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Project Title 
AI Powered Car Parking Detection System

[bookmark: _Toc198027813]ABSTRACT


The intention with this project is to create an AI-powered system for car parking-detection that is able to detect available and occupied parking lots using computer vision and using predictive analytics. The system uses image processing algorithms and time-series forecasting models to deliver monitoring and future occupancy prediction. This report explores such techniques as vehicle detection, slot mapping, heat map generation and latter trend forecasting. 
In the system architecture, it includes the description of capturing frames, detecting the occupancy of parking slot using trained models and visualization of trend in form of heat maps and charts. The primary programming language was Python, Flask provided the web interface. Prediction is made using ARIMA models to forecast future parking demands from the historical data. Additional features are image encoding; visual feedback of predicted usage patterns, and interactive data visualizations. The proposed solution helps to mitigate urban congestion and parking management in smart cities. 
The implementation shows how the integration of AI can contribute to smarter infrastructure planning and user decision-making. the system seeks to improve the user experience by informing the user of available parking slot on a dashboard. System scalability enables its applicability to various types of parking environments, starting from small private lots up to large public facilities. This system can also be used in real-time.
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[bookmark: _Toc216161117][bookmark: _Toc197436153][bookmark: _Toc198027818]Background


The broad proliferation of urban populations around the globe has significantly increased the number of vehicles exerting additional stress on the parking structures. Lack of proper effective parking mechanisms in big towns has worsened traffic jam, consumed more fuel, and caused a lot of anguish to commuters. Conventional parking mechanisms which are largely run by hands or with primitive sensors fail to offer optimized, scalable and real-time parking solutions. 

Following the above-described challenges, the development of the concept of smart parking had evolved due to the advances in artificial intelligence (AI) and computer vision allowing to introduce intelligent systems which are able to monitor in real-time, automate and make data-driven decisions. AI-based parking systems present the promise of improvement in operations through the supply of precise occupancy details of the parking spaces, as well as prediction of availability and time on searching for empty slots. Apart from that, these systems will be able to learn from the past data to improve predictive capability.

The proposed project in this regard offers to design and implement AI Powered Car Parking Detection System which uses latest algorithms in object detection as well as time series forecasting models to identify vacant and taken parking lots. Incorporating techniques for image processing, predictive analytics, the system intends to provide the dynamic, interactive dashboard to display current data thus providing the users and stakeholders sparable information to make reasonable parking decisions. With its flexibly and scalability, this system can be implemented in a variety of parking situations such as commercial complexes, shopping malls and public establishments. 


[bookmark: _Toc198027819]Problem Statements 

The concomitant increase in the number of automobiles in metro areas, the low supply and poor management of parking, has led to a high level of traffic gridlock and under-utilisation of urban space. The conventional parking alternatives that rely on wide use of manual supervision or standard sensor inputs are usually not scalable, non-real time reactive and non-exact. Such constraints are complex to cope with during dynamic changes in parking demand especially during peak hours or the attendant special events. 

As well, drivers are usually compelled to drive ineffective over parking lots in searching for open spaces not only wasting time, but also adding up to greater fuel consumption and carbon emission. The same state of affairs leads to additional frustration and stress of urban mobility participants doubling it. 

A solution to the gaps in the field that a smart and autonomous system is required that will always track the rate at which the parking spaces are used, behavioural analysis over time and precise prediction on the demand in future. The existing systems, which failed to carry out complete data grambling as adequate as real-time processing, cannot be useful for the purpose of optimization of space usage or formulation of strategy. 

AI-based cutting edge parking solution using image processing and time-series prediction algorithms is sought to be introduced by this project. Camera-based input will have the system detect automatically whether the parking slots are taken or remaining available and pop up to an intercative dashboard. In addition, the system will search for patterns to forecast further space planning and resource management occupancy trends.

[bookmark: _Toc198027820]Aims and Objectives

The first objective of this thesis is, therefore, to design and develop an intelligent parking system integrating AI and CNC techniques to overcome the deficiencies of conventional parking management. The specific objectives include: 
i. To find and to count parked vehicles in lots using object detection algorithms. 
ii. To create heat maps where people can see how the parking spaces are utilised that can be used for better management of the space available. 
iii. To ensure that the stakeholders are up to date in the occupancy of the slots so as to maximize space management. 
iv. To generate deep analysis of parking as well as specify peak hours for demand. 
v. To develop an online dashboard with the use of Flask that would be applied to the visualization and interaction with the system. 
vi. To make the system scalable and flexible into different settings like multi-level parking constructions, opened grounds as well as smart city structures.


[bookmark: _Toc198027821]Scope of Project

The project is aimed at the development and commissioning of a Computer Vision smart parking system that employs AI models for vehicle detection indicating space occupancy and projecting future trend. The coverage encompasses design of an end to end system starting from real time video input from cameras, imaging processing for detection of vehicles and identification of occupied parking slots. 

The system is extended to include data analysis and visualization, using a web-based interface developed using Flask that provides intuitive and interactive monitoring abilities for users while tracking parking availability. The project also highlights the production of heat maps from spatial and temporal parking data to assist stakeholders in the efficient distribution of space. 

Very much a component of the system are the time-series models used to predict future space availability based on past trends, such as ARIMA, Prophet, or LSTM. These predictive insights can be used for planning on high demand periods or a special event and in turn enhance the general space utilization. 

Furthermore, the system uses the design concept of modularity and scalability thus allowing it to be flexible for use in different settings, from a small private lot to the more massive municipality parking network. It accounts for such challenges as, changing lighting conditions, occlusion of the partial vehicle and that of environmental noise, thus ensuring robustness and reliability. 

Of course, the system also promises integration options with IoT devices, mobile systems, cloud storage, as well as the possibility of combining with third-party APIs in the future. The features are meant to enable the project to make meaningful contribution to urban mobility optimization and sustainable traffic management.
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[bookmark: _Toc197436157][bookmark: _Toc198027823]LITERATURE REVIEW (and/or SRS)


[bookmark: _Toc198027824]The current systems for parking and their inadequacies.

Currently, smart parking systems have seen a positive development in the last decade due to increased urban areas and more people owning cars. Old systems usually employ sensors or actual-time video feed for vehicle detection while on-the-go. The use of these technologies, ultrasonic sensors, infrared sensors, and camera-based detection is routine. Nevertheless, these remedies often entail high cost of equipment and installation.

Works such as Li et al. (2020) research point out that while systems such as YOLO are capable of detecting vehicles they need significant GPU resources and are dependent on live video feeds, this may be considerations in resource-constrained or widespread urban areas. Contrary, data driven approaches have been discovered to be cost affordable and straightforward to manage on large scales. 

Studies show that methods that rely on machine and deep learning, utilizing historical occupancy information, are effectively able to estimate future usage trends. The high precision generated with these techniques in addition to their real-time detection failure, is what makes them suitable for extensive usage in urban smart systems.

Further, a hybrid combination of computer vision-based detection and predictive analytics approaches brings a promising compromise between efficiency and accuracy. Having initially identified the current state of parking lots with lightweight vision models and then predicted their further load through time-series algorithms, such systems present a full picture of parking dynamics. This two-fold methodology is not only cost effective in terms of infrastructure, as it excludes dependency on high-end hardware, but also leaves municipalities with the ability to make data informed parking regulations, space planning and traffic control strategies decisions.

[bookmark: _Toc198027825]Data-Driven Prediction Approaches

Time-series forecasting models have become vital in building intelligent parking prediction systems, especially because they help them analyse historical occupancy data, and perceive recurring temporal patterns. Traditional models, such as ARIMA (Auto-Regressive Integrated Moving average), and Facebook Prophet, are often used to serve interpretability and trend-seasonality-based expectations. However, for extracting nonlinear patterns from complex data set, N- BEATS (Neural Basis Expansion Analysis for Time Series) has become the state-of-the-art deep learning-based alternative. The peculiar back cast-forecast structure of the tool allows it to learn from past and future trends and thereby enhance robust long-range projections. 

In our work we gathered hourly car parking occupancy data from an open-source dataset to capture real urban conditions. After cleaning and normalizing data to remove inconsistencies for multi-step time series forecasting, we followed through Darts library and implemented N-BEATS using it. We then tuned model parameters (no of layers, dropout rate, learning rate) with the help of Optuna, a fast hyperparameter optimization framework — and substantially improved SMAPE based (Symmetric Mean Absolute Percentage Error) forecasting accuracy. This synthesis was effective due to the fact that it possessed maximal precision and computational efficacy, which were critical for real-time deployment.





[bookmark: _Toc197436161][bookmark: _Toc198027826] Integrated Forecast + Visualization Systems

Future development of smart systems requires not only predictive precision but presentation of clear and actionable data. Though plenty of academic projects only consider the task of constructing forecasting models, none bring them together into web-friendly tools that are easy for people to use. Our system bridges this gap by merging the predictive capabilities of N-BEATS with interactive visualizations that allow stakeholders to explore occupancy patterns, demand forecasts, and parking behavior.
Through Plotly Dash and Matplotlib, we created a user-focused dashboard which displays the predictions in dynamic graphs and interactive features. Such an approach guarantees that such system is not just a black-box forecaster but an interactive tool that provides transparency and utility. The dashboard enables users to learn the predicted parking trend and compare with the historical use and have some useful insights out of them and thus help in space planning and easing of congestion.

[bookmark: _Toc197436162][bookmark: _Toc198027827]Forecasting and Visualization Fusion

Unlike the dated detection-only methods that are dependent on real time object detection models such as YOLO (You Only Look Once) and SSD (Single Shot Detector) — our approach concentrates on predictive intelligence. Object identification systems are often based on the continuous live video stream for GPU-heavy background processing, and are complex in terms of image preprocessing, which in turn may be not scaleable for other cities or institutions with poor resources. 

Our solution is taking a data centric approach, where we use historical occupancy records to train models to predict high-frequency trends like an hourly slot usage over several days. By using the N-BEATS structure, which enables deep neural modeling of time-series data, we offer a system that can learn from both fluctuation into the short term and trends into the long term. This allows stakeholders: from parking authorities to urban developers – to move from reactive to dynamic parking management mechanisms that optimize resource allocation before problems occur.


[bookmark: _Toc197436163][bookmark: _Toc198027828]Dashboard Deployment and User Interface
[bookmark: _Toc197436165]
To provide accessibility and convenience of rollout, our entire system is encapsulated with a Flask web dashboard that will not only act as the interaction layer but also visualization hub. This dashboard was developed with simplicity of navigation and clarity in view, in that both the technical and non-technical users are able to get value from the system’s results. 
The dashboard is a collection of several visualization modules which include:
· Actual vs Predicted Occupancy Graphs – for actual comparison with estimates and evaluating model’s precision. 
· Slot-wise Heatmaps – To analyse distribution of spatial use pattern over various parking slots. 
· Forecast Summary Charts – Offering 3-day demand projection capable of directing space allocations and peaking arrangement. 
Its integration with Plotly, Matplotlib and Seaborn makes the visualizations of higher quality, and more interactive. Such an instrument is perfect for implementation in smart city structures, university campuses, corporate offices, and transport nodes where decision making and resources optimization are important. Future enhancements may include the live video input, mobile accessibility, and API supplied data input streams to improve system responsiveness.

[bookmark: _Toc198027829] Visualization and Data Presentation Techniques

Not only does application of efficient visualization layer enhance the usability of systems, but makes raw information valuable knowledge. In parking analytics, users must have to understand trending such as peak hours, underutilized areas, and long-term trends in an intuitive and time efficient way. To this end, for our project, a lot of stress is made on the complete visual representation. The slot level intensity of use is presented through color-coded heatmaps for the dashboard. For instance:  
· Red zones are well occupied areas – determinant areas for finding congestion or high demand regions. 
· Blue zones mark empty or permanently free space – pointing potential “spreading” or re-purposing.

By bringing together temporal (hourly) and spatial (slot-wise) attributes, the visual layer facilitates intensive study of behaviour associated with parking space usage. Such awareness is priceless for managers of facilities, who can use dynamic pricing models, revamp the layouts, or even introduce new policies, based on hard evidence of conditions. Furthermore, the system supports data-based governance, which increases urban mobility planners’ capability to alleviate traffic congestion, sustainability objectives, and citizen satisfaction. 

Findings of that nature are crucial to those running the facilities. The system augments the levels of transparency and planning support and decision support for urban mobility planners with the use of forecasting and visual analytics.
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[bookmark: _Toc197436166][bookmark: _Toc198027831]DESIGN AND METHODOLOGY


[bookmark: _Toc197436167][bookmark: _Toc31100047][bookmark: _Toc198027832] System Architecture and Overview

The proposed AI-based smart parking system would operate without relying upon real-time video streams and object recognition mechanisms unlike conventional systems that require considerable camera-based or sensor-based architecture for operations. Instead, the system leverages the occupancy data in historical parking, along with deep learning-based time series forecasting, to estimate the future availability of parking slots at a specified place and time. 
The architecture is implemented in a modular fashion with three major components co-operating with each other.
1. The data preprocessing pipeline transforms raw occupancy data into a form that time series analysis can use.  
2. The forecasting engine (N-BEATS model) is a neural network designed for precise and understandable univariate time series predictions. 
3. A dashboard made with Flask lets users interact with visual outputs such as charts and graphs, improving how predictions are used. 
	The system ensures both affordability and adaptability by doing without costly sensors such as ultrasonic or infrared, as well as complex object detection methods The entire architecture is lightweight and focused on making proactive, data-driven parking decisions accessible and affordable.


[bookmark: _Toc198027833]Tools, Technologies, and Environment

Thanks to Python’s varied library support, the system was implemented using this programming language. Important tools and libraries used within the project are: 
· Darts – An advanced library for forecasting time series models, where developers require just a few functions to build, check, and refine their forecasts. 
· Optuna is a framework for automatically tuning a model’s hyperparameters with the help of Bayesian and pruning techniques. 
· Matplotlib & Plotly are used for displaying time series information and building helpful interactive visuals featuring zoom and hover. 
· Flask – An accessible web framework is used to create a dashboard where users can look at forecasts and visual data in their browser.

[bookmark: _Toc198027834]Development & Deployment Environment:
· Programming Language: Python 3.10+ 
· System Requirements: Minimum 8 GB RAM, dual-core CPU 
· GPU Dependency: Not required 

Because few specialized parts are required, the system can be set up on affordable computing equipment, which makes it practical for use in municipalities, universities, and organizations with basic technology.

[bookmark: _Toc197436169][bookmark: _Toc198027835] Data Flow and Module Integration

Raw data becomes clear visual forecasts for users because the system’s sequence turns data processing and forecasting into an effective and uncomplicated process. 

1. Data Ingestion & Cleaning: The system fragments raw parking data by the use of CSV files or online URLs. Preprocessing handles the problem of missing values, organizes timestamps, and filters data that is not normal. 
2. Hourly Aggregation: Because parking demand varies by hour, we use data set names and the hour within each dataset to see hourly occupancy trends. Moving to hourly grouping helps the data to support univariate analysis.
3. Model Input: N-BEATS, after receiving cleaned and set up time series data, depends on trends over several hours and days to predict upcoming parking occupancy. 
4. Forecast Generation: Predictions for upcoming hours or days are provided by the model, controlled by the configuration choices. 
5. Visualization & Interaction: These forecasts are taken by the Flask dashboard and shown as: 
· The visuals show series graphs for actual and predicted data. 
· Summaries (includes daily trends as well as hourly peak predictions). 

Each component in the system (data handler, forecaster, visualizer) is designed to work alone and can be changed easily for others – they all connect well with each other for future expansion, for example to live data or mobile usage.

[image: ]
Figure 1: FlowChart



[bookmark: _Toc197436170][bookmark: _Toc198027836] Forecasting Model and Tuning

The N-BEATS (Neural Basis Expansion Analysis for Time Series) model is the centrepiece of the system’s forecasting engine. It is especially suitable for our use case because of a deep learning-based architecture capable of creating a complex, nonlinear model of occupancy data. N-BEATS delivers its performance by breaking down the time series into meaningful blocks of trend and seasonality so that it can pick up global as well as local patterns well.
In order to obtain the best possible predictive performance of the model, dataset was split to the training and validation ones, which would usually constitute 80 and 20% respectively. This divide creates that the model learns patterns from the previous data and is then tested on unknown data only to check generalisation.
Examples of hyper-parameters that were tuned using Optuna are as follows:
· Input Chunk Length: Number of the past observations employed by the model. 
· Output Chunk Length: Number of steps ahead in time, to project. 
· Dropout & Learning Rates. In order not to have over fitting and optimizing gradient descent.
The implementation of Optuna allowed automated, iterative search of hyper-parameters, where significant errors reducing occurred in terms of such metrics as SMAPE (Symmetric Mean Absolute Percentage error), and MAE (Mean Absolute Error). 
This highly calibrated setup delivered a forecasting model, which is accurate and at the same time computationally light enough for use in urban smart parking systems, where real time responses and low overhead are crucial.






[bookmark: _Toc198027837]

[bookmark: _Toc197436171][bookmark: _Toc198027838]DATA AND EXPERIMENTS (and/or IMPLEMENTATION)


[bookmark: _Toc197436172][bookmark: _Toc198027839] Dataset and Preprocessing

The dataset in this project encompasses hourly occupancy and capacity readings obtained from smart parking facilities distributed across Birmingham. Each entry gives information on the timestamps, system code numbers, amount of available capacity and occupancy within a given hour.

To prep the dataset for forecasting, we converted timestamp entries into an hourly margin and filtered it down to that which applied to a particular site (e.g. 
[bookmark: _Toc197436173]BHMBCCMKT01). Pandas library of Python was used for data aggregation while the missing values were handled using interpolation.


[bookmark: _Toc198027840] Model Training and Validation

We used N-BEATS, which is a deep learning model from the Darts library optimized for time series forecasting. The dataset was splitted, where 80% were used for training and 20% for validation. 

Optuna helped to tune important parameters such as input chunk length, the length of the output chunk, the number of epochs, and stacking/blocks. SMAPE (Symmetric Mean Absolute Percentage Error), as the loss function, was employed and early stopping techniques were adopted to prevent overfitting.



[bookmark: _Toc197436174][bookmark: _Toc198027841] Experimental Setup and Results


In experiments, a routine laptop was used without using GPU acceleration. The major goal was to improve the efficiency of training without sacrificing accuracy when making forecasts. Training consisted of the historic data, model performance was measured in terms of future data the model did not see. 

After running hyperparameter tuning on Optuna and testing models performance on unaddressed data, N-BEATS model achieved the SMAPE of below 15%, which shows that the model was accurate in forecasting hourly parking slot occupancy. 

The forecasting results were: 
· Delivered as an interactive Flask dashboard. 
· Plotted by Plotly charts (for time series trends) and heatmap graphs (for time this/day slot availability patterns). 
· Interpretable and easy to use so that the parking managers or city authorities may immediately determine the high demand hours, periods during which parking is underutilized and potential system inefficiency. 

This result validates the viability of the system to real-world application when both resource constraints and real-time video-based detection are not viable.




[bookmark: _Toc198027842]


[bookmark: _Toc197436176][bookmark: _Toc198027843]RESULTS AND DISCUSSIONS (or USER MANUAL)


[bookmark: _Toc197436177][bookmark: _Toc198027844]Forecast Results Overview

A highly accurate hourly parking occupancy forecasting was achieved in the present project using the N-BEATS deep learning model. In many test cases, the model returned a Symmetric Mean Absolute Percentage Error (SMAPE) below 15%, which demonstrates very good learning of temporal patterns and trends from old data. 

The model was able to: 
· Identify periodic occupancy cycles (rush hours and evenings for example). 
· Adapt both to peak and off-peak behaviours. 
· Generate high-fidelity predictions.. 

These results confirm that historical parking data can help to extrapolate detailed short-term forecasts that can assist in better planning and allocation of parking resources that in turn will allow for smarter use of parking.


[bookmark: _Toc197436178][bookmark: _Toc198027845]Visualization Output

The outputs of the system come through a web-based dashboard with real-time interactivity, and useful visuals.
· Plotly is used for rendering interactive line plots that display hourly occupancy trends and a rolling 3-day forecast.
· Matplotlib is employed to generate heatmaps, which visually summarize slot usage across different times of day and days of the week.
These visualizations are:
· Responsive and aesthetically designed for intuitive understanding.
· Built to allow zooming, panning, and tooltip exploration.
· Able to uncover trends and bottlenecks at a glance; giving powders to decision-makers to plan by looking at data insights.


[bookmark: _Toc197436180][bookmark: _Toc198027846]User Dashboard Functionality

Flask, a lightweight Python web framework has been used in implementing the user interface. It offers an open interface to users to communicate with the model outputs, analyse past and future data, and learn about parking dynamics graphically.

[bookmark: _Toc197436181][bookmark: _Toc198027847] Dashboard Sections

These are the following key components, making up the dashboard: 
· Landing Page Shows: overview of the system; project objectives; key performance indicators (e.g. SMAPE value, model used). 
· Video Section Offers access to: 
· Unedited surveillance footage (where possible)  
· Detection video showing how slot-wise tracking is possible with only basic motion detection (not YOLO), increasing the system’s transparency. 
· Heatmap Section Displays color-coded maps of parking usage for the hour/week, and thus allows administrators to instantly determine periods of underutilization or excess.  
· Forecast Section Serves as a time series interactive plot for predicted occupancy over 72 hours via Plotly. All users can examine the data interactively, see the changes and make sound parking or investment calls.
[bookmark: _Toc198027848] Heatmap Analysis and Insights
Heatmaps are a very strong visualization tool used for representation of a data intensity of two dimensions using a color gradation. In the context of parking systems, the heatmaps assist in reporting the level of use of each slot of the parking during particular time durations. Often, warm colors like red or orange will show high occupancy or peak usage, and calm colors, blue or green, will signal underutilized or low slots. Such color coding of this representation allows managers and users of the facility to get a quick interpretation of complex usage patterns with a single glance.
In this project, slot-wise heatmaps were generated using hourly historical occupancy data. The system uses a custom Python script to map each slot’s usage across time intervals—such as hourly slots over several days. Each parking slot is plotted along with timestamps to build a visual matrix. The Matplotlib library was used to render these heatmaps with overlaid values for slot IDs and their occupancy percentages, providing both a qualitative and quantitative view of parking behavior.
The heatmaps are used for multiple things in the AI Powered Car Parking Detection System. First, their retrospective analysis allows to identify most productive parking slots over time. Secondly, they show moments of peak usage throughout the day or week enabling disinterest parties to be able to anticipate congestion. Finally, the findings from these heatmaps can inform redesigning parking layouts, the adoption of dynamic pricing or dedicated high demand slots for niche usage cases (e.g., handicap, short term parking). 
What makes heatmaps really useful is its non-technical user availability. Integrating the heatmap into Flask dashboard makes it possible for stakeholders to view slot activity in a visual form – without having to compare raw data or graphs by hand. The visual layer delivers transparency, enhances strategic decisions, and allows a data-driven approach to handling parking demand in real-time or through a spate of time.




[bookmark: _Toc198027849]


[bookmark: _Toc198027850]CONCLUSION AND RECOMMENDATIONS


[bookmark: _Toc197436183][bookmark: _Toc198027851]Conclusion

[bookmark: _Toc197436184]The AI Powered Car Parking Detetection System consist of a Dashboard that shows all the functionalities of our project. It provides both detection and original video playback. It consists of a heatmap that displays slot occupancy by time.
This dashboard also consists of prediction that demonstrated the feasibility of using time- series forecasting models, like N-BEATS; for predicting hourly parking slot usage without requiring expensive real-time detection equipment.

	By rigorously preprocessing historical occupancy data and applying Optuna for hyperparameter tuning optimization, the model showed a more accurate prediction, thus presenting itself as a valuable instrument for urban areas that need efficient regulation of parking.

In addition, the system shows how AI and data-driven solutions can be implemented in practice to optimize public infrastructure. Together with possible extensions to mobile access, integration with IoT, and anomaly detection, the platform builds the basis for a scalable and intelligent ecosystem of smart city parking.
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[bookmark: _Toc197947493][bookmark: _Toc197947870]Figure 2: Dashboard
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[bookmark: _Toc197947494][bookmark: _Toc197947871]Figure 3: Parking Original Video
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[bookmark: _Toc197947495][bookmark: _Toc197947872]Figure 4: Parking Detection Video
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[bookmark: _Toc197947496][bookmark: _Toc197947873]Figure 5: Heatmap
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[bookmark: _Toc197947497][bookmark: _Toc197947874]Figure 6: Forecast



[bookmark: _Toc198027852] Key Takeaways

Important outputs from AI Parking Forecasting System include: 
· Deep learning methods tend to outperform classical statistical approaches in predictive levels when properly adjusted. 
· Instant visualisations via dashboards enhance the understanding of forecasted occupancy. 
· By lowering the reliance on the video detection technology, infrastructure costs and complexities associated with implementing it are minimized by the system.
[bookmark: _Toc197436185]
[bookmark: _Toc198027853] Future Enhancements

[bookmark: _Toc197436186]Outlined below are several potential avenues to take forward this project. The combination of real-time integration, mobile accessibility, and geographic coverage expansion, can increase both the reach and usability of the system.


[bookmark: _Toc198027854]Proposed Improvements

1. The use of IoT-based parking sensors allows for a hybrid approach to forecasting and real-time slot monitoring. 
2. Creating a mobile app which will allow users to see available parking spots anywhere and anytime. 
3. Adding anomaly detection for early maintenance alerts, and to counter false alarms.
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[bookmark: _Toc508651730]APPENDIX A: Graphs
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[bookmark: _Toc197947875]Figure 7: 3-Day Occupancy Forecast Chart
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[bookmark: _Toc197947876]Figure 8: Slot-wise Heatmap
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APPENDIX B: Computer Programme Listing


prediction.py:

import pandas as pd
import numpy as np
import plotly.express as px
import optuna
import plotly.graph_objects as go
from darts.models import NBEATSModel
from darts import TimeSeries
from darts.metrics import smape
from darts.utils.likelihood_models import GaussianLikelihood
import warnings

warnings.filterwarnings("ignore")  

# PATH to save graphs
save_path = "D:/fyp_finall/fyp_final/static/images"

# Load dataset
df = pd.read_csv("D:/fyp_finall/fyp_final/dataset.csv")
df['LastUpdated'] = pd.to_datetime(df['LastUpdated'])
df['Hour'] = df['LastUpdated'].dt.floor('h')

hourly_df = df.groupby(['SystemCodeNumber', 'Hour']).agg({'Capacity': 'mean', 'Occupancy': 'mean'}).reset_index()
hourly_df['Hour'] = pd.to_datetime(hourly_df['Hour'])

SysCodeNum = 'BHMBCCMKT01'
filtered_df = hourly_df[
    (hourly_df['SystemCodeNumber'] == SysCodeNum) &
    (hourly_df['Hour'] >= '2016-10-23') &
    (hourly_df['Hour'] < '2016-12-02')
]

full_range = pd.date_range(start='2016-10-23', end='2016-12-01 23:00:00', freq='H')
full_index = pd.MultiIndex.from_product([[SysCodeNum], full_range], names=['SystemCodeNumber', 'Hour'])
full_df = pd.DataFrame(index=full_index).reset_index()

merged_df = pd.merge(full_df, filtered_df, on=['SystemCodeNumber', 'Hour'], how='left')
merged_df['Occupancy'] = merged_df['Occupancy'].fillna(0)
merged_df['Capacity'] = merged_df['Capacity'].fillna(0)

last_date = merged_df['Hour'].max()
start_date = last_date - pd.Timedelta(days=8)
last_8_days_df = merged_df[merged_df['Hour'] >= start_date]

# === Plot 1 ===
fig1 = px.line(last_8_days_df, x='Hour', y='Occupancy', title='LAST N-DAYS', labels={'Hour': 'Date', 'Occupancy': 'Occupancy'})
fig1.write_image(f"{save_path}/last_8_days.png")
# fig1.show()

filtered_df_sorted = merged_df.sort_values(by='Hour').reset_index(drop=True)
split_index = int(0.75 * len(filtered_df_sorted))
train_df = filtered_df_sorted.iloc[:split_index].drop(['SystemCodeNumber', 'Capacity'], axis=1)
test_df = filtered_df_sorted.iloc[split_index:].drop(['SystemCodeNumber', 'Capacity'], axis=1)

train_df['Hour'] = pd.to_datetime(train_df['Hour'])
test_df['Hour'] = pd.to_datetime(test_df['Hour'])

series_train = TimeSeries.from_dataframe(train_df, time_col='Hour', value_cols='Occupancy', fill_missing_dates=True, freq='H')
series_test = TimeSeries.from_dataframe(test_df, time_col='Hour', value_cols='Occupancy', fill_missing_dates=True, freq='H')

def objective(trial):
    model = NBEATSModel(
        input_chunk_length=trial.suggest_categorical('input_chunk_length', [48,72,168,240,336]),
        output_chunk_length=trial.suggest_categorical('output_chunk_length', [12,24,36,48,72]),
        num_stacks=trial.suggest_int('num_stacks', 2, 4),
        num_blocks=trial.suggest_int('num_blocks', 2, 4),
        num_layers=trial.suggest_int('num_layers', 3, 5),
        layer_widths=trial.suggest_categorical('layer_widths', [64,128,256,512]),
        dropout=trial.suggest_float('dropout', 0.1, 0.35),
        n_epochs=trial.suggest_int('n_epochs', 1, 5),
        random_state=42
    )
    model.optimizer_params = {'lr': 0.0001}
    model.fit(series_train)
    forecast = model.predict(len(series_test))
    return smape(series_test, forecast)

study = optuna.create_study(direction="minimize")
study.optimize(objective, n_trials=50)

best_params = study.best_params
best_model = NBEATSModel(**best_params, random_state=42)
best_model.optimizer_params = {'lr': 0.0001}
best_model.fit(series_train)
forecast = best_model.predict(len(series_test))

train_df = pd.DataFrame({'value': series_train.all_values().reshape(-1), 'time': series_train.time_index})
test_df = pd.DataFrame({'value': series_test.all_values().reshape(-1), 'time': series_test.time_index})
forecast_df = pd.DataFrame({'value': np.maximum(forecast.all_values().reshape(-1), 0), 'time': forecast.time_index})

merged_df = pd.merge(test_df, forecast_df, on='time', suffixes=('_actual', '_forecast'))
merged_df['abs_error'] = np.abs(merged_df['value_actual'] - merged_df['value_forecast'])

# === Plot 2 ===
fig2 = go.Figure()
fig2.add_trace(go.Scatter(x=test_df['time'], y=test_df['value'], mode='lines', name='Actual Test'))
fig2.add_trace(go.Scatter(x=forecast_df['time'], y=forecast_df['value'], mode='lines', name='Forecast'))
fig2.add_trace(go.Scatter(x=merged_df['time'], y=merged_df['abs_error'], mode='lines', name='Absolute Error', line=dict(color='orange', dash='dot')))
fig2.update_layout(title="N-BEATS: Actual Test vs Forecast with Error", xaxis_title="Time", yaxis_title="Value", legend=dict(x=0, y=1), template='plotly_dark')
fig2.write_image(f"{save_path}/test_vs_forecast_error.png")
# fig2.show()

# === Plot 3 ===
fig3 = go.Figure()
fig3.add_trace(go.Scatter(x=test_df.index, y=test_df['value'], mode='lines', name='Actual Test'))
fig3.add_trace(go.Scatter(x=forecast_df.index, y=forecast_df['value'], mode='lines', name='Forecast'))
fig3.update_layout(title="N-BEATS: Train vs Actual Test vs Forecast", xaxis_title="Time", yaxis_title="value", legend=dict(x=0, y=1), template='plotly_dark')
fig3.write_image(f"{save_path}/train_vs_test_forecast.png")
# fig3.show()

# === Plot 4: Next 3 Days Forecast ===
forecast_3_days = best_model.predict(72)
forecast_3_days_df = pd.DataFrame({'value': np.maximum(forecast_3_days.all_values().reshape(-1), 0), 'time': forecast_3_days.time_index})
complete_df = pd.concat([train_df, test_df, forecast_3_days_df], ignore_index=True)

fig4 = go.Figure()
fig4.add_trace(go.Scatter(x=train_df.index, y=train_df['value'], mode='lines', name='Train'))
fig4.add_trace(go.Scatter(x=test_df.index + len(train_df), y=test_df['value'], mode='lines', name='Actual Test'))
fig4.add_trace(go.Scatter(x=forecast_3_days_df.index + len(train_df) + len(test_df), y=forecast_3_days_df['value'], mode='lines', name='Forecast (Next 3 Days)', line=dict(dash='dot', color='orange')))
fig4.update_layout(title="N-BEATS: Train, Actual Test, and Forecast for Next 3 Days", xaxis_title="Time", yaxis_title="Occupancy", legend=dict(x=0, y=1), template='plotly_dark')
fig4.write_image(f"{save_path}/forecast_next_3_days.png")



util.py:

import pickle
import numpy as np
import cv2
from skimage.transform import resize
import os

# Status constants
IS_EMPTY = True
IS_OCCUPIED = False

# Load the trained classification model (correct relative path)
model_path = os.path.join(os.path.dirname(__file__), "model.p")
with open(model_path, "rb") as model_file:
    classifier_model = pickle.load(model_file)

def is_spot_empty(image_bgr):
    """
    Classifies whether the given parking spot image is empty or occupied.
    """
    processed_data = []

    resized_img = resize(image_bgr, (15, 15, 3))
    processed_data.append(resized_img.flatten())
    input_array = np.array(processed_data)

    prediction = classifier_model.predict(input_array)

    return IS_EMPTY if prediction == 0 else IS_OCCUPIED

def extract_parking_boxes(conn_components):
    """
    Extracts bounding boxes from connected components in the mask image.
    """
    total_labels, labels_matrix, stats, centroids = conn_components

    parking_boxes = []
    scale_factor = 1  # Placeholder if resizing mask in future

    for label_idx in range(1, total_labels):  # Skip background (label 0)
        x = int(stats[label_idx, cv2.CC_STAT_LEFT] * scale_factor)
        y = int(stats[label_idx, cv2.CC_STAT_TOP] * scale_factor)
        width = int(stats[label_idx, cv2.CC_STAT_WIDTH] * scale_factor)
        height = int(stats[label_idx, cv2.CC_STAT_HEIGHT] * scale_factor)

        parking_boxes.append([x, y, width, height])

    return parking_boxes

def get_parking_slots(video_path):
    """
    Detects parking slots using a pre-trained model (e.g., YOLO).
    Returns the bounding boxes of detected parking slots.
    """
    # Load the pre-trained YOLO model (if required)
    net = cv2.dnn.readNet("yolov4.weights", "yolov4.cfg")
    layer_names = net.getLayerNames()
    output_layers = [layer_names[i[0] - 1] for i in net.getUnconnectedOutLayers()]

    # Load video
    cap = cv2.VideoCapture(video_path)
    ret, frame = cap.read()

    if not ret:
        print("Failed to load video.")
        return []

    height, width, channels = frame.shape

    # Convert the frame to a blob for YOLO input
    blob = cv2.dnn.blobFromImage(frame, 0.00392, (416, 416), (0, 0, 0), True, crop=False)
    net.setInput(blob)
    outputs = net.forward(output_layers)

    parking_boxes = []

    for out in outputs:
        for detection in out:
            scores = detection[5:]
            class_id = np.argmax(scores)
            confidence = scores[class_id]
            
            if confidence > 0.5:
                center_x = int(detection[0] * width)
                center_y = int(detection[1] * height)
                w = int(detection[2] * width)
                h = int(detection[3] * height)

                x1 = center_x - w // 2
                y1 = center_y - h // 2

                parking_boxes.append([x1, y1, w, h])

    return parking_boxes




app.py:

from flask import Flask, render_template
import os, base64
from PIL import Image
from datetime import datetime
from io import BytesIO

app = Flask(__name__)
BASE_DIR = os.path.dirname(os.path.abspath(__file__))

def encode_image_to_base64(path):
    full_path = os.path.join(BASE_DIR, path)
    if not os.path.exists(full_path):
        print(f"❌ Image not found: {full_path}")
        return None
    try:
        image = Image.open(full_path)
        buffer = BytesIO()
        image.save(buffer, format="PNG")
        return base64.b64encode(buffer.getvalue()).decode()
    except Exception as e:
        print(f"Error loading image: {e}")
        return None

@app.route('/')
def index():
    return render_template('index.html')

@app.route('/original')
def original():
    return render_template('original.html')

@app.route('/detection')
def detection():
    return render_template('detection.html')

@app.route('/heatmap')
def heatmap():
    heatmap_base64 = encode_image_to_base64('static/images/slot_time_heatmap.png')
    return render_template('heatmap.html', heatmap=heatmap_base64)

@app.route('/forecast')
def forecast():
    forecast_base64 = encode_image_to_base64('static/images/forecast_next_3_days.png')
    return render_template('forecast.html', forecast=forecast_base64)


if __name__ == '__main__':
    app.run(debug=True)



parking_slots.py:

import cv2
import numpy as np
from skimage.transform import resize

# Status constants
IS_EMPTY = True
IS_OCCUPIED = False

def is_spot_empty(image_bgr, classifier_model):
    """
    Classifies whether the given parking spot image is empty or occupied.
    """
    processed_data = []
    resized_img = resize(image_bgr, (15, 15, 3))  # Resize to 15x15 pixels
    processed_data.append(resized_img.flatten())
    input_array = np.array(processed_data)

    prediction = classifier_model.predict(input_array)

    return IS_EMPTY if prediction == 0 else IS_OCCUPIED

def extract_parking_boxes(conn_components):
    """
    Extracts bounding boxes from connected components in the mask image.
    """
    total_labels, labels_matrix, stats, centroids = conn_components

    parking_boxes = []
    scale_factor = 1  # Placeholder if resizing mask in future

    for label_idx in range(1, total_labels):  # Skip background (label 0)
        x = int(stats[label_idx, cv2.CC_STAT_LEFT] * scale_factor)
        y = int(stats[label_idx, cv2.CC_STAT_TOP] * scale_factor)
        width = int(stats[label_idx, cv2.CC_STAT_WIDTH] * scale_factor)
        height = int(stats[label_idx, cv2.CC_STAT_HEIGHT] * scale_factor)

        parking_boxes.append([x, y, width, height])

    return parking_boxes

def get_parking_slots(video_path, classifier_model):
    """
    Detects parking slots using a pre-trained model (e.g., YOLO or connected components).
    Returns the bounding boxes of detected parking slots.
    """
    # Load the video
    cap = cv2.VideoCapture(video_path)
    ret, frame = cap.read()

    if not ret:
        print("Failed to load video.")
        return []

    height, width, channels = frame.shape

    # Process each frame in the video and extract parking slots (using YOLO or connected components)
    # Example of using connected components to extract parking slots from the mask image
    mask = cv2.cvtColor(frame, cv2.COLOR_BGR2GRAY)
    _, binary_mask = cv2.threshold(mask, 127, 255, cv2.THRESH_BINARY)
    conn_components = cv2.connectedComponentsWithStats(binary_mask, 4, cv2.CV_32S)

    parking_boxes = extract_parking_boxes(conn_components)

    # Check each parking spot (bounding box) for occupancy
    occupied_slots = []
    for box in parking_boxes:
        x, y, w, h = box
        slot_image = frame[y:y+h, x:x+w]  # Extract the portion of the image corresponding to the slot
        if not is_spot_empty(slot_image, classifier_model):
            occupied_slots.append(box)

    return occupied_slots



main.py:

import cv2
import numpy as np
import os
from util import extract_parking_boxes, is_spot_empty

def calculate_difference(current, previous):
    return np.abs(np.mean(current) - np.mean(previous))

# === Paths ===
base_dir = 'static/images'
os.makedirs(base_dir, exist_ok=True)

mask_path = os.path.join(base_dir, 'D:/fyp_finall/fyp_final/static/images/mask_1920_1080.png')
video_path = os.path.join(base_dir, 'D:/fyp_finall/fyp_final/static/images/parking_1920_1080 (2).mp4')
output_video_path = os.path.join(base_dir, 'detection_output.mp4')
output_frame_path = os.path.join(base_dir, 'output_frame.png')
occupancy_data_path = os.path.join(base_dir, 'slot_occupancy.npy')

# === Load ===
mask = cv2.imread(mask_path, cv2.IMREAD_GRAYSCALE)
cap = cv2.VideoCapture(video_path)

if not cap.isOpened():
    print("❌ Could not open input video!")
    exit()

width = int(cap.get(cv2.CAP_PROP_FRAME_WIDTH))
height = int(cap.get(cv2.CAP_PROP_FRAME_HEIGHT))
fps = int(cap.get(cv2.CAP_PROP_FPS))
print(f"Input resolution: {width}x{height}, FPS: {fps}")

writer = cv2.VideoWriter(output_video_path, cv2.VideoWriter_fourcc(*'mp4v'), fps, (width, height))

components = cv2.connectedComponentsWithStats(mask, 4, cv2.CV_32S)
parking_spots = extract_parking_boxes(components)

# === Variables ===
spot_status_list = [None] * len(parking_spots)
diff_list = [None] * len(parking_spots)
previous_frame = None
occupancy_counter = [0] * len(parking_spots)
frame_count = 0
step = 15

while True:
    ret, frame = cap.read()
    if not ret:
        break

    if frame_count % step == 0:
        if previous_frame is not None:
            for i, spot in enumerate(parking_spots):
                x, y, w, h = spot
                crop_current = frame[y:y+h, x:x+w]
                crop_previous = previous_frame[y:y+h, x:x+w]
                diff_list[i] = calculate_difference(crop_current, crop_previous)

        to_check = (
            range(len(parking_spots)) if previous_frame is None 
            else [i for i in range(len(diff_list)) if diff_list[i] / np.max(diff_list) > 0.4]
        )

        for i in to_check:
            x, y, w, h = parking_spots[i]
            crop = frame[y:y+h, x:x+w]
            spot_status_list[i] = is_spot_empty(crop)
            if not spot_status_list[i]:
                occupancy_counter[i] += 1

        previous_frame = frame.copy()

    # Draw boxes
    for i, (x, y, w, h) in enumerate(parking_spots):
        color = (0, 255, 0) if spot_status_list[i] else (0, 0, 255)
        cv2.rectangle(frame, (x, y), (x + w, y + h), color, 2)

    # Overlay text
    available = sum(1 for status in spot_status_list if status)
    total = len(spot_status_list)
    cv2.rectangle(frame, (80, 20), (550, 80), (0, 0, 0), -1)
    cv2.putText(frame, f'Available spots: {available} / {total}', (100, 60),
                cv2.FONT_HERSHEY_SIMPLEX, 1, (255, 255, 255), 2)

    # Write and show
    writer.write(frame)
    cv2.namedWindow("Live Parking Detection", cv2.WINDOW_NORMAL)
    cv2.imshow("Live Parking Detection", frame)
    cv2.resizeWindow("Live Parking Detection", width, height)  # Optional: force full size

    last_frame = frame.copy()
    frame_count += 1

    if cv2.waitKey(1) & 0xFF == ord('q'):
        print("🚪 Exiting...")
        break

cap.release()
writer.release()
cv2.imwrite(output_frame_path, last_frame)
np.save(occupancy_data_path, occupancy_counter)
cv2.destroyAllWindows()

print("✅ Detection output saved successfully.")



generate_heatmap.py:

import numpy as np
import matplotlib.pyplot as plt
import math
import datetime

def generate_slotwise_heatmap():
    # Load occupancy data
    occupancy = np.load("D:/fyp_finall/fyp_final/static/images/slot_occupancy.npy")
    normalized = occupancy / np.max(occupancy)

    # Layout grid
    total_slots = len(normalized)
    cols = 36  # Adjust per your layout
    rows = math.ceil(total_slots / cols)

    # Pad to fill grid
    padded = np.append(normalized, [0] * (rows * cols - total_slots))
    grid = padded.reshape((rows, cols))

    # === Axis labels ===
    x_labels = [f"{8 + i % 12} {'AM' if i < 4 else 'PM'}" for i in range(cols)]

    # ✅ Updated Y-axis: Actual dates starting from 1-May-2025
    start_date = datetime.date(2025, 5, 1)
    y_labels = [(start_date + datetime.timedelta(days=i)).strftime("%d-%b-%y") for i in range(rows)]

    # Plot heatmap
    fig, ax = plt.subplots(figsize=(cols * 0.4, rows * 0.6))
    cmap = plt.get_cmap('RdYlGn_r')
    im = ax.imshow(grid, cmap=cmap)

    # Add slot number and percentage text inside cells
    for i in range(rows):
        for j in range(cols):
            index = i * cols + j
            if index < total_slots:
                percentage = int(normalized[index] * 100)
                text = f"S{index + 1}\n{percentage}%"
                ax.text(j, i, text, ha='center', va='center', fontsize=6.5, color='black')

    # Set axis labels
    ax.set_xticks(np.arange(cols))
    ax.set_yticks(np.arange(rows))
    ax.set_xticklabels(x_labels, rotation=90, fontsize=6)
    ax.set_yticklabels(y_labels, fontsize=7)

    ax.set_xlabel("Time of Day", fontsize=10, labelpad=10)
    ax.set_ylabel("Date", fontsize=10, labelpad=10)
    ax.tick_params(top=False, bottom=True, labeltop=False, labelbottom=True)

    plt.tight_layout()
    plt.savefig("static/images/slot_time_heatmap.png", bbox_inches='tight', dpi=300)
    plt.close()

if __name__ == "__main__":
    generate_slotwise_heatmap()




base.html:

<!DOCTYPE html>
<html lang="en">
<head>
  <meta charset="UTF-8" />
  <title>AI Parking Dashboard</title>
  <link rel="stylesheet" href="{{ url_for('static', filename='css/style.css') }}">
</head>
<body>

  <!-- Sidebar -->
  <div class="sidebar">
    <!-- ✅ Logo at top -->
    <div class="logo-container">
      <img src="{{ url_for('static', filename='images/logo.png') }}" alt="Logo" class="logo-img">
    </div>
    <h2>Dashboard</h2>
    <a href="{{ url_for('index') }}">🏠 Home</a>
    <a href="{{ url_for('original') }}">🎥 Original Video</a>
    <a href="{{ url_for('detection') }}">🎯 Detection Output</a>
    <a href="{{ url_for('heatmap') }}">🔥 Heatmap</a>
    <a href="{{ url_for('forecast') }}">📈 Forecast</a>
  </div>

  <!-- Main content -->
  <div class="main">
    {% block content %}
    {% endblock %}
  </div>

  <!-- Floating Buttons (Dark Mode & Help) -->
  <button class="floating-toggle" onclick="document.body.classList.toggle('light-mode')">🌓</button>
  <button class="floating-help" onclick="alert('For help, contact: aipowered@gmail.com')">❓</button>

</body>
</html>



heatmap.html:

{% extends 'base.html' %}
{% block content %}
<div class="section">
  <h2>🔥 Slot-wise Occupancy Heatmap</h2>
  {% if heatmap %}
    <img src="data:image/png;base64,{{ heatmap }}" alt="Slot Heatmap">
  {% else %}
    <p style="color: red;">❌ Heatmap image not found.</p>
  {% endif %}
</div>
{% endblock %}


index.html:

{% extends 'base.html' %}

{% block content %}
<!-- ✅ Top-Left Fixed DateTime -->
<div class="datetime-top">
  📅 <span id="date"></span> | 🕒 <span id="time"></span>
</div>

<h1 class="center-heading">AI Powered Car Parking Detection System</h1>

<div class="image-gallery">
  {% for i in range(1, 5) %}
    <img src="{{ url_for('static', filename='images/p' ~ i ~ '.png') }}" alt="Gallery Image {{ i }}">
  {% endfor %}
</div>

<script>
  function updateDateTime() {
    const now = new Date();
    const options = { day: 'numeric', month: 'long', year: 'numeric' };
    document.getElementById("date").innerText = now.toLocaleDateString('en-GB', options);
    document.getElementById("time").innerText = now.toLocaleTimeString('en-GB', {
      hour: '2-digit',
      minute: '2-digit'
    });
  }

  updateDateTime();
  setInterval(updateDateTime, 60000);
</script>
{% endblock %}



forecast.html:

{% extends 'base.html' %}
{% block content %}

<h2 class="center-heading">📊 N-BEATS Forecast (Train, Test & 3-Day Ahead)</h2>

<!-- ✅ Centered Graph Image -->
<div style="display: flex; justify-content: center; align-items: center; margin-top: 20px;">
    {% if forecast %}
        <img src="data:image/png;base64,{{ forecast }}" alt="Forecast Graph" class="forecast-image" />
    {% else %}
        <p style="color: red;">⚠️ Forecast image not available.</p>
    {% endif %}
</div>

{% endblock %}

detection.html:

{% extends 'base.html' %}
{% block content %}
<div class="section">
  <h2>🎯 Parking Detection Video</h2>
  <video controls>
    <source src="{{ url_for('static', filename='videos/detection_output.mp4') }}" type="video/mp4">
  </video>
</div>
{% endblock %}



original.html:

{% extends 'base.html' %}
{% block content %}
<div class="section">
  <h2>🎥 Parking Original Video</h2>
  <video controls>
    <source src="{{ url_for('static', filename='videos/parking_1920_1080 (2).mp4') }}" type="video/mp4">
  </video>
</div>
{% endblock %}

style.css:

/* === Main Theme === */
body {
  background-color: #0f172a;
  color: #f8fafc;
  font-family: 'Segoe UI', Tahoma, sans-serif;
  margin: 0;
  padding: 0;
}

.sidebar {
  width: 240px;
  background-color: #1e293b;
  padding: 20px;
  height: 100vh;
  position: fixed;
}
.sidebar h2 {
  font-size: 22px;
  color: #a78bfa;
  margin-bottom: 30px;
  font-family: 'Orbitron', sans-serif;
}

.sidebar a {
  display: block;
  padding: 12px;
  margin-bottom: 10px;
  color: #e0e7ff;
  background-color: #0f172a;
  text-decoration: none;
  border-radius: 5px;
  transition: background 0.3s;
}

.sidebar a:hover {
  background-color: #4c1d95;
}

.main {
  margin-left: 260px;
  padding: 40px;
}

.section {
  background: #1e293b;
  padding: 25px;
  border-radius: 10px;
  margin-bottom: 40px;
  box-shadow: 0 0 8px rgba(0,0,0,0.4);
}

h1, h2 {
  color: #a78bfa;
  text-align: center;
}

img, video {
  max-width: 100%;
  border-radius: 8px;
  border: 2px solid #475569;
  margin-top: 15px;
}

table {
  width: 100%;
  border-collapse: collapse;
  margin-top: 15px;
}

table th, table td {
  border: 1px solid #475569;
  padding: 10px;
  text-align: center;
  color: #e2e8f0;
}

table th {
  background-color: #334155;
}

/* ✅ Gallery Styling */
.image-gallery {
  display: flex;
  flex-wrap: wrap;
  gap: 20px;
  margin-top: 30px;
  justify-content: center;
}

.image-gallery img {
  width: 300px;
  height: 200px;
  object-fit: cover;
  border: 2px solid #4c1d95;
  border-radius: 10px;
  box-shadow: 0 0 10px #000;
  transition: transform 0.3s ease-in-out;
}

.image-gallery img:hover {
  transform: scale(1.05);
  box-shadow: 0 0 20px #a78bfa;
}

.center-heading {
  text-align: center;
  font-size: 32px;
  margin-bottom: 25px;
}

/* ✅ Floating Buttons */
.floating-toggle {
  position: fixed;
  bottom: 20px;
  right: 20px;
  background-color: #4c1d95;
  color: white;
  border: none;
  border-radius: 50%;
  padding: 12px;
  font-size: 20px;
  cursor: pointer;
  box-shadow: 0 0 12px rgba(0,0,0,0.4);
  z-index: 1000;
}

.floating-help {
  position: fixed;
  bottom: 20px;
  left: 20px;
  background-color: #4c1d95;
  color: white;
  border: none;
  border-radius: 50%;
  padding: 12px;
  font-size: 20px;
  cursor: pointer;
  box-shadow: 0 0 12px rgba(0,0,0,0.4);
  z-index: 1000;
}

/* ✅ Light Mode Support */
body.light-mode {
  background-color: #f8fafc;
  color: #1e293b;
}

body.light-mode .sidebar {
  background-color: #cbd5e1;
}

body.light-mode .section {
  background-color: #e2e8f0;
  color: #0f172a;
}

.datetime-top {
  position: absolute;
  top: 15px;
  left: 300px;
  background-color: #1e293b;
  color: #f8fafc;
  padding: 6px 12px;
  border-radius: 8px;
  font-size: 14px;
  box-shadow: 0 0 6px rgba(0, 0, 0, 0.3);
  display: inline-flex;
  gap: 8px;
  align-items: center;
  z-index: 1000;
}
.logo-container {
  position: absolute;
  top: 10px; /* small space from top */
  left: 10px; /* small space from left */
  padding: 0;
  margin: 0;
  border: none;
  box-shadow: none;
}

.logo-img {
  width: 60px;
  height: auto;
  border: none !important;
  outline: none !important;
  box-shadow: none !important;
  border-radius: 0; /* optional: remove roundness */
}
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