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Abstract
Accurate short-term parking availability forecasting is an important component of intelligent transportation systems. While
numerous machine learning and deep learning models have been proposed, most approaches rely on a single predictor and
implicitly assume uniform performance across forecast horizons, despite evidence that accuracy varies with lead time. This
paper presents a systematic evaluation of multi-step (1–24h) parking availability forecasting using sensor-based occupancy
data from two urban parking facilities. We show that different model classes exhibit complementary strengths at different
horizons, with no single model consistently achieving the lowest error across the full forecast range. To address this
limitation, we propose a horizon-aware hybrid forecasting approach that combines two complementary base models using
validation-driven weighted blending. Two variants are considered: a Global Weighted Blend with a shared weight and
a Local Weighted Blend with horizon-specific weights.
Experimental results show that both hybrid approaches outperform individual baseline models, with the Local Weighted
Blend achieving the best overall performance across all evaluation metrics. These findings demonstrate that horizon-aware
blending provides a simple and effective strategy for improving multi-step parking availability forecasts. As an outlook,
we propose a context-aware, adaptive model-management architecture for sensor-based smart city systems.

Keywords Parking availability forecasting · Multi-step time series forecasting · Horizon-aware forecasting · Machine
learning · Deep learning · Decision support systems

1 Introduction

Since the 1990, the term smart city [1] is used to describe
technology-induced urban transformation projects in vari-
ous application domains, such as mobility, environmental
sustainability, or local culture. Many rely on sensor data
to obtain up-to-date real-world information, which are pro-
cessed to derive actions and monitor their results, and thus
can be seen as instances of a smart system cycle [2].
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Nowadays, this processing often relies on machine learn-
ing models that are trained on historical sensor data and
available context information [3]. However, when sensor
installations are new, there are only few data available for
training, which changes over time [4]; further more, the
downstream tasks might be manifold, depending on the con-
text, so that one trained and deployed model is not enough
for operation. Instead, we propose architectures that use
a multitude of models, adaptive model management, and
context-aware selection and re-training when needed. In
this paper, we illustrate this need by studying a common
use case: smart parking systems, in which sensors are used
to observe the current occupation of parking lots. By train-
ing machine learning models, this data can be used to pre-
dict future availability over different prediction horizons,
where a horizon refers to the length of the future time win-
dow for which a prediction is made. For example, this may
correspond to short-term horizons, such as one hour when
driving towards the city center, or longer-term horizons,
such as 24h when planning a next-day trip. More generally,
the approach can be applied to other sensor-based predic-

K

https://doi.org/10.1007/s13222-026-00544-w
http://crossmark.crossref.org/dialog/?doi=10.1007/s13222-026-00544-w&domain=pdf
http://orcid.org/0000-0001-7012-6010


156 Datenbank-Spektrum (2026) 26:155–164

Fig. 1 Workflow of the proposed horizon-aware parking availability forecasting approach. Solid arrows represent the processing pipeline from
data sources to decision support. The dotted line indicates the horizon-aware model selection process used to identify and combine complementary
models for the hybrid forecasts

tion tasks with variable prediction horizons, such as taxi-
demand prediction [5] or crowd management [2].

Finding available parking remains a persistent source of
urban traffic congestion, resulting in increased travel time,
fuel consumption, and emissions [6, 7]. In addition to spa-
tial uncertainty, drivers face temporal uncertainty, as in-
formation on how parking availability will evolve in the
coming hours is typically unavailable [6, 8]. While prior
studies show that parking information can reduce cruising
time, most existing systems focus on current occupancy
rather than future availability [9, 10]. Consequently, en-
abling short-term parking availability prediction is a key
challenge for improving arrival-time decisions and reducing
inefficient parking search [6, 11]. Advances in sensing tech-
nologies enable continuous collection of parking occupancy
data, forming the basis for data-driven prediction. Parking
sensors record time-stamped occupied and free states, cap-
turing daily, weekly, and event-driven demand patterns [6,
12]. Prior work shows that such occupancy time series are
well suited for short-term forecasting due to strong tempo-
ral regularities [10, 13]. For drivers, forecasts over the next
hours—particularly within a 24-hour horizon—are more in-
formative than instantaneous availability, as they support
planning based on anticipated demand rather than current
conditions alone [6, 8]. As a result, sensor-based parking
availability prediction has become a plausible method for
improving parking information systems from a driver-ori-
ented perspective [12, 14].

Many modeling approaches have been explored for pre-
dicting parking occupancy from sensor-based time series,
ranging from statistical and regression-based methods us-
ing temporal covariates [6, 14] over classic machine learn-
ing models that capture nonlinear relationships in parking
demand [11, 12] to deep learning methods that learn tem-
poral dependencies directly from sequential inputs [13, 15].
However, comparative studies consistently show that higher
model complexity does not guarantee superior accuracy
across all horizons, and simpler models may outperform
deep architectures [10, 14]. This motivates moving beyond
one-model-fits-all forecasting toward horizon-aware mod-
eling strategies.

Despite progress in parking occupancy prediction, most
existing work treats forecasting as a single-model task, de-

ploying one algorithm across the full multi-step horizon [6,
11]. This assumption persists even though empirical evi-
dence shows that model performance varies with forecast
horizon [11, 14]. Moreover, while parking prediction is of-
ten motivated by mobility and driver-assistance benefits,
fewer contributions demonstrate how multi-horizon fore-
casts are designed and evaluated in a way that supports
arrival-time decision making [6, 8, 12]. To address these
gaps, this work proposes a horizon-aware hybrid forecast-
ing approach that combines complementary models through
global and per-horizon weighted blending, as illustrated in
Fig. 1.

The workflow begins with sensor-based parking and
weather data, which are processed through aggregation
and feature extraction to construct the modeling dataset.
Based on this data, multiple baseline models from classic
machine learning and deep learning are trained to generate
multi-step (1–24h) forecasts. Building on this perspec-
tive, we treat multi-horizon forecasting as a setting where
model accuracy varies across horizons. Accordingly, the
proposed approach incorporates a horizon-aware model
selection process, where models are evaluated across fore-
cast horizons to identify complementary strengths. Using
sensor-based occupancy time series, we evaluate classic
machine learning and deep learning models under a unified
experimental protocol to ensure fair comparison [6, 14].

Beyond single-model selection, we introduce two hori-
zon-aware blending strategies: a Global Weighted Blend
with a single optimized weight across horizons, and a Lo-
cal Weighted Blend with horizon-specific weights to exploit
complementary strengths across the 24-step prediction win-
dow. The resulting hybrid forecasts are used to support ar-
rival-time planning.

The contributions of this work are threefold: First, we
provide a systematic comparison of statistical, machine
learning, and deep learning models for short-term park-
ing availability prediction using sensor-based data, with
selection grounded in empirical performance rather than
assumed complexity. Second, we propose a horizon-aware
hybrid forecasting strategy via global and local weighted
blending to address horizon-dependent performance varia-
tion. Third, we analyze short-term forecasts over a 24-hour
horizon with a focus on supporting arrival-time planning,
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thereby linking multi-horizon prediction to practical driver-
oriented decision needs. In our outlook, we propose to
use an adaptive architecture to disburden the data engineer
from manual selection and deployment of ML models in
a changing environment.

2 RelatedWork

Prior work on parking availability forecasting spans a wide
range of data sources, prediction targets, and modeling tech-
niques. This section briefly focuses on three aspects most
relevant to this study: sensor-based forecasting, applied ma-
chine learning models, and horizon-dependent performance
behavior.

For sensor-based parking forecasting, many studies rely
on sensor-derived parking data, either in the form of event-
based arrival and departure logs [11] or aggregated occu-
pancy time series collected from parking facilities [14]. His-
torical availability is consistently identified as the dominant
predictive signal, while contextual variables such as traffic
conditions and weather are often included to enhance per-
formance, with traffic-related features typically found to be
more influential than weather [16]. High-resolution sensor
data allow models to learn detailed short-term parking dy-
namics from recent history, while public datasets often re-
port availability as percentages and rely on daily and weekly
time patterns such as hour of day or day of week [17, 18].

For aspects of applied machine learning and deep learn-
ing models, a broad spectrum of predictive models has been
evaluated for parking availability forecasting. Classic ma-
chine learning approaches, including decision trees, random
forests, gradient boosting, and multilayer perceptrons, are
widely reported as strong and robust baselines under real-
world conditions [11, 19, 20]. Statistical and kernel-based
methods such as ARIMA and support vector regression
are also commonly studied, with SVR often outperforming
purely linear models [14, 20]. More recently, deep learning
architectures, predominantly recurrent and convolutional-
recurrent models capture temporal dependencies directly
from sequential inputs [13, 18]. Hybrid approaches com-
bining neural networks with uncertainty-aware components,
such as neuro-fuzzy systems, have also been proposed to
improve robustness [15]. Overall, empirical results suggest
that model effectiveness is highly context-dependent and
not strictly correlated with architectural complexity [11, 17,
21].

Horizon-dependent performance behavior: An important
challenge in multi-step parking availability forecasting is
that prediction accuracy varies with forecast horizon. Sev-
eral studies report increasing error for longer lead times
and show that different model families dominate at differ-
ent horizons [17, 22]. Comparative benchmarks furthermore

indicate that the best-performing model can change across
datasets and horizons [18, 20]. Despite this, most exist-
ing approaches deploy a single model or a fixed hybrid
across the full forecast range, without explicitly adapting
model contribution to horizon-specific behavior [15, 16].
This gap motivates the horizon-aware hybrid forecasting
strategy proposed in this work.

3 Data Preprocessing

This section describes the data sources and pre-processing
steps used to construct the supervised learning dataset for
multi-horizon parking availability forecasting.

3.1 Data Sources

Parking occupancy data were obtained from the project
partner Smart City System Parking Solutions GmbH via the
ParkingPilot API, which provides historical parking events
in CSV format. The study considers two off-street park-
ing facilities in Bamberg, Germany: P+R Brennerstraße
(ID 38) and P+R Heinrichsdamm (ID 634).

P+R Brennerstraße is located near the central train sta-
tion and has a total capacity of 118 spaces, including 5 re-
served spaces. P+R Heinrichsdamm has a total capacity
of 800 spaces; however, only 72 sensor-equipped outdoor
spaces (including 5 reserved spaces) are considered in this
study. For both facilities, the API provides space-level ar-
rival and departure timestamps.

The dataset covers the period from 30 November 2024 to
28 November 2025, capturing daily, weekly, and seasonal
demand patterns. All timestamps are provided in a con-
sistent time reference. To account for external influences,
hourly weather data (temperature, relative humidity, pre-
cipitation) were retrieved from the Open-Meteo historical
weather service and temporally aligned with the parking
data. All data are ingested automatically and stored in a cen-
tralized relational database, while raw observations are pre-
served to ensure reproducibility.

3.2 Preprocessing and Feature Construction

Raw parking event data are transformed into structured time
series suitable for multi-step forecasting. For each parking
lot l, minute-level occupancy is derived from arrival and
departure intervals:

occupiedl .t/ =
NlX

i=1

I.ai � t < di /; (1)

freel .t/ = Cl − occupiedl .t/; (2)
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where ai and di denote arrival and departure times, Cl is the
sensor-covered capacity, and I.�/ is the indicator function.

To reduce noise and align with operational forecasting
needs, availability is aggregated to hourly resolution. For
each hour, summary statistics of free spaces (mean, mini-
mum, maximum, and range) are computed. Temporal fea-
tures capturing periodic demand patterns (hour of day, day
of week, calendar week, and month) are extracted.

Hourly parking availability is combined with meteo-
rological variables. Short-term dynamics are represented
using rolling statistics and first-order differences, includ-
ing 24-hour rolling mean, standard deviation, and hour-
to-hour changes. Categorical context variables (e.g., week-
day/weekend and time-of-day regimes) are numerically en-
coded. The final feature set consists of 20 variables, with the
target defined as the hourly average number of free parking
spaces.

To prevent temporal leakage, data are split chronologi-
cally into 70% training, 15% validation, and 15% testing
sets. A sliding-window approach is applied, where each in-
put consists of the previous 48h and the prediction target
corresponds to the subsequent 24-hour trajectory:

X.k/ 2 R
48�p; y.k/ 2 R

24; p = 20: (3)

Classic models use flattened inputs, while deep learning
models preserve temporal structure. All numerical features
are normalized using min-max scaling.

4 Method

This section presents the predictive models and training
setup, followed by the horizon-aware weighted blending
approach used for multi-step parking availability forecast-
ing.

4.1 PredictiveModels and Training Setup

To evaluate the performance of different models, we trained
a diverse set of classic machine learning and deep learning
models to forecast next-day (24-hour) parking availability.
All models were trained on the same supervised dataset and
evaluated under a unified experimental protocol to ensure
comparability across parking facilities.

We selected hyperparameters based on prior literature
focused on model architectures [23–25] and validation-
based tuning, with the goal of balancing predictive accu-
racy and robustness across forecast horizons. The complete
configuration of all models is reported in Table 1.

This table provides an overview of all evaluated models
and their key hyperparameters. The table includes classic
machine learning models, deep learning architectures, and

Table 1 Predictive models and key hyperparameters.

Model Key hyperparameters

Linear/Ridge Re-
gression

Multi-output regression; Ridge: ˛ = 1:0

Decision Tree Max depth= 20; min samples split = 10; min
leaf= 5

Random Forest 100 trees; max depth= 20; min samples
split = 10; min leaf= 5

Gradient Boosting 50 estimators; depth= 5; learning rate= 0.1

XGBoost 100 estimators; depth= 5; learning rate= 0.1

SVR (RBF) C= 1.0; � = 0:1; max 5000 samples

RNN-based models LSTM/GRU/BiLSTM: two layers (150,
75 units)

Seq2Seq (Encoder-
Decoder)

LSTM encoder-decoder; 24-step output hori-
zon

CNN-RNN hybrids 1D CNN (64 filters, k= 3)+ RNN layers (150,
75)

hybrid configurations considered in this study. For each
model, the most relevant hyperparameters and architec-
tural settings are reported to ensure transparency and re-
producibility of the experimental setup. The selected con-
figurations reflect commonly used values in prior literature
as well as validation-based tuning, aiming to balance model
complexity, predictive accuracy, and robustness across dif-
ferent forecast horizons.

The evaluated classic machine learning baselines include
Linear Regression, Ridge Regression [26], Decision Trees
[27], Random Forests [28], Gradient Boosting [29], XG-
Boost [24], and Support Vector Regression with an RBF
kernel [30]. Due to its computational cost, SVR was trained
on a randomly selected subset of 5000 samples. Classic
models are formulated as multi-output regressors, mapping
flattened input features X 2 R

N �d to a 24-step output vec-
tor Y 2 R

N �24.
Deep learning models operate directly on sequential in-

puts of the previous 48h and generate a 24-hour fore-
cast. Evaluated architectures include recurrent neural net-
works such as LSTM [31], GRU [32], and bidirectional
LSTM [33], as well as an encoder-decoder (sequence-to-se-
quence) LSTM for direct multi-step prediction [34]. In addi-
tion, convolutional-recurrent hybrids (CNN-LSTM, CNN-
GRU, CNN-Bidirectional LSTM) were considered, com-
bining convolutional layers for short-term pattern extraction
with recurrent layers for modeling longer-term temporal de-
pendencies [35].

4.2 Horizon-AwareWeighted Blending

Our model comparison revealed that no single model con-
sistently minimizes error across the full 24-hour forecast
horizon. Some models perform best at short horizons, while
others dominate at longer horizons, indicating that single-
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model selection is suboptimal. To address this, we adopt
a forecast combination strategy that blends predictions from
two complementary base models. Let Oy.A/

t;h and Oy.B/

t;h denote
predictions from models A and B at horizon h. The hybrid
forecast is defined as:

Oy.H/

t;h = ˛h Oy.A/

t;h + .1 − ˛h/ Oy.B/

t;h ; ˛h 2 Œ0; 1�: (4)

Two variants are considered: a Global Weighted Blend
(GWB) using a single weight across all horizons, and a Lo-
cal Weighted Blend (LWB) with horizon-specific weights.

The two variants are considered to investigate howmodel
combination should account for horizon-dependent perfor-
mance differences. The Global Weighted Blend (GWB) rep-
resents a simple baseline approach, where a single weight
is used for all forecast horizons, assuming that one model
combination is sufficient across the entire prediction range.
In contrast, the Local Weighted Blend (LWB) allows differ-
ent weights for each horizon, reflecting the observation that
model performance varies depending on the prediction step.
By comparing these two variants, we can evaluate whether
a single global combination is sufficient or whether adapting
the weights to each horizon leads to improved forecasting
accuracy.

The GWB applies a single blending coefficient:

Oy.GWB/

t;h = ˛ Oy.A/

t;h + .1 − ˛/ Oy.B/

t;h ; ˛ 2 Œ0; 1�: (5)

The optimal ˛� is selected by minimizing validation
RMSE aggregated across all horizons:

˛� = arg min
˛2Œ0;1�

vuut 1

N � H

NX

t=1

HX

h=1

�
yt;h − Oy.GWB/

t;h .˛/
�2

(6)

where H= 24.
The LWB allows horizon-specific blending:

Oy.LWB/

t;h = ˛h Oy.A/

t;h + .1 − ˛h/ Oy.B/

t;h ; ˛h 2 Œ0; 1�: (7)

Each ˛�
h is optimized independently on the validation

set:

˛�
h = arg min

˛h2Œ0;1�

vuut 1

N

NX

t=1

�
yt;h − Oy.LWB/

t;h .˛h/
�2

: (8)

Finally, we selected the base models separately for each
parking facility to account for differences in capacity and
demand dynamics. The models were ranked by RMSE
aggregated across all horizons, the top four retained, and
the two most frequently best-performing models across
horizons selected as the complementary pair .A; B/. The

selected pairs were Linear Regression+ Encoder-Decoder
(Seq2Seq) for Lot 38 and Gradient Boosting+Random
Forest for Lot 634. Both GWB and LWB variants were
evaluated, with the Local Weighted Blend achieving the
best overall performance for both facilities.

4.3 EvaluationMetrics

To evaluate the model performance, we used standard re-
gression metrics, which are commonly applied in multi-
step time series forecasting. Let N denote the number of
test samples and H= 24 the prediction horizon. For each
sample i and horizon h, yi,h represents the observed number
of free parking spaces and Oyi;h the corresponding predic-
tion. All metrics are computed over the full set of N � H

predictions.
Specifically, Mean Squared Error (MSE), Root Mean

Squared Error (RMSE), and Mean Absolute Error (MAE)
are used to quantify average prediction error magnitude,
while the coefficient of determination (R2) measures the
proportion of variance in the observed data explained by
the model. Lower values of MSE, RMSE, and MAE indi-
cate better predictive accuracy, whereas higher R2 values
indicate improved goodness of fit.

5 Results

This section reports the experimental results of the pro-
posed forecasting framework for both parking facilities. We
begin with a baseline model evaluation using standard error
metrics, followed by a horizon-wise analysis of predictive
performance. Finally, the proposed hybrid models are as-
sessed against the strongest baselines to demonstrate their
effectiveness in capturing horizon-dependent behavior.

5.1 BaselineModel Performance

This subsection summarizes the performance of all base-
line models prior to hybridization using RMSE, MAE, and
R2 (Section 4.3), with results reported separately for the
two parking facilities (Table 2 and 3). The goal is to iden-
tify a reduced set of strong baseline models for subsequent
horizon-wise analysis.

Baseline performance differs substantially between the
two facilities. For Lot 38, deep learning models achieve
the best overall accuracy, with the Encoder-Decoder yield-
ing the lowest RMSE and highest R2, followed closely by
CNN-LSTM. Linear and Ridge Regression also perform
competitively, while most tree-based ensemble models ex-
hibit higher errors and negative R2 values.

In contrast, results for Lot 634 are dominated by clas-
sic ensemble methods. Gradient Boosting achieves the
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Table 2 Baseline model performance on Lot 38 before hybridization.

Model RMSE MAE R2

Encoder-Decoder 11.115 9.345 0.687

CNN-LSTM 11.830 9.924 0.646

Linear Regression 12.226 8.567 0.620

Ridge Regression 12.344 8.659 0.613

LSTM 12.532 10.543 0.603

BiLSTM 13.583 11.388 0.533

GRU 14.231 12.012 0.487

CNN-GRU 19.119 16.115 0.075

Gradient Boosting 20.480 16.243 –0.064

Random Forest 20.692 16.002 –0.085

XGBoost 20.733 16.266 –0.091

Decision Tree 20.983 16.548 –0.117

SVR 27.343 24.310 –0.893

Table 3 Baseline model performance on Lot 634 before hybridization.

Model RMSE MAE R2

Gradient Boosting 5.217 3.374 0.914

Random Forest 5.236 3.432 0.914

XGBoost 5.290 3.413 0.912

Ridge Regression 5.724 3.792 0.897

Linear Regression 5.777 3.854 0.895

CNN-GRU 6.139 4.204 0.882

Encoder-Decoder 6.303 4.269 0.875

GRU 6.447 4.549 0.870

LSTM 6.479 4.560 0.868

SVR 6.500 4.511 0.867

CNN-LSTM 6.655 4.691 0.861

BiLSTM 6.713 4.526 0.859

Decision Tree 7.477 4.840 0.825

strongest performance, followed closely by Random Forest
and XGBoost, while Ridge Regression also ranks among
the top-performing models. Deep learning approaches
generally perform worse on this lot, with Decision Tree
yielding the weakest results.

For each facility, the four best-performing models ac-
cording to overall RMSE and R2 are retained and analyzed
in a horizon-wise manner, forming the basis for the hybrid
model selection strategy.

5.2 Horizon-wise TopModels Performance

Figure 2 illustrates the best-performing baseline model at
each forecast horizon for Lot 38 and Lot 634, revealing
a clear horizon-dependent pattern in predictive accuracy.

For Lot 38, Linear Regression yields the lowest RMSE
at short horizons (hours 1–5), CNN-LSTM dominates inter-
mediate horizons (hours 6–12), and the Encoder-Decoder
model consistently performs best at longer horizons (hours

Fig. 2 Comparison of Best Models and RMSE per Forecast Horizon
for the top-selected models on Lot 38 and Lot 634

13–24). This progression reflects a shift from local trend ex-
ploitation to models capable of capturing longer-term tem-
poral dependencies.

For Lot 634, early horizons are best captured by boost-
ing-based or linear models, while Random Forest achieves
the lowest RMSE across most medium and long horizons.
Compared to Lot 38, model transitions occur more fre-
quently, indicating more heterogeneous demand dynamics.

Overall, these results confirm that no single baseline
model is optimal across all forecast steps, directly motivat-
ing the proposed horizon-aware hybrid forecasting strategy.
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Table 4 Comparison of hybrid models against the top four baseline
models on Lot 38 (aggregated over the 24-hour horizon).

Model RMSE MAE R2

LWBH 10.573 8.048 0.716

GWBH 10.783 8.282 0.704

Encoder-Decoder 11.115 9.345 0.687

CNN-LSTM 11.829 9.923 0.645

Linear Regression 12.226 8.566 0.620

Ridge Regression 12.344 8.659 0.613

Table 5 Comparison of hybrid models against the top four baseline
models on Lot 634 (aggregated over the 24-hour horizon).

Model RMSE MAE R2

LWBH 5.060 3.265 0.919

GWBH 5.067 3.288 0.919

Gradient Boosting 5.217 3.374 0.914

Random Forest 5.235 3.431 0.913

XGBoost 5.290 3.413 0.912

Ridge Regression 5.724 3.791 0.897

5.3 Hybrid Models Performance Comparison

This part compares the proposed hybrid forecasting ap-
proaches with the strongest baseline models using aggre-
gate error metrics over the full 24-hour horizon (Table 4
and 5).

Across both parking facilities, the hybrid models consis-
tently outperform all individual baselines. In particular, the
Local Weighted Blend Hybrid (LWB) achieves the lowest
RMSE and MAE and the highest R2, indicating the most
accurate overall performance across the forecast horizon.
The Global Weighted Blend Hybrid (GWB) also improves
upon all baseline models, but remains slightly inferior to
the horizon-specific weighting employed by the LWB.

For Lot 38, the LWB yields the best overall results
(RMSE= 10.573, MAE= 8.049, R2= 0.716), outperform-
ing both linear and deep learning baselines. A similar trend

Fig. 3 Horizon-wise RMSE comparison of hybrid (LWB, GWB) and baseline (Linear Regression, Encoder-Decoder) models across the 24-hour
forecast horizon for Lot 38. The Local Weighted Blend (LWB) achieves the lowest error for most horizons, while Linear Regression (LR) performs
best at very short horizons

is observed for Lot 634, where the LWB achieves the
strongest performance (RMSE= 5.060, MAE= 3.265, R2=
0.920), followed closely by the GWB and ensemble-based
models.

In addition to the aggregate evaluation, Fig. 3 and 4
present a horizon-wise comparison of hybrid and baseline
models across the 24-hour forecast window. The results
reveal a clear horizon-dependent performance pattern and
further confirm the advantage of the proposed hybrid ap-
proaches.

For Lot 38, Linear Regression achieves the lowest error
at very short horizons (hours 1–7), reflecting its strength in
capturing local trends. However, from hour 8 onward, the
Local Weighted Blend (LWB) consistently outperforms all
other models, maintaining the lowest RMSE across medium
and long-term horizons. This demonstrates the ability of the
hybrid approach to adapt to changing prediction dynamics
as the forecast horizon increases.

For Lot 634, the superiority of the LWB is even more
pronounced, as it achieves the lowest RMSE across all
forecast horizons. Both baseline models (Random Forest
and Gradient Boosting) as well as the Global Weighted
Blend (GWB) show competitive performance at certain
horizons, but remain consistently inferior to the horizon-
specific weighting employed by the LWB.

Overall, these findings indicate that while individual
models may perform well at specific horizons, the pro-
posed Local Weighted Blend provides a more robust and
consistently accurate solution across the entire predic-
tion range. This horizon-wise analysis complements the
aggregate results and highlights the effectiveness of in-
corporating horizon-dependent model behavior into the
forecasting process.

6 Discussion

This study examined short-term (1–24h) parking availabil-
ity forecasting using sensor-based occupancy data, with

K



162 Datenbank-Spektrum (2026) 26:155–164

Fig. 4 Horizon-wise RMSE comparison of hybrid (LWB, GWB) and baseline (Random Forest, Gradient Boosting) models across the 24-hour
forecast horizon for Lot 634. The Local Weighted Blend (LWB) consistently achieves the lowest error across all horizons, outperforming both
baseline models and the Global Weighted Blend (GWB)

a focus on horizon-dependent predictive accuracy. Results
show that no single model achieves uniformly low error
across all forecast steps and that model performance varies
substantially with prediction horizon, which has direct im-
plications for model selection in practical parking informa-
tion systems.

Across both parking facilities, baseline results reveal
complementary strengths among model families. For
Lot 38, simpler models perform best at short horizons,
CNN-LSTM models dominate at medium horizons, and
the Encoder-Decoder architecture achieves the lowest error
at longer horizons, reflecting a transition from local extrap-
olation to long-term sequence modeling. A similar horizon-
dependent pattern is observed for Lot 634, where classic
ensemble methods dominate overall, but different models
are optimal at different lead times. These findings con-
firm prior observations that model complexity alone does
not guarantee superior performance and that the optimal
predictor depends on forecast horizon.

The proposed hybrid forecasting approach directly ad-
dresses this limitation by combining complementary mod-
els. While the Global Weighted Blend improves robustness
over individual baselines, the Local Weighted Blend con-
sistently achieves the best performance across both park-
ing facilities. The improvements observed across RMSE,
MAE, and R2 demonstrate that horizon-specific weighting
effectively exploits model strengths where they are most
relevant.

Qualitative inspection of representative 24-hour forecast
trajectories further shows that hybrid models track observed
availability more closely than individual baselines, partic-
ularly at longer horizons where single models tend to ex-
hibit systematic deviations. This is especially important for
decision-support applications that require reliable next-day
availability trajectories rather than accuracy at isolated time
steps.

Several limitations remain: The evaluation is limited to
two parking facilities within a single city, which most of

the time have at least some availability. Our approach might
yield different resulting models for other parking lots. Ad-
ditional contextual factors such as special events or traf-
fic disruptions were not explicitly modeled and could fur-
ther influence our results. Moreover, the hybrid framework
currently combines only two base predictors. Future work
should extend the approach to multi-model ensembles, in-
corporate richer contextual data, and evaluate transferability
across cities and parking types, as well as assess the impact
of horizon-aware forecasts on real-world driver behavior.

7 Conclusion and FutureWork

This work presents a horizon-aware hybrid forecasting ap-
proach for smart parking systems using sensor-based oc-
cupancy data. By systematically evaluating a diverse set of
classic machine learning and deep learning models under
a unified experimental protocol in two real-world scenarios,
the study demonstrated that predictive accuracy varies sub-
stantially across forecast horizons and that no single model
is universally optimal over a 24-hour range. To address this
challenge, we introduced a Global Weighted Blend Hybrid
and a Local Weighted Blend Hybrid forecasting strategy.
Experimental results on two parking facilities showed that
both hybrid variants outperform individual baseline mod-
els, with the Local Weighted Blend Hybrid achieving the
best overall performance. These results suggest that explic-
itly accounting for horizon-dependentmodel behavior could
lead to more accurate and robust multi-step forecasts.

Beyond methodological contributions, the proposed ap-
proach was developed and evaluated within an end-to-end
data engineering pipeline, emphasizing deployment feasi-
bility and decision-support relevance. By translating multi-
horizon predictions into interpretable next-day availability
trajectories, the system could support informed arrival-time
planning and enhance the practical usefulness of parking
information services.
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To further study the feasibility of this approach, we plan
to integrate this approach into an adaptive architecture for
real-time inference. This architecture would manage mul-
tiple machine learning models and dynamically adapt the
data pipelines to the workload of downstream tasks (here:
different prediction horizons). Since using context informa-
tion could provide higher accuracy than any single-model
approach, we propose to structure the system as an adaptive
system implementing the MAPE-K loop (Monitor, Analyze,
Plan, Execute, over a shared Knowledge base), a reference
model for engineering feedback control in autonomic com-
puting [36].

Overall, this study highlights the importance of moving
beyond single-model forecasting in multi-step prediction
settings and demonstrates that horizon-aware hybridization
could be a simple yet effective strategy for improving pre-
dictive performance in real-world smart city applications.

Funding Open Access funding enabled and organized by Projekt
DEAL.

Data availability All data supporting the findings of this work are in-
cluded in the article.

Open Access Dieser Artikel wird unter der Creative Commons Na-
mensnennung 4.0 International Lizenz veröffentlicht, welche die
Nutzung, Vervielfältigung, Bearbeitung, Verbreitung und Wieder-
gabe in jeglichem Medium und Format erlaubt, sofern Sie den/die
ursprünglichen Autor(en) und die Quelle ordnungsgemäß nennen,
einen Link zur Creative Commons Lizenz beifügen und angeben, ob
Änderungen vorgenommen wurden. Die in diesem Artikel enthaltenen
Bilder und sonstiges Drittmaterial unterliegen ebenfalls der genannten
Creative Commons Lizenz, sofern sich aus der Abbildungslegende
nichts anderes ergibt. Sofern das betreffende Material nicht unter der
genannten Creative Commons Lizenz steht und die betreffende Hand-
lung nicht nach gesetzlichen Vorschriften erlaubt ist, ist für die oben
aufgeführten Weiterverwendungen des Materials die Einwilligung des
jeweiligen Rechteinhabers einzuholen. Weitere Details zur Lizenz ent-
nehmen Sie bitte der Lizenzinformation auf http://creativecommons.
org/licenses/by/4.0/deed.de.

References

1. Hall P (2014) Cities of tomorrow: An intellectual history of urban
planning and design since 1880. John Wiley & Sons

2. D N, L A, D D et al (2026) Challenges for Federated Crowd Man-
agement in Smart Cities. Companion Proceedings of the 27th In-
ternational Conference on Distributed Computing and Networking.
ACM Other conferences, Association for Computing Machinery.
https://doi.org/10.1145/3737611.3776621
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