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ABSTRACT: Parking information is often split between occupancy sensors, payment services and local restriction records. This makes it
difficult to tell drivers where they may park, estimate whether a space will remain available, and explain an enforcement decision from a
consistent record. This paper proposes ParklQ, an engineering framework that connects these tasks through a shared representation of individual
parking bays. The design combines six layers: sensing, a geospatial bay model, time-dependent restrictions, data fusion, occupancy forecasting
and user services. A temporal convolutional network and a gradient-boosted model are proposed for probabilistic forecasts at 15-minute
intervals up to 90 minutes ahead. An associated enforcement workflow preserves evidence for authorised review, while a separate commercial
model supports bookings and service provision. The contribution is a system specification and prospective evaluation protocol; no trained-
model results, operational savings or deployment outcomes are reported. The protocol compares the proposed ensemble with simpler baselines,
separates training from future observations, and tests calibration, sensor failures and transfer between locations. It also distinguishes evidence
integrity from the correctness and legal validity of an enforcement decision. The framework provides a testable basis for investigating whether
shared bay information can improve parking guidance and operational accountability. Its value will depend on data quality, lawful access to
information, user participation and evidence from a controlled pilot.
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1. INTRODUCTION

A driver approaching a destination needs to know more than whether a parking space is empty. The space must be suitable for the vehicle, available
at the expected arrival time and permitted for the intended duration. Payment applications, occupancy feeds and restriction records can each answer
part of this question. The engineering difficulty is to keep their answers consistent as vehicles arrive, restrictions change and observations become
stale.

Parking search can add unnecessary circulation to busy streets. Shoup's (2006) analysis describes this mechanism across different urban settings,
but its findings should not be read as a fixed percentage of traffic in every city. A UK study published by INRIX in 2017 estimated 44 hours of
parking search per driver annually and a national cost of £23.3 billion (INRIX, 2017). These historical estimates establish the scale of the problem
at the time of the study; they are not measurements of present-day conditions or estimates of what ParklQ would save.

Parking also involves competing uses of limited street space. Loading, accessible parking, residents' permits, short stays and electric-vehicle
charging can impose different requirements on the same location. Sha et al. (2024) examined alternative uses of on-street parking in a model of
Leicester, illustrating how changes in kerbside allocation can affect traffic, safety and emissions under specific connected-vehicle scenarios. Such
scenario results motivate careful evaluation; they do not establish the effect of a new parking platform.

ParklQ is proposed as a shared information layer for drivers, authorities and space operators. Its principal design choice is to connect sensing,
restrictions, prediction and evidence through a versioned bay record. This paper specifies the architecture, the forecasting problem, an evidence-
preserving enforcement workflow and a prospective evaluation. Commercial arrangements are examined as deployment assumptions rather than
demonstrated sources of income. The contribution lies in making these dependencies explicit and testable. It does not claim that integration is
absent from all existing products or that the proposed ensemble outperforms established models.

2. LITERATURE REVIEW

2.1 Sensing and service integration

Smart parking has been studied as a combination of information collection, infrastructure deployment and services for users. Lin et al. (2017)
organise this broad ecosystem into those interconnected themes. Barriga et al. (2019) examine sensors, communication protocols and software
components, showing why selecting a detector alone is insufficient to specify a working service. Fahim et al. (2021) compare systems across their
sensing, networking, interfaces and computational approaches. Biyik et al. (2021) likewise discuss the relationship between detection technologies
and communication infrastructure.
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More recent reviews cover context-aware urban systems and the digitalisation of parking services (Zulfigar et al., 2023; Channamallu et al., 2026).
These studies support an integration-oriented design, while also showing that integration itself is not a sufficient novelty claim. Rocco et al. (2023)
consider an architecture serving public authorities and private users, including reservation-based parking. ParklQ therefore needs to be assessed
against comparable service architectures, not only against standalone prediction algorithms.

The observation layer introduces practical constraints. Perkovi¢ et al. (2020) examine sensor performance and energy use, which are relevant to
maintenance and battery replacement in a dispersed installation. Zeng et al. (2024) place parking sensors within a broader review of loT
applications, communication and data processing in smart cities. Navpreet et al. (2025) review parking-space detection and classification methods
and their evaluation datasets. Together, these studies motivate explicit treatment of missing readings, occlusion, device health and the distinction
between a sensor observation and independently checked ground truth.

2.2 Parking prediction

Vlahogianni et al. (2016) investigate real-time parking prediction using observations from an instrumented city. Xiao et al. (2018) develop a model-
based approach to parking availability, while Yang et al. (2019) combine multiple sources of spatial and temporal information in a deep-learning
framework. These are useful precedents, but they address different targets and operating conditions. A model predicting a car park's available
capacity does not necessarily solve the question of whether one particular bay will be free when a driver arrives.

Recent surveys make these distinctions central to the choice of data, models and metrics (Ma et al., 2024; Xiao et al., 2023; Cao et al., 2024).
Representation learning for parking data management is considered by Yang et al. (2022). Liu et al. (2021) study regional inflow and outflow for
shared parking, and Feng et al. (2022) model spatial and temporal relationships in zone-level availability. Hao et al. (2023) connect spatiotemporal
learning to curb management. These studies suggest that both temporal history and relationships between locations deserve attention, although
neither should be assumed to improve every deployment.

Operational constraints also matter when choosing a model. Dia et al. (2022) compare predictive performance with execution time and resource
requirements. Enriquez et al. (2024) combine occupancy prediction with a fog-computing architecture and examine response delay. ParklQ
accordingly treats a temporal convolutional network and gradient boosting as candidates to test. A more complex ensemble would be justified only
if it improves useful forecast quality without unacceptable computational or maintenance costs.

2.3 Privacy and accountable decisions

Al Amiri et al. (2019) propose a parking system using a consortium blockchain and private information retrieval to protect the privacy of parking
queries and reservations. That use case differs from preserving evidence for an enforcement decision. ParklQ considers a ledger only as an optional
integrity mechanism for evidence records. A hash can help reveal later alteration; it cannot establish that a camera identified the right vehicle, a
sensor observed the right bay, or a restriction was correctly applied.

The proposed evaluation also draws on work outside parking. Roberts et al. (2017) explain why validation must respect temporal and spatial
dependence. Kapoor and Narayanan (2023) show how leakage can produce optimistic machine-learning findings. Gneiting et al. (2007) provide a
foundation for evaluating probabilistic forecasts through calibration and sharpness, and Gama et al. (2014) review adaptation to concept drift.
These principles inform the test protocol rather than supplying evidence of ParklQ's performance.

3. MATERIALS AND METHODS

3.1 Study design and scope

This is a design-and-evaluation protocol. The research artefact is a proposed architecture with data contracts, decision rules and a prospective
validation plan. No pilot dataset was collected or model trained for this paper. The literature review is a focused narrative synthesis of relevant
engineering work, not a systematic review or meta-analysis. Its purpose is to identify design choices and tests, rather than to estimate a pooled
effect or establish an exhaustive novelty claim.

The intended setting is urban parking in the United Kingdom. The initial enforcement discussion is scoped to England because the cited statutory
guidance applies there (Department for Transport, 2022). Deployment elsewhere would require a separate review of the applicable rules. Likewise,
public civil enforcement and private parking management are separate operating regimes; a shared software platform must not treat their powers,
notices or appeal procedures as interchangeable.

Three user groups define the requirements. Drivers need understandable restrictions and credible availability information. Authorities need reliable
observations, auditable decisions and tools for reviewing exceptions. Space operators need controlled listing, booking and settlement. Table 1
connects these needs to proposed functions and observable tests. All functions remain design proposals.

Table 1. User requirements and proposed tests
User need Proposed function Evidence needed
Find a suitable space Arrival-time availability with restrictions  Forecast quality; suitability errors; observed search time

Explain a possible Versioned rules and retrievable evidence  Independent case audit; incorrect-case rate; review time
contravention

Manage private capacity Listing, booking and settlement Realised occupancy; cancellations; net operating margin
Manage changing bay uses  Time-dependent rules and charger status  Rule-update delay; stale-status rate; exception handling

Maintain service reliability — Freshness checks, fallback and rollback ~ Outage tests; latency; recovery time
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3.2 Bay records and data provenance

Each bay would have a stable identifier, geometry, ownership, bay type, sensor bindings and a history of applicable restrictions. A restriction
record would include its source, version, effective dates, permitted uses, maximum stay and relevant exceptions. A prediction or enforcement case
would refer to the rule version that applied when the event occurred, allowing later reviewers to reconstruct the decision.

Ordnance Survey geometry and authority records are candidate inputs, subject to licensing, coverage and local data quality. Neither mapping
geometry nor a payment record is assumed to provide a complete, authoritative bay inventory. Before a pilot, the proposed inventory would be
reconciled with field observations, signage and the authority's restriction records. Unresolved locations would remain unavailable for automated
case progression.

Events would carry both the time of observation and the time they reached the platform. This distinction matters when a delayed reading arrives
after a forecast has been issued. Sensor health, source identity and confidence would be retained alongside the observation. Conflicting or stale
observations would produce an uncertain state rather than a forced occupied-or-free label. Sensitive identity data would be separated from routine
occupancy features.

3.3 Six-layer architecture

Figure 1 presents the six-layer design. The sensing layer receives occupancy transitions from candidate magnetometer or radar devices, camera
observations where appropriate, and optional aggregated app signals. LoRaWAN and NB-IoT are candidate communications technologies. A
three-second sensor reporting interval is a design target to test, not a measured device capability. Camera observations at a zone entrance cannot
by themselves identify the bay occupied by a vehicle; any such association would need a separately validated method.

The second layer maintains the geospatial bay record. The third applies time-dependent restrictions and exceptions. The fourth reconciles
observations with their provenance and freshness. These layers produce an operational state that keeps physical occupancy, permitted use and
payment status distinct. For example, a vehicle can occupy a bay while the platform lacks sufficient evidence to decide whether its use is permitted.
The fifth layer issues occupancy forecasts. The sixth exposes appropriately limited information to a driver application, authority dashboard and
operator portal through a common API. Proposed driver functions include availability guidance, restriction explanations, payment and reminders
at 80% and 95% of the permitted stay. These reminders are service features, not replacements for signage or legal notice requirements. Authority
functions include review queues and dispatch support; operator functions include listing, availability management and settlement.

1 Sensing
Occupancy devices, authorised camera observations and optional app signals

-

2 Geospatial bay model
Stable bay identifiers, geometry, ownership and source provenance

v

3 Restrictions and exceptions
Versioned rules, effective times, permitted uses and authorised updates

v

4 Data fusion

Freshness, conflicting abservations, device health and uncertain states

-

5 Occupancy forecasting
Temporal network + gradient boosting; 15 to 90 minute horizons

v

6 User services
Driver guidance | Authority review and dispatch | Operator services

Shared record; physical occupancy, permilled use and payment remain distinct

Figure 1. Proposed six-layer architecture. All layers refer to a versioned bay record; the diagram represents a design rather than a
deployed system.

3.4 Candidate data inputs

Table 2 specifies 18 input categories and separates forecast inputs, operational records and evaluation outputs. This is a candidate data specification,
not an acquired training corpus. Each source would need an owner, access agreement, coverage assessment and quality check before use.

In particular, prediction errors become available only after the relevant outcome has been observed. They can support monitoring and later
retraining but cannot be features for the prediction being scored. Emission factors belong in the impact assessment, not in the occupancy target.
App interactions measure behaviour among participating users and may not represent all drivers. Opt-in GPS signals would require a documented
collection purpose and safeguards before entering any analytical pipeline.
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Table 2. Candidate data specification

Category Candidate source / cadence Intended use and constraint

1 Sensor occupancy In-ground 10T / 3 s target Observation and candidate label; independent audit required

2 ANPR observations Authorised cameras / event-driven Identity and entry/exit evidence; does not itself locate a bay

3 GPS density Opt-in app / real time Aggregated demand context; participation bias and privacy controls
4 Bay geometry Licensed mapping / nightly Location and zone features; field validation needed

reconciliation

5 Parking restrictions Authority records / change-driven Rule interpretation; preserve versions and urgent updates

6 Session history Platform records / continuous Past use patterns; future duration excluded from features

7 Prediction errors Evaluation log / after outcome Monitoring and later retraining only

8 Weather Forecast provider / hourly Forecast available at issue time; no realised future weather

9 Event schedules Local or organiser feeds / weekly and Known demand context; preserve publication timestamps
updates

10 School term dates Local authority or school calendar / Local calendar effects; check school-specific exceptions
termly

11 Road closures Relevant road authority / updates Known access changes; distinguish scheduled and observed events

12 Traffic flow Local or national feeds / 15 min target ~ Arrival-time context; record feed delays

13 Charger telemetry Charge-point operator / real time Charger status, separately from parking occupancy

14 Transport timetables  Rail and bus feeds / daily and updates Scheduled connections and park-and-ride context

15 Cross-city patterns Permitted aggregates / nightly Transfer experiments; disclosure-risk and domain-shift checks

candidate
16 Emission factors Applicable official factors / annual Impact assessment only; not occupancy labels
17 Utilisation history Occupancy records / continuous Past utilisation; derive within training periods
18 Interaction logs Permitted app telemetry / continuous  User-service evaluation; not representative of all drivers

3.5 Prediction target and proposed ensemble

For bay b, forecast issue time t and horizon h, let y(b,t+h) equal 1 when the bay is physically occupied and 0 when it is free. Missing or disputed
observations are excluded from the primary label set and reported separately. Horizons are 15, 30, 45, 60, 75 and 90 minutes. The model estimates
the probability of occupancy using information available at the issue time:

p(b,t,h) = P[y(b,t+h) = 1 | information available at time t] (1)

The first candidate model is a temporal convolutional network using recent occupancy sequences and time indicators. The second is a gradient-
boosted model, with XGBoost proposed as an implementation option, using lagged occupancy and contextual features such as weather forecasts,
scheduled events, road closures and observation quality. Features must reflect what was known at time t. Realised future weather, completed
session duration and later corrections to a rule record must not enter a retrospective forecast as if they were available earlier.

For each horizon, a weighted combination of the two predictions would be fitted on development data. The combination weight and any calibration
transformation would be selected without using the final test period. The architecture does not fix an optimal network depth, history length or tree
configuration before data are available. A pilot protocol would record the search space, optimisation budget, random seeds and selected settings
before final testing.

An occupancy probability is not a direct measure of sensor reliability or legal confidence. The interface would display predicted availability,
observation freshness and data-quality status separately. For initial testing, predictions with max(p, 1 - p) below 0.65 would be labelled uncertain.
This decision rule would be validated separately from calibration and data quality. Uncertain forecasts should remain visible with a clear
qualification, and guidance should fall back to coarser zone-level information where individual bays cannot be observed reliably.

3.6 Validation and model updating

The evaluation would use chronological training, validation and test periods, with a gap of at least the maximum forecast horizon where necessary
to prevent target overlap. All preprocessing, feature selection, ensemble weights and calibration would be fitted within the development portion.
Nearby observations and repeated records from the same parking event would not be randomly distributed across train and test sets. Separate tests
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would hold out locations to assess spatial transfer, following the distinction between interpolation and extrapolation discussed by Roberts et al.
(2017).

The proposed update cycle is shown in Figure 2. A trailing 90-day window and threefold weighting of the latest seven days are initial choices for
comparison with unweighted and alternative-window baselines. The final 24 hours would be reserved for candidate validation, outside the training
window; labels must have matured before evaluation. A single day may be unrepresentative, so promotion would also require acceptable
performance across longer rolling validation periods and relevant operating conditions.

Retraining is provisionally scheduled for 02:00 local time, with an explicit policy for daylight-saving transitions and UTC event storage. The
existing model would remain active unless the candidate passes predeclared forecast, calibration and service checks. Persistent sensor errors would
trigger investigation rather than automatic repeated fitting to corrupted labels. Versioned models, rollback and drift monitoring would make the
update process inspectable (Gama et al., 2014). No claim is made that this process has been implemented or timed.

1 Check observations 2 Separate data periods

Event time, arrival time and independently — | Chronological training and validation; matured
checked labels outcomes

4 Evaluate candidates 3 Fit candidate models

Forecast quality, calibration and service “+— Baselines. ensemble weights and probability
checks calibration

5 Retain or deploy 6 Monitor outcomes

Promote only after checks; keep rollback — | Drift and device errors inform later update
available cycles

Completed outcomes support later updates; final test data remain untouched.

Figure 2. Proposed model update cycle. Completed outcomes support later updates, while final test data remain excluded from model
selection.

3.7 Evidence-preserving enforcement workflow

Figure 3 shows a proposed sequence from an observation to a reviewed case. A possible contravention would first be checked against the applicable
rule, vehicle-to-bay association and available exemptions. Missing evidence or inconsistent records would route the case to review or closure. A
forecast of future occupancy would never be used as evidence that a contravention occurred.

The evidence package would record timestamps, source identifiers, the relevant rule version, observation quality and authorised review actions.
Where justified, encrypted images or other evidence would be held in access-controlled storage. An optional permissioned ledger would store
integrity references rather than raw vehicle identifiers or images. Even a digest can remain linkable in some contexts, so its retention and access
controls would need assessment alongside the underlying record.

An observation-confidence threshold of 0.85 would be tested as a candidate rule for case triage. It would not, by itself, authorise a penalty.
Notification, applicable grace periods, keeper-data access and notice issuance would follow the relevant authority's lawful procedure. England's
civil parking enforcement guidance limits the circumstances in which camera evidence can support postal notices; it does not provide a general
route to automatic penalties for every sensed bay (Department for Transport, 2022). A configurable timer cannot override those restrictions.
Human review would be the default pilot arrangement. The proposed 48-hour internal override window is an operational service target, not a limit
on statutory challenge or appeal rights. Driver reminders would be optional assistance: failure to receive an app alert would not be treated as
evidence against a motorist. Retention would follow documented purpose and necessity, rather than a blanket seven-year rule. ICO guidance on
ANPR supports minimising retention of information about vehicles that are no longer relevant to the processing purpose (Information
Commissioner’s Office, n.d.).
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1 Flag a possible contravention
Use observations, not forecasts; confirm vehicle-to-bay association

v

2 Check rules and exceptions
Reconstruct the applicable rule version and required evidence

v

3 Preserve the evidence package
Controlled off-chain storage; optional digest in an integrity log

v

4 Apply the lawful process
Appropriate notification and grace rules; unresolved cases go o review

v

5 Authorised decision
Human review by default; issue only where evidence and legal powers permit

v

6 Review, challenge and retention
Record reasons and corrections; maintain appeal routes and deletion schedules

Al every stage: uncertain or insulficient evidence can lead to review or closure,

Figure 3. Proposed evidence and review workflow. Uncertainty can stop case progression; an integrity log does not establish the
correctness or legality of a decision.

3.8 Commercial assumptions and cost assessment

Table 3 records the proposed indicative commercial ranges. They are assumptions for sensitivity analysis, not market quotations, contracts or
forecasts. The assessment would distinguish subscription income and booking revenue from penalty receipts. Civil enforcement should pursue
compliance and transport objectives rather than revenue or notice-volume targets (Department for Transport, 2022). A per-case processing charge
would therefore need scrutiny for incentives as well as cost recovery.

RAC Foundation's analysis reported £2.163 billion of parking income and a £1.094 billion surplus among 295 English councils reporting for 2024-
25 (RAC Foundation, 2025). These totals indicate the financial scale of parking operations; they are not an addressable-revenue estimate for
ParklQ. No share of that income can be attributed to the proposed system without local evidence.

A simple private-site example illustrates the importance of explicit assumptions. With 200 spaces, 30% utilisation, one £3 paid session per occupied
space per night and 30 nights, gross monthly receipts would be £5,400. At a 5-8% commission, the platform's gross share would be £270-£432
before costs. The calculation assumes demand and permission to offer the spaces; neither has been demonstrated. It also excludes payment charges,
tax, refunds, staffing, installation and maintenance.

Any pilot business case would include sensor replacement, connectivity, mapping licences, cloud services, support, officer review, appeals and
cybersecurity. The framework does not assume that detection technology replaces a specified number of officers. Carbon-credit issuance remains
a speculative future option requiring a recognised methodology and independent verification; an estimated reduction in driving is not automatically
a tradable credit.

Table 3. Illustrative commercial assumptions

Stream Charging basis Proposed range or condition

Council service licence Per city per month £8,000-£15,000

Case processing Per notice / case £1.50-£3.00; incentive and procurement review required
Business subscription Per month £99-£999

Booking commission Share of booking value 5-8%; depends on actual booking price

Data API licence Per city feed per year £10,000-£50,000; subject to source rights

Carbon credits Potential future activity No forecast value; methodology and verification unresolved
White-label licence Per year £100,000-£500,000; no contracts assumed
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3.9 Prospective evaluation protocol

The initial deployment plan specifies a single-city pilot of 200-500 sensors and 3-5 candidate ANPR locations, subject to suitability and approval.
Months 1-6 would prioritise bay mapping, data quality, guidance and shadow-mode case review. Months 7-12 would test forecasting and, only
where authorised, additional operational functions. Months 13-18 would examine pricing, impact accounting and external data interfaces.
Expansion to five further cities during months 19-30 would depend on the preceding evidence. These are planning stages, not confirmed
partnerships or a funded timetable.

Before collection begins, the study team would register the final hypotheses, outcome definitions, exclusion rules and analysis plan. This paper
does not claim that such registration has already occurred. Sample size and duration would be justified from expected event rates and clustering
by location and time, rather than from sensor count alone. Independent manual audits would estimate label error and examine disagreements
between observation sources.

Table 4 specifies five evaluation questions. Forecast comparisons would include persistence, time-of-week frequency, logistic regression, gradient
boosting alone and the temporal network alone. A spatial model would be included if the available network supports a meaningful comparison.
All models would use the same information cut-off, eligible observations and testing periods. Ablations would remove contextual features, recency
weighting, cross-location transfer and individual sensor sources in turn.

Brier score and log loss would assess probabilistic forecasts, with reliability plots and calibration error by horizon. Precision, recall and class
prevalence would accompany any threshold-based accuracy result. Accuracy aspirations of 70% by month 6 and 82% by month 12 are exploratory
planning values rather than primary success criteria: a highly occupied area could exceed them with an unhelpful constant prediction. Uncertainty
intervals would account for temporal and spatial clustering.

For operational outcomes, the preferred design is a phased rollout with comparable untreated locations and a pre-intervention baseline. Analysis
would account for changes in tariffs, restrictions, traffic demand and observation coverage. Detecting more contraventions after installing sensors
is not necessarily an increase in actual violations. A common audit method is therefore needed before and after implementation. Claims about
search time or emissions would require observed travel outcomes and a stated counterfactual, not only app activity or model accuracy.

Table 4. Prospective evaluation questions

Question Primary comparison or measure Interpretation

H1 Forecasting Brier score, log loss and calibration at each horizon Ensemble must justify added complexity; report
against common baselines clustered uncertainty

H2 Compliance Audited violation rate per observed vehicle-hour, Separate behaviour change from increased detection
before/after with controls coverage

H3 Financial Lawful parking receipts and full operating costs; report Test sustainability; no target to maximise penalties

viability penalty receipts separately

H4  Search and Observed search duration and distance, with stated Do not infer environmental savings from model
emissions emission factors and counterfactual accuracy

H5 Decision fairness Incorrect-case rate, appeal outcomes and resolution time; Interpret appeal rates with access and uptake, not as
audit by location and bay type a standalone fairness score

Service targets remain separate from research findings: map-API latency at the 95th percentile of no more than 200 ms, sensor-to-map propagation
within 10 seconds and 99.9% driver-service availability. These targets would be measured under declared loads and realistic failure conditions.
Security, access controls, accessibility and retention would be tested as requirements; they are not certified properties of the present design.

4. RESULTS AND DISCUSSION

4.1 Design outputs and their interpretation

The output of this study is the connected specification in Figures 1-3 and Tables 1-4. It defines how a bay observation would be linked to a forecast,
a service response and, where appropriate, an evidence record. There are no empirical prediction results or measured operational benefits to report.
The proposed architecture is useful only to the extent that its interfaces and assumptions can be implemented and tested.

The shared bay record offers a way to trace disagreement between services. For example, if an application recommends a physically empty bay
that is reserved for loading, the issue may lie in rule interpretation rather than occupancy prediction. If a bay is recommended from an old
observation, the fault may instead be freshness handling. Separating these states helps assign failures to the component that needs correction and
avoids reporting all unsuccessful recommendations as model errors.

This separation also limits the role of the ledger. Integrity verification can establish that a retained evidence package matches a previously recorded
digest. It cannot validate a defective sensor or resolve an ambiguous restriction. A conventional signed append-only audit log should therefore be
evaluated alongside a permissioned ledger. The comparison should cover recovery, access management, correction workflows, operating cost and
the actual trust relationships between participating organisations.
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4.2 Implications for kerbside operations

The system could support more targeted officer dispatch, but officers would still investigate exceptions, address safety problems and review
disputed cases. Staffing benefits would need workload observations rather than assumptions about posts removed. The dashboard should show
evidence quality and data gaps alongside possible contraventions so that a dense sensor installation does not automatically dominate operational
attention.

Preparing machine-readable restrictions is itself a substantial task. Changes to loading hours, temporary suspensions or event rules must reach the
operational model in time and retain their source. A nightly update can provide a routine reconciliation cycle but may be inadequate for urgent
changes. The pilot should measure update delays and disable affected functions when authoritative status is uncertain.

For electric-vehicle bays, parking occupancy and charger operation are related but different. An empty space may have a failed charger, while a
charging session may continue to appear active after its data feed becomes stale. Guidance would therefore need both bay and charger status, with
separate timestamps. Accessible parking likewise requires information about eligibility and physical suitability; a high predicted vacancy alone is
insufficient.

4.3 Fairness, privacy and incentives

A system used for public decisions must be understandable to people who do not use its application. Signage, payment alternatives, accessible
communications and existing challenge routes remain necessary. The pilot should examine erroneous cases, time to resolution and user experience
across locations and bay types, including areas with poor connectivity. Any demographic analysis would require a justified and lawful data
collection plan rather than inferred personal attributes.

The governance problem extends beyond access control. More observations can increase the number of cases presented to officers even when
compliance has improved. If success is defined by notice volume or income, the platform could reward that increase. The proposed evaluation
instead separates compliance, incorrect decisions, lawful parking receipts and operating costs. These outcomes may move in different directions,
and the study should report that rather than compress them into a single commercial score.

Sharing aggregated patterns between cities may reduce exposure of individual records, but aggregation alone does not establish anonymity.
Transfer data would require a disclosure-risk assessment and controls on small groups, rare events and repeated releases. Similarly, opt-in app
users may differ from other drivers. Findings from their journeys should be reported with the participation rate and the resulting limits on
representativeness.

4.4 Limitations and reproducibility

The main limitation is the absence of empirical validation. Data availability, local permissions, label quality and implementation effort remain
uncertain. Models developed in other cities provide methodological precedents rather than transferable performance guarantees. Seasonal demand,
changes to tariffs, sensor failures and driver responses to guidance may all alter the problem after deployment. Guidance itself can redirect demand,
so a model trained before launch may need reassessment once users act on its predictions.

The proposed ensemble adds maintenance work and may offer little advantage over a simpler baseline. Likewise, bay-level prediction may prove
unreliable where vehicle turnover is high or observations are sparse. The pilot should permit a negative result: zone-level guidance, a simpler
model or a conventional audit log may be more appropriate. Commercial viability and environmental benefit also remain open questions.

A future reproducibility package should include the bay schema, feature definitions, time cut-offs, model settings, split identifiers, training code,
seeds and evaluation scripts. Data should be released only where rights and privacy safeguards permit. If raw records cannot be shared, documented
synthetic examples and restricted-access procedures can support scrutiny, but they must be labelled clearly and must not be presented as the
empirical pilot dataset. Protocol amendments and unsuccessful model variants should be recorded alongside favourable results.

5. CONCLUSION

ParklQ proposes a shared bay-level architecture for parking guidance, occupancy forecasting, evidence review and operator services. The
contribution is an engineering specification and an evaluation protocol that makes data provenance, uncertainty and decision accountability
explicit. It does not establish prediction accuracy, financial returns or reductions in congestion and emissions.

The next step is a bounded pilot with checked bay records, authorised data access and independently audited observations. Simpler forecasting
models and conventional audit logs should remain credible alternatives throughout that evaluation. Evidence from these comparisons would
determine whether the proposed integration improves parking decisions and whether it is practical to maintain beyond a single deployment.
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