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Abstract.  Conventional parking management still relies on manual observation or fragmented dashboards, so field 
conditions are difficult to monitor quickly and comprehensively. Existing digital parking systems typically display 
numbers, sensor statuses, or CCTV feeds separately, forcing operators to fuse information mentally; the result is low 
visibility of slot occupancy, limited monitoring parameters, and no interactive centralized visualization. This paper 
presents  Parkur,  a  digital  twin  parking system that  unifies  the  physical  parking area,  IoT data  streams,  and an  
interactive virtual environment in a plug-and-play architecture. The system is organized into eight layers: physical 
devices,  device  connectivity  and  integration,  edge  intelligence,  data  platform,  digital  twin  core,  analytics  and 
decision, experience dashboard, and a closed feedback loop. Vehicle detection uses the YOLO family of detectors,  
multi-object tracking uses ByteTrack, and automatic number plate recognition combines YOLO-based plate detection  
with PaddleOCR, all executed on edge devices such as the NVIDIA Jetson Orin Nano. Slot occupancy is derived 
from a rule engine with geofencing, and a rule-based alert engine issues real-time notifications. A key innovation is  
the nearest-slot allocation algorithm, which assigns each entering vehicle the closest available slot to reduce cruising 
and disorder. The dashboard integrates a 3D visualization area, live CCTV preview, occupancy statistics, and a tap-
to-inspect slot inspector. Compared with previous fragmented monitoring approaches, Parkur provides centralized 
interactive visibility purpose-built  for  parking operators.  The paper details  the layered architecture,  the edge AI  
perception pipeline, and the allocation algorithm, and presents the implemented 3D dashboard of the prototype. The 
main contribution is a complete plug-and-play digital twin architecture for parking management that couples edge AI 
perception with nearest-slot allocation in one interactive environment.
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INTRODUCTION

Urban  parking  areas  suffer  from chronic  management  problems.  Conventional  supervision  relies  on 
manual  observation by attendants or  on dashboards that  present  data in isolation,  so the actual  field 
condition is hard to grasp quickly and completely. This leads to inefficiency, security gaps, and misuse of  
parking  areas.  Comprehensive  reviews  confirm  that  smart  parking  research  has  grown  rapidly,  yet 
deployment remains fragmented across sensing, guidance, and payment subsystems [1], [2].

Surveys of smart parking solutions classify approaches into sensor-based occupancy detection, guidance, 
and  reservation  systems  [3],  while  reviews  of  guidance,  monitoring,  and  reservation  highlight  the 
persistent challenge of integrating these functions [4]. IoT-based prototypes have demonstrated real-time 
parking systems using ensemble learning [5] and fog computing evaluated through practical case studies 
[6], proving the technical feasibility of connected parking infrastructure.

The digital twin paradigm offers a unifying abstraction. A digital twin is a virtual replica of a physical 
asset continuously synchronized through sensor data, a concept whose state of the art spans industry and 
the built environment [7], with enabling technologies and open challenges mapped systematically [8]. For  
parking specifically, researchers have combined digital twinning with building information modeling for  
smart parking management [9], used mobile robots for occupancy detection feeding an urban digital twin 
[10], proposed digital twin frameworks for urban parking management and mobility forecasting [11], and 
designed twin-based intelligent parking services for old residential areas [12].
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Despite this progress, a gap remains. Most deployed systems still show numbers, sensor states, or CCTV 
streams  separately,  leaving  operators  to  combine  information  themselves.  Few  works  deliver  an 
interactive, centralized visualization purpose-built for parking operations, and none integrate a nearest-
position slot allocation strategy that actively guides each entering vehicle. Therefore, this study aims to 
design Parkur, a digital twin parking system with plug-and-play integration between IoT devices, data 
flows, and visualization in a single interactive virtual environment. The main objectives are to define a  
five-layer  system  architecture,  to  specify  an  edge  AI  perception  pipeline  for  occupancy  and  plate  
recognition, to design a nearest-slot allocation algorithm, and to prototype an interactive 3D dashboard 
for operators.

METHODS

System Architecture

Parkur follows the layered architecture shown in Fig. 1, which comprises eight layers. The physical layer  
covers parking slots, entrance and exit gates, CCTV cameras, barrier gates, vehicles, indicator lamps, and 
the  operator  post.  The  device  connectivity  and  integration  layer  provides  plug-and-play  integration 
through device adapters, protocol translation, MQTT broker, API gateway, and a device registry. The 
edge  intelligence  layer  performs local  data  acquisition  and  AI  inference,  including  YOLO-based  AI 
detection, ANPR/LPR plate recognition, occupancy logic, and event generation. The data platform layer 
stores and manages data and events. The digital twin core layer (engine and simulation) maintains entity  
models, real-time state synchronization, the rule engine, the occupancy engine, the allocation engine, and 
a simulation engine. The analytics and decision layer provides occupancy analytics, security alerts, and 
predictions.  The  experience  and  dashboard  layer  delivers  the  interactive  3D  web  visualization  for 
operators. A closed feedback loop connects system recommendations and operator actions back to the 
physical  world.  Data  flow  upward  from  sensors  to  the  dashboard,  while  control  commands  flow 
downward to gates and indicators, forming the bidirectional synchronization that characterizes a digital  
twin [7].

Figure 1. Layered System Architecture of the Parkur Digital Twin Parking System

Physical Layer

Field devices comprise entrance and exit gate cameras (1080p IP cameras, 25 to 30 FPS, RTSP, infrared  
night  vision,  field  of  view of  at  least  90  degrees)  for  vehicle  detection,  plate  recognition,  and  gate  
triggering; overhead area cameras (1080p to 4MP) for slot occupancy detection; barrier gates with dry-
contact, REST, or Modbus control for automatic opening and closing; RGB LED slot indicators with 
relays  showing  green,  orange,  and  red  status;  a  mini  server  or  NUC  (Intel  i5  10th  generation  or 
equivalent,  16  GB  RAM)  hosting  the  dashboard  and  middleware;  and  Gigabit  LAN  plus  Wi-Fi  5  
networking. This device mix follows proven real-time IoT parking deployments [6].

IoT Integration Layer
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An MQTT-capable  device  gateway  normalizes  messages  from cameras,  gates,  and  indicators  into  a 
common  event  stream,  providing  cross-vendor  integration  without  custom  drivers  per  device.  New 
sensors  join  by  publishing  to  standard  topics,  which  realizes  the  plug-and-play  property  of  the 
architecture.

Edge AI Layer

All video inference runs at the edge on an NVIDIA Jetson Orin Nano (8 GB) or, alternatively, an RTX  
3050 machine, with 512 GB NVMe storage caching video and events. Processing at the edge follows the 
vision  of  edge  computing  [13]  and  edge  intelligence  [14],  and  mirrors  recent  real-time surveillance  
systems that run YOLOv8 on NVIDIA Jetson Nano hardware [15]. The perception pipeline is specified in 
Table 1.

Table 1. AI Models and Software Stack of Parkur

AI Function Model Recommended 
Version

Input Output

Vehicle detection YOLO YOLOv11n / 
YOLOv11s

CCTV frame Vehicle bounding 
boxes

Slot occupancy Rule engine + 
geofence

Internal logic Bounding boxes + 
slot coordinates

Free / occupied

Vehicle tracking ByteTrack Latest stable Frame sequence Vehicle ID

Plate detection YOLO + OCR YOLOv11 + 
PaddleOCR 3.x

Gate frame Plate region

Plate recognition 
(ANPR)

PaddleOCR v3.x Plate crop Plate text

Vehicle Re-ID 
(optional)

FastReID Latest Multi-camera Vehicle identity

Event processing Node-RED / Python Python 3.11 Event stream Triggers

Prediction 
(optional)

XGBoost 2.x Parking history Occupancy forecast

Alert engine Rule-based Custom Real-time status Notifications

Vehicle detection builds on the YOLO family, from the original unified real-time detector [16] through 
YOLOv7  [17]  to  the  lightweight  YOLOv11  variants  selected  for  edge  deployment.  Tracking  uses 
ByteTrack, which associates every detection box for robust multi-object tracking [18], succeeding the 
SORT [19] and DeepSORT [20] trackers. Automatic number plate recognition follows the established 
two-stage approach of plate detection plus optical character recognition [21], for which YOLO-based 
detectors have proven robust and real-time capable [22], [23], including layout-independent systems [24] 
and recent YOLOv8-based designs [25]; edge-optimized ANPR combining YOLOv8 with PaddleOCR 
has been demonstrated specifically for IoT-based smart parking [26]. Foundational surveys of automatic 
license plate recognition frame the design choices of this pipeline [21], [24]. The complete perception  
pipeline, from camera frames to the MQTT event stream, is illustrated in Fig. 2.
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Figure 2. Edge AI Perception Pipeline of Parkur

Nearest-Slot Allocation Algorithm

A key innovation of Parkur is the nearest-slot allocation algorithm. When a vehicle is detected at the 
entrance gate and its plate is recognized, the system computes the travel distance from the gate to every  
currently free slot  and assigns the slot  with the minimum distance. The assignment is pushed to the  
dashboard, highlighted in the 3D view, and optionally shown on the RGB indicator of the assigned slot. If  
the slot becomes occupied by another vehicle before arrival, the allocation is recomputed. This active 
guidance extends the reservation and competition concepts explored in smart parking systems [27] and 
complements parking guidance research [4] by minimizing cruising distance and keeping parking orderly.

3D Dashboard and Visualization

The dashboard wireframe integrates a 3D visualization area rendering the parking lot as an interactive 
digital twin, a live CCTV preview panel, occupancy statistics, and a slot onTap inspector that reveals  
details  of  any  selected  slot.  Entrance  and  exit  gates  and  individual  parking  slots  are  represented  as  
interactive  objects  with  primary  and  additional  parameters.  This  centralized  interactive  visualization 
directly addresses the fragmentation problem identified in the literature [1], [2], following the twin-based 
visualization direction of recent parking research [9], [11].

Optional Extensions

Two optional modules are specified for future activation. Vehicle re-identification with FastReID links 
identities  across  multiple  cameras,  building  on  deep-learning  re-identification  surveys  [28],  [29].  
Occupancy prediction with XGBoost forecasts demand from historical data, following evolutionary deep 
learning  approaches  to  car  park  occupancy  prediction  [30]  and  XGBoost-LSTM  model  fusion 
demonstrated for truck parking [31].

RESULT AND DISCUSSION

System Specification Summary

The  minimum  component  specifications  derived  from  the  design  are  summarized  in  Table  2.  The 
specification balances real-time inference requirements against deployment cost by offering the Jetson 
Orin Nano as the primary edge device and an RTX 3050 machine as an alternative.

Table 2. Minimum Component Specifications of Parkur

Layer Component Minimum Specification Function

Physical Gate cameras 1080p, 25–30 FPS, RTSP, Vehicle detection, ANPR, 
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IR gate trigger

Physical Area cameras 1080p–4MP, overhead 
angle

Slot occupancy detection

Physical Barrier gate Dry contact / REST / 
Modbus

Automatic open–close 
control

Physical Slot indicators RGB LED + relay Green–orange–red status

Physical Mini server / NUC i5 10th gen+, 16 GB 
RAM

Dashboard and 
middleware host

Edge Edge AI device Jetson Orin Nano 8 GB or 
RTX 3050

Real-time AI inference

Data Database server 4 vCPU, 16 GB RAM, 
500 GB SSD

State and history storage

Dashboard Client display Full HD 1920×1080 Operator monitoring

Prototype Implementation

The Parkur dashboard prototype was implemented as shown in Fig. 3. The 3D visualization renders the 
parking area at night with labeled slots A1–A10 and B1–B10, occupied slots highlighted in red and free  
slots in green. The left panel displays the current time, night mode toggle, total slots (20), occupied slots 
(8), empty slots (12), occupancy rate (40%), a live gate-camera CCTV preview, and traffic statistics. The 
top-right minimap gives an overview of the whole area, and the slot onTap inspector reveals per-slot  
details. The prototype confirms that occupancy state, video evidence, and per-slot details coexist in one  
interactive operator view.

Figure 3. Implemented 3D Dashboard of the Parkur Prototype (Night Mode)

Discussion

Compared with conventional systems that display numbers, sensor states, or CCTV separately [1], [2], 
Parkur fuses all sources into one interactive twin, eliminating the mental integration burden on operators.  
Compared with existing digital  twin parking proposals  focused on modeling [9]  or  forecasting [11],  
Parkur adds an operational loop: edge AI perception, nearest-slot allocation, and actuation of gates and 
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indicators. The edge-based ANPR design is consistent with recent demonstrations of YOLO-based plate 
recognition on Jetson-class hardware [26], [15]. The plug-and-play MQTT layer lowers integration cost 
when extending the system to new areas or camera vendors. The main limitation is that the system is  
currently at the design and wireframe prototype stage; quantitative evaluation of detection accuracy, end-
to-end latency, and allocation efficiency in a live parking lot remains future work, alongside activation of 
the re-identification and prediction modules and a longitudinal operational study.

CONCLUSION

This paper presented Parkur, a digital twin parking system that unifies IoT sensing, edge AI perception,  
and interactive 3D visualization in a five-layer plug-and-play architecture. The system specifies YOLO-
based vehicle detection, ByteTrack tracking, and PaddleOCR plate recognition on edge devices, derives  
slot occupancy through a rule engine with geofencing, and introduces a nearest-slot allocation algorithm 
that  assigns  each  entering  vehicle  the  closest  free  slot.  The  dashboard  prototype  integrates  a  3D 
visualization area, live CCTV preview, occupancy statistics, and a slot inspector in a single operator view. 
By replacing fragmented dashboards with one synchronized virtual environment, Parkur offers a practical  
path  toward  more  orderly,  visible,  and  secure  parking  operations,  with  future  work  directed  at  live 
deployment and quantitative evaluation. The edge-centric design follows the same direction as digital-
twin-driven optimization frameworks that place computation at the edge of Industrial IoT architectures  
[32], and edge-based real-time anomaly detection shows that lightweight models at the edge can meet 
strict latency budgets [33].
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