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Abstract: -Real time parking systems have a potential to reduce the congestion in crowded areas by providing real time
indications of occupancy of parking spaces. To date, search systems are mostly implemented for indoor environments
using costly sensor based techniques. Consequently, with the increasing demand for parking systems in outdoor
environments, inexpensive image based detection methods have become a focus of research and development recently.
Motivated by the remarkable performance of Convolutional Neural Networks (CNNs) in various image category
recognition tasks, this study presents a robust parking occupancy detection framework by using a deep CNN and a binary
Support Vector Machine (SVM) classifier to detect the occupancy of outdoor parking spaces images. The classifier was
trained and tested why the features learned by the deep CNN (convolutional neural network) from public datasets
(PKlot) having different illuminance and weather conditions. The indicates the great potential of this method to provide a
low- cost and reliable solution to the parking systems in outdoor environments.
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I.INTRODUCTION
Parking management is a significant challenge faced by urban cities worldwide. The increasing number of vehicles and
limited parking spaces has led to congestion, increased travel time, and environmental pollution. To address this problem,
several smart parking solutions have been developed using advanced technologies such as Al and ML. The Real-Time
Parking System using Al and ML is one such solution that utilizes data from various sources to provide real-time
information on parking availability. The system uses Al and ML algorithms to predict parking occupancy based on
historical data, weather conditions, and traffic patterns. This information is then communicated to users through mobile
applications, enabling them to locate available parking spaces in real-time. This technology has the potential to transform
the way we manage parking spaces and reduce traffic congestion in urban cities. By optimizing parking resources and
improving the parking experience for users, the Real-Time Parking System using Al and ML can generate significant
revenue for cities while reducing the environmental impact of transportation. In this paper, we will explore the benefits
and challenges of implementing this technology, the impact it can have on urban mobility, and the future of smart parking
systems.
Il. SCOPE

This paper will explore the benefits and challenges of implementing the Real-Time Parking System using Al and ML. We
will discuss the impact of this technology on urban mobility, the potential revenue it can generate for cities, and the
challenges of integrating it with existing parking management systems. We will also explore the future potential of this
technology and its impact on smart city development.

I1I.RELATED WORK

The existing PGl systems are classified into four categories (Ichihashi et al., 2009; Bong et al., 2008), based on the
detection methods: |) counter-based systems, 2) wired sensor-based system, 3) wireless magnetic sensor-based and 4)
image or camera-based systems. Counter- based systems rely on sensors at the entrance and exit point of the parking
lots. Counter-based systems can only provide information on the total number of vacant spaces rather than guiding the
drivers to the exact location of the parking spaces, and such systems cannot be applied to on-street parking bays and
residential parking spaces. Wired sensor-based and wireless magnetic sensor based systems rely on ultrasonic, infrared
light or wireless magnetic-based sensors installed on each parking space (Ichihashi et al., 2009).
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Both systems have been applied in practical commercial use especially in indoor environments like mega shopping malls.
However, such methods require the installation of costly sensors (= $40, True (2007)) in addition to processing units and
transceivers for wireless technologies (Bong et al., 2008). Sensor-based systems enjoy a high degree of reliability, but their
high installation and maintenance cost limits their use for wide applications. Compared to the sensor-based systems,
camera-based technologies are relatively cost efficient because both functions of general surveillance and parking lot
occupancy detection can be performed simultaneously (Ichihashi et al., 2009). In the literature, different approaches to
parking occupancy detection have been proposed. Funck et al. (2004) use an algorithm to compare the reference image
and input datasets to calculate the vehicle to parking space pixel area using principal component analysis. Tsai et al. (2007)
train a Bayesian classifier to verify the detections of vehicles using corners, edges, and wavelet features. True (2007)
adopts a combination of vehicle feature point detection and colour histogram classification. The Car-Park Occupancy
Information System (COINS) (Bong et al., 2008) integrates advanced image processing techniques including seeding,
boundary search, object detection and edge detection together for reliable parking occupancy detection.

ParkLotD (Ichihashi et al., 2009) uses edge features for the detection of parking occupancy. Huang et al. (2013) use a
Bayesian framework based on a 3D model of the parking spaces for the detection of occupancy that can operate day and
night. Jermsurawong et al. (2014) use customised neural networks that are trained to determine parking occupancy based
on extracted visual features from the parking spaces. del Postigo et al. (2015) detects the occupancy by combining
background subtraction using a mixture of Gaussian to detect and track vehicles and for creating a transience map to
detect the parking and leaving of vehicles. de Almeida et al. (2015) train SVM classifiers on multiple textural features and
improve the performance of detection using ensembles of SVMs. Similar to COINS, Masmoudi et al. (2016) carry out
trajectory analysis using real-time videos and temporal differencing in images to identify whether the parking space is
occupied or vacant. The methods mentioned above are based on hand-crafted features (such as edges, colour, texture)
and background subtraction, which makes these methods susceptible to the different weather conditions and illumination
variation. The CNNs (Lecun et al,, 1998) are a machine learning algorithm that uses the local spatial information in an
image and learns a hierarchy of increasingly complex features, thus automating the process of feature construction.
Recently, CNN-based frameworks have achieved state-of-the-art accuracies in image classification and object detection
(Krizhevsky et al., 2012). Valipour et al. (2016) demonstrate the practicality of a deep CNN (VGGNet-f) in the application
of parking space vacancy identification. The network was fine-tuned to yield a binary classifier with overall accuracy better
than 99%. They evaluate the transfer learning ability of the trained classifier on another dataset and reported an accuracy
of approximately 95%. Amato et al. (2016) develop a decentralised solution for visual parking space occupancy detection
using a deep CNN and smart cameras. The authors train and fine-tune a miniature version of AlexNet (Krizhevsky et al.,
2012), mAlexNet for binary classification and report an accuracy of 90.7% for transfer learning process. Similar work has
been performed by Amato et al. (2017), where the authors extends the CNRPark dataset (Amato et al, 2016) and
compare the results of mAlexNet with AlexNet. The results indicate the achievable accuracy for transfer learning for
AlexNet and mAlexNet are in the range of 90.52 - 95.60% and 82.88 - 95.28% respectively. Xiang et al. (2017) use a
Haar-Ada Boosting cascade classifier to detect the vehicles in gas stations and validate the true positives with a deep
CNN and report an accuracy of greater than 95%. In summary, there is clear evidence in the literature that feature
learning by deep CNNs outperform the conventional methods using hand-crafted features for the detection of parking
occupancy in terms of accuracy, robustness and transfer learning. However, all the CNN-based systems mentioned above
fine-tune the existing pre-trained networks, which is an additional training step requiring additional effort. In this work,
we propose a transfer learning approach to parking space occupancy detection based on a pretrained CNN without fine
tuning. We train a binary SVM classifier using the features extracted by the pre-trained model and evaluate its
performance in determining parking space occupancy.

IV.PROPOSED METHODOLOGY

The research focuses on determining the occupancy of parking spaces from the images obtained by surveillance cameras
considering the cost-efficient characteristics of camera-based systems. The present framework adopts ImageNet-VGG-f
model (Chatfield et al., 2014), which is a pre- trained deep CNN trained on the ImageNet dataset (Deng et al., 2009).
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Figure I: The architecture of a VGGNet CNN Fig 2 The architecture of a VGGNet CNN
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The architecture of the pre-trained deep CNN consists of 5 convolutional layers having I IxI1, 5x5, 3x3, 3x3 and 3x3
image kernels respectively, that stride over the whole image, pixel by pixel (except the first layer where the stride is 4
pixels) to generate 3D volumes of feature maps. The width of the first convolution layer is 64, and 256 for the rest of the
layers. A max-pooling layer follows the first, second and last convolution layer. The last convolution layer is followed by
three fully connected layers having 4096, 4096 and 1000 neurons respectively and the final output consists a layer of a
soft-max classifier. The architecture of the network is very similar to that shown in Figure |. Figure 2 shows the simplified
layout of the framework which consists of training an SVM classifier and evaluation of the classifications results.

Support Vector Machines (Cortes and Vapnik, 1995) are a machine learning technique, which transforms a non-linear
separable problem into a linearly separable problem by projecting data into the feature space and then finding the optimal
separate hyperplane. The separating hyperplane is a global optimum solution, and hence, the generalising ability of the
SVM classifier is higher as opposed to the fully connected (FC) layers in the CNN. The FC layers can yield local-minima
during the training by back-propagation algorithm. A CNN-SVM system compensates the limits of the CNN and the SVM
classifiers by incorporating the merits of both the classifier and have demonstrated best classification results for
pedestrian detection (Szarvas et al., 2005) and recognizing handwritten digits (Niu and Suen, 2012). Inspired by the results
of CNN-SVM systems, we use the features from a CNN and perform classification using a linear SVM classifier.

V. IMPLEMENTATION

The experimental framework consists of two main stages: |) training a binary SVM classifier using the features extracted
by the CNN from the PKLot dataset 2) evaluation of the classification accuracy by cross validation on the PKLot dataset
and the transfer learning ability on the Barry Street dataset. Donahue et al. (2014) state that the activations of the
neurons in the late layers of a deep CNN serve as robust features for a variety of object recognition tasks. Hence, the
features of each image are extracted from the 2Ist layer of the CNN that is the last layer before the classification, which
consists of a vector containing 1000 elements. Consequently, the extracted features from images of the PKLot datasets
were used to train and test four binary SVM classifiers using the ground truth labels v.i.z. ) cloudy weather 2) rainy
weather 3) sunny weather 4) whole dataset (0.67 million images) containing images of cloudy, rainy and sunny weather
together. Subsequently, the accuracy assessment of the trained classifiers was performed by 5-fold cross-validation, to
eliminate any biasing from the datasets. To evaluate the transfer learning performance of the method, the classifier that
was trained using the whole PKLot dataset, was tested on segmented images (Figure 4) of Barry street dataset, which was
created for the purpose of this research.
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VI.CONCLUSION
The Real-Time Parking System using Al and ML offers a promising solution to the challenges faced by urban parking
management. By leveraging real-time data and predictive analytics, this technology can optimize parking resources, reduce
traffic congestion, and improve the parking experience for users. The system's potential to generate revenue for cities
and its compatibility with smart city development make it a valuable technology for urban mobility. However, its
integration with existing parking management systems and the need for significant investment in infrastructure are
significant challenges that must be addressed to realize its full potential.
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