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Abstract

:

The underlying cause of the problem with parking is the imbalance between demand and supply in key areas where demand for parking is high, but parking is limited due to excessive land prices. Newly-developed automated multi-storey parking facilities are able to automatically pick up and place cars on different storeys, with minimal requirements on space. In the paper we concentrate on Automated Parking Systems and their malfunction rate. Specifically, we analyzed two automated systems located in the Czech Republic, in the towns of Brno and Slaný. We employed time series and various testing hypotheses to compare the malfunction rate of the systems, and used information from practice. We conclude with an evaluation and a brief description of the optimization of systems and the use of innovative tools.






Keywords:


engineering; management; automated parking systems; malfunction; correlation












1. Introduction


As the number of vehicles rises, there is the need to build infrastructure which meets heightened demands on capacity and car parks. The number of parked cars affects traffic safety and sustainability [1]. The problem with parking significantly worsens the experience of urban car users given that they are forced to spend longer periods traveling to available parking spaces, such requirements are further aggravated by surface transport, which is already overloaded in town centers, subsequently threatening the travel experience of all drivers at peak times. As various sources from 1927 to 2001 have stated, between 8 and 74% of urban traffic travels for parking [2]. A parking fee might alleviate the problem with parking to some extent, but this results in excessive costs for car users in certain districts having significant parking needs [3]. Sufficient parking facilities must be built in the years to come in order to bridge the gap between providing parking space and the demands on parking, particularly in central areas. The idea of automated, multi-storey facilities that put the limited space to better use has been proposed, in light of newly-developed automatic technology. In contrast to traditional parking facilities that require space for access roads, access lanes, and landscaping not involving parking space, automated elevators are used to take in and place cars, meaning that no other space is required for the transportation of cars and drivers, a fact which we can exploit to significantly reduce the use of land. The space required to allow car doors to be opened becomes unnecessary for every parking space, further reducing the average space used per car [3,4]. As a result of its compact, multi-storey structure, an automated parking system can significantly increase the number of parking spaces, and in doing so reduce the cost of land per car. When the driver attempts to park, he/she must first stop the car on the elevator, get out, and lock the vehicle. After receiving confirmation from the driver, the elevator automatically places the car in free space. To collect the car, the driver first sends a request, and the elevator then transports the vehicle back to the driver at ground level [5].



Parking facilities belong to the critical part of the infrastructure in terms of traffic systems and area reach [6]. Christiansen states that parking policy significantly affects traffic since most of the personal rides start and end on parking facility [7]. According to Wang et al., problems with parking facilities cause not only discomfort to citizens, everyday pedestrians, and local inhabitants, but also a negative impression of the town/city in question [8].



Prediction of parking slots demand can help dynamically adjust parking services to improve overall efficiency and has potential for optimization of parking slot searching process [9]. Thanks to advances in Information and Communication Technologies (ICT), we have access to a much more extensive portion of more detailed data on parking, allowing us to monitor the behavior of parking demand, malfunctions, etc., namely as time series of gathered data. Many studies, on the other hand, suggest a significant spatial correlation to travelers’ behavior [10,11]. Also, unexpected factors can derail many models which are based solely on time factors, as we can see with the current COVID-19 pandemic [12].



In this study, we focused on Automated Parking Systems (APS) and their malfunction rate. Our long-term goal is to employ advanced statistical methods to analyze and propose optimization for APSs maintenance and structure since this kind of research has not been done extensively concerning APSs (see the next section). At the beginning of this study, we examined two APSs from the perspective of typology, and we subsequently moved ahead with the research itself based on data obtained from parking system operators. We analyzed the data as time series and evaluated them using various tests (e.g., Ljung–Box test, Mann-Whitney test, etc.). Finally, we evaluated the data, compared malfunctions, and looked in more detail at the individual systems and the causes of malfunctions.




2. Literature Review


In this section, we have a brief look at related works with an emphasis on time series. As far as it is known, there are no works that focus on malfunctions of APSs. Considering other parking-related works using statistical methods, there have been several methods for estimation of occupancy of parking slots in development. These methods can be divided into two categories: Statistical and Machine Learning methods, and Deep Neural Networks [13].



The first category focuses on using historical data to predict short-term occupancy, see e.g., [14]. Ziat et al. [15] method based on learning from the representative dataset for predicting actual workload and occupancy. This approach improved the reliability of predictions compared to purely statistical methods since it took into account also external influences, e.g., weather, traffic jams, etc., which can affect customer behavior regarding parking.



Most of the former studies did not take into account possible correlation among parking sites, which can also affect the behavior of drivers and thus warp the prediction [10]. Some of the aforementioned approaches are yet to be adapted for APSs specifically, giving subject to future work.



Although not directly related to APSs, there are similar works regarding park-and-ride facilities made, see [16,17].




3. Materials and Methods


In this section, we will get acquainted with both parking systems being compared. Both APSs belong to the MULTITOWER family, which is one of the two main reasons why we chose specifically these APSs. The other reason is the willingness of the practitioners to provide the necessary data which is, unfortunately, quite scarce.



3.1. Automated Parking System in Slaný


This car park with an Automated Parking System that facilitates short-term and long-term parking in the centre of the town was put into service in 2013. The car park building is located on the corner of Třebízského Street and Palackého Street. The site is located near the historic centre of the town of Slaný (Czech Republic) and is within the monument zone. Architecturally, the car park is incorporated into the existing urban structure. An automated loading facility is used to load and stack passenger cars. Cars are stacked on steel pallets which allow water or snow to drip off. The stacking spaces have natural ventilation and are not heated. The technological part of the loading system consists of pallets, platforms, and one lifting device. The loading system has a total capacity of 149 spaces. The facility is divided into 7 storeys, with the first storey at ground level, used for loading and unloading cars. The first underground storey and the 2nd storey contain 35 parking berths and 2 moving platforms, while the 3rd storey has 21 parking berths and 2 moving platforms. The 4th, 5th and 6th storey each hold 20 parking berths and 2 moving platforms. The storeys are connected by a lifting device fitted with a twin-pallet system.




3.2. Automated Parking System without Platform in Brno


The City of Brno owns an Automated Parking System, which is located in Kopečná Street right in the centre of the city. The system was put into service in 2014 and holds 88 parking spaces. The automated parking facility is used to load and stack passenger cars. The technological part of the loading system consists of pallets, turntables, and a lifting device. The facility is divided into 7 storeys. The first storey is at ground level and is predominantly used for parking and retrieving cars (loading and unloading bay with turntable), contains 4 parking berths, 2 berths in Section 2 and two berths in Section 3. There are also three lifting devices on this storey, a separate lifting device for each section. The other 6 storeys are used for parking cars, with each parking storey holding 15 parking berths. The storeys in each section of the car park are connected by a separate lifting device which is fitted with a platform that handles horizontal and vertical movements when parking and retrieving pallets with cars. The lifting device is designed in such a way that facilitates the replacement of one pallet with another. This means that the car that is being parked or retrieved is placed on the upper level of the lifting device, while the lower level of the lifting device holds a free pallet that immediately replaces the freed-up space to ensure that another vehicle can be parked there.




3.3. Categorization of Possible Malfunctions


The malfunctions identified in the bearing steel and machine structures of technological parts can generally be divided into 3 basic categories according to the degree of risk to the safety of the structure, operation, or workers.



	
Posing an immediate threat to the safety and reliability of the structure, the risk of breach of the structure, parts, and joints, and local or overall loss of stability. The malfunctions in this category include significant weakening of the steel bearing sections caused by the corrosive decay of material, breached joints and connections, amateurish modifications, or removal of parts of the structure, etc., which can initiate the partial or complete breakdown of the structure. In the case of such malfunctions to steel structures, repairs must be carried out immediately in order not to endanger the safety of persons in the building and the near vicinity.



	
Structures can perform their function, but their condition does not reliably guarantee safe operation, they are usually permanently and visibly deformed from overloading, the weakening of steel bearing sections by corrosive decay of material, reduced load-bearing capacity of the structure due to material fatigue, deformation of the structure as a whole as a result of subsidence, etc. In this case, we usually recommend a static evaluation on actual operating and climate loads and carrying out repairs or reconstruction on the closest possible date for periodic repairs. In case these malfunctions are not removed, a limiting factor is created which significantly reduces further safe and reliable operation of the building under consideration.



	
The structures can safely perform their function, but it is necessary to partially or fully restore their coatings, or occasionally repair or reconstruct the structures according to recommendations.







3.4. Input Data


Analysis of malfunctions in Slaný—Input data were taken from a record of the monthly number of malfunctions at the car park in Slaný for the years 2017, 2018, and 2019.



Analysis of malfunctions in Brno—A data set of the malfunction rate of the system was provided by the practitioner, specifying the number of malfunctions in retrieving and parking and other malfunctions for the years 2017, 2018, and 2019. The system is divided into 3 sections, where the actual number of malfunctions is assigned to each section by month.





4. Methods


We will analyze data on malfunctions in Slaný and Brno as time series. First of all, let us consider the possible influence of our data on itself. In other words, how do the samples in our time series correlate with each other? This can be interpreted in practice as a repetitive type of malfunction, a malfunction that can cause other ones or seasonal influences (e.g., weather, holidays, etc.) for malfunction occurrence. One way of assessing this problem is to use an autocorrelation function (  A C F  ). This function evaluates Pearson’s correlation coefficient for time series and displaced (lagged) version itself. This lag is the variable of   A C F  . It is clear that   A C F ( 0 ) = 1   because the correlation of the same data sets is maximum possible. In general, the value   A C F ( k )   speaks of the correlation between moments in time series, concerning samples remote from each other, i.e., in our case concerning months. If   A C F ( k )   differs significantly from 0, this indicates an influence between sample t and sample   t + k  . A significant   A C F   may partly point to certain seasonal influences, as well as to the periods during which a certain trend is maintained. More formally,   A C F   is defined as


  A C F  ( k )  =  1   s 2   ( n − k )     ∑  t = 1  n    X t  −  X ¯     X  t + k   −  X ¯   ,  



(1)




where n is the number of samples,   X i   is the i-th data sample, s is the sample standard deviation,   X ¯   is the average of all values of the time series, and k is the displacement (lag). The value of   A C F   might also take into account the possible influence of the samples between   X t   and   X  t + k   ; it necessarily does not need to be a direct influence. On the other hand, the partial autocorrelation function (  P A C F  ), is handier for describing this direct influence.



Before we proceed with a direct comparison of both time series, let us look at them individually.



As we can see in Figure 1 and Figure 2, the data from Brno APS show a certain degree of correlation only for close consecutive months; see the   A C F   and   P A C F   values for lag = 1. Specifically, the   P A C F   value for the displacement of one month is 0.479, which indicates a slight to moderate level of correlation. This can be interpreted in such a way that if there were a higher number of malfunctions in Brno in the given month, this could sometimes cause higher malfunction occurrence also in the following month, and vice versa, a low level of malfunctions with some probability indicated a low level of malfunctions in the following month. In contrast to this, it appears that in Slaný there are no significant influences of the data among one another; the   A C F   and   P A C F   values are relatively negligible; on the other hand, they are generally higher for values other than lag = 1 than in the case of Brno. To evaluate the situation analytically, we use the Ljung-Box test (see [18]), which tests the hypothesis of zero autocorrelation across a time series. At significance level 0.05, this test actually rejected the zero hypothesis for lag = 1 in Brno (p-value = 0.004); autocorrelation here is therefore significantly nonzero; while in Slaný the conclusion is borderline (p-value = 0.087). For higher lag values, however, the test no longer rejected the zero hypothesis, namely for lag = 12 (due to possible seasonality), p-values came out as 0.376 and 0.511, meaning that seasonal influences can be more or less excluded. As a result, we can say that autocorrelation influences are negligible for both time series, the only exception here and there being neighboring months in the data from Brno.



Similar to   A C F  , the cross-correlation function (  C C F  ) measures the correlation for a certain value of lag, but this time between both time series. As seen in Figure 3, in our case   C C F   points to a moderate degree of correlation between data in Brno and Slaný. At the same time, it also shows a moderate degree of correlation for about half a year of the “lagged” Brno series with the series in Slaný.



We can use the Mann-Whitney test (for detail see [19]) to compare the values as a whole. This test examines whether there are significant differences between data, but does not take into account their nature as time series. At significance level 0.05, this test did not reject the zero hypothesis (p-value = 0.648); the data do not, therefore, differ significantly, respectively the number of malfunctions in Brno and Slaný were more or less the same in the reference period. On the other hand, this does not mean the same structure.



To compare the structural similarity of both data sets, we can use the Granger causality test, which evaluates whether it is possible to predict one time series using the values of another, while the zero hypothesis states that it is not. This causality does not need to be symmetric, i.e., the order of pair matters. For details about Granger causality, see [20]. In our case, we did not reject the zero hypothesis for both possible orders (p-value = 0.499 for pair B, S; p-value = 0.653 for S, B). Hence, the structure of the data does not facilitate reciprocal prediction. Thus, the time series are structurally different, meaning that while not different in the number of malfunctions, both APSs suffered from the different intensity and types of malfunctions during the monitored period. To estimate the exact form of the difference, we can take a look at the trends of both series.



Figure 4 shows that both time series have an approximately similar trend. For better comparison, we can capture the trend with moving averages, for details see [21]. Let us compare the trends of both series using moving averages with exponential weighting (more recent data have greater weight):



As Figure 5 shows, the trend is similar in both cases—decreasing—although we can see that it has more or less stagnated in Slaný from the beginning of 2019, while a downward trend can still be seen in Brno. Similarly, a more pronounced decrease can be observed from linear regression, i.e., approximation of data in form of   Y ∼ α X + β   in the sense of quadratic norm. The linear component  α  for Brno data equals −0.679, whereas in Slaný it is only −0.347, nodding towards a more significant decrease in Brno. This is, among other possible causes, due to a different dominant type of malfunctions in both APSs, see the following section.




5. Results


According to data testing, we found that the number of malfunctions is comparable in both, but that the structure of malfunctions differs and that Brno shows a more sustained decrease in the number of malfunctions. According to Table 1 and Table 2, we can see, that the number of malfunctions is comparable in both APSs and likely decreasing in Brno, despite Brno having much more workload than APS in Slaný—the cars-per-month/capacity ratio in Brno is more than twice as large as the one in Slaný. Also, according to the results of the Granger test stated in the previous section, we can see that structure and type of malfunctions in both APSs differ. Considering overall better working performance in Brno (taking larger workload into account) we can conclude that—during the monitored period—malfunctions in Brno were more frequently of the second and especially the third type (as described in Section 3.3) than in Slaný, nodding towards higher reliability and possible profit of APS in Brno.



Let us look at the malfunctions in a little more detail. The most frequent malfunctions in the MULTITOWER system in Slaný are exceeding the maximum retrieval time and exceeding the maximum parking time. The reason for the maximum retrieval time is, for example, that the platform loads the pallet from the berth empty, meaning before the carrier it does not pick the pallet at all. This might be because the pallet was in the berth, a few millimeters behind the brakes, but such that the sensor detected the presence of the pallet. The method of correcting the cause of the malfunction is to clear the malfunction and load the pallet manually. Another possible cause of the malfunction is that the platform travel frequency inverter signals a malfunction that could not be cleared, which means that the system was unable to unhook the pallet, meaning that a technician has to put the pallet back into the berth and then load it again. There are also various malfunctions in the case of exceeding the maximum parking time; for example, the system has parked the pallet into a berth where it was already physically full, but one of the pallets was not entered in the visualization. Somewhere mistakenly deleted by operating staff in the past. The method of elimination involves the pallet being returned to the demalfunction position on the platform in manual mode, the missing pallet is then written into the berth, and the system then unloads the pallet into a free berth. The second example is that the pallets were not hooked when hooking, which leads to a collision of hooks. The method of elimination is such that the pallet is set in the berth by hand until properly hooked with the pallet on the platform. There are various malfunctions in the case of exceeding the maximum retrieval and parking time, and listing all causes and methods of elimination is not the subject matter of the paper. The exact numbers of retrieval and parking malfunctions in individual months are important, dominating the total number of malfunctions in the relevant month.



Parking malfunctions in the MULTITOWER system in Brno related to sensors, when they detected swerving pallets, and dripping water. Furthermore, malfunctions in the entrance door or incorrect unloading of pallets. Examples of retrieval malfunctions include the elevator unloading an empty pallet into a berth, the elevator unloading a pallet with a car into the berth but failing to print the pallet which was in the berth from the brakes, and many other malfunctions.



The companies that operate these buildings try to eliminate malfunctions to a minimum. Work is complicated, in that certain malfunctions occur quite randomly and cannot be monitored with 100% success. Malfunctions which affect the customer are unpleasant for an APS. These are malfunctions occurring at the time of retrieval when the customer has to wait for the elimination of a random malfunction. The customer does not experience any malfunctions when parking. The APS is automatic, but like any system may report malfunctions or error messages and an operator is, therefore, present to deal with these problems in situ.




6. Discussion


The purpose of this study was to examine selected Automated Parking Systems in terms of typology and malfunction rate. It is almost impossible to eliminate malfunctions. An APS is a highly-sophisticated system and machine that sometimes fails—heat factors, sensor failure, safety features, etc. In general, if the technology is properly designed as a whole, precisely assembled and set, the occurrence of malfunctions is minimal, assuming regular inspection, setting, lubrication, etc. At the same time, the driver must be able to operate the parking system.



Optimizing APS can be understood as the number of entry and exit areas per number of parked cars, which influences the most desired requirement—time, i.e., how long before another customer can park or how long it takes for a vehicle to be retrieved. Entry and exit are generally possible from one place, according to the specific situation, thus we furnish APS with turns that facilitate entry and exit head-on, without the need for reversing. Further optimization might be software optimization; i.e., at a time of technological standstill, the control system automatically moves cars from more distant positions closer to the exit area so that the time to wait for the vehicle to arrive is minimized. It is also possible to switch priorities between parking and retrieval according to the frequency of requests.



Various innovations need to be implemented to avoid malfunctions. Innovations from conceptual solutions (for example, from circular arrangement to rectangular—saving space), the development of new segments fixing pallets in a precise location, more precise storage of telescope guidance, software modifications which facilitate service interventions via remote connectivity, camera monitoring, etc. The biggest innovative element under preparation is the replacement of the existing loading technology with new vehicle handling using autonomous, intelligent trolleys, which will make it quicker to deal with clients and at the same time eliminates the disruption of APS operation in the event of a breakdown of one of the lifts.



Of course malfunctions can not be eliminated, regardless of the optimal capacity or type of APS, at the very least because of the human factor. For instance, some customers tend to ignore the instructions, e.g., they do not place the car in the check-in area properly, they do not break the car (parking gear in automatic cars is insufficient), they do not give proper instructions, they move around the check-in area even after the parking process beings, etc. On the other hand, these problems seem to be less of an issue for example in Warsaw, where there is an APS for a residential building.




7. Conclusions


We see two different parking structures when comparing the Automated Parking Systems in Brno and Slaný. There is an APS with a capacity of 149 parking spaces in the town of Slaný and one with a capacity of 88 parking spaces in Brno. There is also a difference in the design: a multi-row MULTITOWER in Slaný and a MULTITOWER without a platform in Brno. There is also a significant difference in the average parking time of a passenger car: in Slaný a maximum of 95 s and in Brno 193 s. The test of the hypothesis focused on an analysis of malfunctions in individual systems, the objective being to determine whether there are any statistically significant differences in the monthly number of malfunctions. Based on the evaluation, we found that the data did not differ significantly, but due to the difference in capacity and the maximum time taken to park a vehicle, it can be said that the system in Brno has a higher malfunction rate than the system in Slaný. The car park in Slaný has a negotiable “check-in” area, there is no need to turn the car, the elevator takes it from the side and a platform picks it up on the relevant storey, placing the car in a berth. The situation in Brno is different to save on space; here the car drives up to the elevator head-on and is then turned using a turntable. The elevator here also works as a platform—at the same time as lifting to the relevant storey, it places cars straight into the relevant berths. This makes the system simpler and more reliable in terms of malfunction rate, but unfortunately, this system was innovative and untested and therefore the malfunction rate may seem high. Those figures have now been radically reduced, mainly due to the experience of the previous setting. Furthermore, the number of malfunctions was shown to be significantly better, considering the larger workload of APS in Brno. More systems with smaller capacity rather than less large ones seem like the right solution for effective maintenance.



In the future, we would like to gather more detailed data and use other approaches, such as least square projection and confidence bounds for prediction of expenses, malfunctions, etc. We could employ also the machine learning approach, given suitable data, improving the number of factors considered and precision of predictions.
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Figure 1. Autocorrelation graphs for number of malfunctions. 
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Figure 2. Partial autocorrelation graphs for number of malfunctions. 
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Figure 3. Cross-corelation of data in Brno and Slaný. 
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Figure 4. Depiction of the data within both time series. 
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Figure 5. Approximated trends of both time series. 
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Table 1. Some basic parameters of APS in Slaný.






Table 1. Some basic parameters of APS in Slaný.





	Parameter
	Value





	Capacity
	149



	Avg. cars per month
	887



	Max. mass of car [kg]
	3000



	Max. length of car [mm]
	5300



	Max. width of car [mm]
	2200



	Max. height of car [mm]
	1900
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Table 2. Some basic parameters of APS in Brno.






Table 2. Some basic parameters of APS in Brno.





	Parameter
	Value





	Capacity
	88



	Avg. cars per month
	1126



	Max. mass of car [kg]
	3000



	Max. length of car [mm]
	5400



	Max. width of car [mm]
	2200



	Max. height of car [mm]
	1900
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