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ABSTRACT Determining when accumulated simulation output is sufficient for an inference or decision
is a recurring problem because premature termination can compromise statistical properties, whereas
unnecessary continuation consumes computational and sampling resources. This survey examines data-
dependent termination under uncertainty: operational rules that update evidence from sequential observations
or batches and decide whether acquisition should stop or continue. A protocol-driven search of Scopus
and Web of Science, covering 2015-2025 through four targeted strategies, identified 54 primary studies
presenting 95 operational contributions, defined as distinct stopping procedures or operationally distinct
variants. Reporting was informed by PRISMA 2020 and PRISMA-S. The contributions were organized into
five families according to their terminal rationale: precision or uncertainty sufficiency, discrete-decision
sufficiency, risk or loss sufficiency, operational-state sufficiency, and resource-aware acquisition and stop-
ping. Among the 95 contributions, demonstrated evidence was documented for finite-sample behavior in 82,
comparison with alternative rules in 66, robustness in 17, computational or scalability assessment in 47, and
implementation availability in 7. A conditional practitioner map relates nine application constraints to the
five families without prescribing a universal rule. The synthesis identifies two cross-family gaps concerning
external evidence and changing data streams, together with a corpus-bounded application gap in defense
constructive simulation.

INDEX TERMS Stopping criteria, data-dependent termination, sequential stopping, simulation output
analysis, Monte Carlo simulation, sequential estimation.

I. INTRODUCTION

S IMULATION enables model-based experimentation
when intervention in the actual system is infeasible, too

costly, or operationally disruptive, and it also permits the anal-
ysis of proposed systems that do not yet exist [1]. Its estab-
lished applications span manufacturing, business, and service
processes [2], including manufacturing-system design and
operation [3]. Contemporary examples relevant to stopping
decisions include offshore-infrastructure wave analysis [4],
high-dimensional Bayesian Markov chain Monte Carlo [5],
machine-learning model training [6], and defense-oriented
simulation for operational analysis and decision support [7],
[8].

Once simulation output can be generated repeatedly, the
analyst must determine what to estimate, classify, or se-
lect and when further acquisition is no longer justified. In
Monte Carlo mean estimation, too few replications can leave
the sample mean and downstream analyses unrepresentative,

whereas too many consume computation time that could be
used for further model analysis [9]. More generally, addi-
tional replications may improve confidence or precision but
incur costs in time, computing power, and money [10]. The
stopping problem therefore concerns whether the information
expected from further sampling justifies its setting-specific
cost.
The required replication count or run length cannot al-

ways be determined reliably before execution. For terminat-
ing simulations, pilot information can support an approxi-
mate replication-count calculation; for non-terminating sim-
ulations, the run length required for a prescribed accuracy
is particularly model-dependent and may be difficult to an-
ticipate even within an order of magnitude [1], [11]. Data-
dependent procedures address this uncertainty by reassessing,
as information accumulates, whether sampling should con-
tinue.
This survey defines its common object as data-dependent
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termination under uncertainty: operational rules that update
evidence from sequential observations or batches and decide
whether acquisition should stop or continue. The stopping
timemay affect statistical validity, computational or sampling
cost, and the quality of the subsequent decision. These are
potential consequences of stopping, not mandatory require-
ments that every rule must evaluate or optimize.

Data-dependent termination also requires inferential care.
Output retained after satisfying a nontrivial criterion is con-
ditional on that selection event, and its distribution can differ
from the original data-generating distribution [12]. This does
not mean that every stopping rule biases every statistic. In
the finite-sample absolute-precision confidence-interval pro-
cedures examined by Singham, sequential stopping changed
achieved coverage relative to its nominal level, while the
direction andmagnitude of the effect depended on the rule and
its parameters [12]. Stopping procedures should therefore be
evaluated for the inferential quantity and data setting in which
they are implemented, rather than assumed to share the same
bias, coverage, or error behavior.

A. THEORETICAL BACKGROUND
Monte Carlo and sequential inference provide distinct parts
of the historical basis for simulation stopping. Metropolis
and Ulam presented an early published account of Monte
Carlo as a statistical, computer-suited approach to difficult
mathematical-physics calculations [13]. Chow and Robbins
later established the asymptotic theory of fixed-width sequen-
tial confidence intervals for a population mean with unknown
variance under independent observations [14]. Their result
was not itself a simulation output-analysis method, but it
supplied a foundation for later precision-driven sequential
procedures.

Simulation-specific methods subsequently addressed de-
pendence, run length, and replication count. Fishman de-
veloped an iterative sample-size procedure that estimated
the variance of correlated simulation output and acquired
further observations until a prescribed precision criterion
for the process mean was met [15]. Lavenberg and Sauer
formulated sequential relative-width stopping rules for re-
generative steady-state simulation and established asymp-
totic confidence-interval validity as the requested width de-
creased [16]. Moeller and Welch addressed a related but
distinct problem: constructing confidence intervals for cor-
related, covariance-stationary simulation output by estimat-
ing the sample-mean variance from the zero-frequency spec-
trum [17]. Their method belongs to output analysis rather than
to data-dependent stopping.

By the early 1980s, Law and Kelton had surveyed and em-
pirically compared sequential and fixed-sample procedures
for steady-state simulation [18], [19]. This distinction re-
mains important. A fixed-sample or fixed-horizon procedure
determines the replication count or run length before the
resulting output is observed. A sequential procedure instead
updates the relevant statistic and continues acquisition until a
pre-specified criterion is satisfied. Such procedures can help

meet a precision target, but their achieved coverage and sam-
pling requirements remain dependent on their assumptions,
parameters, and finite-sample behavior [1], [10].
Two termination levels must be distinguished. In a termi-

nating simulation, a natural event specified before execution
determines when an individual replication or scenario ends.
A non-terminating simulation lacks such a natural endpoint
and commonly targets long-run system behavior [11]. This
classification depends on the objective of the study rather than
only on the physical system being modeled [1].
Scenario termination does not, by itself, determine whether

the collected simulation output is sufficient. A terminating
scenario may still require a separate decision about how
many independent replications to execute. Conversely, a non-
terminating simulation may require a decision about the
length of a single run, its warm-up period, the number of
independent runs, or a combination of these choices [1], [11].
The focal object of this survey is this second level: the data-
dependent decision to continue or stop acquiring evidence,
not the modeled event that ends an individual scenario.
The reviewed contributions arise primarily in stochastic

settings, where the output used for inference or decision-
making varies across observations, replications, or sampled
states. Deterministic algorithms and deterministic compo-
nents are not excluded by label alone; they enter the focal cor-
pus only when they participate in the explicit, data-dependent
stop/continue structure defined by the review protocol. The
relevant boundary is therefore operational, not a general tax-
onomy of simulation modalities.
Verification, validation, and output analysis address differ-

ent sources of uncertainty in a simulation study. Verification
concerns whether the conceptual model has been correctly
translated into an executable program, while validation con-
cerns whether the model adequately represents the actual sys-
tem for the intended use. Output analysis instead quantifies
uncertainty in estimating the performance measures of the
simulation model, including through choices of warm-up, run
length, and independent replications [1].
A stopping rule does not replace model verification or

validation. Conversely, completion of a universal V&V stage
is not treated here as an operational property shared by all 95
contributions. The survey examines how those contributions
update evidence and decide whether further acquisition is
required. Model credibility and output sufficiency remain
related but distinct questions.
Despite their heterogeneity, the reviewed contributions

share an abstract operational cycle. A new observation, repli-
cation, batch, or adaptive acquisition updates an estimator,
uncertainty measure, error proxy, loss, risk, ranking, struc-
tural state, or resource condition. A data-dependent predicate
then determines whether acquisition continues or stops. Con-
tinuing returns the process to acquisition; stopping produces a
terminal estimate, interval, classification, selection, structural
summary, control action, or decision (Figure 1).
This shared cycle is an analytical abstraction, not a claim

of methodological equivalence. Contributions may differ ma-
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Acquisition cycle

Acquire
sample / batch

Update
estimate / evidence

Stop?
Alternative stopping rationales

1. Precision or uncertainty sufficiency
Interval width / estimation uncertainty

2. Discrete-decision sufficiency
Evidence for selection / detection / classification

3. Risk or loss sufficiency
Estimated risk / expected loss / cost-weighted error

4. Operational-state sufficiency
Error / stability / structural or control state

5. Resource-aware acquisition and stopping
Information or error proxy / resource condition

Quantities and guarantees remain contribution-specific.

No

Yes

Terminal

Output
inference / decision

Stopping time may affect

Validity Cost Decision quality

FIGURE 1. Common operational cycle for data-dependent termination
under uncertainty. New information updates the monitored quantity
before a stop/continue decision is evaluated. The five labels within the
stop decision represent the five stopping-criterion families identified in
this survey. Continuing returns the process to acquisition; stopping
produces a terminal output. Validity, cost, and decision quality are
potential consequences of the stopping time rather than universal
inclusion requirements.

terially in their objective, monitored quantity, update sched-
ule, terminal condition, output, assumptions, and guarantees.
Neither family membership nor structural similarity transfers
evidence or validity from one contribution to another.

B. OVERVIEW
Earlier work provides guidance on specific estimation prob-
lems. Law and Kelton [18], [19] survey and empirically
compare sequential and fixed-sample procedures for confi-
dence intervals for steady-state means. Bicher et al. [9] pro-
vide a focused technical review and numerical evaluation of
replication-count methods for Monte Carlo mean estimation.
These works address how to obtain a mean estimate with
quantified uncertainty. The broader problem considered here
also asks what justifies termination when the intended output
is a classification, selection, operational state, or resource-

constrained result. This survey therefore compares stopping
rationales and mechanisms alongside the evidence reported
for their behavior and use. Table 1 summarizes this position-
ing.
This survey selected 54 primary studies and identified 95

operational contributions. A study was the unit of selection,
whereas an operational contribution was the unit of anal-
ysis. Contributions were separated when branches differed
materially in their terminal objective, monitored quantity,
stop/continue condition, update mechanism, output, assump-
tions, or guarantees. This decomposition preserves distinc-
tions that would be lost if each study were represented as a
single indivisible method.
The synthesis organizes the 95 contributions into five fam-

ilies defined by their terminal rationale: precision or uncer-
tainty sufficiency, discrete-decision sufficiency, risk or loss
sufficiency, operational-state sufficiency, and resource-aware
acquisition and stopping. The documented evidence is then
compared along five dimensions: finite-sample evidence,
alternative-rule comparison, robustness, computational or
scalability evidence, and implementation availability. These
dimensions describe reported evidence and are not combined
into a global readiness score.
The contributions of this survey are to:
• provide a transparent account of corpus formation;
• present a family-level anatomy of stopping mechanisms;
• summarize dimensional evidence profiles;
• provide contribution-level illustrations;
• offer conditional practitioner guidance;
• present a corpus-bounded analysis of research gaps and

future directions.
Its purpose is not to identify a universally superior stopping
rule, but to make explicit what different contributions mon-
itor, why they terminate, what they return, what evidence
supports them, and what conditions limit their use in another
setting.
Defense constructive simulation provides a specific mo-

tivation for this comparison: operational analyses involve
repeated scenario executions [7], making the decision about
when sufficient evidence has been collected consequential for
both analysis and computational effort. The survey therefore
examines what the focal corpus documents about the evalua-
tion of stopping criteria in this setting, while distinguishing
statistical stopping across executions from the events that
terminate an individual scenario.
Accordingly, the survey addresses five research questions:

RQ1. How do the retained contributions structure evidence
acquisition and operationalize the data-dependent stop-
or-continue decision?

RQ2. Which monitored quantities, assumptions, guarantees,
and contribution-specific limitations define and qualify
those stopping decisions?

RQ3. What evidence is reported for finite-sample behavior,
comparison with alternative rules, robustness, compu-
tational or scalability behavior, and implementation
availability?
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TABLE 1. Positioning relative to earlier reviews and comparative studies. Publication years identify the earlier works, not their literature-search windows.

Work and type Scope Comparison unit Evidence treatment

Law and Kelton
(1982) [18]: survey
and empirical comparison

Steady-state mean confidence
intervals; sequentially
determined run length

Sequential procedure Coverage performance on stochastic models
with known steady-state means

Law and Kelton
(1984) [19]: survey
and empirical comparison

Steady-state mean confidence
intervals; run length fixed in ad-
vance

Fixed-sample procedure Interval performance and sources of error on
models with known steady-state means

Bicher et al. (2022) [9]:
technical review and nu-
merical evaluation

Replication counts for Monte
Carlo mean estimation

Stopping-rule and
algorithm combination

Tests of four combinations on an epidemic
simulation model

This survey: mechanism
and evidence synthesis

Data-dependent termination
across different objectives;
2015-2025 focal corpus

Operational contribution,
distinguishing variants

Reported evidence across five dimensions;
no common-testbed reimplementation

RQ4. What does the focal corpus document about application
settings, implementation, independent reuse, and trans-
fer beyond the originating setting?

RQ5. Which cross-family and application gaps remain insuf-
ficiently supported within the focal corpus?

This article is organized as follows. Section II describes the
survey methods, Section III presents the family and evidence
synthesis, Section IV discusses validation gaps, their practical
implications, survey limitations, and research directions, and
Section V summarizes the conclusions.

II. METHODS
This section describes the survey design and scope, the search
strategy used to identify the literature, and the procedures
used to select studies and form the final corpus. Together,
these steps define the evidential basis for the analyses pre-
sented in the subsequent sections.

A. SURVEY DESIGN AND SCOPE
This survey used a documented, protocol-driven systematic
search and study-selection process to identify, select, and
compare operational stopping criteria. A stopping criterion
was considered operational when it used accumulating data
to determine whether simulation, Monte Carlo, or sequential
sampling effort should continue or terminate. PRISMA 2020
informed reporting of the following elements [20]:

• survey rationale and research questions;
• eligibility criteria;
• information sources and search strategies;
• study selection and corpus formation;
• contribution-level characteristics and qualitative synthe-

sis; and
• interpretation, limitations, and supplementary-material

availability.
PRISMA-S additionally informed database-search report-
ing [21].

The survey focused on studies published from 2015
through 2025, an inclusive eleven-calendar-year period. For
conference papers, the temporal filter followed the year
recorded in the indexed bibliographic record rather than the

conference-event year. This bounded period supported a de-
tailed examination of contemporary stopping mechanisms,
their empirical evaluation, and the conditions under which
they were applied. The resulting corpus is therefore intended
to characterize this defined period rather than the complete
historical literature on stopping criteria.
A study was eligible for the primary corpus when it de-

scribed an explicit data-dependent stop-or-continue decision,
used information accumulated during the procedure, and ad-
dressed whether the simulation or sampling effort was suf-
ficient. The stopping mechanism and the monitored quantity
also had to be identifiable, and simulation orMonte Carlo had
to be substantive to the decision rather than used only as an
incidental evaluation tool.
Related areas were retained as background when they in-

formed the theory, evaluation, or boundaries of the focal prob-
lem but did not satisfy the operational definition. This distinc-
tion allowed the survey to acknowledge adjacent sequential-
stopping literatures without treating every use of termination,
convergence, or adaptive sampling as an included stopping
criterion.
Table 2 shows how the operational definition was applied

to distinguish the primary scope from background, adjacent,
and intentionally excluded literature.
The boundary assessment also clarified the treatment of

the related areas identified during corpus assessment. MCMC
stopping and Monte Carlo error control, simulation-output
analysis, adaptive sampling and sequential experimental de-
sign, rare-event and reliability simulation, and operations-
research applications were not excluded by domain label. Pro-
cedures from these areas entered the primary corpus when-
ever they satisfied the same operational eligibility criteria.
Classical sequential-analysis studies and simulation-output
literature outside the focal period were retained as theoretical
or historical background when needed.
Statistical and stochastic curtailment provide a related but

distinct form of data-dependent termination. Sie et al. applied
stochastic curtailment to adaptive mastery testing, allowing
an assessment to terminate when the probability of a different
final classification became sufficiently small [22]. Although
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TABLE 2. Operational treatment of literature at the focal boundaries

Boundary pattern Treatment Operational reason

Operational, data-dependent
decision of sampling or
simulation sufficiency

Primary scope Uses accumulated information to decide whether further simulation or sampling is
necessary.

Classical or pre-2015 method-
ological literature

Background
foundation

Provides historical or theoretical foundations but falls outside the focal 2015-2025 period
and primary corpus.

Convergence diagnostic with-
out an operational sufficiency
condition

Adjacent boundary Indicates apparent stability but does not define when evidence acquisition should end.

Adaptive allocation or design
without termination Adjacent boundary Determines where, what, or from which source to sample next, but not when total sampling

is sufficient.

Curtailment of a trial or testing
procedure Adjacent boundary Terminates a trial, test, or assessment rather than simulation orMonte Carlo sampling effort.

Surrogate-model refinement as
the terminal objective Intentionally outside Determines when a surrogate or metamodel has been refined sufficiently, not whether

simulation or sampling has produced sufficient inferential evidence.

Optimization-algorithm
convergence Intentionally outside Terminates an optimization routine when its solution, objective value, or optimality gap

stabilizes, rather than establishing simulation sufficiency.

Early stopping in trials, classi-
fication, or monitoring Intentionally outside Terminates participant recruitment, model training, classification, or process monitoring

rather than simulation effort.

Simulation or Monte Carlo
used only for evaluation Intentionally outside Uses simulation to test or compare another method under a fixed design; the rule does not

determine how much simulation evidence to collect.

this mechanism shares the stop-or-continue logic examined
here, it terminates an assessment rather than simulation or
Monte Carlo effort. Curtailment was therefore retained as ad-
jacent boundary literature rather than included in the primary
corpus.

B. SEARCH STRATEGY
The search was conducted in Scopus and Web of Science
on July 15, 2026. These databases were selected for their
broad coverage of journals and conference proceedings across
simulation, applied statistics, operations research, engineer-
ing, and computing. The search was restricted to English-
languageArticles and Conference or Proceedings Papers pub-
lished from 2015 through 2025.

Four complementary search strategies were used to capture
differences in how the literature describes data-dependent ter-
mination. The first targeted explicit stopping and termination
terminology in simulation and sequential estimation. The sec-
ond emphasized precision requirements, confidence-interval
coverage, Monte Carlo error, and stopping-induced bias. The
third focused on simulation output analysis and steady-state
simulation, where stopping rules may be described through
run length, batching, or fixed-width procedures. The fourth
addressed the validation-and-performance question by tar-
geting studies that evaluated, compared, benchmarked, or
tested the finite-sample behavior, robustness, or stopping-
induced bias of stopping procedures. This complementary
route could retrieve evaluation-oriented records not captured
through mechanism-focused terminology; records retrieved
through it remained subject to the same eligibility criteria as
records from the other strategies.

Table 3 presents the complete conceptual expression for

each strategy. The expressions were translated to the syntax of
each database: searches were applied to titles, abstracts, and
keywords in Scopus and to the Topic field in Web of Science;
proximity was expressed using the corresponding database
operator.

C. STUDY SELECTION AND CORPUS FORMATION
The database searches returned 364 occurrences. Records
were matched using source identifiers, DOI information,
and normalized titles and publication years. Deduplication
removed 157 repeated occurrences, leaving 207 distinct
records. 4 additional records were removed manually before
scientific screening: 3 were residual duplicates, and 1 could
not be located because all consulted links were unavailable.
This left 203 records available for eligibility assessment.
Selection proceeded through title-and-abstract screening

followed, when required, by full-text assessment. The eli-
gibility criteria defined in Section II-A were applied to de-
termine whether each record described an identifiable, data-
dependent stopping decision substantively connected to simu-
lation or Monte Carlo. This assessment excluded 130 records
for content- or scope-based reasons. The main reasons were
the absence of an operational stopping rule, a sample size or
computational budget fixed in advance, adaptive allocation
without a termination decision, a stopping objective outside
the focal scope, incidental use of simulation or Monte Carlo,
or insufficient information to identify the monitored quantity
or stopping mechanism. Figure 2 presents the distribution of
the exclusion reasons.
After scientific eligibility assessment, the authors applied

a separate publisher boundary informed by an assessment
of publisher signals related to archived Beall-list informa-
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TABLE 3. Search strategies used to identify operational stopping criteria

Search focus Complete conceptual search expression

Explicit stopping terminol-
ogy

("stopping rule*" OR "stopping criterion" OR "stopping criteria"
OR "sequential stopping" OR "termination rule*" OR "termination
criterion") PROX/10 ("stochastic simulation" OR "Monte Carlo
simulation" OR "simulation output analysis" OR "steady-state
simulation" OR "steady state simulation" OR "sequential estimation"
OR "sequential sampling")

Precision and sequential in-
ference

("fixed-width" OR "fixed width" OR "absolute precision" OR "relative
precision" OR "confidence interval width" OR "Monte Carlo standard
error" OR "coverage probability" OR "stopping bias") AND ("sequential
procedure*" OR "sequential estimation" OR "sequential sampling" OR
"sequential stopping" OR multistage OR "multi-stage" OR "two-stage"
OR "run length" OR batching) AND (simulation OR "Monte Carlo")

Simulation output analysis ("simulation output analysis" OR "steady-state simulation" OR "steady
state simulation") AND ("stopping rule*" OR "stopping criterion" OR
"sequential procedure*" OR "fixed-width" OR "fixed width" OR "run
length" OR batching OR "batch means")

Evaluation and comparison ("stopping rule*" OR "stopping criterion" OR "stopping criteria" OR
"sequential procedure*") AND (evaluation OR comparison OR benchmark* OR
robustness OR "coverage probability" OR "finite sample" OR "stopping
bias") AND ("stochastic simulation" OR "Monte Carlo simulation" OR
"simulation output analysis" OR "steady-state simulation" OR "steady
state simulation" OR "sequential estimation")

Note: Expressions were applied to titles, abstracts, and keywords through TITLE-ABS-KEY in Scopus and to the Topic field through
TS in Web of Science. PROX/10 represents the corresponding proximity operator: W/10 in Scopus and NEAR/10 in Web of Science.
All searches used the focal eligibility filters: publication years 2015-2025, English language, and Article or Conference/Proceedings
Paper.

No operational stopping rule
79 (57.2%)

Stopping objective outside the focal scope
35 (25.4%)

Publisher boundary
8 (5.8%)

Simulation or Monte Carlo only incidental
6 (4.3%)

Budget or sample size fixed in advance
4 (2.9%)

Adaptive allocation without termination
4 (2.9%)

Mechanism or monitored statistic not identifiable
2 (1.4%)

0 20 40 60 80

FIGURE 2. Reasons for exclusion from the focal corpus. An amber fill
distinguishes the publisher boundary from content- or scope-based
exclusions. Unavailable reports and operational removals are shown
separately in Figure 3.

tion. This decision excluded 8 otherwise method-eligible
records: 6 associated with MDPI, 1 with Frontiers, and 1
with Pushpa Publishing House. This boundary was applied
separately from the scientific eligibility criteria and therefore
does not constitute a judgment about the scientific validity
of an individual study or the general quality of its publica-
tion venue. Figure 2 presents all 138 exclusions: 130 based
on content or scope and 8 based on the separate publisher
boundary. Full texts were sought for the remaining 65 reports.

11 reports remained identifiable through their bibliographic
pages, but their full-text documents could not be obtained
because access required subscriptions not covered by the au-
thors’ institutions and were therefore classified as unavailable
rather than scientifically excluded. The final corpus com-
prised 54 primary studies. Figure 4 shows their distribution
by publication year. The complete corpus-formation process
is presented in Figure 3.

D. UNIT OF ANALYSIS
The document was the unit of study selection, whereas the
operational contribution was the unit of analysis. A single
study could report more than one stopping procedure, variant,
or materially distinct decision rule.
To determine whether a procedure constituted a dis-

tinct contribution, its stopping objective, monitored quantity,
continue-or-terminate condition, update mechanism, terminal
output, assumptions, and stated guarantees were examined.
Procedures were recorded separately when differences in
these elements changed the operational decision or its inter-
pretation. Parameter settings or experimental configurations
of the same rule were not treated as separate contributions.
This process identified 95 operational contributions across

the 54 primary studies. Each contribution retained its link
to its source study and is represented separately in the
contribution-level supplementary table Operational Contri-
butions and Evidence Profiles, described in Section IV-F.
Evidence reported for one variant, branch, or application

was not attributed to another contribution from the same study
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1 IDENTIFICATION 364 database occurrences

2 DEDUPLICATION
157 duplicate occurrences removed 207 distinct records

3 OPERATIONAL CLEANING
4 operational removals 203 scientifically screenable records

4 CONTENT AND SCOPE SCREENING
130 exclusions 73 records at the full-text boundary

5 PUBLISHER BOUNDARY
8 publisher-boundary exclusions 65 reports sought for retrieval

6 PRIMARY CORPUS
11 reports not retrieved 54 primary studies

FIGURE 3. Focal corpus formation from 364 database occurrences to 54 primary studies. Operational removals, content- or scope-based exclusions, the
publisher boundary, and unavailable reports represent distinct decision bases.
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FIGURE 4. Annual distribution of the 54 primary studies in the focal
corpus, 2015-2025. Each study is counted once according to its
bibliographic publication year. Counts describe the selected corpus, not
the overall publication volume of the field.

unless the source explicitly established that the evidence ap-
plied to both.

E. EVIDENCE APPRAISAL
Each contribution was appraised across five dimensions:
finite-sample evidence, comparison with alternative stopping
procedures, robustness analysis, computational or scalabil-
ity evidence, and implementation availability. These dimen-
sions describe the evidence documented for each contribution
rather than the intrinsic quality of the method or whether its
reported results were favorable.

Finite-sample evidence concerned direct examination of
how the contribution behaved at stated finite sample sizes or
computational budgets. Relevant outcomes included cover-
age, estimation error, decision accuracy, stopping effort, and
resource cost under finite operating conditions. Asymptotic
results alone did not constitute finite-sample evidence, nor
did Monte Carlo simulation used only to derive or calibrate a
procedure without evaluating its resulting operating behavior.
Comparison evidence required another identifiable stopping
or decision procedure to be evaluated under a common setting
and outcome; changes in parameters, thresholds, or acquisi-
tion settings within the same rule were not treated automati-
cally as comparisons with an alternative procedure.
Robustness evidence concerned directed examination of

the contribution under perturbations of assumptions relevant
to its validity or operation, including distributional shape, de-
pendence, nonstationarity, and model misspecification. Rou-
tine variation of sample size, confidence level, tolerance,
hyperparameters, or application scenarios was not considered
a robustness analysis unless it deliberately tested such an
assumption. Computational or scalability evidence concerned
how resource measures such as runtime, memory, opera-
tions, evaluations, transmissions, or sample cost changedwith
problem size, budget, dimension, or workload. An isolated
runtime, evaluation count, or qualitative complexity state-
ment provided computational information but did not by itself
demonstrate scaling behavior.
Implementation availability concerned the material pro-
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vided to execute the specific contribution, rather than the
completeness of its mathematical description. Demonstrated
availability required a locatable and usable artifact, such
as source code, a software package, an executable sup-
plement, or a reproducible procedure specified sufficiently
for use. Limited availability encompassed heterogeneous
forms of partial support, including pseudocode or algorithmic
steps without executable code, a named software environ-
ment without the complete evaluated implementation, code
available only on request, incomplete or version-ambiguous
repository material, and artifacts that omitted branches or
execution-critical conventions. The limited state therefore
represents partial reproducibility, not a uniform level of soft-
ware availability.

The evidence profile uses three states: demonstrated evi-
dence (✓), limited or partial evidence (∼), and evidence not
reported (—). A demonstrated state indicates that the dimen-
sion was substantively examined, even when the reported out-
come was unfavorable. A limited state indicates relevant but
restricted evidence, such as evaluation of only some branches,
assumptions, settings, or scales. A not-reported state indicates
that the study did not present evidence addressing that dimen-
sion for the specific contribution. It does not imply that the
procedure would perform poorly if evaluated.

The five dimensions were retained as a multidimensional
evidence profile and were not combined into a readiness
score, ranking, or universal recommendation.

F. SYNTHESIS
The contributions were synthesized through structured com-
parison of their terminal rationale and operational mecha-
nism. The comparison considered what condition was inter-
preted as sufficient for termination, the quantity monitored,
how information was acquired and updated, the continue-
or-terminate condition, and the output returned when the
procedure stopped. This synthesis produced five families:
precision or uncertainty sufficiency, discrete-decision suffi-
ciency, risk or loss sufficiency, operational-state sufficiency,
and resource-aware acquisition and stopping.

Each contribution was assigned to one family according
to its dominant terminal rationale. When a contribution con-
tained multiple branches or successive stopping decisions,
their distinctions and evidential limits were retained at the
contribution level rather than representing the contribution in
more than one family. Family membership therefore indicates
a shared operational rationale, not equivalence of assump-
tions, guarantees, or empirical support.

Evidence states were subsequently aggregated by family
for each of the five appraisal dimensions. The denominator
for each family-level profile was the number of operational
contributions assigned to that family. Because a study could
contain multiple contributions, these aggregates character-
ize the mapped procedures and should not be interpreted
as counts of independent studies. Contribution and distinct-
study totals are therefore reported separately in the results.

G. FORWARD-CITATION ASSESSMENT
To examine evidence beyond the focal corpus without ex-
panding it, a directed forward-citation assessment covered
53 primary studies in Scopus. The remaining study [23] was
searched inWeb of Science and had no citing documents. The
assessment therefore covered all 54 primary studies.
The Scopus searches returned 458 unique citing docu-

ments. We removed 20 documents already included in the 54-
study primary corpus, leaving 438 external candidates. Title-
and-abstract screening assessed whether each candidate indi-
cated use, evaluation, comparison, adaptation, or application
of a stopping procedure described in the cited primary study.
Figure 5 summarizes the screening and the subsequent cross-
classification of the 68 potentially relevant external docu-
ments by indication status and detected authorship overlap.

FIGURE 5. Forward-citation assessment of the 54 focal primary studies.
After documents already in the primary corpus were removed, the 68
potentially relevant external citing documents were cross-classified by
indication status and detected authorship overlap; the two no-overlap
branches converge on the 31 documents without detected overlap.

Authorship was compared between each retained external
citing document and every primary study through which it en-
tered the assessment. A citing document was conservatively
classified as having overlapping authorship when it shared
at least one author with any corresponding primary study.

8 VOLUME XX, 2026

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3744986

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



Nunes et al.: Stopping Criteria in Simulation: A Survey of Methods, Applications, Challenges, and Future Directions

Comparison of complete Scopus Author ID lists identified
34 such documents. The authors adjudicated 3 additional
exact-name cases in which affiliation changes were associ-
ated with separate Scopus profiles and confirmed that they
represented the same authors. Together, the 34 Author ID
matches and 3 adjudicated exact-name cases yielded 37 doc-
uments with overlapping authorship, which were treated as
evidence of continuity involving an originating group rather
than as candidates for independent evaluation. The remaining
31 had no detected authorship overlap: 3 contained a target-
specific indication of use or evaluation, while 28 indicated a
potentially relevant methodological connection whose exact
procedural variant and role remained unresolved from the title
and abstract. Candidate full texts were not examined.

III. TAXONOMY AND EVIDENCE PROFILES OF
SIMULATION STOPPING CRITERIA
The taxonomy separates stopping criteria bywhat termination
is intended to establish, rather than by acquisition architecture
alone. The evidence profiles reveal uneven support across
dimensions, with finite-sample behavior and alternative com-
parisons documented more often than robustness and com-
plete implementation availability.

A. FAMILY ANATOMY

This subsection addresses RQ1 and RQ2. Table 4 compares
the five families through a common operational anatomy: the
quantity or state monitored, the acquisition or update process,
the condition interpreted as sufficient for termination, the
terminal output, and the principal boundary on interpretation.
The families describe shared terminal rationales rather than
interchangeable procedures. Assumptions, guarantees, and
empirical evidence remain attached to the individual contri-
bution and, where applicable, to its specific branch.

Precision or uncertainty sufficiency comprises 65 contribu-
tions, organized into four subfamilies according to the infer-
ential target: mean estimation (23), estimation of other scalar
parameters (25), quantile estimation (8), and joint parameter
estimation (7). Only Family 1 is disaggregated because its
concentration of 65 of the 95 contributions required a more
informative level of granularity; no equivalent subdivision
with defined boundaries and reconciled counts was estab-
lished for the smaller families. Mean estimation includes
individual means, differences of means, and common or
projected means; other scalar parameters include variances,
correlations, risk and odds ratios, and population sizes. Joint
parameter estimation concerns a set of parameters considered
together in the stopping decision, including vectors of means.
Two further contributions from Flegal and Gong [41] provide
procedures for means, quantiles, and joint estimation and are
therefore reported separately as cross-cutting contributions.

Across the precision subfamilies, sequential monitoring
updates uncertainty until the target is reached, whereas staged
procedures use pilot or interim information to determine the
remaining sampling effort. First-passage monitoring, batch-

ing, and staged sample-size determination retain distinct va-
lidity conditions despite their shared precision rationale.
For discrete-decision sufficiency, crossing an evidential

boundary must be distinguished from a cap-forced decision:
operational termination does not establish that the regular
sufficiency condition was attained.
Risk or loss sufficiency accounts for the consequences or

costs of estimation and decision error, rather than precision
alone. Guarantees remain specific to the loss function, prior
or parametric model, limiting regime, and procedural branch;
reduced sampling effort does not establish risk optimality.
Operational-state sufficiency groups heterogeneous diag-

nostic, structural, and control gates that authorize termination
or transition. Their shared operational role does not imply a
common mathematical guarantee.
Resource-aware acquisition and stopping incorporates re-

source consumption into acquisition, termination, or both.
Reaching an information target differs from reaching a bud-
get, time, or computational boundary: the latter limits con-
sumption without establishing statistical sufficiency.

B. EVIDENCE PROFILES
This subsection addresses RQ3. Table 5 summarizes the five
evidence dimensions defined in Section II-E by family; Fig-
ure 6 presents the overall distribution across the 95 contribu-
tions. Counts retain the unequal family denominators (4-65
contributions), avoiding misleading percentage comparisons.
Contribution-level branches, guarantees, evidence states, and
limitations are documented in the supplementary table Oper-
ational Contributions and Evidence Profiles.

Demonstrated Limited Not reported

Finite-sample evidence
82 9 4

Alternative comparison
66 10 19

Robustness
17 9 69

Computational / scalability
47 32 16

Implementation availability
7 73 15

0 20 40 60 80 95

Number of operational contributions

FIGURE 6. Evidence profiles across the 95 operational contributions.
Finite-sample evaluation and comparison with alternative procedures
predominate, whereas robustness is less frequently examined and
implementation support is mostly partial.

C. ILLUSTRATIVE CONTRIBUTIONS
The examples illustrate within-family variation without im-
plying representativeness, superiority, or recommendation.
The tables provide at-a-glance comparisons of acquisition and
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TABLE 4. Operational anatomy of the five stopping-criterion families

Family Counts Contributing studies Monitored quantity or
state

Acquisition, update, and termi-
nal condition

Typical output

Family 1. Precision or
uncertainty sufficiency

65 / 38 [5], [23]–[59] Interval width, standard er-
ror, confidence-region ex-
tent, or another measure of
uncertainty or precision.

Update the estimate and its un-
certainty sequentially or in stages.
Terminate when the prescribed
precision is reached, or use pilot or
interim estimates to determine the
required sample size or run length.

Estimate
accompanied by
an interval, region, or
precision statement.

Family 2. Discrete-
decision sufficiency

5 / 3 [60]–[62] Posterior loss or probabil-
ity, detection statistic, deci-
sion zone, or evidence sep-
arating alternatives.

Update the evidence until a bound-
ary separates classes, hypotheses,
or alternatives. Some procedures
impose a cap that forces a terminal
decision.

Classification,
detection result, or
selected alternative
or set.

Family 3. Risk or loss
sufficiency

12 / 11 [44], [48], [50]–[53], [56], [63]–
[66]

Estimated risk, posterior
expected loss, regret, or
cost-weighted estimation
error.

Update the risk estimate or the re-
quired sampling effort until the rel-
evant loss or objective that bal-
ances cost and error is satisfied.

Risk-oriented point
estimate or terminal
sampling decision.

Family 4.Operational-
state sufficiency

9 / 6 [29], [67]–[71] Agreement, error bound,
validation score, relative
error, structural persistence,
or controller state.

Continue diagnostic, structural, or
control updates until the opera-
tional state passes its specified
gate.

Stable or validated
estimate, identified
structure, ranking,
sensitivity measure,
or completed control
action.

Family 5. Resource-
aware acquisition and
stopping

4 / 4 [72]–[75] Information or precision
proxy together with
evaluations, transmissions,
time, budget, or predicted
computational burden.

Prioritize informative acquisitions
and terminate when the informa-
tion target is reached or an explicit
resource boundary prevents further
acquisition.

Estimate, selected
solution, reliability
quantity, or
completed
acquisition process.

Note:Counts refer to operational contributions / distinct primary studies. Study counts are not additive because a study may contribute to more than one family.

stopping, whereas the accompanying prose retains the tech-
nical mechanisms, outputs, assumptions, guarantees, results,
and limitations that the summaries cannot capture.

1) Illustrative Precision and Uncertainty Contributions
Table 6 contrasts three precision or uncertainty contributions
with different acquisition and stopping patterns.

TABLE 6. Acquisition patterns illustrated within the precision or

uncertainty family.

Illustrative contri-
bution

Key distinctions in sampling and stopping

Zoubeidi and El-
Bassiouni [59]

Each new cluster updates the information
used to assess the confidence-region stopping
condition.

Mukhopadhyay and
Hu [48]

The pilot determines the required total sample
size; sampling then ends immediately or after
one additional batch.

Alexopoulos et
al. [24]

Blockwise diagnostics prepare the data be-
fore the corrected interval is checked against
the precision target.

Note: These examples contrast acquisition patterns, not the strength
of their guarantees.

Zoubeidi and El-Bassiouni [59] considered sequential con-
struction of a fixed-size confidence region for the parameters
of amixed-effects logistic regressionmodel. After each newly
acquired cluster, the model is refitted and the estimated infor-
mation matrix is updated. The confidence ellipsoid is scaled

to have the prescribed longest-axis width, and sampling ter-
minates when the smallest eigenvalue of the estimated in-
formation matrix satisfies the corresponding moderated chi-
square information threshold. The procedure returns a con-
fidence region for the parameter vector or a specified linear
transformation of it. The coverage guarantee is asymptotic as
the requested width tends to zero and depends on regularity
conditions and a valid positive-definite information estimate;
the reported finite-sample coverage was not uniformly nomi-
nal.
A different acquisition pattern appears in the two-stage

procedure of Mukhopadhyay and Hu [48]. An initial sample
estimates the unknown dispersion using the sample variance
or finite-sample-corrected squared forms of Gini’s mean dif-
ference and mean absolute deviation. That estimate deter-
mines the total sample size required for a confidence inter-
val with the prescribed half-width. The procedure does not
repeatedly inspect a precision boundary after the pilot. Its
reported guarantees are asymptotic under independent normal
sampling and a valid known lower bound on the standard
deviation. Simulations covered several target sample sizes,
but coverage was below the nominal level in some of the
smallest settings.
Sequest, proposed by Alexopoulos et al. [24], illustrates a

blockwise simulation-output procedure for estimating a sta-
tionary quantile from a dependent output sequence. The pro-
cedure increases the batch size and run length, removeswarm-
up observations, and updates correlation- and skewness-
adjusted confidence limits. Its terminal precision branch stops
when the corrected half-width is below an absolute target or
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TABLE 5. Evidence profiles of the five stopping-criterion families

Family Contributions Finite-sample
evidence

Alternative
comparison

Robustness Computational /
scalability

Implementation
availability

Precision or uncertainty suffi-
ciency

65 ✓ 58; ∼ 5; — 2 ✓ 45; ∼ 8; — 12 ✓ 14; ∼ 6; — 45 ✓ 33; ∼ 20; — 12 ✓ 5;∼ 50; — 10

Mean estimation 23 ✓ 21; ∼ 1; — 1 ✓ 17; ∼ 2; — 4 ✓ 7;∼ 0; — 16 ✓ 11; ∼ 11; — 1 ✓ 2; ∼ 16; — 5
Other scalar-parameter estima-

tion
25 ✓ 24; ∼ 0; — 1 ✓ 17; ∼ 3; — 5 ✓ 1;∼ 4; — 20 ✓ 13; ∼ 5; — 7 ✓ 0;∼ 21; — 4

Quantile estimation 8 ✓ 4;∼ 4; — 0 ✓ 5;∼ 2; — 1 ✓ 6;∼ 0; — 2 ✓ 6;∼ 2; — 0 ✓ 3;∼ 5; — 0
Joint parameter estimation 7 ✓ 7;∼ 0; — 0 ✓ 4;∼ 1; — 2 ✓ 0;∼ 0; — 7 ✓ 3;∼ 0; — 4 ✓ 0;∼ 6; — 1
Cross-cutting contributions 2 ✓ 2;∼ 0; — 0 ✓ 2;∼ 0; — 0 ✓ 0;∼ 2; — 0 ✓ 0;∼ 2; — 0 ✓ 0;∼ 2; — 0

Discrete-decision sufficiency 5 ✓ 4;∼ 0; — 1 ✓ 3;∼ 0; — 2 ✓ 1; ∼ 0; — 4 ✓ 3;∼ 2; — 0 ✓ 2;∼ 3; — 0

Risk or loss sufficiency 12 ✓ 11; ∼ 1; — 0 ✓ 9;∼ 1; — 2 ✓ 2;∼ 0; — 10 ✓ 6;∼ 4; — 2 ✓ 0;∼ 8; — 4

Operational-state sufficiency 9 ✓ 6;∼ 2; — 1 ✓ 5;∼ 1; — 3 ✓ 0; ∼ 2; — 7 ✓ 2;∼ 5; — 2 ✓ 0;∼ 9; — 0

Resource-aware acquisition and
stopping

4 ✓ 3;∼ 1; — 0 ✓ 4;∼ 0; — 0 ✓ 0; ∼ 1; — 3 ✓ 3;∼ 1; — 0 ✓ 0;∼ 3; — 1

All contributions 95 ✓ 82; ∼ 9; — 4 ✓ 66; ∼ 10; — 19 ✓ 17; ∼ 9; — 69 ✓ 47; ∼ 32; — 16 ✓ 7;∼ 73; — 15

Note: For each row and dimension, counts sum to the number of contributions:✓ demonstrated evidence;∼ limited or partial evidence;— evidence not reported.
The five indented rows partition Family 1 and are not counted again in the overall total. Aggregation does not imply that evidence applies to every contribution
in a family.

TABLE 7. Sampling and stopping patterns illustrated within the
discrete-decision family.

Illustrative contri-
bution

Key distinctions in sampling and stopping

Batur and
Choobineh [60]
- QSE

Sampling stops when one alternative remains
or all remaining pairs are declared equivalent;
the output may therefore be a set.

Cui et al. [61] Each radar scan updates posterior losses. Ac-
quisition stops at a decision threshold, or a
maximum scan count forces a decision.

Solanky and
Zhou [62]
- sequential
procedure

Each round samples every population. Sam-
pling stops when the accumulated sample size
reaches the requirement calculated from the
updated variance estimate.

Note: A decision forced by a sampling cap does not necessarily
satisfy the regular evidential stopping condition. Suffixes identify
the specific contribution when a study reports more than one opera-
tionally distinct procedure.

below a prescribed fraction of the estimated quantile. The
procedure also contains internal checks of batch behavior,
dependence, and skewness. The underlying interval theory
is asymptotic under dependence and local-density condi-
tions and does not establish a finite guarantee for the com-
plete adaptive path. In the reported experiments, the relative-
precision branch was examined prospectively, whereas the
absolute-precision branch was not tabulated.

2) Illustrative Discrete-Decision Contributions
Unlike precision-oriented termination, discrete-decision suf-
ficiency ends in a categorical output. Table 7 compares three
of the family’s five contributions, representing all three source
studies. Their outputs are a set of acceptable alternatives, a
declaration of target presence, or population classes.

Batur and Choobineh [60] developed sequential procedures
for selecting alternatives according to an estimated quantile.
Their Quantile-Based Selection with Equivalency procedure
updates pairwise quantile differences and paired variance
estimates while eliminating dominated alternatives and sus-
pending acquisition for alternatives whose necessary pair-
wise relations have already been resolved. Elimination and
completion of individual pairwise relations are internal deci-
sion gates, whereas termination occurs only when the global
condition on the remaining set is satisfied. The reported
selection guarantees are asymptotic as the indifference-zone
width tends to zero; the finite experiments support observed
selection performance but do not establish an exact finite-
sample probability of correct selection.
Cui et al. [61] considered sequential track-before-detect

processing in which each additional radar scan updates pos-
terior losses for declaring target absence or presence. These
losses can also incorporate errors in the estimated final posi-
tion and trajectory. A declaration of presence is accompanied
by position and trajectory estimates. Despite these accom-
panying estimates, presence or absence remains the decision
that ends acquisition. Such a cap guarantees operational ter-
mination but does not demonstrate that the regular evidential
condition was attained, and the probability bounds derived for
the regular boundaries do not automatically certify the forced-
decision branch.
Solanky and Zhou [62] addressed classification of treat-

ments relative to a control into bad, intermediate, and good
groups under a normal model with unknown common vari-
ance. The sequential procedure begins with observations from
every treatment and the control, updates a pooled variance
estimate, and continues with one new observation from every
population at each round. Sampling stops globally at the first
sample size that is at least the size required by the current
variance estimate; the observed mean differences are then
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compared with the classification boundaries to assign the
treatments to the three groups. Accumulated variance infor-
mation determines when the data are considered sufficient,
whereas the mean differences determine the terminal class
labels. The procedure terminates almost surely under the
stated model, but its principal efficiency and probability-of-
correct-decision results are asymptotic as the indifference
zones narrow. They depend on independent normal popula-
tions, a common variance, symmetric indifference zones, and
the configuration used in the formal analysis.

3) Illustrative Risk and Loss Contributions
Table 8 compares three risk or loss contributions whose ter-
minal objectives use a frequentist risk approximation, a loss
combining estimation error and sampling cost, or Bayesian
posterior expected loss.

TABLE 8. Sampling and stopping patterns illustrated within the risk or
loss family.

Illustrative contri-
bution

Key distinctions in sampling and stopping

Karmakar and
Mukhopad-
hyay [63]

Each observation updates an estimate of
the risk-optimal sample size. Sampling stops
when the accumulated size reaches that esti-
mate.

Mukhopadhyay and
Hu [48]

The pilot determines a total sample size bal-
ancing estimation error and sampling cost;
sampling ends after the pilot or one additional
batch.

Mukherjee et
al. [65]

Fisher information guides source selection,
while posterior expected loss determines
when acquisition stops.

Note: The procedures use different loss formulations and assump-
tions; their guarantees are not interchangeable.

Karmakar and Mukhopadhyay [63] developed a sequential
procedure for estimating the fixed coefficient component of a
multivariate random-coefficient autoregressive process. After
an initial sample, each new observation updates the coeffi-
cient estimates, residual moments, and nuisance quantities
entering an approximation to predictive risk. The boundary
targets a balance between conditional-predictor estimation
error and sampling cost. The procedure is shown to terminate
almost surely under its stated conditions and becomes asymp-
totically equivalent to the derived oracle as the cost parameter
enters the relevant limiting regime. That oracle minimizes
an asymptotic risk approximation, however, rather than an
exact finite-sample risk. The reported simulations compare
the sequential procedure with the oracle across several orders,
dimensions, and reported dispersion configurations, but do
not establish robustness to model misspecification or provide
a complete treatment of singular plug-in states.

Mukhopadhyay andHu [48] also used a two-stage architec-
ture forminimum-risk point estimation of a normalmean. The
pilot estimates the unknown dispersion using finite-sample-
corrected forms of the sample standard deviation, Gini’smean

difference, or mean absolute deviation. This estimate deter-
mines a total sample size that balances squared estimation
error against a cost assigned to each observation. Sampling
stops after the pilot if that total has already been reached;
otherwise, one additional batch completes the calculated re-
quirement, and the terminal output is the sample mean. This
is the same broad acquisition architecture used by the study’s
fixed-width confidence-interval contribution, but the terminal
objective balances estimation error and sampling cost rather
than satisfying a prescribed precision target. The minimum-
risk guarantees are asymptotic as the sampling cost tends to
zero under independent normal sampling and a valid known
lower bound on the standard deviation. Simulations showed
risk efficiency approaching its target in the examined settings,
but did not test nonnormality, contamination, misspecifica-
tion of the lower bound, or costs that vary by observation or
stage.
Mukherjee et al. [65] considered estimation of a shared

parameter frommultiple data sources. At each step, the source
with the greatest Fisher information at the current posterior
mean is selected, a new observation is acquired, and the
posterior distribution is updated. The intended terminal con-
dition is the first time that posterior expected squared loss
falls below the prescribed threshold, after which the posterior
mean is returned. The stated optimality result is asymptotic
in the authors’ limiting regime and does not provide a finite-
threshold guarantee of accuracy or termination.Moreover, the
reported numerical example always favors the same source,
so it compares the resulting procedure with alternatives but
does not empirically exercise the adaptive source-switching
behavior that motivates the multimodal formulation.

4) Illustrative Operational-State Contributions
Table 9 compares four operational-state contributions whose
gates use estimated error, diagnostic agreement, structural
persistence, validation status, or the state of a control action.
Wu et al. [71] used Monte Carlo simulation to estimate

mean trajectory error for an underwater glider operating under
uncertain ocean currents. Each replication produces a com-
plete simulated trajectory, after which the running mean and
sample variance are updated. The published rule does not
provide a finite sequential coverage guarantee. The reported
simulations stopped at 1,950 replications without feedback
and 2,070 with feedback. However, the first eligible inspec-
tion, a maximum replication count, behavior near a zero
running mean, and adjustment for repeated inspection were
not reported.
Schmalofski et al. [69] considered sequential atomistic

simulations for mapping grain-boundary energy landscapes
and identifying minima, valleys, and cusps. After each acqui-
sition, a Kriging model of the energy landscape is refitted,
and candidate locations are selected according to estimated
interpolation uncertainty. This persistence does not prove that
every relevant structure has been found, because the result
remains conditional on the sampling policy, discretization,
surrogate, and cusp detector. The reported one- and two-
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TABLE 9. Operational checks and stopping patterns illustrated within the
operational-state family.

Illustrative contri-
bution

Key distinctions in sampling and stopping

Wu et al. [71] -
Monte Carlo esti-
mation

Every 30 replications, the relative confidence
half-width is checked against the prescribed
tolerance.

Schmalofski et
al. [69]

Acquisition stops after three consecutive iter-
ations with sufficiently small surface changes
and an unchanged number of detected cusps.

Tavana et al. [70] Entropy-based validation governs whether
additional evaluations are extrapolated. Con-
tinuation requires a decrease in the global en-
tropy measure and in the entropy products of
alternatives whose ranking positions change.

Wu et al. [71] - feed-
back duration

The controller uses yaw error to determine
a corrective action and its duration before
restoring nominal control.

Note: The mechanisms govern different processes: acquiring simu-
lation output, extrapolating evaluations, or ending a control action.
They do not share a common convergence guarantee.

dimensional material cases included a complex 2D case in
which sequential acquisition identified structures missed by
an equal-budget regular grid, but no probabilistic guarantee of
complete discovery, independent repetitions, or demonstrated
result for the full five-degree-of-freedom space was provided.

Tavana et al. [70] embedded an entropy-based gate in
a decision-support framework for resolving uncertainty in
expert evaluations. The framework extrapolates additional
evaluations from those initially provided by experts. Candi-
date rerankings are assessed through global and local entropy
changes. A reranking passes the validation gate only when
the framework’s global product of marginal entropy sums
decreases and each repositioned alternative also satisfies its
local entropy condition. This data-dependent gate controls
continuation of the extrapolation process: validation permits
another loop, whereas failed validation leads to the termi-
nation branch shown in the framework’s flowchart, which
also includes a domain-modification option. Passing the gate
establishes internal consistency under the framework’s en-
tropy criteria, not correctness of the resulting ranking, con-
vergence of repeated loops, or agreement with an external
decision truth. In the reported NATO-enlargement analy-
sis, the global entropy measure decreased within the initial-
evaluation-constrained domain, but the local entropy product
increased for Bosnia and Herzegovina. The authors therefore
required its relative ranking position to remain unchanged
while validating the resulting ranking. The study did not
provide a convergence proof, a maximum number of loops,
or an externally validated target ranking.

A second contribution fromWu et al. [71] concerns the du-
ration of a temporary feedback action rather than the number
of Monte Carlo replications. This is not a statistical conver-

gence rule. Simulation results reported lower mean trajectory
error with feedback than without it for the selected configu-
ration. Nevertheless, the rule is model-derived and heuristic;
no formal guarantee of global stability or termination was
established, and saturation, ramp behavior, zero-denominator
states, and the flowchart’s global end condition were not fully
specified.

5) Illustrative Resource-Aware Contributions
Table 10 compares all four resource-aware contributions,
whose acquisition policies, terminal conditions, or both ac-
count for evaluations, transmissions, time, or computational
effort.

TABLE 10. Sampling and stopping patterns illustrated within the
resource-aware family.

Illustrative contri-
bution

Key distinctions in sampling and stopping

Semelhago et
al. [72]

Alternatives are evaluated in parallel batches.
Search may stop at an estimated optimality-
gap threshold or a time or iteration limit.

Dang et al. [73] Posterior uncertainty guides the next expen-
sive evaluation; evaluations stop when a pos-
terior coefficient-of-variation bound for one
augmented scalar component meets its toler-
ance.

Quan et al. [74] Already measured sensor data are transmitted
in order of known precision. Further trans-
missions are intended to stop when the pos-
terior interval-width target is met.

Zhao et al. [75] Adaptation stops when predicted total com-
putational burden no longer decreases. A sep-
arate coefficient-of-variation condition ends
the subsequent estimation phase.

Note: The procedures control different resources. Reaching a re-
source limit does not establish that the statistical target has been
attained.

Semelhago et al. [72] considered simulation optimiza-
tion over a finite set of alternatives through a parallel ver-
sion of the Rapid Gaussian Markov Improvement Algo-
rithm. A Gaussian Markov random field is updated from
completed simulation batches, and a greedy q-complete-
expected-improvement heuristic selects q candidates, which
are evaluated synchronously with the incumbent. Crossing
the estimated precision threshold represents the procedure’s
information-based stopping condition, while exhausting a
budget only establishes that no further resources will be
spent. The study compared alternative batch-selection strate-
gies over 50 macro-replications and measured the cost of
constructing the batches, but did not directly evaluate the reli-
ability of the terminal precision decision. Batch construction
is heuristic, and its computational cost increased sharply with
batch and candidate-set size.
Dang et al. [73] developed an active-learning procedure for

estimating a failure-probability function when parameters of
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the input distributions are imprecisely known. A Gaussian-
process surrogate is fitted in a joint random and epistemic
space. At each iteration, the next point is selected by max-
imizing its upper-bound posterior variance contribution, the
expensive limit-state function is evaluated there, and the sur-
rogate is updated. The terminal gate controls a model-based
posterior bound for one augmented scalar component, not
pointwise or uniform error of the full failure-probability func-
tion, surrogate misspecification, finite candidate pools, or
omitted higher-order components. Three structural-reliability
examples reported substantially fewer expensive evaluations
than selected alternatives, although in the third example the
external comparison covered only the constant component.
The procedure specified neither a mandatory consecutive-
pass safeguard nor a cap or pool-exhaustion policy if the
tolerance was not attained.

Quan et al. [74] considered sequential estimation in a
sensor network where measurements have already been taken
but need not all be transmitted to a fusion centre. After each
received measurement, the fusion centre updates the conju-
gate Gaussian posterior and accumulates the corresponding
measurement precision. The remaining transmissions are in-
tended to be cancelled when that accumulated precision is
sufficient to attain the prescribed posterior interval width,
although the cancellation mechanism is not specified. The
stopped resource is communication. Under the stated Gaus-
sian model, crossing the threshold establishes the model-
based posterior-width condition. It does not establish frequen-
tist coverage or account for failure to reach the threshold
with the available sensors. Synthetic experiments compared
ordered, random, and all-sensor transmission using mean
squared error and transmission counts. The reported resource
measure was the number of transmissions, however, not total
energy; sensing, listening, synchronization, collision, cancel-
lation, and metadata costs were not measured.

Zhao et al. [75] combined cross-entropy adaptation, subset
simulation, Metropolis-Hastings sampling, and importance
sampling for composite power-system reliability evaluation.
During adaptation, when its burden predictor is calculable,
the procedure estimates total computational burden as the
sum of the cost already incurred and the predicted cost of
the subsequent importance-sampling phase. Under the pseu-
docode convention, adaptation stops at the first iteration that
no longer reduces this total; the newest parameter set is
discarded and the preceding importance-sampling distribu-
tion is retained. Resource economy and statistical sufficiency
are therefore addressed at different stages of the operational
pipeline. The first observed non-decrease is not a demon-
strated global minimum of computational burden, and the
prediction uses assumptions that are not fully aligned with
every implemented sampling component. Comparisons with
alternative reliability methods reported lower runtime and
normalized burden in several power-system cases, but no in-
dependent repetitions or uncertainty intervals were provided,
and the measured cost remains dependent on platform and
implementation.

IV. VALIDATION GAPS AND RESEARCH DIRECTIONS
The discussion examines the principal validation gaps, their
implications for practice, the limitations of the survey, and
priorities for further research.

A. RESEARCH GAPS
This subsection addresses RQ5. Two cross-family gaps con-
cern the evidential basis and operating conditions of cur-
rent stopping criteria. A separate, corpus-bounded application
gap in defense constructive simulation is examined in Sec-
tion IV-B.

1) External Validation and Transferability
This subsection, together with the application analysis in
Section IV-B, addresses RQ4. Evidence produced within the
originating study establishes the initial theoretical or empir-
ical support for a stopping procedure, but provides limited
information about its reproducibility under independent im-
plementation or its validity beyond the conditions in which it
was developed. The relations identified within the 54-study
focal corpus consisted predominantly of continuations by the
originating research group or instances of reuse for which the
operational variant could not be determined precisely. None
contained sufficient documentation to confirm independent
evaluation of the same variant or its transfer to a materially
different domain. This result indicates unresolved evidence
rather than the absence of subsequent validation.
The external assessment likewise identified candidate sig-

nals rather than confirmed external validation. Because the
full texts and relationships between research groups were
not examined, these signals do not establish independent
validation. They also do not determine whether the same pro-
cedural variant was evaluated, which properties were tested,
or whether the application domain differed materially from
the original setting.
Subsequent studies do not consistently document their re-

lationship to the originating contribution, making it difficult
to distinguish conceptual reuse from independent implemen-
tation or a new application context from substantive evidence
of transferability.

2) Stopping under Nonstationary and Heterogeneous
Conditions
Many stopping criteria rely on assumptions of independent
observations, stationarity, or a known dependence structure.
These assumptions permit tractable analysis, but restrict the
conditions under which the resulting guarantees can be in-
terpreted. In operational settings, the statistical properties of
the observed streammay vary during acquisition: dependence
may change, observations may originate from heterogeneous
operating conditions, and transitions between regimes may
alter the information provided by subsequent samples. A
criterion calibrated under a stable process may then interpret
a transient period of apparent stability as sufficient evidence.
17 of the 95 contributions provided demonstrated robust-

ness evidence. Illustrative studies examined specific depar-
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tures from idealized sampling, including contrasting depen-
dence structures and nonnormal marginal distributions [28],
and nonnormal populations generated from gamma and log-
normal distributions [35]. However, these analyses gener-
ally considered predefined forms of dependence or isolated
perturbations. The corpus provides limited evidence about
stopping when dependence, heterogeneity, and changes in the
data-generating process occur jointly or are not known in
advance. The survey therefore provides limited information
about when existing guarantees remain valid as these condi-
tions change.

B. DEFENSE AND OPERATIONAL SIMULATION AS AN
UNRESOLVED APPLICATION GAP
Among the 95 retained operational contributions, none was
evaluated in a defense constructive-simulation or military
operational-analysis workflow. This result concerns the eval-
uations documented in the 54-study focal corpus; it does not
imply that methods developed in civilian, engineering, or
dual-use settings could not be adapted to defense applications.
It identifies a mismatch between the operational demands
documented in defense simulation and the settings in which
statistically motivated stopping contributions have been eval-
uated.

The defense-simulation platform landscape includes mul-
tiple commercial and government environments. The com-
parison accompanying AsaPy examines seven commer-
cial computer-generated-forces packages (STAGE, VR-
Forces, SWORD, VBS4, DirectCGF, Steel Beasts Pro, and
FLAMES) and separately discusses the government-off-the-
shelf AFSIM environment [76]. An independent review pro-
vides a separate comparison of FLAMES, XSIM, AFSIM,
and E-CARGO in terms of distributed capability, modularity,
scalability, and generality [77]. Because the authors could
not obtain FLAMES, AFSIM, or E-CARGO, those assess-
ments relied on public information released by the software
developers rather than direct experimentation. These sys-
tems support different combinations of scenario construction
and execution, synthetic-force representation, training, oper-
ational analysis, and experiment preparation. Among them,
FLAMES and AFSIM are identified as the closest to AsaPy
in their treatment of experimental design and simulation data,
although the reviewed capabilities remain oriented toward
experiment configuration, recording, visualization, or exter-
nally supported analysis rather than an integrated statistical
stopping procedure [76]. The platforms are therefore cited
as operational context, not as evidence that they implement
statistically justified replication stopping or as additions to
the 95-contribution focal corpus.

The Aerospace Simulation Environment (ASA) demon-
strates the scale and structure of this operational demand.
ASA is a distributed constructive-simulation environment
for military operational scenarios in which analysts define
scenario templates, vary initial conditions, execute repeated
scenarios across networked nodes, retain selected messages
and performance metrics, and analyze the results for opera-

tional planning and decision support [7]. The environment has
supported studies involving thousands of engagements and
tens of thousands of simulated weapon launches [7]. These
workflows make the number and cost of scenario executions
operationally consequential, but the published ASA descrip-
tion does not itself define a statistical rule for determining
when the accumulated executions are sufficient.
The companion library AsaPy addresses batch continua-

tion more directly. Its execution controller divides a planned
batch into successive chunks, executes one chunk at a
time, evaluates selected output metrics, and invokes a user-
defined function to decide whether to stop or launch the next
chunk [76]. The published illustration compares the expected
value of a selected metric before and after the latest chunk
and stops when the variation falls below a threshold; the
illustration is explicitly described as naive [76]. The article
does not specify a confidence or coverage guarantee, cal-
ibrate the threshold against premature stopping, provide a
joint rule for multiple outputs, or compare the stopping de-
cision with completion of the planned batch. AsaPy therefore
documents an operationally integrated, data-dependent batch-
control mechanism, but not a statistically validated stopping
criterion.
A separate distinction concerns the endpoint of each simu-

lated scenario. Adjacent defense-modeling research examines
when a squad-level combat engagement should end through
conditions such as total force incapacitation, retreat triggers,
leadership loss, and resource exhaustion [78]. These state-
and event-based rules define the terminal semantics of an
individual combat scenario, and their selection can alter mod-
eled victory and casualty outcomes [78]. They do not deter-
mine when repeated stochastic executions have accumulated
sufficient evidence for estimation or decision support. Sce-
nario termination and replication-process stopping are there-
fore related operational concerns, but they address different
stopped processes.
The closest contributions inside the focal corpus do not

close this gap. One contribution evaluated a sequential track-
before-detect procedure in a synthetic single-target radar
model, where the stopped acquisition unit is the radar
scan rather than a batch of constructive operational sce-
narios [61]. Another evaluated an entropy-based continua-
tion gate through a NATO-enlargement ranking problem, but
the stopped process generates additional subjective expert
evaluations rather than military simulation replications [70].
These studies demonstrate that defense-adjacent settings can
contain formal sequential decisions, but neither evaluates
statistical stopping in a constructive-simulation or military
operational-analysis workflow.
The five families provide partial ingredients for this unre-

solved problem. Precision or uncertainty contributions offer
mechanisms for determining whether an estimate has reached
a prescribed precision; discrete-decision and risk-or-loss con-
tributions connect termination to actions or consequences;
operational-state contributions include diagnostic and control
gates; and resource-aware contributions make evaluations,

VOLUME XX, 2026 15

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3744986

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



Nunes et al.: Stopping Criteria in Simulation: A Survey of Methods, Applications, Challenges, and Future Directions

time, transmissions, or computational burden part of acqui-
sition or termination. These elements cannot be combined
by transferring guarantees between families or procedural
branches. The absence of evaluations in defense constructive-
simulation workflows leaves the open question: how to pro-
vide statistically justified, resource-aware, and interpretable
stopping decisions for multiple operational outputs in defense
constructive simulation.

C. PRACTITIONER GUIDANCE
Whereas Table 4 compares stopping mechanisms, Table 11
maps application constraints to candidate families, required
conditions, and cautions. It provides conditional guidance,
not a ranking or deployment recommendation; guarantees
must be checked for the exact procedure and branch.

D. SURVEY LIMITATIONS
This survey has several limitations. First, the focal search
covered Scopus and Web of Science through four targeted
strategies and was restricted to English-language journal ar-
ticles and conference papers published from 2015 through
2025. Records in languages other than English were there-
fore excluded. The survey also could not assess defense
technical information absent from the searched bibliographic
databases or unavailable for full-text assessment because of
access controls. The Defense Technical Information Center,
for example, holds material classified up to the Secret level
and unclassified technical information subject to distribution
controls [79]. These language and access boundaries may
contribute to the observed defense gap, but their effect was
not measured. These choices provided a reproducible route
to operational stopping contributions, but they do not exhaust
the broader literatures on sequential analysis, adaptive design,
Markov chain Monte Carlo, Monte Carlo error control, or
simulation output analysis. Publisher-specific platforms were
not searched separately. Scopus and Web of Science never-
theless provided cross-publisher bibliographic coverage. The
corpus included publications from 16 publishers or scientific
societies, including Taylor & Francis, IEEE, Springer Nature,
Elsevier, INFORMS, IET, and ACM. This cross-indexing
reduced, but did not eliminate, the risk of platform-specific
omissions because coverage remains selective by source, doc-
ument type, and period. The extent of any such omission
was not assessed. Full texts that could not be obtained and
records outside the publisher boundary were tracked sepa-
rately. The publisher boundarywas an editorial rule for corpus
construction and does not constitute a judgment about the
scientific validity of every affected article or venue. The first
author made the final decisions on study selection, contri-
bution segmentation, family assignment, and evidence-state
classification. The resulting corpus and classifications may
therefore reflect single-assessor judgment.

Second, the contribution-level decomposition increased the
resolution of the synthesis but required judgment. Distinct
branches were separated when they differed materially in
terminal objective, monitored quantity, stopping condition,

update mechanism, output, assumptions, or guarantees. Am-
biguous relations were retained rather than normalized into
artificial equivalence. Similarly, assigning contributions to
families required identifying their principal terminal ratio-
nale. The resulting family profiles summarize the evidence
documented for their constituent contributions and may con-
ceal heterogeneity in mechanisms, assumptions, and evalua-
tion settings. Family membership therefore does not transfer
guarantees or evidence between contributions.
Third, the evidence appraisal describes what the reviewed

studies reported. No formal study-level risk-of-bias instru-
ment was applied. The five appraisal dimensions charac-
terize reported validation and implementation evidence and
were not designed or interpreted as a risk-of-bias assessment.
The 95 contributions were not reimplemented on a common
testbed, and the survey did not independently reproduce their
theoretical guarantees, finite-sample results, computational
measurements, or software behavior. Accordingly, a demon-
strated rating indicates that the source study examined the
dimension; it does not mean that the survey independently
verified the result. The family-level profiles should not be
interpreted as readiness scores, comparative rankings, de-
ployment certifications, or universal recommendations.
Finally, independent validation and outside-domain evi-

dence remain unresolved. The forward-citation assessment
covered 53 source studies in Scopus and the remaining study
through Web of Science, thereby covering all 54 source stud-
ies; candidate documents were screened from titles and ab-
stracts. It did not verify full texts, institutional relationships,
acknowledgments, funding, collaboration, the exact proce-
dural variant implemented, or whether a later application
represented a materially different domain. Relations with-
out detected author overlap are therefore candidate signals
rather than confirmed independent validation. Accordingly,
the absence of defense constructive-simulation evaluations
among the 95 focal contributions is an observation under the
database, document-type, language, and access boundaries
described above; it is not evidence that such work is absent
from restricted collections, non-English literature, or else-
where.

E. FUTURE DIRECTIONS
The research priorities concern external validation, changing
data streams, and operational simulation. The survey does not
resolve these gaps; it delineates research paths for addressing
them, drawing on the evidence assessed and the starting
points identified below.

1) Establishing Traceable External Evidence
The forward-citation assessment (Section II-G) provides an
initial set of 31 documents for full-text examination, listed in
Forward-Citation Candidates for Full-Text Assessment (Sec-
tion IV-F). Assessment can begin with the 3 documents whose
titles and abstracts indicate target-specific use or evaluation,
followed by the remaining 28, which provide less explicit
indications in their titles and abstracts. Full-text examina-
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TABLE 11. Conditional guidance for relating practical constraints to the five stopping families.

When Consider Check Main caution

A fixed precision is required for a
mean or another scalar parameter.

Family 1 - Mean estimation / Other scalar-
parameter estimation.

Target, tolerance, and sampling assumptions. Meeting the precision target does not guaran-
tee coverage.

Precision is required for a quantile or
an extreme percentile.

Family 1 - Quantile estimation. Quantile level, tail behavior, and dependence. Extreme quantiles may require substantial ef-
fort and remain poorly estimated.

Several parameters must be estimated
jointly.

Family 1 - Joint parameter estimation /
Cross-cutting contributions.

Joint stopping condition and scope of the guar-
antee.

Requiring all marginal criteria to pass does not
establish joint coverage.

Precision should scale with the mag-
nitude or variability of the result.

Family 1 - Cross-cutting contributions; also
the subfamily matching the target.

Whether the threshold is relative to the esti-
mated value or to its variability.

Near-zero targets and unreliable scale esti-
mates can impair stopping.

Several object estimates must meet a
standard-error threshold.

Family 1 - Joint parameter estimation, for the
collective object-estimation procedure repre-
sented in the corpus.

Per-object threshold, collective stopping con-
dition, and comparison cap.

Some objects may reach the cap before satis-
fying the error threshold.

Sampling cost must be balanced
against estimation error.

Family 3 - Risk or loss sufficiency. Loss function and acquisition-cost model. Optimality is specific to the model, assump-
tions, and limiting regime.

The result is a selection, classifica-
tion, or detection.

Family 2 - Discrete-decision sufficiency. Required decision guarantee and stopping
boundary.

A cap-forced decision may not retain the reg-
ular guarantee.

A structure or output needs to stabi-
lize.

Family 4 - Operational-state sufficiency. Monitored property and stability threshold. Apparent stability does not establish correct-
ness or complete discovery.

Resource limits govern acquisition or
stopping.

Family 5 - Resource-aware acquisition and
stopping.

Resource measure, budget, and terminal con-
dition.

Reduced resource use does not establish infer-
ential sufficiency.

Note:Rows are not mutually exclusive. For contribution-level guidance, consult the ‘‘Consider when’’ column in the supplementary material (Section IV-F). Check the assumptions
and limitations of the selected procedure before use.

tion would help determine whether these documents report
evaluations of the stopping procedures and whether those
evaluations provide independent or cross-domain evidence.

Future studies evaluating an existing stopping criterion
should identify the operational variant implemented, docu-
ment modifications to the original procedure, and specify
the theoretical or empirical property under examination. As-
sessments of independence should consider the relationship
between the originating and evaluating groups, while claims
of transferability should describe the relevant differences in
data-generating process, inferential objective, and operational
context.

Such documentation would allow later studies to determine
whether independently implemented procedures retain their
reported properties and which assumptions matter outside
the original setting. It would also permit subsequent reviews
to distinguish methodological influence, reproducibility, in-
dependent validation, and cross-domain transfer as separate
forms of evidence.

2) Characterizing Validity under Changing Data Streams
Further research should characterize the behavior of stopping
criteria under heterogeneous and nonstationary data streams.
This includes determining how changes in dependence and
distribution affect stopping time, inferential validity, and re-
source consumption, as well as identifying the conditions
under which an existing criterion can be recalibrated rather
than reformulated.

A practical starting point is to compare stopping criteria
that address the same inferential objective under controlled
simulation conditions. An initial reference condition should
satisfy the assumptions of the selected procedures. Subse-

quent experiments can introduce departures from those as-
sumptions, first separately and then jointly, including changes
in dependence, distributional shape, and variability. Extend-
ing these experiments to changes during data acquisition
would help examine conditions that static comparisons do
not capture. Across repeated independent simulation runs, the
comparison should assess both the sampling effort and the
statistical properties of the terminal estimates or decisions,
rather than treating earlier stopping alone as evidence of
improvement.
Particular attention is needed when structural changes and

stopping sufficiency are assessed from the same accumulat-
ing observations. In this setting, uncertainty about the data-
generating process must be considered when evaluating the
stopping rule. Systematic evaluation across different depen-
dence structures, degrees of heterogeneity, and regime tran-
sitions would help delimit where existing procedures remain
reliable and where their guarantees cease to support the ter-
minal decision.

3) Statistical Stopping in Operational Simulation

Defense constructive simulation provides a relevant setting
for examining how statistical stopping can be incorporated
into an established simulation workflow. Existing platforms
already support repeated scenario execution, batch control,
and the collection of multiple performance measures, but
the available evidence does not establish how termination
decisions should account simultaneously for inferential suffi-
ciency, computational cost, and the operational interpretation
of the outputs.
An initial application can focus on one operational scenario

and one decision-relevant performance measure, selecting a

VOLUME XX, 2026 17

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2026.3744986

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



Nunes et al.: Stopping Criteria in Simulation: A Survey of Methods, Applications, Challenges, and Future Directions

stopping criterion whose assumptions and terminal objective
match that setting. The criterion can then be incorporated
into batch execution and compared with a sufficiently exten-
sive reference campaign. This comparison should examine
whether the reduced simulation effort preserves the required
accuracy or decision performance, while recording cases in
which resource limits are reached before the stopping con-
dition is satisfied. Subsequent evaluations can vary scenario
conditions to determine how far the initial findings extend.

Further research should determine which statistical objec-
tives are appropriate for terminating batches of constructive-
simulation replications and how their validity is affected by
scenario variation, dependence among outputs, and unequal
replication costs. Evaluation in operationally representative
workflows is also needed to quantify premature and delayed
termination, the resources saved, and the consequences for the
estimates or decisions produced. Such studies would establish
whether statistical guarantees transfer to the conditions under
which defense analyses are conducted.

F. SUPPLEMENTARY MATERIAL AVAILABILITY
The supplementary table Operational Contributions and Ev-
idence Profiles provides the contribution-level assessment
underlying the family and evidence profiles reported in
this survey. Its ‘‘Consider when’’ column provides short
target and application-condition phrases for locating rele-
vant contributions. It covers the 95 operational contribu-
tions identified across the 54 primary studies. Supplemen-
tary materials are available at https://github.com/a-nunes/
stopping-criteria-simulation-survey.

The supplementary table Forward-Citation Candidates
lists the 31 external citing documents retained after the
authorship-overlap assessment, with bibliographic metadata
and links. It flags 3 documents as Specific indication, based
on title-and-abstract indications of target-specific use or eval-
uation, and 28 asPotentially relevant. These records provide a
starting point for follow-up assessment; they do not establish
full-text relevance, independent validation, or cross-domain
transfer.

V. CONCLUSION
Stopping is not a single notion of convergence: reaching a
precision target, resolving a decision, accepting an opera-
tional state, and exhausting a budget justify different claims.
A procedure can therefore finish without establishing the
sufficiency its user requires. Selection must ask not only
whether a rule saves effort, but what remains justified when
acquisition ends. A narrow interval canmiss its target, a stable
structure can remain incomplete, and a budget-limited run can
end with unresolved uncertainty. The implemented stopping
condition and supporting evidence must justify the estimate,
decision, or operational claim made at termination; family
membership alone cannot do so.

For practitioners, this leads to a concrete sequence: define
what must be established before stopping, use Table 11 to
locate the relevant part of the taxonomy, and consult the

supplementary material (Section IV-F) to identify candidate
contributions. Selection then depends on whether the proce-
dure’s assumptions, guarantee scope, and reported limitations
match the intended setting. Where that match is uncertain,
the uncertainty should remain explicit rather than being con-
cealed by the fact that a stopping threshold has been crossed.
The three directions in Section IV-E respond directly to

the identified gaps: traceable external evidence and validity
under changing data streams address the two cross-family
gaps, while statistical stopping in operational simulation ad-
dresses the corpus-bounded application gap. The next step
is to establish how reliably stopping decisions support their
intended claims beyond the conditions in which they were de-
veloped. In defense constructive simulation, the focal corpus
does not yet provide that application evidence. Evaluation in
such workflows should examine not only the effort saved, but
also the consequences of terminating too early or continuing
unnecessarily. This would turn a plausible stopping mecha-
nism into evidence for a justified decision about when enough
simulation has been performed.
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