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Highlights 

• A unified three-level framework links aggregate demand dynamics, latent-demand 
reconstruction under capacity constraints, and spatial demand estimation over the 
road network. 

• Censored demand at fully occupied parking zones is reconstructed from a beta arri-
val profile and cohort-specific parking-duration survival curves. 

• The framework supports scenario analysis of tariff changes, capacity changes, and 
the expected utilisation of newly introduced parking zones. 

• Interpretable regression results show that short stays are driven mainly by centrality 
(and, directionally, commercial activity), whereas longer stays are more price-sensi-
tive. 

Abstract 

Estimating paid parking demand is difficult when transaction data are censored by full 
occupancy and when tariff changes create structural breaks. This study proposes an inter-
pretable three-level framework combining (i) dynamic modelling of the cumulative client 
base and aggregate parking demand, (ii) recovery of model-implied latent potential de-
mand in capacity-constrained zones using a transferred beta arrival profile and cohort-
based survival curves, and (iii) spatial allocation of capacity-adjusted demand using road-
network accessibility, land use, tariffs, capacity, and competitive-supply factors. Demand 
is estimated separately for four parking-duration groups using transaction data from Vla-
divostok, Russian Federation. Three validation questions are kept distinct. A one-origin, 
15-month aggregate revenue scenario forecast after the June 2025 tariff change achieved 
MAPE 6.5% versus 18.8% for a seasonal-naive benchmark. Leave-one-zone-out spatial 
cross-validation produced OLS R2 values of 0.49–0.63 across duration groups (0.61 for to-
tal sessions), whereas chronological cross-regime transfer of the zone model yielded R2 
values near zero or below. The evidence therefore supports spatial demand estimation, 
latent-demand reconstruction, and transparent scenario analysis; it does not support a 
claim of robust short-term temporal forecasting for zone-level demand. 
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1. Introduction 
Parking demand in cities has been extensively studied in transport economics, urban 

planning, and intelligent transport systems. Accurate estimation of parking demand is 
essential for managing urban congestion and optimising parking infrastructure allocation 
[1]. 

One of the most influential conceptual models in parking research was proposed by 
Donald Shoup. In his seminal book The High Cost of Free Parking, Shoup demonstrated that 
parking-pricing policies strongly influence travel behaviour and urban congestion, argu-
ing that inefficient parking management can significantly distort urban transport systems 
[2]. An empirical confirmation of these ideas was the SFpark project in San Francisco, 
where parking prices were adjusted according to actual occupancy: it was shown that de-
mand responds statistically significantly to tariff changes, and the estimated price elastic-
ity of parking demand is negative [3,4]. The issues of optimal load-driven pricing under 
demand uncertainty are developed in the works on stochastic tariff management [5]. 

Analytical models of parking demand have been further developed within transport 
economics. For example, the integrated model proposed by Richard Arnott and Eren Inci 
describes the equilibrium relationship between parking supply, congestion, and pricing 
mechanisms [6]. These models provide important theoretical insights into the interplay 
between parking capacity and urban traffic but are typically formulated at an aggregate 
level. 

With the growing availability of digital transaction and sensor data, parking and traf-
fic-demand studies increasingly employ empirical and data-driven methods. Recent fore-
casting research combines classical time-series methods with deep learning [7], while city-
wide parking models increasingly exploit spatial dependencies and graph learning, in-
cluding prediction under partial sensor coverage and more recent graph-Transformer for-
mulations [8–10]. Statistical regression and machine-learning approaches remain particu-
larly useful when the objective includes interpretable relationships between demand and 
explanatory variables such as price, land-use characteristics, and proximity to commercial 
centres [11,12]. 

Real-time parking occupancy and vacancy modelling has progressed from sensor-
based prediction and deep learning [13–18] toward graph-based city-wide vacancy pre-
diction and direct parking recommendation [8–10,19]. These developments improve op-
erational prediction and guidance, but their objectives differ from estimating the latent 
demand that is suppressed when capacity is binding. 

Spatial modelling is another important direction in parking-demand research. Many 
studies employ gravity-type or spatial-interaction models, where demand is distributed 
across zones according to attractiveness and distance from demand sources [6,20,21]. Re-
cent work in forecasting has also revisited synthetic demand-flow generation and high-
lighted robustness issues of conventional gravity formulations under difficult distance 
configurations [22]. In parking applications, Euclidean distance is still frequently used as 
a proxy for accessibility, even though the actual urban road network may contain barriers 
and strongly asymmetric connections. 

Recent research has also expanded spatio-temporal demand modelling using large-
scale mobility data, synthetic activity plans, and graph representations [8,16,17,23,24]. 
These methods demonstrate the value of combining temporal structure with spatial 
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context, but they are primarily designed for prediction or activity generation rather than 
for correcting demand observations censored by parking capacity. 

A rapidly developing research direction focuses on short-term demand and vacancy 
forecasting using machine-learning and deep-learning methods. Recent models can cap-
ture dynamic spatial dependencies and missing-sensor patterns with high predictive ac-
curacy [7,8], and graph-based ranking can move directly from prediction to parking rec-
ommendation [19]. For municipal tariff and capacity planning, however, predictive accu-
racy alone is insufficient when the model does not explicitly distinguish observed trans-
actions from capacity-suppressed demand or expose the structural contribution of pric-
ing, accessibility, and competing supply. 

A critical limitation of many empirical studies is the implicit assumption that ob-
served parking sessions fully reflect underlying demand. In practice, this assumption can 
be violated when parking areas operate at full capacity: additional potential arrivals may 
be unable to initiate a recorded session, so transaction activity becomes a censored repre-
sentation of preferred-zone demand. The problem of censored observations has been well 
studied in econometrics [25] and revenue management [26]. In transportation, latent-de-
mand estimation has been addressed using censored Gaussian processes and censored 
quantile regression for shared mobility [27,28]. For parking systems, however, capacity-
suppressed demand is still considered only in a limited number of studies; treating fully 
occupied zones as ordinary observations can systematically understate demand in the 
most attractive locations. 

The 2023–2026 literature therefore shows substantial progress in traffic forecasting 
[7], synthetic mobility and demand generation [22,24], city-wide and facility-level park-
ing-occupancy prediction [8–10], graph-based parking recommendation [19], and park-
ing-sharing or supply-and-pricing optimisation [29,30]. These strands are complemen-
tary, but they generally address forecasting, recommendation, pricing, or spatial interac-
tion as separate analytical tasks. 

Related Russian research examines regional heterogeneity in transport-service de-
mand using cluster analysis [31] and assesses the structural stability of transport and lo-
gistics networks using graph models [32]. These regional and network-level studies moti-
vate attention to spatial heterogeneity and connectivity; they do not directly validate the 
parking-demand reconstruction proposed here. 

Research involving Financial University authors also links transport forecasts to in-
termodal freight planning [33], examines operating costs relevant to public-transport tar-
iffs [34], develops ontology-based transportation management systems [35], and studies 
sustainable transport-infrastructure financing [36]. These contributions provide a broader 
planning and information-system context, while the present study addresses capacity-
censored parking transactions at the zone level. 

The intended decision-support role is consistent with research on data-driven public 
administration [37] and intelligent decision-support architectures [38]. In this setting, in-
terpretable estimates should expose their assumptions and validation limits rather than 
substitute model outputs for evidence about causal policy effects. 

Against this background, three methodological gaps are especially relevant. First, 
transaction-based parking models often use recorded sessions as a direct proxy for de-
mand even when full occupancy censors potential arrivals. Second, spatial models may 
rely on simplified distance measures rather than accessibility on the urban road network 
[22,39]. Third, aggregate demand generation, correction for capacity censoring, and spa-
tial allocation are rarely connected in one interpretable estimation chain. Behavioural re-
search further shows that the onset of parking search is itself endogenous to parking con-
ditions [40], reinforcing the need to distinguish recorded parking events from underlying 
potential demand. 
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To address these issues, this study proposes a three-level model for estimating park-
ing demand in cities. This structure integrates: 

1. A dynamic model describing the temporal evolution of the cumulative client-base 
variable and overall parking demand; 

2. A latent-demand recovery model that reconstructs model-implied potential demand 
under parking capacity constraints; 

3. A spatial distribution model based on urban road-network accessibility. 

The novelty of the proposed approach is fourfold. First, it explicitly treats full occu-
pancy as a censoring mechanism and reconstructs potential demand before spatial-model 
estimation rather than learning directly from truncated transaction counts. Second, it links 
aggregate service-demand dynamics to zone-level allocation so that system-wide fore-
casts and local demand estimates remain internally consistent. Third, spatial accessibility 
and competitive supply are evaluated on the road network rather than solely through 
Euclidean proximity. Fourth, the model separates four parking-duration groups, allowing 
tariff sensitivity and urban-attractiveness effects to differ across short- and long-stay us-
ers. Thus, relative to recent vacancy-prediction, recommendation, and parking-pricing 
studies [8,19,29,30], the proposed framework is positioned as an interpretable demand-
reconstruction and scenario-analysis layer rather than as a black-box real-time prediction 
system. 

2. Materials and Methods 
2.1. Data Description and Study Area 

The empirical analysis in this study is based on transaction data obtained from a paid 
parking client service operating in the city of Vladivostok (Russian Federation). The da-
taset contains detailed information on individual parking sessions recorded in the city’s 
parking management system. 

Vladivostok is a major city in the Russian Far East, characterised by a dense road 
network and a high concentration of commercial and administrative buildings in the cen-
tral districts, complex terrain, and the presence of a bay, which makes standard geo-anal-
ysis methods poorly applicable. As in many growing cities, parking demand in the central 
area significantly exceeds supply during peak hours. 

The paid parking system analysed in this study covers several central urban zones 
where on-street parking is regulated via a digital parking management platform. Drivers 
can initiate and terminate parking sessions using a mobile application, web service, or 
SMS-based payment mechanism, allowing the system to record precise start and end 
timestamps [41]. 

This digital infrastructure generates high-accuracy behavioural data describing park-
ing demand and user activity, enabling detailed statistical and econometric analysis of 
parking system dynamics. 

Data sources. The dataset consists of historical parking transaction records collected 
by the parking service operator. Each record corresponds to a completed parking session 
and includes several attributes describing the parking event: 

1. Parking zone identifier, describing the spatial location of the parking space; 
2. Parked vehicle category; 
3. Date and time of parking session start; 
4. Date and time of parking session end; 
5. Parking duration, calculated from the recorded timestamps; 
6. Pseudonymous client identifier (used to construct client cohorts and the cumulative 

client base); 
7. Payment amount. 
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These variables allow reconstruction of temporal demand patterns, spatial distribu-
tion of parking activity, and behavioural characteristics of parking users. 

The study area covers 40 km2 of central Vladivostok, comprising 46 paid on-street 
parking zones with a total of 3908 marked spaces. The analysis uses 2.37 million anony-
mised payment transactions recorded between January 2023 and February 2026. Figure 1 
summarises the data flow across the three modelling levels; the geographical scope is de-
fined by the study-setting description above. 

 

Figure 1. Data flow across the three modelling levels: aggregate demand and revenue (Level 1), 
latent-demand recovery in capacity-constrained zones (Level 2), spatial allocation over the road net-
work (Level 3), and the tariff-scenario integration step. 

2.2. Mathematical Formulation of the Three-Level Demand Model 

2.2.1. Overall Model Structure 

Urban parking demand is determined by a combination of temporal dynamics, spa-
tial distribution of trips, and infrastructure capacity constraints. To account for these 
mechanisms, a three-level model is proposed: 

1. Level 1 models the temporal dynamics of aggregate parking demand and the cumu-
lative client-base variable. 

2. Level 2 reconstructs latent parking demand in zones where observed demand is con-
strained by capacity limitations. 

3. Level 3 estimates the spatial distribution of demand across parking zones using ad-
justed demand values. 

By reconstructing latent demand before training the spatial model, the proposed 
structure reduces bias and improves parameter consistency. 

Let: 𝑡—time (calendar months); 𝐶𝐶𝐵ሺ𝑡ሻ—cumulative client-base variable (volume at 
time 𝑡); 𝑄ሺ𝑡ሻ—aggregate parking demand, i.e., total number of parking sessions (volume 
over period 𝑡); and 𝑄௜ሺ𝑡ሻ—demand for parking zone 𝑖. 

The overall model can be expressed as follows: 𝑄ሺ𝑡ሻ → 𝑄෨௜ሺ𝑡ሻ → 𝑄௜ሺ𝑡ሻ, (1)

where 
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𝑄ሺ𝑡ሻ—aggregate demand generated by the cumulative client-base variable; 𝑄෨௜(𝑡)—capacity-adjusted demand; 𝑄௜(𝑡)—spatially distributed demand. 

2.2.2. Level 1 Formulation of Aggregate Demand Dynamics 

The first level describes the trajectory of the client base. In the available transaction 
data, a client enters CCB once they have performed at least one parking session from the 
project launch up to month t. Thus, the variable is operationally a cumulative ever-active 
client base rather than a rolling active-user measure; this distinction is retained in the ag-
gregate model. 

The discrete client-base dynamics are represented by the multiplicative growth factor 
r(t): 𝐶𝐶𝐵௧ = 𝐶𝐶𝐵௧ିଵ ⋅ 𝑟௧ , (2)

where r(t) = CCB(t)/CCB(t−1) is the period-over-period multiplicative change factor. 
For a continuous-time approximation, let g(t) denote the instantaneous relative 

growth rate of the client base. The resulting dynamics are written as follows: 𝑑𝐶𝐶𝐵𝑑𝑡 = 𝐶𝐶𝐵(𝑡) 𝑔(𝑡), (3)

For monthly observations, the empirical relative growth rate is estimated on the log-
arithmic scale to remain consistent with multiplicative growth: 𝑔௧ = ln𝐶𝐶𝐵௧ − ln𝐶𝐶𝐵௧ିଵΔ𝑡 = ln𝑟௧Δ𝑡 , (4)

where Δt = 1 month. This definition is preferable to the approximation r(t)—1 when early 
month-to-month changes are large. 

The empirical growth rate decreases over time and is approximated by the power 
function: 𝑔(𝑡) = 𝑎 ⋅ 𝑡௕, 𝑏 < 0, (5)

where 𝑎—growth scale coefficient; 𝑏—growth rate decay parameter. 

The power-law form captures the empirically observed deceleration in client-base 
growth as the service matures. Because the fitted decay exponents are below −1, the con-
tinuous solution cannot be anchored at t = 0. Instead, let t0 > 0 denote the first observed 
period. Integrating from t0 to t gives the following, for 𝑏 ≠ −1: 𝐶𝐶𝐵(𝑡) = 𝐶𝐶𝐵(𝑡଴) ⋅ exp ቂ 𝑎𝑏 + 1 ൫𝑡௕ାଵ − 𝑡଴ୠାଵ൯ቃ , 𝑏 ≠ −1 (6)

For the limiting case 𝑏 = −1, the corresponding solution is as follows: 𝐶𝐶𝐵(𝑡) = CCB(𝑡଴) ൬ 𝑡𝑡଴൰௔ (7)

The total number of parking sessions generated by the user base is modelled using a 
nonlinear regression function: 𝑄௧ = 𝑘 ⋅ 𝐶𝐶𝐵௧ఊ𝑆௠(௧), (8)

where 𝑆௠ is the seasonal factor for calendar month m. To preserve the annual level, the 
factors are normalised as follows: 
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112 ෍ 𝑆௠ଵଶ
௠ୀଵ = 1, (9)

where 𝑘—scaling parameter; 𝛾—reflects the elasticity of parking usage with respect to the user base. When 𝛾 < 1, ses-
sion growth slows as the user base increases, while 𝛾 > 1 reflects network effects leading 
to higher service usage. 

Combining the demand relation with the average fee per parking session yields the 
revenue equation: 𝑅(𝑡) = 𝑝 ⋅ 𝑘 ⋅ 𝐶𝐶𝐵(𝑡)ఊ + 𝑐, (10)

where p is the average fee per parking session and c is an empirically estimated intercept. 
Equation (10) is a within-regime relation, not a tariff-invariant causal equation. For esti-
mation, the pre-change coefficients are fitted only to observations available through May 
2025. After the June 2025 tariff change, the pre-change forecast is multiplied by a fixed 
scenario factor derived from Level 3 predictions under the old and new tariff configura-
tions; the post-change actual revenue is reserved for evaluation and is not used to estimate 
that factor. 

Model assumptions: the proposed forecasting model is developed on the basis of sev-
eral explicit assumptions that define its applicability domain and ensure interpretability 
of the results: 

1. Stability of the institutional and operating environment over the forecasting horizon. 
Major regulatory reforms, abrupt tariff changes not represented in the scenario, com-
petitor entry, and prolonged service disruptions are treated as exogenous structural 
breaks rather than endogenous model components. 

2. Structural stability of the aggregate demand–revenue relationship within a tariff re-
gime. Seasonal effects are represented empirically; persistent changes in customer 
behaviour, urban policy, or tariffs require model re-estimation. In particular, the tar-
iff change introduced in June 2025 is treated as a structural break rather than as evi-
dence that a single revenue-per-session coefficient is invariant over the full sample. 

3. Homogeneity of aggregate user behaviour. User behaviour is assumed to be homo-
geneous at the aggregate level. Individual-level heterogeneity and micro-behav-
ioural differences are aggregated into macro-level indicators, which is suitable for 
revenue forecasting but limits the method’s applicability for individual demand 
modelling. 

4. Stationarity of parking session duration distribution. Short-term fluctuations are al-
lowed, but systematic long-term changes in the mean or variance of session durations 
are not considered. 

Under assumptions 1–4, the aggregate component provides a transparent and inter-
pretable forecasting framework. Its extrapolative use is most defensible for recently 
launched services and within periods in which the tariff regime and operating environ-
ment remain sufficiently stable. 

2.2.3. Level 2 Formulation of Capacity Censoring and Latent-Demand Recovery 

Observed parking activity may be distorted when a parking zone reaches full simul-
taneous occupancy. Capacity constrains the number of vehicles occupying the zone at a 
given time, not the cumulative number of sessions over a day or quarter; therefore, the 
censoring mechanism must be expressed through the occupancy balance. 



Forecasting 2026, 8, 97 8 of 33 
 

https://doi.org/10.3390/forecast8050097 

Let O(i,j) denote occupancy in zone i at the end of interval j, Aobs(i,j) the admitted 
and recorded arrivals during the interval, D(i,j) the departures, and C(i) the physical num-
ber of parking spaces. The occupancy balance is as follows: 𝑂௜,௝ = 𝑂௜,௝ିଵ + 𝐴௜,௝௢௕௦ − 𝐷௜,௝ (11)

Under a no-queue approximation, the admitted arrivals are related to latent potential 
arrivals by the following: 𝐴௜,௝௢௕௦ = min ൫𝐴௜,௝௟௔௧௘௡௧ , 𝐶௜ − 𝑂௜,௝ିଵ + 𝐷௜,௝൯, (12)

where 𝐴௜,௝௟௔௧௘௡௧ is potential arrivals in the absence of capacity constraint. 
Censoring occurs when occupancy is at or near the physical capacity C(i) and latent 

arrivals exceed the spaces released by departures. Consequently, the unobserved compo-
nent is associated with rejected or displaced arrivals, while capacity does not cap the total 
number of sessions over the observation period. 

To estimate latent demand, the vehicle arrival process is considered as a continuous 
stochastic process describing the distribution of parking start times within a given obser-
vation interval. Let the observation interval be normalised to the unit segment: 𝑡 ϵ ሾ0, 1ሿ, (13)

where 𝑡 is the normalised time within the considered period (e.g., a day or working day). 
It is assumed that the probability of a vehicle arriving at time 𝑡 is described by a 

probability density function. A beta distribution is used to approximate the empirical dis-
tribution. A similar pattern of distribution of the influx of cars into the parking lot was 
noted earlier [42]. The density function is as follows: 𝑓(𝑡) = 𝑡ఈିଵ(1 − 𝑡)ఉିଵ𝐵(𝛼,𝛽) , (14)

where 𝑡—normalised observation time; 𝛼 > 0,𝛽 > 0—shape parameters; 𝐵(𝛼,𝛽)—beta function serving as a normalisation constant. 

The beta function is defined as follows: 𝐵(𝛼,𝛽) = න 𝑡ఈିଵଵ
଴ (1 − 𝑡)ఉିଵ 𝑑𝑡 (15)

For quarter-hour or hourly bins, the beta density is converted to probability mass by 
integrating over each interval rather than by summing raw PDF ordinates: 𝑝௝ = 𝐹஻௘௧௔൫𝑡௝ାଵ൯ − 𝐹஻௘௧௔൫𝑡௝൯ (16)

The interval probabilities are normalised so that: ෍  𝑝௝௝ = 1 (17)

Parking sessions are then grouped into hourly cohorts (generations), representing 
vehicles arriving within the same time interval. For each cohort 𝑘 (𝑘 corresponds to the 
interval ሾ𝑡௞, 𝑡௞ + Δ𝑡ሿ and groups all vehicles that started a parking session within that in-
terval), the parking duration of a vehicle in cohort k is denoted 𝐷௞, with survival function 𝑆௞(𝑢) = 𝑃(𝐷௞ > 𝑢), (18)

estimated empirically from completed sessions. The number of cohort-k vehicles still 
parked at time 𝑡 is 𝑁௞(𝑡) = 𝐴௞ ⋅ 𝑆௞(𝑡 − 𝑡௞), where 𝐴௞ is the number of arrivals in cohort 𝑘 and 𝑡௞ the cohort arrival time. 
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Total parking occupancy at time 𝑡 is then calculated as a superposition of active co-
horts: 𝑂(𝑡) = ෍𝑁௞௞ (𝑡), (19)

where 𝑁௞(𝑡) is the number of vehicles from cohort 𝑘 still occupying parking spaces at 
time 𝑡. 

Using this formulation, latent potential arrivals can be reconstructed for intervals in 
which the observed admitted flow is constrained by occupancy. The resulting quantity is 
a model-implied preferred-zone demand under the fitted arrival process; it is not a di-
rectly observed count of rejected vehicles. 

Model assumptions: the latent-demand recovery model is based on the following as-
sumptions: 

1. Vehicle arrivals are represented by a stochastic arrival process whose intensity varies 
over the observation interval. 

2. No explicit behavioural response to full occupancy is modelled. Drivers may wait, 
relocate to another zone, abandon the trip, or shift the start of their parking search; 
recent empirical work confirms that the onset of cruising for parking is behaviourally 
endogenous [40]. Because these actions are not observed in the transaction records, 
the reconstructed latent demand should be interpreted as potential demand under 
the fitted arrival process rather than as a directly observed count of rejected vehicles. 

3. Invariance of session duration distribution within a cohort. Cohort survival curves 
are estimated from completed sessions, so it is assumed that the behaviour of clients 
within a cohort is equivalent for those who successfully parked and those who left. 

4. Identifiability of latent demand from the uncensored tails. The shape parameters (α, 
β) of the intraday arrival profile are not estimated separately for each censored zone. 
Instead, a single common shape is estimated as the median intraday arrival profile 
across the zones that do not reach full occupancy (donor zones), and for each cen-
sored zone, only a scale factor is fitted on the uncensored intervals U (the pre-satura-
tion morning limb and the post-peak evening limb). Transferring the shape from un-
saturated zones stabilises identification, because a censored zone provides too few 
uncensored points to determine α, β and the scale simultaneously; the censored mid-
day peak is then recovered by extrapolation. The procedure assumes that the uncen-
sored tails are free of censoring, that the common intraday shape applies to the cen-
sored zones, and that the beta family adequately describes the profile—assumptions 
examined empirically in Sections 2.5 and 3.2. 

2.2.4. Level 3 Formulation of Spatial Demand and Network Accessibility 

The third level addresses the problem of modelling the spatial distribution of parking 
session demand in the urban environment. Unlike the aggregate level, which analyses the 
dynamics of the cumulative client-base variable, this stage focuses on estimating the in-
tensity of parking space usage at the local zone level. 

Instead of Euclidean distances, we use shortest-path metrics on the transport net-
work, which allows proper accounting for barriers and the road-network structure [43]. 

Let the urban territory be discretised into a set of zones (𝑖 = 1, … ,𝑁). For each zone, 
data on the number of parking sessions are observed. 

The goal is to build a demand function: 𝑄௜(𝑡) = 𝑓(𝑋௜), (20)

where 𝑋௜ is a vector of observed zone characteristics. 
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To properly describe parking session demand, the spatial structure of the urban en-
vironment must be considered. The study uses factors reflecting each zone’s attractiveness 
and functional saturation, calculated from geographic information data. 

The urban transport system is represented as a weighted graph: 𝐺 = (𝑉,𝐸), (21)

where 𝑉—set of nodes (intersections); 𝐸—set of edges representing road segments. 

Each edge 𝑒 ∈ 𝐸 is associated with a travel cost 𝑤௘, representing distance or travel 
time. 

For each parking zone 𝑖, the distance to demand sources is defined as the shortest-
path distance in the road network: 𝑑௜ = min ௣∈௉ ෍𝑤௘௘∈௣ , (22)

where 𝑃 denotes the set of feasible paths. 
To account for local spatial structure, a zone attractiveness indicator is introduced, 

based on the density of points of interest (POIs) available within a given pedestrian acces-
sibility radius, consistent with gravity and spatial-interaction principles [22,44]. Distances 
to objects are calculated over the road network, ensuring that actual connectivity and ur-
ban barriers are represented explicitly. 

The integral attractiveness of a zone is defined as the sum of contributions from in-
dividual objects: 𝐼total = ෍𝐼௚௚ , (23)

Here 𝐼௚ denotes the attractiveness contribution of object g, and 𝐼୲୭୲ୟ୪ is the sum of those 
contributions over all eligible objects. Capital italic I denotes an attractiveness index, not 
a logarithm or the letter l. Each contribution combines a point-of-interest weight with dis-
tance decay measured along the pedestrian-accessible network; the sum is therefore a net-
work-weighted exposure index rather than a direct business count. 

To account for the influence of neighbouring paid zone supply on demand, a supply 
pressure index was calculated over paid neighbouring zones within the parking service 
only, reflecting the density of competitive priced supply weighted by spatial proximity 
and price: 𝑆𝑃𝐼௜ = ෎ 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦௝𝑃𝑟𝑖𝑐𝑒௝ · 𝐷𝑖𝑠𝑡௝௝ஷ௜ , (24)

where 𝑆𝑃𝐼௜—supply pressure indicator for zone 𝑖; 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦௝—capacity (number of spaces) in zone 𝑗; 𝑃𝑟𝑖𝑐𝑒௝—hourly tariff in zone 𝑗; 𝐷𝑖𝑠𝑡௝—the road-network distance between zone centroids. 

Equation (24) is evaluated only for paid neighbouring zones with Pricej > 0; the dis-
tance is floored at Dist_min = 25 m to avoid singularities. Free parking outside the service 
is represented separately by free_places_200m and is therefore never introduced through 
a division by a zero tariff. 

The use of network distances and aggregated attractiveness indicators yields spa-
tially consistent factors suitable for use in demand models and consistent with gravity 
model assumptions. 
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2.3. Feature Engineering from Geodata 

Each parking zone is defined by a set of points: Z =  ሼ(𝑥𝑖,𝑦𝑖): 𝑖 =  1, … ,𝑁ሽ,𝑁 ൒  2 (25)

where (𝑥௜ ,𝑦௜) are longitude and latitude of points obtained from inventory and geo-
graphic information systems. The order of points is a priori unknown, and the zone ge-
ometry may be a polyline with local positioning noise, so the ordered linear geometry 
must first be reconstructed. 

To recover the street direction, Principal Component Analysis (PCA) is applied [45]. 
Consider the coordinate matrix: 

𝑋 = ൭𝑥ଵ 𝑦ଵ⋮ ⋮𝑥ே 𝑦ே൱ ,𝑋෨ = 𝑋 − 𝑋̄ (26)

Singular value decomposition is computed: 𝑋෨ = 𝑈Σ𝑉் (27)

The first vector 𝑣ଵ of matrix 𝑉 is interpreted as the street direction. Each point is 
projected onto the axis: 𝑝௜ = 𝑋෨௜ ⋅ 𝑣ଵ, (28)

after which, points are sorted by increasing 𝑝௜. This allows for recovery of the point order 
along the street even for complex polyline geometries. 

The result is an ordered sequence: ൫𝑥(ଵ),𝑦(ଵ)൯, … , ൫𝑥(ே),𝑦(ே)൯ (29)

defining the centreline of the parking zone. 
Figure 2 shows the geometry recovery for parking zone 320 on Pushkinskaya Street. 

(a) 

(b) 

Figure 2. Recovery of geometry for parking zone 320 on Pushkinskaya Street using PCA: (a) points 
connected in their original inventory order; (b) the ordered centreline. Red points are inventory 
locations and red segments connect them; the crossing segments in panel (a) illustrate the ordering 
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problem rather than a road connection. Russian text belongs to the geographic basemap; “улица” 
means “Street”. Map data © OpenStreetMap contributors, ODbL. 

To account for heterogeneity of the surrounding built environment, the centreline is 
discretised with a fixed step ℎ (in metres) (Figure 3). At each discretisation point, a local 
buffer of radius 𝑅 is formed, describing straight-line distance in metres to each object on 
the map obtained from OpenStreetMap. A pedestrian route to each object is built using 
the graph, then objects with pedestrian distance less than 𝑅෨ metres are aggregated. 

 

Figure 3. Spatial sampling along parking zone 320 on Pushkinskaya Street. Black dots are sampling 
locations at 100 m intervals, the red line is the ordered zone centreline, and blue circles are 200 m 
Euclidean candidate-search buffers. Their overlap is intentional. Final accessibility is evaluated by 
pedestrian-network distance, not by circle membership alone. Russian labels are geographic base-
map names; “улица” means “Street”. Map data © OpenStreetMap contributors, ODbL. 

Free parking places from OpenStreetMap are aggregated in a similar manner. 
The final set of explanatory factors is as follows: 

1. cafe_cnt; 
2. government_cnt; 
3. health_cnt; 
4. office_cnt; 
5. restaurant_cnt; 
6. retail_cnt; 
7. supply_pressure_index; 
8. free_places_200m; 
9. POI; 
10. Capacity; 
11. Price; 
12. Walking time to centre (min). 

The computational analysis was performed using freely available software in the An-
aconda distribution with Python 3.6. 

To account for potential nonlinearities, a regression tree model [46] (Decision-
TreeRegressor, scikit-learn [47]) was additionally employed as a nonlinear reference 
(max_depth = 5, min_samples_leaf = 4, random_state = 42). Given the small training sam-
ple (𝑛 = 41), the tree is included only as a coarse nonlinear benchmark rather than a com-
petitive model: with these settings, it tends to overfit the training data (high training R2) 
while transferring weakly, and it is reported for comparison, not recommended for de-
ployment. 

Unlike linear regression, decision trees can capture nonlinear relationships and factor 
interactions without prior specification of the functional form and, most importantly, are 
well suited for interpretation. 
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To improve linear model stability under multicollinearity, ridge regularised regres-
sion was additionally applied [48]. Poisson regressions and the negative-binomial model, 
which are standard for modelling count data [49], are considered as computational speci-
fications. 

On the reduced core specification, all variance inflation factors are below 3 (maxi-
mum 2.8) and the condition number is 5.9 × 103; the elevated condition number reflects 
differences in variable scale rather than harmful collinearity, which is confined to the re-
dundant free parking counts excluded from the core model (VIF up to 1.7 × 104 in the full 
set). 

To select the most accurate model, several specifications and interpretable model var-
iants were considered: 

1. Multiple linear regression; 
2. LOG-model (linear regression on log(Y)); 
3. Poisson (classic for count data); 
4. Negative binomial; 
5. Ridge; 
6. Decision tree. 

The revised validation protocol treats feature screening and model tuning as train-
ing-sample operations; the held-out sample is reserved for final performance evaluation. 
Inferential interpretation of the final OLS coefficients requires standard errors and confi-
dence intervals in addition to point estimates. 

2.4. Integrated Demand Estimation 

The integrated estimate follows the three modelling levels defined above. The aggre-
gate component supplies the system-wide demand trajectory; the occupancy balance, in-
terval arrival probabilities and cohort survival curves provide the capacity-censoring cor-
rection; and the spatial specification allocates adjusted demand over the network. The re-
construction is performed before spatial-model estimation. 

This integrated structure enables forecasting of both aggregate parking service de-
mand and its spatial distribution, while accounting for distortions in observed data due 
to capacity shortages. 

2.5. Model Validation and Statistical Evaluation 

Model assessment distinguishes three non-equivalent questions and does not pool 
their metrics: (1) aggregate temporal scenario forecasting at Level 1, evaluated from a sin-
gle forecast origin (31 May 2025) over horizons ℎ = 1, … ,15  months; (2) chronological 
cross-regime transfer of the Level 3 zone model, trained on March–May 2025 and tested 
on June–August 2025; and (3) spatial transfer to an unseen zone, evaluated by leave-one-
zone-out (LOZO) cross-validation. Training R2 is reported only as goodness of fit. Tem-
poral revenue forecasts are compared descriptively with a seasonal-naive benchmark us-
ing MAE, RMSE, MAPE, WAPE, signed error, and scale-free MAE and RMSE skill scores; 
zone-level OLS models are reported with held-out R2, MAE, RMSE, and WAPE; count 
models are evaluated by Poisson deviance and deviance explained. Preprocessing, varia-
ble screening, regularisation choices, tree hyperparameters, seasonal coefficients, and pre-
diction bounds are fixed using training data before held-out evaluation. 

The observation unit is a parking zone; each zone contributes one row per target, 
formed by summing paid parking sessions on working days within the window and split-
ting them by duration bucket. The chronological hold-out uses spring 2025 (March–May 
2025) for training and summer 2025 (June–August 2025) for testing; the forecast origin is 
the end of May 2025. Training covered 41 zones (41 rows) and the test 46 zones (46 rows), 
of which 40 are common and 6 appear only in the test set (zones 235, 325, 415, 425, 440, 
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450). Because all zones are observed for the same duration, no time-exposure offset is used 
for the Poisson and negative-binomial specifications. The dependent variables are abso-
lute session counts, while capacity enters as an explanatory variable. A per-space specifi-
cation is not reported and no intensity-based robustness claim is made. Poisson and neg-
ative-binomial fits are compared on the same held-out deviance scale. 

Because the application concerns both forecasting over time and transfer to newly 
configured parking zones, the preferred validation design combines (i) a chronological 
hold-out, in which the training period strictly precedes the test period, and (ii) a zone-
level hold-out, in which complete zones are excluded from parameter estimation. The 
chronological hold-out comprised 𝑛 = 41 zone-level training observations and 𝑛 = 46 
test observations; 40 zones appear in both partitions, and 6 zones (235, 325, 415, 425, 440, 
450) appear only in the test period, so the temporal hold-out combines re-observation of 
known zones under the new tariff regime with a small set of previously unseen zones. 
Because zone re-appearance makes the chronological split only a partial test of spatial 
transfer, generalisation to new zones is additionally assessed by leave-one-zone-out 
(LOZO) cross-validation, in which each zone is held out in turn and never appears simul-
taneously in estimation and evaluation. Feature screening used a pre-specified core spec-
ification (price, capacity, road-network distance to centre, restaurant density) rather than 
data-driven elimination; across targets, this core matched or exceeded a backward-elimi-
nation variant under LOZO. 

The model comparisons are descriptive rather than claims of statistically significant 
superiority. A Diebold–Mariano test is designed for a time-ordered sequence of paired 
forecast errors; it is not appropriate for the cross-sectional LOZO errors reported in Sec-
tion 3.3, and the three-month chronological zone hold-out is too short for reliable long-
run variance estimation. Accordingly, the manuscript reports effect sizes and held-out 
losses, avoids pairwise significance claims, and treats a blocked or repeated temporal eval-
uation as necessary future work. 

Train: 𝑡 ≤ 𝑡଴,  Test: 𝑡 > 𝑡଴. 𝒵௧௥௔௜௡ ∩ 𝒵௧௘௦௧ = ⌀. 
For the latent-demand component, the reconstruction is validated by a pseudo-cen-

soring experiment on the zones that do not reach full occupancy, for which the full arrival 
profile is observed. For each such zone, the midday interval (09:00–16:00, the window 
censored in the saturated zones) is withheld, the common intraday shape is estimated 
from the remaining zones, only the scale is fitted on the retained morning and evening 
limbs, and the reconstructed midday profile is compared with the withheld observations 
using the recovery ratio and the mean absolute error, root-mean-square error, and bias of 
the reconstructed hourly shares. The beta family is benchmarked against alternative 
smooth profiles (gamma, log-normal, and a model-free shape-preserving interpolation of 
the tails), and the sensitivity of the reconstructed totals to the hourly discretisation of the 
beta density is quantified. Confidence intervals for the reconstructed totals were obtained 
by a day-level bootstrap: whole working days were resampled with replacement (B = 
1000), and in each replication, the city-wide arrival shape was held fixed while the zone-
specific scale was re-estimated on the uncensored limbs and the total was recomputed; 
95% percentile intervals are reported in Section 3.2. Whole days rather than individual 
hours were resampled because arrival counts in adjacent within-day intervals are depend-
ent. 

To test whether reconstruction accuracy changes with saturation severity, a graded 
pseudo-censoring experiment was performed on the common subset of 37 unsaturated 
zones that could be evaluated under every censoring condition. Four central windows 
were withheld: 10:00–15:00, 09:00–16:00, 08:00–16:00, and 09:00–17:00. They concealed 
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median shares of 60.8%, 79.3%, 85.8%, and 86.8% of observed daily arrivals, respectively. 
At each level, the common intraday shape was estimated without the target zone, the scale 
was fitted on the retained limbs, and the recovery ratio was calculated against the known 
withheld mass. This common-subset design separates the effect of censoring severity from 
changes in zone composition. 

3. Results 
3.1. Aggregate Demand Dynamics and Revenue Scenarios 

The monthly growth dynamics of the cumulative client-base variable CCB show a 
clear decelerating trend (see Figure 4), from approximately 100% in the first month to 1–
2% in later months. The empirical log-growth rate exhibits seasonal variation, with faster 
expansion in summer months. 

For comparison, a parallel forecast is built using the same model but with data from 
the first six months of the project (the main source of inaccuracies in this forecast is the 
lack of second-half seasonality data). 

 

Figure 4. Observed monthly log-growth of the cumulative client base and power-law fits. Black 
denotes the January 2023–December 2024 calibration (24 monthly observations); blue denotes Janu-
ary–June 2023 (6 observations). Solid segments show observations and dashed lines show the cor-
responding fitted power laws. The vertical range is restricted to 0–20% to display later-month dy-
namics; the initial growth rate is outside that range. 

Next, the monthly number of parking sessions is related to the cumulative client base 
through the nonlinear elasticity and multiplicative seasonal specification defined in Sec-
tion 2.2.2 (Figure 5). 
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Figure 5. Monthly parking sessions versus the cumulative client base. Black points represent Janu-
ary 2023–December 2024 (24 observations) and blue points January–June 2023 (6 observations). 
Dashed lines show the corresponding power-law fits. 

Within a fixed tariff regime, parking revenue is approximated as a linear function of 
the number of sessions (see Figure 6). Because new tariff rates were introduced in June 
2025, the average revenue-per-session coefficient is treated as regime-specific rather than 
invariant across the structural break. The pre-break calibration is shown below: 𝑅(𝑡) = 92.163 ⋅ 𝑄(𝑡) − 572,743 (30)

 

Figure 6. Monthly revenue versus parking-session counts under the pre-change tariff regime. Black 
points denote January 2023–December 2024 and blue points January–June 2023; dashed lines are the 
corresponding linear calibration relations. 

Finally, a parking revenue forecast is produced (see Figure 7). 
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Figure 7. Actual monthly revenue (black solid line), the forecast calibrated through December 2024 
(orange dashed line), and the forecast calibrated through June 2023 (green dashed line). New tariff 
rates were introduced in June 2025. Values are in RUB; forecasts beyond the last observed month 
are scenario projections. 

3.2. Latent-Demand Reconstruction and Sensitivity Results 

The intraday flow of recorded arrivals exhibits a smooth unimodal structure in zones 
that do not reach full occupancy. For Zone 40, a beta curve provides a useful empirical 
approximation (R2 = 86.4%; Figure 8), supporting its use as a candidate parametric family 
for the uncensored arrival profile rather than as an assumed universal law. 

 

Figure 8. Intraday recorded arrival shares for zone 40 on weekdays in March–May 2025. The black 
line is the fitted beta profile and the blue line the observed quarter-hour arrival shares. 

At the same time, zones with 100% occupancy exhibit an anomaly (see Figure 9). 
While occupancy reaches a maximum of 100% (see Figure 10), the inflow of vehicles drops 
sharply to nearly zero and remains at a level equal to the outflow, as only those users for 
whom a space is available (i.e., those who register and pay) enter. Zone 410 shows no such 
anomaly, indicating that its demand is not censored. 
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Figure 9. Intraday recorded flow shares on weekdays in March–May 2025: (a) arrivals; (b) depar-
tures. Black, blue and orange identify zones 330, 340 and 410, respectively. Separate panels retain a 
common horizontal time scale. 



Forecasting 2026, 8, 97 19 of 33 
 

https://doi.org/10.3390/forecast8050097 

 

Figure 10. Weekday occupancy divided by marked capacity, March–May 2025. Black, blue and or-
ange lines identify zones 330, 340 and 410. The green dashed line marks nominal capacity (100%); 
values slightly above it reflect recorded occupancy relative to marked capacity. 

Estimating the beta arrival profile: in zones with sufficient spare capacity, the intra-
day arrival profile is approximated by a beta distribution. In zone 330, the observed inflow 
collapses when occupancy reaches capacity, whereas the morning and late-day tails retain 
the expected shape. The beta parameters are separated into shape and scale. To avoid 
over-parameterising the reconstruction in the saturated zones—where only the morning 
and evening limbs are uncensored, so too few points remain to identify shape and scale 
jointly—a common intraday shape (α, β) is first estimated as the median arrival profile 
across the unsaturated donor zones; the resulting city-wide shape is α = 2.26, β = 2.75 (39 
donor zones). For each censored zone, only a scale factor 𝑐 is then fitted by least squares 
on the set 𝑈 of uncensored intervals, 𝑐̂ = argmin௖ ෍  ൣ𝑦௝ − 𝑐𝑓஻௘௧௔൫𝑡௝;𝛼,𝛽൯൧ଶ௝∈௎ , 
and the fitted profile is scaled to the reconstructed total arrival volume. Because the shape 
is borrowed from unsaturated zones rather than estimated on the short censored-zone 
tails, the recovered peak is far less sensitive to the exact choice of tail intervals than in a 
per-zone three-parameter fit. The reconstructed hourly volumes are obtained by integrat-
ing the fitted beta density over each hourly bin as exact interval probabilities p୨ = F୆ୣ୲ୟ൫tሼ୨ାଵሽ൯ − F୆ୣ୲ୟ൫t୨൯ . A cruder hourly ordinate approximation differs from the re-
ported totals by 6.2% for zone 330 and 1.3% for zone 340 (Zone 330: 51,671 vs. 54,854; Zone 
340: 32,405 vs. 31,992), confirming that the totals do not depend materially on the discreti-
sation of the density (Figure 11). 

It should be emphasised that only the scale is identified from the uncensored seg-
ments; the common shape is transferred from the donor zones: the morning rising limb 
before the capacity-induced collapse and the late-day declining limb after demand again 
falls below capacity. The censored midday interval is excluded from the fit and recon-
structed by extrapolation. Consequently, the recovered peak is inferred rather than ob-
served and is sensitive to (i) whether the selected tails are genuinely uncensored, (ii) the 
adequacy of the beta family, (iii) the normalisation of interval probabilities, and (iv) be-
havioural responses to full occupancy. Identification is therefore weaker when the uncen-
sored tails are short. 
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Using the fitted profile, the model-implied reconstructed potential demand for 
March–May 2025 is 51,671 arrivals (95% conditional bootstrap interval [49,264; 53,823]) for 
zone 330 and 32,405 (95% conditional bootstrap interval [31,149; 33,476]) for zone 340, 
compared with 15,161 and 12,503 recorded parking sessions, respectively. The intervals 
condition on the donor-zone set, the transferred city-wide shape parameters (α, β), and 
the selected uncensored intervals U; they quantify day-level scale uncertainty rather than 
full pipeline uncertainty. These values should be interpreted as scenario estimates under 
the fitted unconstrained-arrival process rather than as directly observed suppressed de-
mand. The corresponding amplification relative to the recorded session counts is 
51,671/15,161 ≈ 3.41 and 32,405/12,503 ≈ 2.59; equivalently, the recorded counts represent 
approximately 29.3% and 38.6% of the reconstructed potential demand. 

Zones 330 and 340 differ in both the magnitude of recorded use and the severity/tim-
ing of the capacity constraint. Zone 330 records 15,161 sessions but has the larger recon-
structed total and amplification factor (51,671; 3.41), whereas Zone 340 records 12,503 ses-
sions and has a smaller reconstructed total and amplification factor (32,405; 2.59). The for-
ward occupancy calculation nevertheless indicates a higher unconstrained peak relative 
to capacity in Zone 340 (3.5 versus 2.8). Thus, the difference is driven jointly by scale, 
capacity, and the observed uncensored limbs; it should not be attributed to a single be-
havioural or tariff cause. 

The procedure was first tested by pseudo-censoring the 42 zones that never reach full 
occupancy, for which the true midday profile is observed. For each zone, the midday win-
dow (09:00–16:00) was withheld, the shape was taken from the remaining zones, the scale 
was fitted on the retained limbs, and the reconstructed midday was compared with the 
withheld data. Across all 42 zones, the median recovery ratio (reconstructed over true 
withheld midday mass) is 1.05, with a median absolute error of 0.020 and a bias of −0.004 
in units of the daily arrival share; on the 36 zones well described by the common shape 
(profile R2 ≥ 0.80), the recovery ratio is 0.93 and the median absolute error 0.018. Under 
the same protocol, the numerical median MAE and RMSE values for the beta and gamma 
profiles are close; the log-normal profile and shape-preserving tail interpolation have 
larger numerical errors, and beta has bias closest to zero (Table 1). These are descriptive 
comparisons, not a formal statistical ranking. A forward consistency check confirms the 
mechanism: reconstructed latent arrivals reproduce the observed saturation window, 
while unconstrained potential occupancy reaches 2.8 and 3.5 times capacity for zones 330 
and 340. Passing the arrivals through the capacity constraint admits 16,633 vehicles 
against 15,161 recorded sessions in zone 330 and 11,392 against 12,503 in zone 340. Per-
turbing cohort survival curves by ±20% leaves the reconstructed arrival totals unchanged 
and shifts only peak reconstructed occupancy by about ±10%. 

The graded experiment on the fixed 37-zone subset does not show deterioration as 
more of the profile is hidden. For the four censoring windows listed in Section 2.5, the 
median recovery ratios are 1.104, 1.084, 1.003, and 0.978, while the median hidden shares 
increase from 60.8% to 86.8%. The corresponding absolute median proportional devia-
tions from complete recovery, |recovery ratio − 1|, are 10.4%, 8.4%, 0.3%, and 2.2%. Thus, 
reconstruction error does not increase monotonically with saturation severity over the 
tested range; the estimate remains close to complete recovery even when approximately 
86% of the daily profile is concealed. This result concerns median proportional bias on the 
common subset and does not imply that tail errors for individual zones are invariant to 
saturation. 
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Table 1. Pseudo-censoring reconstruction accuracy by arrival-profile family (medians over 42 un-
saturated zones; midday 09:00–16:00 withheld). Errors are in units of the daily arrival share; the 
recovery ratio is reconstructed over true withheld midday mass. 

Arrival Profile MAE RMSE Bias Recovery Ratio 
Beta (transferred shape) 0.020 0.025 −0.004 1.045 
Gamma (transferred shape) 0.020 0.024 +0.005 0.952 
Log-normal (transferred shape) 0.024 0.027 +0.014 0.860 
Shape-preserving interpolation 0.031 0.034 +0.030 0.699 

 

Figure 11. Recovery of potential arrivals. Solid black, blue and orange lines are observed inflow 
shares for zones 330, 340 and 410; dashed green and purple lines are the reconstructed uncon-
strained profiles for zones 330 and 340. Time is local time of day. 

Next, reconstructed arrivals are divided into hourly cohorts (“generations”, e.g., 
7:00–8:00, 8:00–9:00). Cohort sizes are obtained by aggregating the normalised beta inter-
val probabilities within each hour and scaling them to the reconstructed total arrival vol-
ume. 

For each hourly arrival cohort, empirical survival curves are estimated from com-
pleted sessions recorded in March–May 2025. Each curve gives the fraction of the cohort 
still parked after a specified elapsed duration. Survival analysis provides the statistical 
framework [50]; related parking research examines search duration [51] and parking-ses-
sion duration [52], which are distinct outcomes. In the present data, the early-morning 
cohorts remain parked for much of the working day, whereas later cohorts depart sooner 
(Figure 12). Occupancy is computed by superposing the surviving cohorts. 

Across the 42 unsaturated zones, the recovery ratio has median 1.05 (interquartile 
range 0.87–1.23; 10–90% range 0.76–1.59), the reconstruction MAE of the hourly shares has 
median 0.020 (10–90% range 0.011–0.056), and the bias is centred near zero (median −0.005; 
10–90% range −0.053 to +0.025). The distribution (Figure 13) shows a recovery ratio centred 
near one but with appreciable between-zone dispersion rather than relying on a single 
favourable case; a small number of zones over-recover by up to about twice the withheld 
mass, consistent with genuine deviations from the common intraday shape. 
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Figure 12. Cohort survival curves for zone 330, March–May 2025. Panels group arrival hours as 
06:00–10:00, 11:00–15:00 and 16:00–20:00. Within each panel, the legend identifies the arrival-hour 
cohort by colour and line pattern. The horizontal axis is elapsed hours after arrival and the vertical 
axis is the fraction remaining parked. 

 

Figure 13. Distribution of pseudo-censoring reconstruction errors across the 42 unsaturated zones: 
recovery ratio (reconstructed/true withheld midday mass; dashed line at 1.0) and mean absolute 
error of the reconstructed hourly shares. 

3.3. Spatial Model Validation and Comparison 

For each specification, the target was considered in absolute session counts. Training 
and held-out results are reported separately in Table 2; training fit is not interpreted as 
out-of-sample predictive accuracy. 

Model assessment separates three questions. On the later held-out period, the honest 
out-of-sample R2 for OLS is near zero or negative (total sessions −0.06; 0–1 h −0.02; 2 h 
−0.03; 3–4 h −0.34; 5+ h −0.83 on raw predictions), indicating substantial distribution shift 
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after the tariff change. Under LOZO cross-validation, the model is markedly more stable, 
with R2 of 0.61 (total), 0.52 (0–1 h), 0.55 (2 h), 0.63 (3–4 h) and 0.49 (5+ h). Held-out 
MAE/RMSE/WAPE for OLS are 2258/3060/0.54 (total), 1504/2105/0.50 (0–1 h), 425/604/0.59 
(2 h), 201/270/0.69 (3–4 h) and 107/158/0.88 (5+ h). Logarithmic OLS transfers poorly even 
after Duan’s smearing retransformation (held-out R2 between −3.3 and −14.0). For the 
count specifications, held-out Poisson deviance explained is 8%, 36%, 41% and 49% across 
the four duration groups, exceeding the negative-binomial values; deviance rather than 
R2 is the appropriate criterion for these models. Range restrictions change the clipped sta-
tistics but not this qualitative picture, and raw and clipped R2 are reported side by side. 

Table 2. Model comparison using predictive R2 on a common response scale: training fit, honest 
held-out performance (raw and clipped), and leave-one-zone-out performance across duration tar-
gets. For Poisson and negative-binomial models, held-out deviance is the primary model-specific 
criterion and is reported in the text. 

R2 Model Specification Total Sessions 0–1 h 2 h 3–4 h 5+ h 

R2 (training) 

ols 0.713 0.656 0.669 0.740 0.655 
ridge 0.712 0.655 0.668 0.739 0.654 

poisson 0.698 0.631 0.649 0.794 0.765 
neg_bin 0.558 0.519 0.406 0.596 0.617 
log_ols 0.311 0.333 0.130 0.360 0.449 

tree 0.799 0.731 0.782 0.750 0.573 

R2 (test) 

ols −0.056 −0.019 −0.035 −0.336 −0.832 
ridge 0.004 0.029 0.027 −0.240 −0.698 

poisson −0.027 −0.457 0.220 0.587 0.738 
neg_bin −1.021 −1.240 −1.236 −0.074 0.497 
log_ols −6.516 −6.820 −7.135 −1.805 −0.407 

tree 0.413 0.256 0.257 0.102 −0.380 

R2 (test, clipped) 

ols 0.011 −0.018 0.109 0.283 0.234 
ridge 0.058 0.029 0.151 0.309 0.255 

poisson −0.027 −0.457 0.220 0.587 0.738 
tree 0.413 0.256 0.257 0.102 −0.380 

LOZO R2 (test) 

ols 0.606 0.523 0.554 0.629 0.491 
ridge 0.609 0.527 0.557 0.630 0.490 

poisson 0.555 0.440 0.491 0.704 0.667 
neg_bin 0.224 0.191 −0.142 0.207 0.297 
log_ols −0.497 −0.318 −1.032 −0.512 −0.152 

tree 0.370 0.233 0.398 0.400 0.332 

Test deviance Poisson - 55 677 13 586 6 612 3 707 
Neg. binomial - 68 317 20 280 7 556 4 113 

Deviance  
explained 

Poisson - 8.3% 35.7% 41.3% 48.8% 
Neg. binomial - −12.5% 4.0% 33.0% 43.2% 

For the count specifications, Table 2 uses the same chronological hold-out defined in 
Section 2.5. Test deviance is the sum of Poisson unit deviances on the 46 held-out zone 
observations. Deviance explained is 1 − ஽೘೚೏೐೗஽೙ೠ೗೗ , where 𝐷௡௨௟௟ is the held-out deviance of 

an intercept-only model fitted on the training sample. These quantities are not LOZO sta-
tistics. The numerical held-out deviance is smaller for the Poisson specification than for 
the negative-binomial specification in every duration group, and the reported deviance 
explained reaches 48.8% for 5+ h. The comparison is descriptive; it is not presented as a 
formal statistical ranking or evidence of general superiority. 
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Linear regression is retained as the principal explanatory specification because it 
combines moderate LOZO effect sizes (R2 = 0.49–0.63) with transparent coefficients. Ridge 
gives nearly identical LOZO losses, so the evidence does not establish statistically signifi-
cant superiority of OLS over ridge; the choice is interpretive rather than a claim of lower 
expected loss. 

The model was subsequently used to evaluate scenarios involving new streets and 
changes in capacity and tariffs [53], and the resulting session forecasts were propagated 
to the revenue adjustment shown in Figures 14 and 15. 

Applying the Level 3 session estimates under the summer-2025 tariff configuration 
and comparing them with the Level 1 pre-change revenue forecast yields a fixed scaling 
factor 𝜑ோ = ଷ଴.ଽହଶ଺.଺଼ = 1.16. Both numerator and denominator were calculated at the forecast 
origin (31 May 2025) from model predictions; no revenue observed after that date entered 
the calculation. The factor was fixed for all 15 horizons before validation. Because it com-
bines the transition from aggregate to spatial modelling with the tariff configuration, it is 
a scenario adjustment and not an estimated causal price effect. 

The tariff-adjusted revenue forecast was validated against 15 months of subsequently 
observed revenue (June 2025–August 2026), a period spanning the June 2025 tariff change. 
It tracked actual monthly revenue with a mean absolute percentage error of 6.5% (median 
4.4%) and was close to unbiased, overstating cumulative revenue over the period by only 
0.9% (mean signed error +2.1%). The largest single-month deviation (+35% in January 
2026) coincided with an atypically low observed revenue; excluding it, the mean absolute 
percentage error falls to about 4.5%. Because the adjustment factor was derived entirely 
from model predictions under the two tariff configurations, with the observed post-
change revenue used only for comparison, this is an out-of-sample validation of the inte-
grated framework across a tariff-regime change. 

The forecast series 𝑅(௡௘௪)(௧) is the pre-break linear revenue model 𝑅(௕௔௦௘)(௧) (Equa-
tion (30)) rescaled by the fixed tariff-adjustment factor derived from the Level 3 session 
forecasts under the two tariff configurations. 

All 15 monthly forecasts share a single forecast origin (31 May 2025); this is a one-
shot multi-step forecast and the model is not re-estimated month by month. Over June 
2025–August 2026, the adjusted forecast has MAE RUB 0.601 M, RMSE RUB 0.778 M, 
MAPE 6.5%, WAPE 5.6%, and mean signed error RUB +0.099 M. The corresponding sea-
sonal-naive values are MAE RUB 2.062 M, RMSE RUB 2.405 M, MAPE 18.8%, WAPE 
19.3%, and mean signed error RUB −2.044 M. Relative to that benchmark, the descriptive 
MAE and RMSE skill scores, defined as 1 − loss_model/loss_naive, are 70.9% and 67.7%, 
respectively. Table 3 reports the monthly values. ETS and ARIMA were not used as con-
firmatory benchmarks because only 29 pre-break monthly observations are available, 
barely exceeding two seasonal cycles; fitting and selecting seasonal time-series models on 
such a short series would add substantial specification uncertainty. With one forecast 
origin and dependent multi-horizon errors, these differences are reported as effect sizes 
rather than tested as statistically significant superiority. 

Table 3. Monthly actual revenue, seasonal-naive baseline, and one-shot tariff-adjusted forecast over 
the 15-month evaluation horizon (forecast origin: end of May 2025). 

Month h Actual, RUB Baseline (Seasonal-Na-
ive) 

Adjusted Fore-
cast 

Error % 

June 2025 1 10,003,564 6,524,364 9,212,288 −7.9 
July 2025 2 12,067,148 8,496,583 11,342,538 −6.0 

August 2025 3 11,016,078 7,907,890 10,432,210 −5.3 
September 

2025 4 12,046,610 8,013,820 11,037,490 −8.4 
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October 2025 5 11,889,478 8,857,554 11,649,222 −2.0 
November 

2025 6 9,602,945 8,085,789 9,664,437 +0.6 

December 
2025 

7 10,381,510 8,310,963 11,317,203 +9.0 

January 2026 8 6,095,676 5,898,702 8,233,823 +35.1 
February 

2026 9 9,299,185 7,861,509 9,895,362 +6.4 

March 2026 10 11,291,107 8,855,170 11,578,859 +2.5 
April 2026 11 12,075,008 9,764,100 11,662,486 −3.4 
May 2026 12 10,401,705 8,029,609 10,656,214 +2.4 
June 2026 13 11,093,825 10,003,564 11,277,044 +1.7 
July 2026 14 11,930,652 12,067,148 12,455,004 +4.4 

August 2026 15 11,161,260 11,016,078 11,426,151 +2.4 

 

Figure 14. Actual revenue and revenue scenarios. Black is observed revenue; orange and green are 
forecasts calibrated through December 2024 and June 2023, respectively; blue is the fixed tariff-ad-
justed scenario established at the end of May 2025. Values are in RUB. 
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Figure 15. Monthly revenue versus parking-session counts. Black points show the January 2023–
December 2024 calibration, blue points the January–June 2023 subset, and orange points the post-
change observations. Dashed lines show the displayed linear relations; these descriptive fits are not 
a causal tariff-effect estimate. 

Linear regression trained on old data reproduces the cross-sectional demand pattern 
for zones with new parameters (LOZO R2 ≈ 0.6), although absolute transfer across the tariff 
change is weaker (see Figure 16). 

 

Figure 16. Zone-level demand-estimation errors. Green points are within ±40% of observed demand, 
red points indicate overprediction by the model, and black points indicate underprediction by the 
model. Coincident points represent nearby parking zones and are not an additional statistical cate-
gory. The ±40% threshold is an operational tolerance, not a prediction interval. The basemap label 
“ВЛАДИВОСТОК” means Vladivostok. Map data © OpenStreetMap contributors, ODbL. 

3.4. Final Model Parameters 

Table 4 reports the final OLS estimates with heteroscedasticity-consistent (HC3) 
standard errors, p-values and 95% confidence intervals (𝑛 = 41). Robust inference is used 
because Breusch–Pagan tests indicate heteroscedasticity for the 3–4 h and 5+ h groups (p 
< 0.01), while residuals are approximately normal (Jarque–Bera p > 0.26). Capacity and 
network distance to the centre are significant in every duration group; price is significant 
only for the 3–4 h and 5+ h groups (p = 0.034 and 0.042); restaurant density is not significant 
in any group (p ≥ 0.08). 

Table 4. Final OLS coefficients with HC3 robust standard errors, p-values in parentheses (𝑛 = 41). 

Variable 0–1 h 2 h 3–4 h 5+ h 

Intercept 
2739.34

(1143.74; p = 0.022)
1041.03 

(330.91; 0.003)
623.07 

(221.31; 0.008)
375.13 

(167.20; 0.031)

Price 
−12.63

(11.04; 0.260)
[−35.02; 9.76]

−8.27 
(4.23; 0.058)

[−16.85; 0.31]

−6.66 
(3.02; 0.034)

[−12.77; −0.54]

−4.56 
(2.17; 0.042)

[−8.96; −0.17]

Capacity 
27.67

(5.90; <0.001)
[15.71; 39.64]

9.14 
(2.57; 0.001)
[3.92; 14.36]

4.53 
(1.65; 0.010)

[1.18; 7.89]

2.87 
(1.30; 0.034)

[0.24; 5.50]

center_dist 
−56.66

(24.12; 0.024)
−19.87 

(6.75; 0.006)
−9.96 

(3.32; 0.005)
−6.02 

(2.81; 0.039)
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[−105.57; −7.75] [−33.55; −6.19] [−16.69; −3.23] [−11.71; −0.33]

restaurant_cnt 
163.07

(153.38; 0.295)
[−148.00; 474.14]

60.75 
(48.97; 0.223)

[−38.56; 160.07]

43.86 
(24.23; 0.079)

[−5.1; 92.8]

25.96 
(21.87; 0.243)

[−18.40; 70.32]

4. Discussion 
The obtained regression models make it possible to assess the influence of infrastruc-

tural, pricing, and spatial factors on the distribution of demand across parking zones, as 
well as revealing differences in user behaviour depending on parking session duration. 

Capacity is positive and significant in all four groups, with the largest coefficient for 
short stays (about 28 additional sessions per additional space for 0–1 h, declining to about 
3 for 5+ h). Because the dependent variable is an absolute count, part of this association is 
mechanical and should not be interpreted as a per-space intensity effect. Network distance 
to the centre is negative and significant throughout, and strongest for short stays (about 
−57 sessions per additional minute for 0–1 h). Price is retained mainly for the 3–4 h and 5+ 
h groups (−6.66 and −4.56) and is significant only there, indicating an inverse conditional 
association between tariff and longer-stay demand rather than a causal elasticity. Restau-
rant density is positive but not statistically significant in any group (p ≥ 0.08) and is re-
ported as a directional association only. The qualitative pattern is consistent with differ-
entiated parking services and joint supply–pricing research [29,30]. 

Residual spatial autocorrelation is negligible: Moran’s I on the OLS residuals [54,55] 
is not significant for any duration group (I between −0.02 and 0.10; all p ≥ 0.09), but this 
does not establish that spatial dependence is absent or that spatial controls would be un-
necessary in other samples. 

The results allow formulating a number of practical conclusions for parking space 
management tasks: 

1. First, the model can be used to explore differentiated-tariff scenarios by duration 
group. The negative price coefficients for longer stays are conditional associations in 
observational data; because tariffs were not randomly assigned and omitted spatial 
or behavioural variables may remain, they do not identify a causal price elasticity or 
prove that a tariff intervention will redistribute demand. 

2. Second, short-term demand is largely determined by urban activity and zone central-
ity. This means that, in the most commercially active areas, demand management 
should rely not only on tariff measures but also on capacity management, organisa-
tion of drop-off/pick-up zones, and limitation of parking duration. 

3. Third, the framework can represent free parking supply as a separate spatial covari-
ate and thereby avoids treating a zero tariff inside the price-weighted SPI. However, 
because free_places_200m is not included in the final core specification, the present 
estimates do not establish an independent effect of free parking. Such an effect should 
be tested in a pre-specified robustness model before drawing tariff-policy conclu-
sions. 

The positioning of these results relative to the recent literature is also important. Re-
cent graph- and Transformer-based models can now predict on-street and park-and-ride 
occupancy under heterogeneous spatial and contextual conditions [8–10], while heteroge-
neous graph ranking can directly recommend on-street spaces [19]. Recent Transportation 
Research Part C studies, in turn, focus on service differentiation in parking sharing and 
on the joint design of parking supply and pricing [29,30]. The present framework is com-
plementary to these approaches: its main role is to reconstruct capacity-suppressed de-
mand and produce interpretable, duration-specific demand responses that can serve as 
inputs to operational prediction, pricing, or allocation models. 
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The latent-demand estimates require cautious interpretation. The reconstructed to-
tals of 51,671 and 32,405 are approximately 3.41 and 2.59 times the corresponding rec-
orded session counts. Pseudo-censoring validation on unsaturated zones shows that the 
reconstruction recovers the withheld midday mass with a median recovery ratio near 
unity and small bias, and that the beta and gamma profiles have similar median absolute 
errors, while the log-normal and model-free alternatives have larger numerical errors; a 
forward occupancy check reproduces saturation over the observed censored window, and 
the totals are insensitive to the assumed duration distribution and to the density discreti-
sation (≤6.2%). The estimates nonetheless remain sensitive to the assumption that the se-
lected tails are uncensored and to behavioural responses when a zone is full, and substi-
tution between neighbouring zones is not explicitly modelled: a driver unable to park in 
one zone may appear as observed demand in another, so the reconstructed zone-level 
values should not be summed mechanically as independent city-wide suppressed de-
mand. A day-level bootstrap yields 95% confidence intervals of [49,264; 53,823] and 
[31,149; 33,476] for the two reconstructed totals, so the estimates should be read as model-
implied scenario ranges rather than precise counts of rejected vehicles. 

Despite the obtained results, the developed model has several limitations: 

1. First, the model is aggregate in nature and describes demand at the zone level with-
out individual modelling of individual user behaviour. Consequently, personal client 
preferences, trip purposes, and repeated behaviour patterns are not considered. 

2. Second, regression models assume relative stability of demand structure over time. 
Substantial changes in transport infrastructure, urban environment, or user behav-
iour may require re-estimation of model coefficients. 

3. Third, the linear functional form limits the model’s ability to describe nonlinear ef-
fects and complex factor interactions. In particular, the influence of price or compet-
itive environment may change at certain thresholds. 

4. Fourth, latent-demand reconstruction is identified by extrapolation from uncensored 
tails. Pseudo-censoring quantifies reconstruction error and benchmarks beta against 
gamma, log-normal, and model-free profiles, while the day-level bootstrap intervals 
are conditional on the selected donor zones, transferred city-wide shape, censoring-
window definition, and uncensored-tail boundaries. On the common 37-zone subset, 
graded pseudo-censoring from 60.8% to 86.8% hidden mass does not produce a mon-
otonic increase in absolute median proportional bias (10.4%, 8.4%, 0.3%, and 2.2%). 
This finding supports robustness across the tested censoring windows but does not 
establish invariance of zone-level tail errors. Alternative donor sets and tail bounda-
ries should still be re-estimated in a full-pipeline bootstrap before external opera-
tional use. 

5. Fifth, the chronological hold-out reuses most training zones, and honest out-of-sam-
ple R2 under chronological transfer is near zero, so the Level 3 component is best 
understood as a spatial/explanatory estimator evaluated by LOZO rather than as a 
temporal forecaster. The final specification is based on only 𝑛 = 41 zone observa-
tions; even with HC3 standard errors, coefficient uncertainty is material, model com-
parisons have low power, and rare zone types are weakly represented. Residual spa-
tial autocorrelation was tested and found negligible, but independent city-level rep-
lication is required. 

Smaller held-out errors are observed for zones with moderate demand, whereas 
larger errors occur for the largest central zones and some peripheral locations. This pattern 
reflects urban heterogeneity and the limited number of observations for rare zone types; 
it does not constitute a formal ranking of model performance across zone classes. Outputs 
should therefore be described as estimates or scenario projections, interpreted with held-
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out diagnostics, and re-estimated after major changes in tariffs, capacity, or network con-
figuration. 

Despite these limitations, the proposed approach provides a high level of interpreta-
bility and a transparent structure for scenario analysis. Its predictive and policy use 
should be accompanied by held-out diagnostics and uncertainty analysis, particularly 
when tariffs, capacity, or network configuration differ materially from the estimation sam-
ple. 

5. Conclusions 
This paper developed an interpretable framework for spatial parking-demand esti-

mation and reconstruction of demand censored by capacity constraints. Aggregate reve-
nue forecasting is retained as a supporting scenario-analysis component rather than the 
principal contribution. 

The study analysed existing parking-demand modelling methods, including classical 
statistical approaches, machine-learning methods, spatio-temporal models, and agent-
based simulations. It was found that a significant portion of modern solutions suffer from 
insufficient interpretability, high data sensitivity, and limited applicability in public and 
municipal governance tasks. 

The framework combines an aggregate demand layer, a latent-demand-reconstruc-
tion layer, and duration-specific spatial regression over road-network and land-use fac-
tors. The duration groups expose heterogeneity between short- and long-stay users while 
retaining a form that can be audited by municipal analysts. 

Algorithms for calculating factors characterising the following were developed: 

1. Transport accessibility of parking zones; 
2. Volume of free parking supply; 
3. Saturation with urban infrastructure objects; 
4. Competitive pressure from neighbouring zones; 
5. Spatial structure of the urban environment 

To obtain compact and interpretable equations, the explanatory specifications were 
reduced to a smaller factor set. Under the revised validation protocol, all factor screening 
must be conducted using the training sample only, and final statistical inference should 
be based on coefficient uncertainty reported for the locked specification. 

Empirical testing produced heterogeneous numerical out-of-sample results across 
targets. Leave-one-zone-out R2 ranges from 0.49 to 0.63 across duration groups (0.61 for 
total sessions), whereas out-of-sample R2 under chronological transfer is close to zero. This 
contrast supports interpreting the Level 3 component as a spatial/explanatory estimator 
rather than a temporal forecaster; it is not a formal statistical ranking of competing mod-
els. The coefficient patterns suggest systematic associations of demand with tariffs, capac-
ity, centrality, and the competitive environment, but these relationships should be inter-
preted as conditional associations rather than causal effects. 

The sensitivity checks have direct practical implications. Reconstructed arrival totals 
are stable to a ±20% perturbation of the cohort survival curves, while peak reconstructed 
occupancy changes by about ±10%; changing density discretisation changes reconstructed 
totals by no more than 6.2%. In the graded pseudo-censoring experiment, increasing the 
median hidden share from 60.8% to 86.8% does not cause a monotonic increase in absolute 
median proportional bias, which takes values of 10.4%, 8.4%, 0.3%, and 2.2% across the 
four windows. By contrast, the transferred arrival-profile family, donor-zone composi-
tion, the boundaries assumed to be uncensored, and unmodelled substitution when a zone 
is full remain the more consequential or incompletely quantified assumptions. Opera-
tional use should therefore prioritise local validation of profile transfer and tail selection, 
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and treat duration-distribution and numerical-discretisation choices as secondary sources 
of uncertainty. 

The practical significance of the work lies in using the software-analytical framework 
for transparent, assumption-dependent scenario analysis, including: 

1. Exploring model-based tariff scenarios without interpreting observational price co-
efficients causally; 

2. Estimating the likely utilisation of newly configured parking zones; 
3. Analysing competitive interactions between territories; 
4. Supporting decisions by city authorities and parking operators. 

The framework has been demonstrated only for Vladivostok, with 46 zones and two 
capacity-constrained reconstruction cases. Its coefficients, arrival shape, tariff response, 
and validation results should not be generalised to other cities or transport services with-
out local re-estimation and external validation. The most valuable next dataset would 
combine harmonised transaction records from several cities with quarter-hour occupancy 
or sensor counts, zone capacity and tariff histories, parking-duration distributions, road-
network accessibility, points of interest, and nearby free or private supply over at least 
24–36 months spanning stable and changed tariff regimes. A particularly informative val-
idation design would leave one city out, repeat reconstruction at pre-specified saturation 
levels, and evaluate temporal transfer before and after tariff changes. Transferability is a 
hypothesis for future multi-city study, not an empirical conclusion of the present analysis. 

Promising directions for further research include: 

1. Finer-grained intraday, weekly, and seasonal demand dynamics; 
2. Dynamic graph-based representations of urban mobility and accessibility; 
3. Implementation of adaptive dynamic pricing mechanisms; 
4. Expansion of behavioural factor sets; 
5. Combination of interpretable models with modern machine-learning methods. 
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