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Abstract

:

The main problem with counting vehicles in rest areas in Europe and America is the overflowing of parking lots in the rest areas. Thus it is impossible to count parked vehicles with traditional, direct methods, which use cameras and Lidar (light detection and ranging) to detect the presence of vehicles in individual parking spots. The solution to this problem may be an indirect method which uses cameras to count the vehicles entering and leaving the rest area and which sorts the vehicles into categories. This article introduces a method for determining car park occupancy in rest areas using indirect measurement and evaluates the uncertainty of this method for determining the occupancy. This indirect method counts the vehicles entering and leaving the car park and sorts the vehicles into categories. The difference between the number of vehicles that entered and the number of vehicles that left in a given time gives the number of vehicles occupying the car park, i.e., the parking space demand for a given time. This demand will vary over time. In order to register the vehicles entering and leaving, mains-free supply video cameras were installed next to the entrance and exit. The counting and categorizing could be conducted organoleptically, semi-automatically, or using an image computer analysis using artificial intelligence networks. Because the difference between the number of vehicles entering and leaving is calculated over a long period, a relative error (regarding car park capacity) might be grave even when the counting errors are minor. The authors will show how the certainty of this indirect counting method can be improved.






Keywords:


vehicle counting; car park occupancy; mains-free supply; measurement uncertainty; indirect method; AI application












1. Introduction


The huge development of road infrastructure, including motorways, demands a precise evaluation of the necessary services for road transport. Among others, one such service is parking spaces next to motorways. They are essential because vehicle occupants and vehicles require places to stop. Thus designing an appropriate number of parking spaces for the users of motorways is a fundamental issue.



The existing literature concerning the methods for evaluating required parking spaces next to motorways can be divided into three groups with regard to the countries they derive from: German, British [1], and American [2]. All three methods for evaluating the demand for parking spaces consider calculations based on imprecise coefficients, i.e., coefficients calculated on the basis of empirical research and statistical analysis. Determining the number of vehicles interested in stopping at a rest area is related to several factors, e.g., traffic volume on the adjacent section of the road, a driver’s working time and the related trip-length distribution, rest area qualitative factors, and the average daily traffic; however, the main parameter is accurate information about vacancies at existing rest area parking lots. This information is being used too by drivers who try to find available parking spaces for repose.



We can distinguish two fundamental methods for determining the occupancy of parking spaces. The first method is the so-called direct method. Figure 1 shows the distribution of occupancy detectors (cameras) used in the direct method. The main problem with counting vehicles in rest areas in Europe and America is the overflowing of parking lots in the rest areas. Thus, it is impossible to count parked vehicles with traditional, direct methods which use cameras and Lidar (light detection and ranging) to detect the presence of vehicles in individual parking spots. This makes it impossible, e.g., to meet the United Europa (EU) recommendations regarding information about, among other things, parking occupancy [3]. The solution to this problem may be the indirect method of counting vehicles. Thus we can point to two types of methods:




	
The direct method gives the number of vehicles in the parking lot by using cameras and Lidar (light detection and ranging) that focus on the parked cars.



	
The indirect method gives the parameters for the entire lot using cameras that count the cars entering and exiting the lot.








Therefore, regarding the unsolved problem of counting vehicles in rest areas, we propose a method for determining a rest area’s car park occupancy using indirect measurement and assess how the certainty of this indirect counting method could be improved.



The authors have divided their research into the following sections. In Section 2, Research Background, we show how other authors have tried to resolve the problem of counting vehicles in parking lots. In Section 3, Traffic-Volume-Monitoring System, we discuss the system for measuring that we have been using. This system is fully automatic but without any calibration method. This system uses an AI application and was our primary source of real data. At the end of this section, we show a new solution for detectors without a mains supply which we started to use this year. In Section 4, Calculation of the Number of Vehicles Entering and Leaving the Car Park, we show a simulation of parking requests during a specified time. In Section 5, Evaluating the Uncertainty of Determining Parking Space Occupancy Duration in the Rest Area, we show how the certainty of the measurement using the indirect method can be improved using virtual calibration.




2. Research Background


The issue of parking-space-occupancy evaluation is currently a frequent subject of scientific analysis and study. It is part of the general scope of subjects related to intelligent transport systems and technologies [4,5,6,7], including image analysis [8]. This is a particularly important matter, as the increase in the number of cars (along with electric cars) results in longer search times for an available parking space, especially in city centers. For this reason, various concepts and technical solutions have been developed to determine the current number of vehicles in parking spaces, and thus inform subsequent drivers about the available number of parking spaces [9,10,11]. In one study, the authors elaborated on the analysis of the above mentioned areas [12]. They characterized in detail the currently used parking models, adopting four modeling approaches: mathematical, probabilistic, economic, and analytical. It is a useful review of the models, especially in the context of a further analysis of the estimation of the measurement uncertainty of the number of vehicles in a car park.



The issue of the availability of parking spaces can be considered not only in terms of a given car park but also for a broader view, including car parks located in a specific area (e.g., district, city). In one of their publications, the authors of [13] presented such an approach. They used a hierarchical approach that supported drivers in locating a parking space in a car park free of charge. For this purpose, they used two levels of decision making. In the first level, the algorithm checked only the nearest car park. In the second level, the algorithm focused on the car park closest to the one checked and looked for an available parking space there. This solution was effective and saved drivers’ time. Despite the positive outcome, the uncertainty regarding the number of available parking spaces in individual car parks was not taken into account.



To identify available parking spaces in a car park, other authors proposed a measure based on the cooperation of drivers who reported available parking spaces [14]. In return, they received some type of bonus. This concept was based on a blockchain block solution. Information about beacons from parked vehicles was also used. The idea is interesting from a practical point of view. Still, it is difficult to assess its correct functioning at the present stage (especially for estimating the measurement uncertainty of the number of vehicles in a car park).



In another study, the authors proposed using pressure sensors to determine the occupancy of parking spaces [15]. The designed system, thanks to the use of pressure sensors (detecting vehicles entering and leaving) and the Raspberry Pi, was characterized by low implementation and flexible adaptation to various car parks. This solution was interesting, but lacked an accurate evaluation method for the identification of entering vehicles. Thus, this method should be supplemented with data from a video monitoring system. This approach is presented in this article.



Another way to estimate the occupancy of parking spaces was proposed by the next study’s authors [16]. They used ultrasonic vehicle detection technology. The individual ultrasonic sensors were connected to a RS485 bus, which enabled data transmission to the parking management information technology (IT) system. As a result, drivers received information about the number of vacancies that they could then use. The article assessed the correctness of the system operation including, in particular, the correctness of the data from the ultrasonic sensor (the ambient temperature and the distance between the parked vehicle and the sensor were taken into account). Despite the proposed solution’s practical implementation, it was expensive as it required wiring to connect the ultrasonic sensors. For this reason, the proposal submitted in this article is more economically effective and, at the same time, the estimation of the number of vehicles is accurate.



In another publication, the authors paid particular attention to the vehicle location accuracy obtained from satellite global navigation systems in built-up areas [17]. These areas were characterized by a multipath propagation of radio signals, which resulted in inaccuracies in determining the position of vehicles. They proposed the use of a classifier to distinguish between multipath and direct GNSS signals. As a result, the accuracy of the vehicle location increased. This then enabled the location data to be used to identify the vehicle in the car park and, moreover, in which exact parking space.



The use of data from global navigation satellite systems was studied by another team [18]. To reduce the inaccuracy of the location, the authors proposed smartphone inertial sensors be used. As a result, it was possible to determine the vehicle’s location in real-time via GNSS and increase accuracy by tracking it with the phone’s inertial sensors. This solution is advantageous, especially in multi-story car parks.



The use of Bayes’s and Dempster-Shafer’s theory to determine the occupancy of the space in front of the vehicle was presented in one of the papers by the authors of [19]. Thus, obtaining information about the available space and using it efficiently became possible. However, the authors did not carry out a broader analysis that would have allowed the use of the obtained information to assess the occupancy of parking spaces.



In the field of parking spaces, researchers’ studies are not only focused on the assessment of the occupancy of parking spaces but also on the development of new methods for planning geometric paths that will be used for parking autonomous vehicles [20]. Thanks to these, it is possible to enhance the use of space in a car park and thus park more vehicles. Such solutions will reduce the uncertainty of measuring the number of vehicles in a car park, as the human factor will be eliminated in parking.



In another study, the authors used satellite images to determine the occupancy of parking spaces. This is a relatively new approach requiring high-resolution photos [21]. In this type of analysis, it is necessary to distinguish between moving and parked vehicles. Issues in this area were presented by the authors of the following study [22].



This team tried to resolve problems in vehicle-type detection in the previous study caused by processing video data using the Digital Surface Model (DSM) [23].



In this section, we have referenced many approaches that have been proposed for resolving the problem of counting vehicles in parking lots. This problem is more minor in parking areas where there is no additional surface for vehicles to stop. However, the parking lots of motorway rest areas, which we examined, have many areas without parking stands (e.g., access roads, gas stations, dedicated parking spaces for service vehicles, and parking in a space for other types of vehicles). Drivers park their vehicles in these areas, and it causes an overflowing of the rest area. Thus, there is no good solution for counting how many vehicles are on a rest area’s surface. A UE publication in ITS Directive 2010/40/EU supplements from 15 May 2013 [3] recommended delivering certain and precise information for drivers in the Datex system about parking spaces close to their travel path. Still, we do not have a good measurement method ten years later. Thus, we propose using an indirect measurement to determine car park occupancy in rest areas.



As the introduction mentioned, the first method is the direct method shown in Figure 1. The second method is the indirect method. Figure 2 shows the vehicle detector localization for the indirect method as presented in [24,25]. Video cameras were used as vehicle detectors. We used mains-free supply video cameras with solar panels and batteries. The parts of the measurement points were: video cameras with full High Definition (HD) resolution, wireless networks, Long Term Evolution (LTE) system networks, camera servo systems, Secure Digital (SD) 128 GB storage systems, solar panels with a maximum power of 60 Watts, and a battery with a capacity of 40 Ah.



The method for determining the demand for parking spaces in car parks at rest areas presented in this article is based on measuring car park occupancy based on the traffic volume at the entrance and exit of the car park [26,27]. This is an indirect method (Figure 2) in which the vehicles entering and the vehicles leaving the car park are counted and sorted into categories. The difference between the number of vehicles that entered and the number of vehicles that left in a given time gives the number of vehicles occupying the car park for a given time. This indirect method is insensitive to parking lots overflowing.



This paper shows how the certainty of this indirect counting method can be improved. A procedure for virtual calibration will be introduced, which makes the correction of counting errors possible without additional measurements and is open to other calibration methods.




3. Traffic-Volume-Monitoring System


Figure 3 depicts a schematic diagram revealing the architectural layout of the traffic- volume-monitoring system. The developed system consists of four central camera units for the indirect method. It can be used for multi-entry and multi-exit parking lots.



The system layout presented in Figure 3 may be divided into five cofunctional entities: an uninterruptible power management system, visual data acquisition units (cameras), local visual-data-processing nodes (on-site SoC units), a networking layer (Ethernet switch, broadband radio modem), and a classification mainframe unit (WUoT server). Furthermore, presented in Figure 4 is the algorithmic path developed for the purpose of the designed and deployed measurement system referred to in Figure 3.



The dedicated algorithm (Figure 4), designed over the functional modules of the deployed measurement system, may be categorized into three sequentially connected layers. Those are a camera unit, a System-on-a-Chip node, and the main processing server (WUoT Server). As far as connectivity features are considered, the essential interconnection between the respective camera units and the SoC units was realized by means of a classical Local Area Network (i.e., ethernet interfaces) conversely to the SoC—WUoT Server path, where broadband data exchange was achieved through a Wide Area Network radio link (i.e., 4G/LTE networking stack). The essential stages of the aforementioned algorithm consisted of the following steps, divided over the three nodes:




	-

	
IP Camera: visual data acquisition;




	-

	
SoC unit: video stream analysis, object detection, vehicle tracking, and vehicle extraction;




	-

	
WUoT server: vehicle classification, vehicle counting by categories, and result visualization.









After visual measurement data acquisition was performed (in a looped, cyclic manner), the first stage of data processing was run on the SoC unit. It was based on an optimal data decomposition—a video stream was prepared to be processed further (an optimal data structure was prepared based on a dynamic link to a video format). Secondly, the user-selected Region of Interest (ROI) determined the scope of the visual cues to be analyzed. Incoming data processing was held over the selected window while the rest of the data was withdrawn (bandwidth effectiveness was kept). Time averages of the pixel values within that region enabled the execution of the object detection stage, where by means of luminance masking (OpenCV’s featured procedure), a foreground detection was performed, and thus an object of interest could be detected. Based within Gaussian Mixture Models [28], the algorithmic path enabled feedback tuning of the blocks-of-pixels being indicated as an object; therefore, the appropriate weighing of picture elements led to the creation of dynamic datasets (i.e., candidates) that were further tracked as a vehicle. Each plausible contender from the list must have beforehand met the requirements in terms of shape and size (aspect ratios relevant to the field of view (FoV) of the camera were preset empirically). Afterward during the tracking procedure, over the course of consecutive images, the optimal polling for the representative of a detected vehicle was performed, and the actual image was passed further to the extraction module, where the image was prepared to be sent over to the WUoT server. A set of bounded-box images was ready to be stored locally on the SoC unit (cyclic, limited-redundancy buffer) and simultaneously transferred via a secure link to the mainframe node. Whenever consecutive, preprocessed images were uploaded to the WUoT server, each SoC unit began its workflow in a looped manner. The initial stage of the algorithmic path realized over the resources of the WUoT mainframe was dedicated to image classification. Visual data processing procedures were developed using the Mathworks MATLAB programming environment. The core flow was dedicated to image processing with the use of the Artificial Intelligence (AI) algorithm of a Deep Convolutional Neural Network, [29] based on a native AlexNET plug-in for the MATLAB environment. In that stage, each individual vehicle’s image was processed to address the ingest requirements of the AlexNET [30]. Next, each data module was processed as an individual classification flow that resulted in a list of the top five labels describing the analyzed vehicle (with a percentage of the credibility of classification). Amongst those labels were the following classes of vehicles: car, truck (lorry), bus, and others; moreover, optional sub-classes of certain vehicles were also stored. Finally, after the counting of categories, a proper, fully detailed data log file was written, as well as the crucial data depicted on-screen for the user.



Table 1 presents the traffic-volume-monitoring-system efficiency. As for the presented efficiency metrics, one can perceive the deployed system to have real-time characteristics, with a reasonably high effectiveness when it came to the success rates of the appropriate classification of objects. The efficiency mentioned above was evaluated over a long-term, real-life-conditions testing campaign, with over four months’ worth of measurement data.



Table 1 presents measurement effectiveness data by means of tabular positioning. The table depicts both the time and accuracy averages of the specific parameters, namely the computational effectiveness and success rates of the video data stream analysis. The presented values (time averages) were calculated based upon a timestamp analysis (i.e., synchronized network data ingestion over specific network nodes) and algorithmic path logging (the final step performed on the WUoT Server). By means of the MATLAB environment’s built-in metrics (tic-toc paradigm), the aggregated values for the time and success rates averages were calculated. As per the video data stream analysis, the performance of the algorithmic flow followed the real-time characteristics and simultaneously featured high effectiveness in terms of the success rates. Correlating data gathered via probability metrics (i.e., AlexNET preprocessing data stream for classification and tagging) with the base data layer (i.e., ground truth for the training set where detection and classification was performed manually), the average success rates were calculated. Both the successful detection of objects and vehicle classification achieved a level of over 95% in terms of the success-rate coefficient within the aforementioned data measurement window.



Concerning the efficiency of the designed algorithm, a decision was made to utilize a deep learning approach. As an evolution of machine learning algorithms, a deep learning approach is based on end-to-end learning, where learning tasks follows directly from sets of data images. Data is transformed into tasks (results of classification) based on learned features over the convolutional neural network (CNN) [31]. As the overall performance of the classification procedures in the contemporary deep learning mechanisms outperforms average human accuracy [32], it was of the utmost importance to empower the designed algorithm by means of the AlexNET module for the MATLAB environment. As the current-state performance of both hardware and software solutions creates a firm layer in terms of deep learning enablers (i.e., acceleration of the flow with the use of Graphics Processing Units—GPUs [33], massive labeled data sources, and pre-trained models), the selected approach was based on a deep neural network fine-tuned with a pre-trained model [34]. Such an approach is called a transferred learning scheme, where only the weighing algorithm is tuned to work on a new measurement data cue. Already learned features and the network structure were retrieved from the widely tested AlexNET approach; thus, the following advances were obtained: less data needed for the training procedure, less time consumed in the overall process, longevity, and most importantly, pre-trained reference models for the feature extraction. Composing all of the abovementioned features, the dedicated algorithm for the traffic-volume-monitoring system was deployed.



Mains-Free-Power Supply Measurement Points


One of the problems to be solved during the measurements was the power supply to the measurement points (the video cameras, wireless network, LTE system network, and camera servo systems). In the previous solution, we used one power source system based on one solar panel, one battery, and an external power mains for one measurement system for the whole car park at a rest area (Figure 3). However, in the new solution for the new measurement plan, we wanted to keep our measurement points highly mobile. In addition, the cost of connecting power lines played a significant role in selecting power sources. So we used measurement points with an independent power supply. We used two measurement points for each rest area measurement system. Power was based on a photovoltaic panel and a battery (Figure 5).



A solar panel with a maximum power of 60 Watts and a battery with a capacity of 40 Ah enabled the cameras to work continuously, even if only one of every three days was sunny. Despite this, we tried to take measurements in the spring–summer–autumn time from equinox to equinox. This selected period of the year for measurements guarantees continuous measurement at night. Although in the target systems, we will additionally use a permanent power source from the power grid for a reliable power supply.





4. Calculation of the Number of Vehicles Entering and Leaving the Car Park


In the case of the indirect method some additional measurement uncertainties may appear (Figure 6), yet the cost of the occupancy-detecting equipment is lower.



The uncertainty in determining the number of vehicles entering and leaving can be evaluated on the basis of methods commonly applied for such calculations. Thus, this paper does not present these methods. Section 5 and Section 6 include a description of determining the characteristic measurement uncertainties for the presented method, determining car park occupancy uncertainty and determining car park occupancy duration uncertainty.



Using the indirect method and based on the given measurements the following can be determined.



The number of cars entering the rest area during the time of the measurement is


   n  1 (  t 1  ;  t 2  )   =   ∑   t 1     t 2      e 1     (  t 1  ;  t 2  )      



(1)







The number of cars leaving the rest area during the time of the measurement is


   n  2 (  t 1  ;  t 2  )   =   ∑   t 1     t 2      e 2     (  t 1  ;  t 2  )      



(2)




where the following stand for:




	-

	
e1 and e2 are the instances of detecting the vehicle, respectively, at the entrance and exit of the rest area;




	-

	
t1 and t2 are, respectively, the initial and final time (moment) for determining the values.









These parameters allow one to specify the number of vehicles occupying the rest area for a given time between t1 and t2:


   N  (  t 1  ;  t 2  )   =  n 1     (  t 1  ;  t 2  )   −  n 2     (  t 1  ;  t 2  )    



(3)







If the rest area was occupied by some vehicles before t1 which left before t2, the value might be negative.



The number of vehicles in the rest area can be calculated in the following way:


  z =     ∑   t 3     t 4        (    ∑   t 1     t 2      e 1     (  t 1  ;  t 2  )     −   ∑   t 1     t 2      e 2     (  t 1  ;  t 2  )      )    (  t 3  ;  t 4  )        (  1 + C  )  ⋅   ∑   t 3     t 4      e a     (  t 3  ;  t 4  )        



(4)







The calculated result (z) is the mean value of the vehicles in the rest area in the period between t3 and t4.



C is the rest area equipment and location factor (in [35], it was taken from survey data, but in this simulation C = 0). In the formula, it is 1 + C because C is assumed to be the coefficient for improving the rest area’s attractiveness (equipment and location). For example, rest area type I will have C = 0, and the rest area with the gas station will have, for instance, C = 0.2.



The abovementioned formulas were the basis for the computer simulation of the change in parking space demand for a given time. The results for cars in this simulation are presented in Figure 7.



Meanwhile, Figure 8 shows the real results of the measurements conducted at one rest area within the RID (The National Centre of Research and Development) project [35].



The descending tendency indicates a distortion of the measurements.




5. Evaluating the Uncertainty in Determining Rest Area Parking Spaces


The uncertainty in determining parking space occupancy with the indirect method is rather specific because the occupancy values are the differences between entrances and exits. Therefore, the relative error will depend on the error of the measurement of vehicles entering and leaving, on the division of vehicles into categories, on the proportion of vehicles entering the rest area, and the rest area capacity.



Because the volume of occupancy is determined with the indirect incremental method, the value of the error will also grow along with the measured period. Figure 9 demonstrates this with an exemplary set of diagrams for measurements conducted at the Parma II rest area for one week.



A characteristic change in the mean value position of the parking space occupancy of trucks suggests an uncertainty in counting or classifying vehicles at the entrance to or exit from the rest area.



The maximum uncertainty which can be committed in such measurements can be determined by the following [35]


    δ   t   =     δ   i   −   δ   o     L     n   t   · 100 %  



(5)




where the following stand for:



δt—uncertainty of determining parking space occupancy in t, time;



δi, δo—uncertainty of measuring the number of vehicles either entering or leaving the rest area;



nt—the number of vehicles entering the rest area in t, time;



L—the number of parking spaces (the maximum number of a type of vehicle in the rest area).



The analysis of this dependency leads to a conclusion: the bigger the number of vehicles passing through the rest area, the greater the measurement error. In order to minimize the error, the measurement period should be short but not shorter than 24 h because of the daily character of the measurement result cycle [36]. A periodic calibration of the rest area occupancy can also be applied. Appendix A shows real parking space occupancy results without any calibration at the rest area. On the base shapes of the graphs in Appendix A, we can consider a daily cycle parking space occupancy.




6. Evaluating the Uncertainty of Determining Parking Space Occupancy Duration in the Rest Area


The method for determining parking space occupancy described in the previous sections was based on the instances of entering and exiting the rest area, i.e., the change in parking space demand.



The applied technology for counting and discriminating events, which have no pair during the day, enables a partial elimination of errors of this type in the counting of vehicles.



This led to achieving an effect called virtual calibration (VC). VC is an algorithmic calibration based on the results of analyzing the variability of parking space demand.



Figure 10 presents the operating rule of VC. Entering or exiting events are not taken into account when determining occupancy if they do not have a pair in the analyzed period of time. For the real case the daily ranges of such pairs were established.



On the other hand, we could remove all demands in the afternoon hours using the assumption that the information needed is about the occupation of the parking lot during the evening, night, and morning hours (then overflow takes place). Taking all of the above elements together, we created the variability of the correction factor, as Figure 11 shows.



Figure 12 shows a truck parking lot occupancy based on real data acquired from the RID project [35] of the rest area Parma II. A fragment that corresponds to one day has been highlighted. This fragment defines the range of the calculation correction shown in Figure 13. The range of this fragment corresponds to the range of the correction values graph presented in Figure 11.



Figure 13 shows the calculated correction. It was calculated in three parts:




	
For the part up to 10 o’clock, nothing had changed.



	
The part between 10 o’clock and 17 o’clock was calculated using Formula (6)










    z   i   =   d   i     1 −   1     h   i        



(6)




where



zi—item value of the calibrated truck count;



di—item value of the uncalibrated truck count;



hi—item value of the VC point;



i—iteration time counter.



	3.

	
The part after 17 o’clock was calculated using Formula (7)









    z   i   =   d   i   −   1     d   m a x       ∑  j =   j   s       j   e          d   j       h   j        



(7)




where



dj—item value of the uncalibrated truck count from the range between js and je;



hj—item value of the VC point from the range between js and je;



dmax—maximum value of the uncalibrated truck count in the analyzing range;



js and je—indexes of the first and last elements from the part between 10 o’clock and 17 o’clock;



j—iteration time counter for the part between 10 o’clock and 17 o’clock.



Looking at the above diagram of the operation and results, it can be seen that the correction is effective for a daily cycle. The correction for the subsequent days will be similar, except it must consider the correction values from previous days. However, the correction of the system will still be required in a periodic or ad hoc mode, but less often than if we used a system without VC. We planned the correction to be made weekly using an organoleptic count of the parked vehicles at the lowest daily occupation time of the parking lot. However, in the future we plan to use autonomously charging drones for the periodic timed count of vehicles. Therefore, ultimately, a system based on the registration of vehicles at the entrance and exit of the parking lot and periodic occupancy counting using drones will result in a fully functional, autonomous system for counting and categorizing vehicles in a parking lot.




7. Conclusions


The main problem with counting vehicles in rest areas in Europe and America is the overflowing of parking lots in the rest areas. Thus, it is impossible to count parked vehicles with traditional, direct methods which use cameras and Lidar (light detection and ranging) to detect the presence of vehicles in individual parking spots. This makes it impossible, e.g., to meet United Europa (EU) recommendations regarding information about parking occupancy information, among others [3].



At the beginning of this paper, we showed different approaches for car park occupancy measurements. There were two different types of measurements, namely:




	
The direct method gives the number of vehicles in the parking lot by using cameras and Lidar (light detection and ranging) that focus on the parked cars.



	
The indirect method gives parameters for the entire lot using cameras that count cars entering and exiting the lot.








We stated that our proposed solution to resolve the problem of counting vehicles in overflowing parking lots would be the presented indirect method of counting vehicles.



The indirect method presented in the article is based on precise, indirect measurements of car park occupancy. In contrast to the generally followed direct methods, this proposed method is insensitive to overflowing parking lots. Due to this, the exhibited measurement method can be more reliable. Additionally, certainty measurement improvement should increase after implementation of the virtual calibration method presented in Section 6.



The indirect method presented in the paper has two main advantages:




	
The first advantage is a minimal number of measuring points. In the case of a rest area, only two are needed because rest areas on highways usually have one entry and one exit way. This property improves secure traffic. Although in Section 3 we presented a system for measuring more than two points, which we used in the RID project [35]. This measuring system makes it possible to use more than two measurement points.



	
The second advantage is that we can calculate the number of vehicles in the parking lot without any data about where the vehicles park. The currently used method, based on the detection of parking place occupancy, does not give these results because, in an overcrowded parking lot, truck drivers will park on whatever surface is available. In this case, car parks are often overcrowded by up to 70% [34].








The main disadvantage of the method presented in this article is the possibility of grave relative errors stemming from counting errors regarding the number of vehicles using the car park and the number of parking spaces. However, Section 6 presented a method that eliminates this error and improves the accuracy of determining parking space occupancy in rest areas.



In future research:




	
We will try to implement our own system for the measurement of parking lot occupation by presenting an indirect method using AI, based on over 200,000 verified entrances and exits and the classification of the vehicles in the parking lots within project RID [34]. We need to note that most of the data used for preparing this article came from this project, in which the authors participated.



	
In another project, we (at the beginning of the year 2023) installed our mains-free supply measurement points (cameras with internet access and an independent power source of a solar panel and battery) in the rest area of North Brwinów near Warsaw. We will detect and classify the vehicles entering and exiting this rest area until the end of 2025.



	
The third part of our future research is to use unattended and mains-free supply autonomously charging drones for measurement calibration.



	
In the future, we will try using information quality management (IQM) for the optimization of measurement quality using uncertainty modeling methods [37,38] created by the main author.
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Appendix A. Parking Space Occupancy Results from Four of the Many Rest Areas We Examined
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Figure A1. The parking space occupancy results without virtual calibration for the rest area Parma II. 
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Figure A2. The parking space occupancy results without virtual calibration for the rest area Sobótka I. 
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Figure A3. The parking space occupancy results without virtual calibration for the rest area Łęka II. 
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Figure A4. The parking space occupancy results without virtual calibration for the rest area Cichmiana I. 
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Figure 1. An example of distributing cameras and lidars in a car park using the direct method. 
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Figure 2. Distribution of cameras for the indirect method. 
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Figure 3. Schematic diagram of the traffic-volume-monitoring system (NIC—Network Interface Controller; SoC—System on Chip; WAN—Wide Area Network). 
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Figure 4. The algorithm dedicated to the designed measurement system. 
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Figure 5. Actual photo of one of the installed measurement points with a mains-free supply system. 
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Figure 6. The distinction of the elements introduced uncertainty in determining the number of vehicles in the rest areas. 
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Figure 7. The simulation results in the period of time from t3 till t4: (a) change in the parking space demand and (b) number of vehicles entering and leaving the car park. 
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Figure 8. The results for trucks at the Parma II rest area (change in parking space demand). 
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Figure 9. Real example of determining parking space occupancy for a given time, separately for different categories of vehicles, at the rest area Parma II. 
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Figure 10. An example of a virtual calibration for determining the parking space occupancy duration. 
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Figure 11. Correction factor of VC. 
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Figure 12. The parking space occupancy result without virtual calibration at the rest area Parma II (marked range for Figure 12). 
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Figure 13. The parking space occupancy results with and without virtual calibration (VC) for one day at the rest area Parma II. 






Figure 13. The parking space occupancy results with and without virtual calibration (VC) for one day at the rest area Parma II.



[image: Applsci 13 05938 g013]







[image: Table] 





Table 1. Traffic-volume-monitoring system efficiency (pivotal parameters).
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	Efficiency Features
	Value





	Average time for a single video frame processing
	28 ms



	Average time for a complete detection and classification process
	980 ms



	Average success rate for object detection within video stream
	97.1%



	Average success rate for vehicle classification within detected objects
	95.5%
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