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INTRODUCTION

Cities are evolving into smarter hubs with the growing integration of the Internet of Things (IoT). IoT
solutions are rapidly expanding into various urban sectors, including transit systems, airlines,
healthcare facilities, retail centers, and more. This widespread adoption is transforming urban areas
into highly connected and adaptable environments, enhancing the efficiency and interconnectivity of
metropolitan infrastructure. By 2024, the total number of IoT-connected devices is expected to exceed
30 billion, marking a significant milestone in information technology development [1]. Over the last

decade, technological advancements have significantly improved daily life. A key example is smart
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parking networks, which have become essential to IoT-enabled smart cities, enhancing urban

efficiency and convenience.

Urbanization and rising vehicle ownership have led to increasing demand for parking in cities,
intensifying traffic congestion and making the search for parking spaces a time-consuming challenge,
especially during peak hours. This issue complicates urban transportation management, as it results in
higher fuel consumption, increased greenhouse gas emissions, and worsened traffic conditions.
Traditional parking systems often have a limited scope, focusing on specific parking areas rather than

providing a comprehensive view of citywide parking availability.

Smart Parking Systems (SPS) have emerged as a potential solution to these issues, utilizing machine
learning and IoT to provide real-time data on available parking spaces [2-8]. However, many existing
systems fail to account for variables like weather conditions and time of day, which affect parking
capacity. Additionally, these systems often lack scalability, limiting their ability to manage parking
effectively in densely populated cities with high demand. Istanbul, Turkey's largest metropolitan area
with a population of 15.5 million, serves as a prime example. As a cultural and commercial hub, it
faces severe traffic issues, particularly during rush hours when finding parking is a significant
challenge. While current methods provide temporary relief, the increasing number of vehicles calls for

more innovative solutions.

In modern urban settings, auto transport tracking has been significantly improved by deep learning
techniques. A collaborative approach based on reinforcement learning was proposed in [10] to address
parking space distribution, employing intelligent decision-making for more efficient allocation.
Furthermore, an ant colony optimization method was applied to optimize the leasing process for shared
electronic scooter providers, enhancing urban occupancy efficiency [11]. Finally, in [12], the process
of building a robust middleware platform that is cost-effective was discussed, aimed at creating an
integrated spots-to-park management system to simplify operations and enhance the client experience

across various parking lots.

To predict the availability of parking spots and allow users to make real-time bookings, this article
introduces an LSTM-DRRNN model. This approach offers more accurate estimates of parking demand
and supply by considering the entire parking environment, unlike traditional models. It enhances
parking management efficiency by incorporating user habits, historical patterns, as well as factors like

weather and calendar events. Data validation in Istanbul shows that the LSTM-DRRNN model
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outperforms existing methods by reducing fuel consumption through shorter search times and

improving forecasting accuracy. Key new findings from this study include:

o Aggregate LSTM-DRRNN Method: The newly developed LSTM-DRRNN algorithm
significantly enhances the accuracy of parking availability forecasts compared to existing

methods.

e Comprehensive Parking Evaluation: Unlike traditional models, the algorithm evaluates
parking accessibility across large areas, not just individual lots, enabling better allocation of

parking spaces.

e User Habits and External Influences: To optimize resource use and improve customer
satisfaction, the algorithm takes into account factors such as traffic flow, historical parking

data, customer demands, and environmental influences.

e Real-Time Appointment Scheduling: The platform allows drivers to book parking spots in

advance, reducing search times and alleviating congestion in areas with limited availability.

e Validation with Istanbul Data: The model's effectiveness is demonstrated using real-world
data from Istanbul, showing improved forecasting accuracy and reduced fuel consumption by

minimizing search times.

The following is the outline of the paper: Section 2 provides a survey of the pertinent scholarship, with
an emphasis on seminal works on the subject. Section 3 provides the suggested model and describes
the study methods. Section 4 assesses the outcomes in relation to previous studies' conclusions using
a number of metrics, such as MSE, RMSE, MAE, MdAE, and MSLE. Section 5 concludes the article

by summarizing the main points.
1. RELATED WORK

There is ongoing research aimed at optimizing the use of parking spaces, a topic that has been
extensively explored in published work. Rafique et al. [13] propose an intelligent parking management
platform utilizing deep learning techniques, specifically YOLO v5, to improve vehicle identification.
The algorithm achieved an impressive accuracy of 99.5% when tested on the PKLot dataset.
Functionality in real time was enhanced by detecting vacant parking spots and extracting vehicle

characteristics through a refined YOLO v5 algorithm trained on the MS COCO database.

Dahiya et al. [14] provide an evaluation of machine learning (ML) algorithms for predicting parking

availability in IoT-enabled environments. The analysis includes models such as K-nearest neighbors
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(KNN), decision tree (DT), support vector machines (SVM), Naive Bayes (NB) and logistic regression
(LR). Performance metrics like clarity, recall, precision, and F1-score were used for assessment.
Results indicate that the radio frequency (RF) system demonstrated superior effectiveness and

reliability, even under complex conditions.

To optimize utilization, Errousso et al. [15] introduce two integer programming models for parking
spot allocation: one tailored for individual vehicles and the other for carriers. The first model assigns
a single parking spot per driver, while the second allocates two spots based on demand. For smaller
problem instances, the organic basic method is applied to compute solutions, whereas the DNA
algorithm and the Tabu Search method are employed for larger scenarios. To address uneven parking
demand across different city zones, requests are redistributed. When tested in Casablanca, this
approach achieved a 75% satisfaction rate, matching previous systems, while reducing unmet demand

to 12.7%, halving space-related expenses, and lowering transportation costs by 40%.

Focusing on achieving population parity in parking space distribution, Jemmali et al. [16] propose an
innovative method for equitable allocation of parking lots. To minimize disparities in human
distribution across parking areas, seven strategies are developed, all of which consider the availability
of lots. Extensive testing of period performance and disparity calculations is conducted on 2,430
examples. The results highlight exceptional efficiency, with the Minimal Residuals (MR) method
surpassing other widely recognized techniques in the literature, achieving 96.1% efficacy, a consensus

distance of 0.02, and a swift execution time of 0.007 seconds.

Considering drivers' preferences and parking area capacity constraints, Wang and Chen [17] develop
a theoretical framework for dynamically distributing parking demand. The proposed solution method's
efficacy is verified through a numerical example. The study offers insights into optimizing parking
locations and pricing strategies, examining how variable pricing influences parking decisions and

ensures balanced lot utilization.

Using a multidisciplinary agent-based framework, Mei et al. [18] explore the impact of parking
reservation systems on park-and-ride infrastructures. The research, focused on Suzhou’s Guangian
Street Trade District in China, evaluates various parking restriction strategies aimed at reducing
greenhouse gas emissions. The findings indicate that pollutant levels decrease when the reservation
ratio remains at or below 70%, but emissions increase beyond that threshold, as parking spots are
allocated based on demand rather than supply. A natural algorithm is suggested to optimize designated

parking space distribution, further reducing emissions.
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Yan et al. [19] address the fluctuating distribution of parking resources by framing it as an integrated
chance-constrained model aimed at maximizing projected total revenue over a limited period. The
model is refined into a robust mixed-integer programming framework using joint chance constraint
reduction and sample average estimation, handling complexity from two stochastic variables. A
stratified ranked set-generation method is applied to create a high-quality sample set, enhancing the
solution technique with effective constraints. Real-world data-based computations validate the method

for diverse parking scenarios.

Guo et al. [20] propose a car relocation strategy in parking lots using Reinforcement Learning (RL) to
improve space management. The system autonomously makes decisions and optimizes resource usage
through a flexible scheduling technique and Markov-based decision-making. Unlike conventional
approaches, this method emphasizes long-term strategies to maximize future returns. Experimentally,
it has demonstrated high efficiency and resilience, enabled effective route planning and reduced

parking time.

To improve parking availability predictions, Elomiya et al. [21] present a hybrid approach that
integrates Adaptive Neuro-Fuzzy Inference System (ANFIS) with deep learning (DL) techniques.
ANFIS addresses uncertainty using fuzzy set concepts, while DL models excel in pattern recognition
and handling time series deviations. The ANFIS-RNN, ANFIS-LSTM, and ANFIS-GRU models—
combining ANFIS with RNN, LSTM, and GRU, respectively—were evaluated using real-world
parking data. The study highlights the predictive effectiveness of these hybrid algorithms, providing

valuable insights for city planners and traffic engineers.

Li et al. [22] develop a distributed parking allocation (DPA) model aimed at maximizing net profit for
a platform by optimizing short-term parking demands from slot providers. The model employs the Ant
Colony Optimization (ACO) technique and compares its performance with the First-Come, First-
Served (FCFS) approach. It considers short-term parking space demands using both specialized and
uniform pricing strategies. The evaluation focuses on three key metrics: time disintegration level, net
revenue, and utilization rate. The findings show that the ACO algorithm enhances allocation

efficiency, supporting the practical viability of combining specialized allocation with uniform pricing.
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Table 1: Research gap among parking reservation system

https://internationalpubls.com

Author Methods Advantages disadvantages
name

Rafique | YOLO v5 Operating ~ with  near- However, if the framework
et al., method instantaneous speed, the relies on a preconditioned
[13] machine achieved 96.8% model, it may struggle to

accuracy on a custom adapt to parking scenarios
database. not represented in the
training data.

Dahiya | RF method The results indicate that However, variations in the
et al., advanced algorithms, initial training data and
[14] particularly randomly environmental conditions

distributed forests, enhance may diminish the

the efficiency of parking effectiveness of  the

facility management, randomly selected forest

reduce delays, and improve model in  applications

customer satisfaction. requiring real-time
responses.

Errouss Banning Experienced an increase of In larger cities, a more

oetal., | Finding and up to 87.3% in parking comprehensive  approach
[15] Genetic demand. Customer may be required for

Computing satisfaction levels improved complex calculations.
significantly and Mobility Due to the demand
costs were reduced by 40%. distribution balance, some
parking areas may not be
fully utilized.

Jemmali MR Its proven scalability in The  complexity  and
etal., algorithm large operational limitations of using the
[16] environments makes it seven methods could make

suitable for current maintaining system
applications.
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functionality more
challenging.
Wang & Dynamic By considering drivers' Drivers' behavior may
Chen Pricing preferences in real time, the become unpredictable
[17] Optimization approach can dynamically when approximate methods
assign  parking  spots, and fluctuating pricing are
enhancing garage planning used, making it more
and optimizing the use of difficult to accurately
available spaces. predict  demand  and
allocate resources
effectively.
Mei et Genetic Finds the best way to If the fundamental demand
al., [18] | Algorithm reserve parking spots in changes, settled
order to cut down on registration ~ percentages
greenhouse gasses. could lead to
incompetence.
Yan et sample The simulation's use of Computing  performance
al.,, [19] average data-driven approaches and and execution in practice
approximatio indeterminate elements may be hindered by the
n (SAA) and allows it to optimize extent of the model's
stratified predicted proceeds. complexity.
ranked set
sampling
(RSS).
Guoet | Method for By optimizing strategies To get the most out of
al. [20] | Probabilistic that would continue while reinforcement  teaching,
Decisions executing decisions you may need a lot of
independently, the device information and space for
conditioning.
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improves vehicle

reliability.

Elomiya | ANFIS with | @ By integrating The ANFIS | @ The difficulty of combining

et al., deep framework  and  deep Network Functions
[21] learning learning approaches, the Information with deep
(DL) mixture of  techniques learning methods may
dramatically improves the hinder the long-term

preciseness of  vehicle- deployment of systems,

occupied predictions. which might lead to a rise

in computing needs.

Lietal., ACO e The algorithm developed | @ The reliability of demand
[22] by ACO  dramatically forecasts and pricing tactics
improves the distribution of affects the simulation's

parking  places, which performance.

boosts revenue and use.

2. PROPOSED METHODOLOGY

Figure 1 illustrates the general layout of the proposed automated Smart Parking System (SPS)
architecture, which is based on Long Short-Term Memory (LSTM)-DR-RNN. This innovative
approach, designed for smartphones, leverages cloud computing and deep learning to address the
parking challenge in Istanbul. Through a model built with advanced deep learning algorithms, users
can easily access both real-time and predicted parking data via the smartphone app. The process
consists of two key steps. First, data from 731 parking facilities in the Turkish capital is continuously
collected and stored in a centralized database. This data includes arrival rates, available spots, and
location details, which may also include temperature and duration. Second, when queries are made
through the smartphone app, a sophisticated learning-based LSTM model combined with DR-RNN
processes the requests. This enhanced system uses both historical and real-time data to predict the
immediate and future occupancy rates of the recommended parking spaces, providing quick and

accurate responses to users' parking inquiries, thereby improving the city's parking situation.
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Figure 1: LSTM-DR-RNN-based parking system overall model

As shown in Figure 1, the Parking Finder API processes requests from the application interface and
provides a list of the most appropriate parking spaces, displaying all car parks within a 2 km radius of
the user's destination. The TensorFlow Datasets (TFDS) are then prepared. For each parking space, a
request is sent either to the CB-SPS or the LSTM-DR-RNN-Based Service, depending on the specified
date. If the request pertains to real-time occupancy rates, the data is retrieved directly from the cloud-
based SPS server. For future dates, the request is directed to the LSTM-Based Service, where the
LSTM model utilizes deep learning to predict the parking space’s occupancy rate and returns the
forecasted result. Additional information on data collection from the IBB Open Data Portal is provided

in the dataset creation section of the Istanbul SPS.
i. LSTM-DR-RNN based SPS

With the rapid advancement of deep learning technologies, traditional smart city parking solutions are
quickly becoming outdated, sparking interest in innovative resource management approaches. This
research introduces a cutting-edge method that leverages a cloud-based framework powered by deep
learning to address parking issues. The proposed solution offers real-time and predictive parking

availability, ensuring users can easily find open parking spaces.

A smartphone and web application called "Istanbul SPS" has been developed to help users locate the
best available parking spots. The app helps users save time and energy by predicting when parking
spaces will become available at various times throughout the day. Piloted in Turkey's largest city,

known for its heavy traffic and dense urban areas, the app aims to improve parking efficiency.
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The software features an intuitive interface where users simply input their desired date and location.
Upon pressing the "search" button, the app uses smart algorithms to identify available parking in the
area. Key factors considered include "walking time," which estimates the time to walk from the parking
space to the destination, and "occupancy," which indicates parking spot availability. Results are

ordered by proximity to ensure the closest options are shown first.

The app utilizes an LSTM system, integrated with a DR-RNN, to predict parking availability in the
future. This combination excels at processing multiple input parameters and time-series data. The
LSTM-DR-RNN model uses eight variables to predict hourly occupancy rates from a dataset of over
4.5 million records collected from parking facilities in Istanbul. The model boasts an impressive 99.6%

accuracy for short- and medium-term predictions.

The LSTM-DR-RNN model is updated weekly to incorporate new data, allowing the system to adjust

to changing conditions and fine-tune its forecasting accuracy over time, reducing error rates.

By providing real-time parking data in JSON format, the system supports the city's innovative urban
projects. With this solution, both locals and visitors can save time, effort, and money by planning their
routes more efficiently. LSTM RNNs, by learning persistent dependencies in sequential data,
overcome the limitations of traditional RNNs. Through specialized gates, LSTM models efficiently
manage data flow, making them ideal for predicting time-series data like parking availability. An

enhanced explanation of the LSTM framework is included for further clarification:
a. The Order and Size of Inputs

The period-series input collection of parking capacity data across phases of time T may be
represented as A = {aq, a,, ... ar}, where each a,may incorporate information like the rate of
occupants, duration of the entire day, target location, etc. These patterns will be fed into the

LSTM in order to forecast when spaces will be available.
b. Neurons and Barriers to Recall

Cell state Cel; and the concealed state hi;, together with the 3 gates that regulate the flow of
knowledge, are the fundamental parts of LSTM:

e Ignore Gate: Selects data from a particular cell state to exclude.

fg: = U(Wtfg- [hir_q,a;] + bifg) (D
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The variables wtr, and bifgare represent the forget gate's weights and bias, hi;_; represents

the hidden state from before time t, a, stands for the most recent input, and o is the sigmoid

activating function.
e The input entrance: Identifies the newly stored data in the cell condition.
ipr = oWty [hig_1, ar] + biy) (2)
Ca, = tanh (Wtcg. [hip_1, ac] + bicg) ()

o Update the State of the Cell: A combination of the input parameters and forget gates is used for

updating the cell state Ca,.
Ca; = fge.Car_q + ip..Cay Q)
e A Barrier for Output: Establishes the output depending on the particular cell state.
0p; = o(Wtop. [hir_1,a] + bigy) &)
hi; = Op;.tanh (Ca;) (6)
using the output gate Op; and the present time step's adjusted invisible state hi,.
c. Forecasting the number of cars parked

The forecast regarding prospective parking availability is generated by passing the LSTM

outcome at the last time phase hiy across a dense layer of data.
b = wt,.hir + bi, (7)

In this context, wt, and bi, denote the outcome of the layer's biases and weights, respectively,

while b stands for the anticipated vacancy rate.
Optimizing LSTM hyperparameters using DR-RNN

Hyperparameter tuning is applied to the LSTM models with DR-RNN structures to enhance their
predictive accuracy. Figure 2 illustrates the configuration of the LSTM integrated with DR.

The design of a Deep Residual RNN utilizes residual connections, which enhance the network's
capacity to learn complex patterns over time. A core idea is to improve gradient flow and enable the
training of deeper networks by allowing the system to learn the residual mapping instead of the full
mapping. Below is the mathematical description of how residual connections are incorporated and how

hyperparameters are tuned quantitatively:
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The output for a residual connection at layer la is specified as:

hl.gla) =fg(hi£la_1)) +hi§la_1) (8)
Identify mapping
: B Pe—
o X £
C QO 0Q 0000
i LSTM I
|
_E_> Memory cell 1 5 Memorycell _| o Memorycell — '

—

Figure 2: A look at the LSTM architecture with DR

In this case, the LSTM applies the changes at layer la, denoted as fg (hit(la_l)), and hit(la_l) is the
result from the layer before it.
Each layer of a multi-LSTM stack with leftover connections applies its relationship to the next:

pil® = LSTM(Rif“™) + pil? ©)

This method allows the neural network to establish more intricate relationships while also reducing

the impact of the problem of decreasing gradients.

It is usual practice to utilize the MSE (i.e, Mean Squared Error) when attempting to forecast parking

rates of occupancy:

1 Nt L (10)
Loss = N—tZ(bi - bl)
=1

In this context, Nt denotes the quantity of sample training specimens, b; stands for the actual

occupancy, and b, denotes the assumed occupancy.
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After adding the output of the preceding layer, the hues used for returning propagation via the

remaining interconnections are modified:

dla  Ola +af9(hi§la_1)) (b
oril*™  gnitY ohil'*™V

There are L layers here. To maximize the LSTM model's forecasting effectiveness for parking capacity
prediction, this statistical formulation is used as a foundation for tweaking the model using leftover

connections.
Process flow

The process begins when the customer enters their preferred trip date and destination into the app. If
the entered date is more than one day in the past, a warning will be displayed. If the date is current or
in the future, the system will search for all parking lots within a specified distance from the destination.
The procedure varies depending on the desired end date. If the requested date is today, data is retrieved
in real-time for parking lots with at least one available spot. For future dates, the availability of parking

spots is predicted using the LSTM-DR-RNN model, which also forecasts the occupancy rates.

The forecasts focus on parking lots that have at least one empty spot. The system then provides the
user with a list of parking options, prioritizing those with the highest likelihood of availability, along
with the predicted occupancy rate. Additionally, the distance to the destination on foot is considered
to help users choose the most convenient option. Figure 3 illustrates the step-by-step process, while

Table 3 contains the pseudocode for the LSTM-DR-RNN model.

Table 3: Pseudocode of LSTM-DR-RNN-based parking availability prediction

Algorithm: LSTM-DR-RNN for Parking Availability Prediction

Input: Target address TA, Target time t, Current time n, Distance threshold m,
Historical parking data HP, IBB Map API, CB-SPS

Output: Predicted occupancy rates for Parking Locations (PL) near TA at time t

1. Initialize list of parking locations PL =[]

2. Retrieve all PLs within distance m of target address A using IBB Map API

3. For each PL a; in the retrieved list;

a. If t <n (target time is in the past):
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1. Return error message "Past dates are not supported"
b. Else:
i. Query total capacity X and current empty capacity Y of a;using CB-SPS
ii. If t == n (target time is current time):
1. Get real-time occupancy RO =(X-Y)/X
2.1fY> 0, add a; to PL with RO
iii. If t > n (target time is future):
1. Prepare input features Fe = [HP, X, TA, t]
2. Pass features Fe through the LSTM-DR-RNN model:
- For each LSTM layer lin 1...L:
a. Compute LSTM output Hi;= LSTM(Fe)
b. Add residual connection Hi;= Hi;+ Fe
c. Update Fe = Hi; (pass output to the next layer)
- Pass the final output through deep recurrent layers to refine the prediction
3. Get the predicted occupancy rate RO from the final output
4. If RO < 1, add a;to PL with predicted occupancy RO
4. Sort list PL based on walking distance to TA and RO
5. Return a sorted list of recommended parking locations PL

End Algorithm
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Figure 3: The LSTM-DR-RNN algorithm's flow process for parking lot forecast
3. RESULTS AND DISCUSSION

The proposed LSTM-SR-RNN model was evaluated against LSTM [9], ANFIS-DL [21], and ML [14]
models to demonstrate its effectiveness and performance. Several metrics, including Accuracy, Root
Mean Square Error (RMSE), Mean Squared Error (MSE), and Mean Absolute Error (MAE), were used
to assess the performance of each prediction model. These metrics helped identify the best-performing
model. For instance, RMSE measures the model's deviation, with smaller values closer to zero

indicating better accuracy.

Each model was trained and evaluated across three different scenarios to ensure a comprehensive
assessment. These scenarios included LSTM, ANFIS-DL, ML, and LSTM-DR-RNN models. The first
scenario involved training on 70% of the dataset and testing on 30%. The second scenario had 80% of
the dataset for training and 20% for testing. Finally, the third scenario utilized 90% for training and

10% for testing. The results for these scenarios are presented in Table 4. Additionally, each model was
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trained for 100 epochs in all cases: LSTM, SVM, RF, and ARIMA. Performance was measured using
Accuracy, MAE, MSE, and RMSE.

ii. Realtime dataset

To assess the prediction model's effectiveness, three typical parking lots—designated P1, P2, and P3—
were examined. The parking limits of these lots are 157, 132, and 151, respectively, making them
small- to medium-sized off-road facilities. These parking lots are located right next to each other, as
seen in Figure 4. Cross-referencing between the datasets is made possible by the fact that variations in
Net Available Parking (NAP) values result from variations in the geographical region and the public

assets surrounding it.

Parking area
Landscape
Building

= Main road

P3

Street

-  Subway

P2

Pl

Figure 4: Geographical Context and Environment of the Examined Parking Lots
Because of its proximity to a subway station, P1 has the largest demand of all of these, which causes
noticeable variations in NAP, as seen in Table 2 and Figure 5. Due to their proximity, P2 and P1 have
comparable traits and transportation accessibility, therefore when P1 reroutes traffic, there is no
difference. However, because of its functional significance in the area, P3, which is a little further
away, comes in second in terms of commercial activity. Each parking lot is normally open from 8:00
to 23:59, with maintenance hours of 0:00 to 07:59. Except in certain situations, vehicle entry is

restricted.
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Figure 5: NAP of P1, P2, and P3 in the year 2024
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Table 2: validation of data and errors

Parking slot N, Nyc Error
P1 152 152 0
P2 131 131 0
P3 150 150 0

Vehicle arrival and departure timings are precisely captured by entrance and exit cameras, which the
management system stores as parking records. The net vehicle influx over a period 4t, from t, to t,

as follows:

q4: = Qin, A¢ — Qour, A¢ (12)
Given the NAP at time to, denoted as N, the NAP at time ¢, is determined as:
N, = Ngy, — q4; (13)

The initial NAP for each parking lot at time t,, represented as Np, ;. , is given by:

Npto = Qp — Tp,z, (14)
where Q) is the total parking capacity, and n, . is the number of vehicles present at closing time on

February 5, 2024.

On November 2, 2024, a validation point was created to compare the calculated and actual NAP values,
represented by the notation N, r and Ny, ¢, respectively, in order to confirm the accuracy of the data.
The computed NAP for a specific parking lot p at a certain time is represented by Ny, .. It is obtained
by applying the suggested algorithm, which is based on vehicle entry and exit records. The accuracy
of the dataset preprocessing approach is evaluated by comparing it to N, 1, the real NAP counted
manually during validation. When N, . roughly resembles Ny, the algorithm is processing and
estimating parking availability accurately. Data consistency was checked by manual field verification,
as indicated in Table X. Sequence durations of 525,600 were obtained by processing the raw data from
P1, P2, and P3 using the suggested algorithm to create time-series datasets that represented per-minute
NAP values throughout 2024. The statistics are representative of typical parking facilities in the region
since they show similar trends, opposites, and variance due to identical geographical and operational

factors.

Table 3 lists the primary attributes of the datasets. The true dataset P2 has the lowest dispersion,

according to a table analysis, suggesting rather consistent data changes. Additionally, the order of
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magnitude of the sample data and the ranges and dynamic ranges of PI1, P2, and P3 show

commonalities, allowing for repeated verification to evaluate the prediction model's stability.

Table 3: datasets characteristic

Datasets Attribute min max Standard deviation
(SD)
P1 Real 0 152 58.5
P2 Real 0 132 29.0
P3 Real 0 151 42.2

Accuracy and Efficiency Comparison among parking models

Both the TCN and LSTM networks achieved good accuracy on the real and synthetic datasets, as
shown in Table 4. Figure 8 shows the MSE convergence curves for LSTM and TCN. Within 50 epochs,
both approaches quickly converged, and after 100 epochs, they stabilized. This finding implies that
both strategies are effective for datasets with identical features, shifting trends, and different sample
sizes. Using three datasets (P1, P2, and P3) for a smart parking system, the graph compares the error
convergence of four predictive approaches: LSTM-DRRNN (Proposed Model), LSTM, ANFIS-DL,
and ML. The suggested LSTM-DRRNN model outperforms the conventional LSTM, ANFIS-DL, and
ML approaches, which exhibit relatively greater error values and slower learning rates, in terms of
both speed and accuracy. Zoomed-in insets also show how LSTM-DRRNN quickly lowers MSE in
the early training stages, suggesting a better capacity to grasp the intricate patterns of parking

availability.

MSE Convergence - P1 MSE Convergence - P2 MSE Convergence - P3

1600 LSTM-DRRNN 1400 LSTM-DRRNN 1200 LSTM-DRRNM
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— ML — M 1000 —_n
1200
1000

1000 800
800

b 600
=

MSE

600
600
400

400 400

2001
200 200

0 -
0 10 20 30 0 50 0 10 20 30 0 50 0 10 20 30 20 50
Epochs Epochs Epochs

Figure 6: Convergence curves for smart parking schemes using P1, P2 and P3 datasets

The accuracy of the predictions was improved via LSTM-DRRNN. When comparing the test set MSE
of the two networks, Table 4 demonstrates that LSTM-DRRNN outperformed LSTM in terms of
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prediction accuracy on P1 and P2. All things considered, the average MSE of LSTM-DRRNN was

23% lower than that of the conventional LSTM, suggesting a significant increase in accuracy brought

about by the network upgrade. In fact, LSTM-DRRNN outperformed LSTM by 48% in the P1 dataset.

Table 4: Prediction accuracies of smart parking schemes

Models P1 P2 P3 Mean of P1 &P2
LSTM- 0.0145 0.5211 0.0321 0.0336
DRRNN
LSTM 0.0279 0.0435 0.0005 0.0445
ANFIS-DL 0.0578 0.0524 0.0333 0.0436
ML 0.7912 0.3321 0.3423 0.5612

The suggested LSTM-DRRNN's rate of convergence was accelerated. On datasets P1, P2, and P3,
LSTM-DRRNN achieved a steady state earlier than LSTM and a lower MSE within the first five
epochs, as shown in Figure 6. On the other hand, it took 10—40 runs for the MSE of the traditional
LSTM to drop to the same level as that of LSTM-DRRNN.
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Figure 7: Error curves for datasets P1, P2 and P3
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1il. Istanbul Park dataset

Its available through the Istanbul Metropolitan Municipality's (IMM) open data site, provides access
to a wealth of datasets related to financial markets, emergency response, energy, and more. The
underlying datasets are available in various formats such as XML, XLSX, CSV, and through an API,
and are licensed under the Apache Data License CC BY 4.0 by the local government of Turkey's capital
city. Utilizing Database Server 2014, the dataset includes over 4.5 million recorded data points on
parking facilities from 731 different locations across the city. The data collection process spanned an

entire year.

To enhance the performance of the models, the Istanbul parking data is processed using feature
engineering techniques. This includes extracting and transforming key characteristics. Time-based
trends in vehicle usage are captured through chronologies, which help identify temporal patterns such
as the time of day, days of the week, and specific events. Geospatial data, like coordinates or
neighborhood names, is encoded using location-specific attributes. To allow the algorithms to identify
time-dependent patterns, lag functions are created to incorporate historical access data. Additionally,
contextual factors, such as weather conditions or traffic flow points, are included when available, to
account for variables that influence parking demand. This comprehensive approach significantly
improves the model's ability to predict parking availability. The metrics for the Turkish dataset are

presented in Table 5.

Table 5: Parameters of the Istanbul dataset and description

Parameters Data type Description

Location String Information about a car park's location indicates the
specific area it is situated in. A single location may include

one or multiple car parks, all associated with that particular

area.

Car park ID Integer Includes the car park ID, which is a distinct and unique
identifier.

Car park type String The type of car park, which can be on-street, indoor, or
outdoor.

Car park name String Contains carpark name info
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Country String A country carpark is located in
Latitude Double Latitude car park name info
Longitude Double Longitude info of carpark

Capacity String The total capacity of a car park
Date of update Date-time | Date and time of information update
Business hours String Business hours of carpark

Address String Full address of carpark

Distance Double Distance to carpark

Tariff List<> Information on tariff

Table 6 indicates that, across all three cases with different training-test splits, the LSTM-DR-RNN

model outperformed the other models. It demonstrated superior accuracy in predicting parking spot

occupancy, with an MAE of 0.89, MSE of 2.52, and RMSE of 1.57 in its best result. Compared to

traditional models, the LSTM-DR-RNN model exhibited significantly reduced error rates.

Table 6: Error valuation of parking predicted models

Training and Model name MAE MSE RMSE
testing (%)

70-30 LSTM-DRRNN 0.89 2.52 1.57
LSTM 0.92 3.23 1.90
ANFIS-DL 2.51 7.12 2.66
ML 2.45 8.54 291
80-20 LSTM-DRRNN 0.98 3.12 1.77
LSTM 1.10 343 2.21
ANFIS-DL 2.81 5.09 2.96
ML 3.51 6.96 4.24
90-10 LSTM-DRRNN 1.12 3.18 1.78
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Figure 8: Valuing parking prediction models with errors

The evaluation results of each model's accuracy in predicting vehicle parking locations are shown in
Figure 8. The proposed LSTM-DR-RNN model achieved lower error rates compared to existing
models. Its resistance to overfitting and ability to capture complex temporal relationships make it a
strong competitor to LSTM, ANFIS-DL, and traditional ML models. The Deep Residual (DR)
connections in the LSTM-DR-RNN enable cleaner gradient flow during training, which helps preserve
information over long sequences, making it well-suited for reliable time-series data modeling, where
past patterns significantly influence future predictions. The design of LSTM-DR-RNN allows it to
avoid the vanishing gradient problem that typically affects regular LSTMs in deep networks, enabling
it to learn complex relationships between new and old data points. In comparison to ANFIS-DL and
other ML models, LSTM-DR-RNN consistently produces more accurate predictions with lower MAE,
MSE, and RMSE values. This is attributed to the residual connections, which help mitigate the impact

of data noise, improving overall model performance.
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Table 7: Accuracy comparison of parking predicted models

Features Accuracy (%)
LSTM- | LSTM | ANFIS- ML
DRRNN DL

Capacity, time, density, day, traffic flow, 99.6 99.3 89.34 87.01
holiday

Capacity, time, density, day, traffic flow 97.91 89.32 86.95 85.43

Capacity, time, density, day 97.06 83.33 86.60 84.34

Capacity, time 98.8 84.34 84.34 83.45

Capacity, time, density, day, holiday 99.02 87.43 83.45 82.34

Capacity, time, density, holiday 98.76 89.12 80.56 76.45

Capacity, time, holiday 99.23 85.45 82.34 77.56

Capacity, holiday 96.56 84.5 81.34 75.45

Capacity 96.01 81.2 80.56 76.32

time, density, day, traffic flow, holiday 95.5 84.9 82.34 78.9

density, day, traffic flow, holiday 9491 84.48 80.54 77.34

day, traffic flow, holiday 98.5 86.56 81.23 76.78

traffic flow, holiday 97.5 85.45 82.32 78.34

holiday 96.01 86.45 81.34 79.34

traffic flow 97.98 84.56 82.34 80.12

density 98.4 87.45 81.34 81.23

day 97.6 86.23 83.45 81.43

time 97.7 84.34 84.56 82.34

time, density, day 98.4 84.56 85.45 82.56
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Figure 9: Accuracy evaluation performance among car parking prediction model

Capacity, density, time, day, traffic flow, and holiday were the key features that enabled the model to
achieve a maximum accuracy rate of 99.6%, as shown in Table 7. Among these, time and day were
the most important factors in improving prediction performance. The accuracy was lowest in the
single-feature tests, where only density was considered. Despite this, Table 6 demonstrates that
prediction accuracy remains within a reasonable range even with a reduced number of attributes,

highlighting that this peak accuracy guides the parameter selection.

Figure 9 illustrates the combinations of the LSTM-DR-RNN model used to estimate parking
occupancy rates. The LSTM-DR-RNN stands out among these models, outperforming standard
LSTM, ANFIS-DL, and other conventional machine learning (ML) models in occupancy prediction.
Its advanced design, which integrates LSTM with Deep Residual (DR) layers, results in significantly
improved performance. One common issue with deep networks is vanishing gradients, which is
addressed by the residual layers, ensuring smoother gradient and information flow during
backpropagation. Accurate time-series forecasts, such as parking occupancy, require the model to learn

and retain essential patterns over extended periods, as both current and past data influence demand.

The complex, non-linear interactions in parking occupancy data are especially well modeled by the
LSTM-DR-RNN. LSTM is able to capture time-dependent relationships, and the ongoing connections
are robust. Residual connections help prevent overfitting, which is more common in traditional ML
and standard LSTM models, particularly when working with smaller datasets. These connections
ensure the model does not overfit to noise in the training data. In contrast, ANFIS-DL and other ML

models struggle with capturing both short-term fluctuations and long-term dependencies in parking
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demand due to their limited capacity for long-term memory. While ANFIS-DL handles non-linear
patterns adequately, LSTM-DR-RNN offers a much deeper understanding of temporal dynamics.
Basic ML models, while effective with simpler connections, require extensive feature engineering to
handle complex sequential data. Figure 10 shows that the LSTM-DR-RNN model delivers highly
accurate occupancy predictions, making it the best choice for tackling unpredictable, day-to-day

parking occupancy challenges.

—=— ex pected
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Figure 10: ML algorithm-based parking occupancy rate

Figure 10 presents the results of the ML model's attempt to forecast parking spot utilization rates, with
actual values shown in blue and predicted values in red. The model demonstrates good prediction
accuracy when occupancy rates follow a steady, linear trend, effectively capturing regular patterns.
However, its forecasts become less precise during abrupt changes, particularly at high and low points
or during rapid shifts. This limitation arises because ML models generally perform better with
consistent, continuous data but struggle to capture sudden fluctuations and extreme outcomes, leading

to larger prediction errors.

Figure 11 illustrates the efficacy of the ANFIS-DL method in predicting parking space utilization rates.
The ANFIS-DL model effectively captures consistent linear trends in occupancy rates, performing
well with smooth and predictable variations. However, it struggles with abrupt changes, particularly
during large swings or fluctuations. While ANFIS-DL is capable in stable scenarios, it falls short when
faced with patterns exhibiting significant variation or sudden shifts, which require a deeper
understanding of time-based or recurring structures. As a result, the model becomes less accurate at
predicting occupancy during peak periods, troughs, and sharp fluctuations, leading to larger

discrepancies between expected and actual values.

https://internationalpubls.com 3628



Communications on Applied Nonlinear Analysis
ISSN: 1074-133X
Vol 32 No. 10s (2025)

—=— expected
85 4 —e— predicted

oo
(=]
|

Parking occupancy rate
o
1

-]
(=]
|

=
n
—
(=)
—
on
=)
(=)

Time step

Figure 11: Rate of parking utilization using the ANFIS-DL methodology

Figure 12 shows the performance of the LSTM model in predicting parking space occupancy rates.
The LSTM model excels at capturing trends and variations in occupancy, performing well in stable
scenarios. However, it has limitations when dealing with unexpected changes in occupancy patterns,
especially during dramatic spikes or dips. This could be attributed to the LSTM's reliance on long-
term interconnections, which, while effective for capturing broader trends, may not respond quickly

enough to sudden shifts in real-world conditions.
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Figure 12: Parking rate of occupancy calculated using the LSTM technique
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Figure 13: Probability of parking availability using the LSTM-DR-RNN method

Figure 13 shows the accuracy of the parking spot occupancy rate predictions made by the LSTM-DR-
RNN model. The comparison of the model's predictions to actual occupancy data demonstrates its
ability to track both gradual increases and decreases in parking demand. The model integrates LSTM
layers, which excel at understanding temporal trends, with residual connections that help prevent the
accumulation of errors. This combination makes the LSTM-DR-RNN model a reliable choice for
predicting carpark availability, especially in real-world scenarios where patterns can change rapidly,

including during sudden spikes or reductions in demand.
4. CONCLUSION

The integration of Long Short-Term Memory (LSTM) and Deep Residual Recurrent Neural Networks
(DR-RNN) into the Reservation-based Smart Parking System (SPS) marks a significant advancement
in addressing parking challenges in densely populated cities, particularly during peak times. This
hybrid model leverages the strengths of both LSTM and DR-RNN architectures, combining the ability
of LSTM to capture temporal dependencies in time-series data with the deep residual connections of
DR-RNN that prevent the vanishing gradient problem, enabling the network to better learn complex
patterns over extended periods. The LSTM-DR-RNN model operates by predicting parking spot
occupancy with remarkable accuracy. The model considers a range of factors such as weather
conditions, traffic flow, and event schedules, which impact parking availability. By integrating these
features into the prediction system, the model can deliver real-time forecasts that are highly reliable,

with an impressive accuracy rate of 99.6% in some cases. The metrics used to evaluate the model’s
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performance, including Mean Absolute Error (MAE) of 0.89, Mean Squared Error (MSE) of 2.52, and

Root Mean Square Error (RMSE) of 1.57, indicate its precision in predicting parking availability.

These results show that the LSTM-DR-RNN can efficiently reduce errors in predicting parking

occupancy, which is crucial for city-wide parking management. Future work aims to refine the model

further by incorporating additional data sources, such as local events and public transportation

schedules, to enhance prediction accuracy.
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