ea6ff4b74dcb05.pdf

	Introduction
	Results
	Overall performance under limited observations
	Coverage-risk analysis
	Effect of observation-window length
	Confidence evolution and convergence behavior
	Ablation analysis
	Robustness and sensitivity analyses

	Discussion
	Methods
	Problem formulation
	Confidence updating model
	Confidence convergence criteria
	Sequential decision algorithm
	Simulation data generation
	Baseline methods
	Evaluation metrics
	Statistical analysis and reproducibility workflow
	Ethics statement
	AI-assisted language and formatting


