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Abstract:

An automated camera cleaner can complete its commanded action while contamination still
degrades the image. This paper proposes a procedure for verifying visual recovery after a cleaning
intervention. The procedure associates observations with a specific intervention, excludes images
captured before mechanical and optical settling, preserves comparable pre-cleaning evidence, and
requires a bounded sequence of acceptable observations. Residual contamination, obstruction of
designated critical regions, and an independently validated image-usability check jointly determine
acceptance. An exact calculation with an assumed binary Markov error model examines the effect
of temporally correlated false-pass decisions. For a marginal false-pass probability of 0.10, three
consecutive passes within 30 observations give a false-clear probability of 2.506% under
independence and 38.149% when lag-one correlation is 0.70. These are analytical scenario results,
not measurements from a camera or cleaning device. The analysis shows why persistence alone
cannot establish recovery and why the observation horizon must be specified. The contribution is
an intervention-level verification procedure and its conditional reliability analysis; physical
cleaning efficiency and real-world perception recovery remain to be experimentally evaluated.

Keywords: camera lens contamination, cleaning verification, visual recovery, temporal
dependence, camera health monitoring, finite observation horizon.
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Introduction

Camera cleaning has two observable outcomes: the mechanism completes an action, and the
resulting image becomes usable for its intended task. These outcomes can differ. A washer may
discharge insufficient fluid, a wiper may redistribute contamination, or a cleaning cycle may leave a
transparent film that affects contrast. A control system therefore needs evidence from the image after
the intervention before it updates the camera’s recovery status.

Experimental work by Kim et al. demonstrates that droplet contamination affects both optical image
quality and object detection, with effects depending on droplet characteristics and surface properties
[1]. This motivates checking more than the apparent disappearance of a segmented region. 1SO
24650:2024 addresses assessment of cleaning-system efficiency through removal of contamination
from the sensor’s front surface; its published scope explicitly excludes sensor-performance indicators
[2]. An image-based recovery decision consequently addresses a different assessment question from
surface-cleaning efficiency.

The author’s published camera-monitoring framework combines image quality assessment with lens-
defect analysis and discusses response mechanisms [3]. The present work develops one specific
subsequent decision: what evidence permits the system to record an acceptable visual condition after
an identified cleaning action? It does not introduce a new segmentation network or claim improved
defect-localization accuracy. Its contributions are a precise verification procedure, worked boundary
cases, and an exact finite-horizon analysis showing how correlated errors weaken a consecutive-
observation acceptance rule.

Related Work and Study Scope

TiledSoilingNet estimates soiling coverage at the tile level in automotive surround-view images [4].
Such outputs can support residual-contamination assessment, but a coverage estimate alone does not
establish when the image was captured relative to a cleaning cycle or whether a usable condition
persisted afterward. The proposed verifier accepts detector outputs through a defined interface and
treats their correctness as an assumption to be evaluated separately.

The Desoiling Dataset provides paired clean and soiled video information and investigates image
restoration [5]. Paired observations are useful for studying visual degradation, but validating an
intervention verifier additionally requires action timestamps, actuator outcomes, settling periods, and
independent recovery labels. Image restoration also changes image content computationally; it
cannot by itself demonstrate that a physical obstruction was removed.

Confidence must be interpreted carefully. Guo et al. show that neural-network confidence can be
poorly calibrated [6]. Even calibrated class confidence describes the reliability of a specified
prediction under its calibration conditions. It does not measure lens transparency, spatial resolution,
or task performance directly. Accordingly, the procedure keeps defect estimates and image-usability
evidence separate. Their errors may nevertheless share causes, so the analysis does not assume that
combining them makes the resulting decisions independent.

ISO 21448:2022 provides a broader framework for addressing functional insufficiencies in systems
that depend on situational awareness [7]. The present procedure is a proposed monitoring
component, not a demonstration of compliance with that standard or an authorization to resume an
automated-driving function. Vehicle-level operating decisions remain outside the study. No physical
cleaner, trained recovery classifier, or driving dataset was evaluated for this manuscript.

Methodology

This study employed a methodological and analytical research design to develop and evaluate an
evidence-based procedure for verifying camera-lens cleaning outcomes in intelligent vision systems.
Rather than measuring the mechanical efficiency of a physical cleaning device, the study focused on
determining whether post-intervention visual evidence is sufficient to classify a camera condition as
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acceptably recovered. The proposed methodology integrates intervention tracking, observation
eligibility criteria, residual-contamination assessment, image-usability verification, bounded
consecutive confirmation, and probabilistic analysis of false-clear events [8].

Each cleaning attempt was treated as an independent intervention episode and assigned a unique
identifier. Before the cleaning command was initiated, the system retained a checkpoint containing
the most recent valid contamination measurements, acquisition timestamp, camera configuration, and
predefined acceptance thresholds. Following completion of the cleaning action, observations were
excluded during a configurable settling interval to prevent temporary disturbances caused by spray,
wiper movement, exposure changes, or other transient optical effects from influencing the
verification decision.

Two contamination indicators were considered. The first, (S), represents the estimated proportion of
the monitored image affected by contamination, while (C) represents the maximum contaminated
proportion within predefined task-critical regions. These indicators were complemented by a
Boolean image-usability variable, (U), representing independently validated evidence that the
resulting image remained suitable for its intended visual task. An observation was considered eligible
only when it was acquired after the settling period, belonged to the active intervention, had not
previously been counted, matched the required camera configuration, and contained all
measurements necessary for verification [9].

Recovery was verified when (N) consecutive eligible observations satisfied all predefined acceptance
conditions within a bounded verification horizon. A valid failing observation or missing required
evidence interrupted the consecutive sequence. The verification episode was additionally constrained
by a wall-clock deadline and a maximum number (H) of eligible observations. Episodes that failed to
satisfy the complete acceptance criteria were classified, where sufficient comparable evidence
existed, as partial improvement, unchanged, worsened, or inconclusive.

To investigate the reliability of consecutive-observation verification, an analytical false-clearance
study was conducted using a stationary binary first-order Markov error model. The marginal
probability of a joint false pass was denoted by (p), while temporal dependence between successive
decisions was represented by the lag-one correlation coefficient (\rho). An absorbing dynamic-
programming procedure was used to calculate the exact probability that at least one run of (N)
consecutive false passes would occur within (H) eligible observations while unacceptable residual
contamination persisted [10].

The principal analytical scenario used (H=30), with marginal false-pass probabilities of (p=0.05) and
(p=0.10), correlation levels of (\rho=0) and (\rho=0.70), and confirmation requirements of (N=1),
(N=3), and (N=5). The calculation was implemented in Python using double-precision arithmetic. Its
numerical correctness was checked through independent enumeration of binary sequences for
selected horizons and parameter combinations. These calculations represent analytical scenarios
rather than measurements obtained from an actual camera or cleaning device.

Intervention record and observation eligibility

Each cleaning attempt receives an intervention identifier. Before dispatch, the monitor stores an
immutable checkpoint containing the latest valid contamination estimates, their acquisition time, the
camera configuration, and the applicable acceptance thresholds. The record also includes the
command time, completion or fault indication, and the maximum duration allowed for verification. A
completion indication establishes that the controller has finished its action; it supplies no direct proof
of visual recovery [11].

After completion, the verifier waits for a settling interval selected for the actual hardware. This
interval is intended to exclude spray, wiper motion, and short-lived optical or exposure disturbances.
It is a configurable parameter rather than a universal constant. An observation is eligible only if its
acquisition timestamp follows settling, its image identifier has not already been counted, its
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configuration matches the episode, and all required measurements are valid. Processing time cannot
substitute for acquisition time because a delayed result may describe a pre-cleaning image.

Observations and actuator messages must match the active intervention. A stale message from a
previous cycle cannot open or close the current verification window. The verifier requests fresh
measurements even when routine monitoring would otherwise reuse a previous mask. A change in
crop, resolution, calibration, or critical-region definition ends the current comparison as inconclusive.
A new assessment can then start with the new configuration.

Acceptance evidence

Let S denote the estimated fraction of the monitored image affected by contamination. Let C denote
the maximum contaminated fraction among a fixed set of task-relevant image regions. Both
quantities lie between zero and one and are supplied by the existing image-analysis subsystem. The
regions and thresholds are frozen within an intervention. Their selection is application dependent; the
present paper does not derive them or equate image coverage with accident risk.

Let U be a Boolean image-usability check with an independently specified validation target. In a
controlled bench experiment, U could be based on a known optical target under fixed illumination. In
operation, it requires a validated task-specific observable whose availability can be checked. Mean
object-detector confidence is insufficient by itself because an empty scene can produce no detections
without establishing image quality. When the required evidence cannot be obtained, U is unavailable
and the observation is ineligible [12].

For an eligible observation, the joint pass decision is
Bt = 1{St S 05} 1{Ct S 9(;} Ut' (1)

The thresholds express an application-specific acceptable residual condition, not a claim that the lens
is perfectly clean. They must be selected using held-out intervention data. If U is unavailable, the
system does not assign it a default value of one. Likewise, an unobserved region is not assigned zero
contamination merely because no current mask was produced.

Bounded confirmation and terminal outcomes

The verifier accepts the episode when N eligible observations pass consecutively, with acquisition-
time gaps no larger than a configured maximum. A valid failing observation resets the run length to
zero. A scheduled observation with missing required evidence also breaks the run. Duplicate or
unrelated messages are ignored and never extend it; an elapsed-time check resets a run if the
maximum gap is exceeded. Counting follows acquisition order after a bounded reordering allowance.
Results arriving after the verification deadline cannot retroactively change a terminal decision [13].

Two limits bound the procedure: a wall-clock deadline and a maximum number H of eligible
observations. Whichever is reached first closes the episode. Acceptance is checked on the H-th
observation before closing for the observation limit. A successful decision is recorded with the
identifiers of the observations that support it. The terminal record is immutable; ordinary camera-
health monitoring continues and can subsequently detect renewed contamination. Recovery
verification is therefore time-local evidence rather than a permanent camera-health certificate.
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Table 1. Episode outcomes and their interpretation
Outcome Required interpretation

A complete qualifying run satisfies all acceptance checks within both

Verified acceptable limi
imits.

A comparable final window shows reduced contamination beyond

Partial improvement . .
P tolerance, but residual acceptance conditions are not all met.

Comparable final measurements remain within the predeclared change

Unchanged
tolerances.
A comparable final window shows increased contamination beyond
Worsened T . .
tolerance in either monitored quantity.
. Evidence is missing, incompatible, unstable, or insufficient to support
Inconclusive

one of the other outcomes.

For nonaccepted episodes, comparison uses the last N consecutive eligible observations satisfying
the gap rule, if available. The medians of S and C form the final descriptor. Both descriptor ranges
must stay within predeclared stability tolerances; otherwise the outcome is inconclusive. Relative to
the checkpoint, a decrease larger than its change tolerance in at least one descriptor, with no increase
beyond tolerance in either, gives partial improvement. An increase beyond tolerance in either
descriptor takes precedence and gives worsened. Changes within both tolerances give unchanged.
These rules leave reduced total area with increased critical-region obstruction visibly adverse rather
than averaging the two effects.

A missing checkpoint prevents a claim of improvement or deterioration. It also makes the cleaning
episode inconclusive under this procedure; a separate current-condition assessment may still be
performed. An actuator fault is retained as an execution-fault flag and closes the verification attempt
as inconclusive. Failure to verify recovery is not sufficient evidence of permanent lens damage.
Additional inspection is needed to distinguish persistent soiling, internal condensation, a failed
mechanism, and physical damage.

Retries require a new intervention record, an externally specified attempt limit, and a minimum
interval between attempts. Resource and device constraints belong to the cleaner controller. The
verifier reports its outcome and supporting measurements; it does not issue unrestricted repeated
cleaning commands.

Analytical Study of False Clearance
Assumed error process

The numerical study isolates one remaining weakness after message and timing checks: the image-
analysis subsystem can repeatedly pass an actually unacceptable image. Define a false-clear event as
at least one run of N joint false passes while unacceptable residual contamination persists throughout
the verification window. All H observations are assumed eligible and regularly spaced, so no gap or
missing-evidence reset occurs. The analysis concerns this stated condition, not the complete system’s
field failure rate [14].

Let the joint decision B follow a stationary binary first-order Markov process. Its marginal false-pass
probability is p and its lag-one correlation is p. For the nonnegative correlations considered here,
transition probabilities are

a=PB;=11B,.1=1)=p+p(1—p), b=P(B,=11|B;_1=0)=p(—p). (2)
The first observation is Bernoulli with probability p. Independence is recovered when p is zero.
Under this model, the probability that one specified block of N observations all passes is p multiplied
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by a to the power N—1. This block probability is not the probability of finding a qualifying run
anywhere in H observations because candidate runs overlap.

Exact finite-horizon calculation

An absorbing dynamic program computes the probability over all candidate runs. After each
observation, v(r) stores the probability that acceptance has not occurred and the current run length is
r, for r from zero to N—1. F stores accumulated acceptance probability. Initially, v(0) is 1—p; for N
greater than one, v(1) is p and F is zero. For N equal to one, F is p instead.

For each additional observation, start an empty next-state vector. From run length zero use pass
probability b; from a positive run length use a. Send failing probability mass to run length zero. Send
passing mass to the next run length, except that a transition reaching N is added to F. Repeat until H
observations have been processed. F is the requested false-clear probability. Probability mass is
conserved at every step, and the computation requires O(HN) operations and O(N) storage.

The calculation was implemented in Python using ordinary double-precision arithmetic. Independent
enumeration of all binary sequences checked horizons of 5, 8, and 10, run lengths of 1, 3, and 5,
marginal probabilities of 0.05 and 0.10, and correlations of 0 and 0.70. Across 36 parameter
combinations, the largest absolute discrepancy was below 2 x 107!, This checks the probability
calculation for those cases; it does not validate the assumed error process against camera data.

Results and Interpretation

Table 2 reports the exact probabilities for H = 30. Every p and p value is an illustrative assumption.
Values are percentages of hypothetical verification episodes under persistent unacceptable
contamination, not percentages of incorrectly segmented pixels.

Table 2. Calculated false-clear probability within 30 eligible observations

Y p N=1 N=3 N=5
0.05  0.00 78.536% 0.333% 0.000773%
0.05  0.70 38.712% 20.658% 10.324%

0.10  0.00 95.761% 2.506% 0.023498%
010  0.70 62.793% 38.149% 20.754%

For p = 0.10 and N = 3, positive correlation increases the calculated probability from 2.506% to
38.149%. Increasing N to five lowers both values, but the correlated case remains 20.754%. A longer
confirmation run is therefore not a substitute for measuring error persistence or improving the
evidence used by the verifier.

The N =1 rows show a different pattern: positive correlation reduces the probability of encountering
any pass within the fixed window. Errors occur in longer clusters separated by longer failing periods.
Once a cluster begins, however, it is much more likely to satisfy a multi-observation rule. This
distinction explains why correlation cannot be summarized as a universal multiplier on false-clear
probability.

Repeated opportunities also matter. With nonzero transition probabilities and no deadline, a finite run
will eventually occur with probability approaching one, even if p is small. Limiting H prevents
indefinite evidence accumulation, but it does not establish an acceptable application risk. That
requires measured parameters, a justified risk target, and an assessment of model adequacy.

Confirmation has a latency cost even when all observations correctly pass. With the first eligible
observation exactly at the end of settling and regular interval A, earliest confirmation occurs at
settling duration plus (N—1)A after actuator completion. An illustrative 0.5 s settling time and 0.2 s
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interval give 0.5 s, 0.9 s, and 1.3 s for N equal to one, three, and five. Processing delay, acquisition
alignment, failed checks, and missing observations increase these times. These values are scheduling
calculations, not measured execution times [15].

Worked Verification Cases

Table 3 applies the rules to constructed examples. They illustrate decision boundaries and are not a
sampled dataset or an accuracy evaluation. Assume N = 3, an allowed gap of 0.25 s, and otherwise
valid configuration and timing. A pass means all conditions in Equation (1) are met.

Table 3. Constructed cases illustrating verification behavior
Available evidence Decision under the proposed procedure

Completion acknowledgment with no fresh Inconclusive at the deadline; completion alone
images cannot verify recovery.

Verified acceptable if they fall within both episode

Three passes acquired 0.2 s apart after settling limits

One passing image delivered three times One observation counted; no qualifying run.

Results excluded, even if processing completes

Three passing results acquired before settling later

Two passes, missing required evidence, then Run restarts; only the last pass belongs to the new
one pass run.

Three passes with a 0.6 s gap before the third  Gap breaks the run; one current pass is retained.

Total affected area decreases while a critical No acceptance if C exceeds its threshold; stable
region worsens comparable evidence supports worsened.

Residual estimates pass but usability evidence

. . Observation ineligible; no recovery claim.
is unavailable

The examples show why increasing N alone cannot address stale data, duplicated images, or an
unavailable usability measure. Those conditions require explicit eligibility rules. Conversely,
eligibility rules cannot remove a detector’s systematic false negatives, which is the weakness
quantified by the analytical model.

Experimental Validation Requirements and Limitations

A physical evaluation should record complete cleaning episodes, including a clean reference
condition where feasible, controlled contamination, actuator telemetry, post-cleaning images, and an
independent outcome assessment. The same episode must remain within one training, validation, or
test partition. Randomly splitting its adjacent images would allow nearly identical contamination
states to appear on both sides of the evaluation.

Thresholds, settling duration, permitted gaps, N, and H should be selected using validation episodes
and fixed before testing. The main outcome is the proportion of truly unacceptable episodes
incorrectly verified as acceptable. Complementary measures are the proportion of acceptable
episodes verified before the deadline, time to verification, inconclusive-episode frequency, and
cleaning attempts per episode. Reporting only frame-level segmentation accuracy would leave the
intervention decision unevaluated.

The Markov study assumes stationary errors and memory of only the preceding decision. Actual
errors may persist because of one unrecognized defect for an entire episode, change with exposure,
or vary across contamination types. A fitted first-order model must therefore be checked against
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observed run lengths and episode variability. Even a high-quality fit would apply only to the
evaluated operating conditions. The calculation also excludes missing observations; its results must
not be transferred unchanged to a different sampling policy.

Before-and-after improvement establishes a temporal association with the intervention. During
vehicle motion, changing illumination or scene content can alter image-quality measurements
independently of cleaning. Controlled targets or matched reference measurements are needed to
isolate cleaning effects experimentally. In operational use, the system should record the verified post-
action condition without claiming a causal estimate of cleaning effectiveness.

The practical dependency is the usability check U. Until an appropriate observable and its validation
are supplied, the verifier remains a method specification with analytical support. Its conservative
handling of missing evidence can also increase inconclusive outcomes and verification delay. These
costs must be assessed together with false clearance rather than hidden by reporting successful
episodes alone.

Results

The analytical evaluation demonstrated a substantial effect of temporal dependence on the reliability
of consecutive-observation verification. With a verification horizon of 30 eligible observations, the
probability of false clearance varied considerably according to the assumed marginal false-pass
probability, temporal correlation, and required confirmation-run length.

For (p=0.05) under independence ((\rho=0)), the calculated false-clear probability was 78.536%
when only one passing observation was required. Requiring three consecutive passes reduced this
probability to 0.333%, while five consecutive passes reduced it further to approximately 0.000773%.
However, when lag-one correlation increased to (\rho=0.70), the corresponding probabilities were
38.712%, 20.658%, and 10.324% for (N=1), (N=3), and (N=5), respectively.

A similar pattern was observed for the higher marginal false-pass probability of (p=0.10). Under
independence, the probability of false clearance was 95.761% for (N=1), 2.506% for (N=3), and
0.023498% for (N=5). In contrast, under positive temporal correlation of (\rho=0.70), the
probabilities were 62.793%, 38.149%, and 20.754%, respectively. Thus, for (p=0.10) and (N=3),
introducing a lag-one correlation of 0.70 increased the calculated false-clear probability from 2.506%
to 38.149%.

The results further showed that increasing the required number of consecutive passes reduced false-
clear probability under both independent and correlated error conditions. Nevertheless, the reduction
was considerably weaker when errors were temporally correlated. For example, increasing the
requirement from three to five consecutive passes at (p=0.10) and (\rho=0.70) reduced false
clearance from 38.149% to 20.754%, which remained substantially higher than the corresponding
independent-error probability of 0.023498%.

The constructed verification cases additionally demonstrated the importance of observation
eligibility. Three valid post-settling passes acquired within the permitted interval resulted in a
verified-acceptable outcome, whereas repeated delivery of the same passing image counted as only
one observation. Similarly, observations acquired before the settling period were excluded, missing
usability evidence rendered an observation ineligible, and excessive acquisition-time gaps interrupted
an otherwise successful confirmation sequence.

These findings indicate that successful completion of the mechanical cleaning action alone does not
provide sufficient evidence of visual recovery. Verification requires fresh and temporally valid post-
intervention observations satisfying both residual-contamination and image-usability criteria.

Discussion

The results demonstrate that persistence-based verification can strengthen confidence in camera

recovery only when the temporal structure of decision errors is considered. Requiring several
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consecutive acceptable observations appears highly effective under an independence assumption.
However, this apparent reliability can deteriorate substantially when false-pass decisions occur in
correlated clusters. The difference between 2.506% false clearance under independence and 38.149%
at (\rho=0.70) for (p=0.10), (N=3), and (H=30) illustrates the practical importance of temporal
dependence.

This finding is particularly relevant to intelligent vision systems because consecutive camera frames
are rarely completely independent. Persistent contamination, stable lighting conditions, repeated
segmentation errors, or an unrecognized optical defect can cause similar errors across multiple
observations. Consequently, simply increasing the required number of consecutive passes cannot
substitute for validating the underlying contamination detector and image-usability assessment. This
IS consistent with previous research showing that camera contamination can affect both image quality
and object-detection performance [1], while confidence values produced by neural networks may not
always be adequately calibrated [6].

The findings also support separating physical cleaning-system efficiency from image-based recovery
verification. ISO 24650:2024 addresses the assessment of cleaning-system efficiency through
contamination removal from the sensor front surface [2]. The procedure examined in the present
study addresses a complementary question: whether sufficient post-intervention visual evidence
exists to classify the camera condition as acceptable. Therefore, confirmation that an actuator
successfully completed a cleaning command should not automatically be interpreted as confirmation
that visual functionality has been restored.

Observation eligibility represents another important component of the proposed architecture. The
worked cases demonstrate that stale images, duplicated observations, pre-settling frames, missing
usability evidence, and excessive temporal gaps cannot be corrected merely by increasing (N). These
cases require explicit intervention association, timestamp validation, configuration consistency, and
evidence-availability rules. This distinction is particularly important for asynchronous intelligent
systems, where the time at which an analysis result is received may differ substantially from the
acquisition time of the underlying image.

The results further indicate that a finite observation horizon is necessary. Without a bounded horizon,
repeated opportunities can eventually produce a qualifying sequence even when the marginal false-
pass probability is relatively small. Limiting the number of eligible observations therefore prevents
indefinite accumulation of evidence. Nevertheless, selecting appropriate values of (N), (H), settling
duration, acceptance thresholds, and maximum observation gaps requires empirical validation rather
than analytical assumptions alone.

Several limitations should consequently be acknowledged. The reported probabilities were generated
from an assumed first-order Markov model and should not be interpreted as measured failure rates of
an actual camera-cleaning system. No physical cleaner, real-world intervention dataset, or
experimentally validated recovery classifier was evaluated in this study. Furthermore, actual decision
errors may exhibit higher-order temporal dependence, contamination-specific behavior, exposure-
dependent variation, or episode-level persistence that cannot be completely represented by a
stationary first-order Markov process.

Future experimental research should therefore evaluate the proposed verification procedure using
instrumented cleaning episodes containing controlled contamination, actuator telemetry, pre- and
post-cleaning images, and independently established recovery labels. Such experiments should
measure episode-level false-clear rates, successful verification rates, verification latency,
inconclusive outcomes, and the number of cleaning attempts required. These measurements would
provide the empirical evidence necessary to determine operational thresholds and assess whether the
proposed analytical verification architecture translates into reliable real-world camera-health
monitoring.

Conclusion
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The proposed procedure verifies camera-cleaning outcomes using observations tied to one
intervention, explicit settling and freshness requirements, a joint residual-contamination and usability
check, and bounded consecutive confirmation. It distinguishes acceptable post-action evidence from
completion of a cleaning command and preserves inconclusive outcomes when the evidence is
insufficient.

Exact calculations under an assumed Markov error model show that temporal dependence can greatly
weaken the apparent benefit of consecutive passes. For p = 0.10, three passes within 30 observations
produce 2.506% false clearance under independence and 38.149% at correlation 0.70. The result
supports measuring decision-error persistence and setting a finite observation horizon. Validation
with instrumented cleaning episodes is necessary before selecting operational thresholds or making
claims about real-camera reliability.
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