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Queue forming behind a bus stop on an urban street is common and a traffic bottleneck usually occurs around the bus stop area. The
bus stop failure means arriving buses cannot move into the bus stop due to limited capacity but have to wait for available loading
areas. It is related with the transit operation level. Traditionally, the failure rate (FR), defined as the percentage of buses that arrives at
the bus stop to find all loading areas occupied, is adopted in bus capacity analysis. However, the concept of FR is unable to
quantitatively analyze failure characteristics in terms of its dispersion and uncertainty over time. Therefore, in this paper, we propose
a new index called failure duration rate (FDR) to evaluate the bus stop failure, which can characterize waiting time for traffic delay
calculation and capacity drop estimation. The automatic vehicle location data at eight bus stops in Wujiang District Suzhou, China,
over 56 working days, are used to analyze the temporal characteristics of FR and FDR. We next examined the failed service duration
characteristics during peak hours at the eight bus stops. Based on these characteristics analyses, we then proposed a Distribution
Fitting and Cumulative Distribution Correlation (DF-CDC) approach to explore the correlation between FDR and FR at the same
cumulative distribution function levels and validated the bus stop failure performance using the cross-validation method. The
analysis results revealed that (i) FR fluctuates more significant than FDR, (ii) FDR is a more robust index than FR in describing the

traffic characteristics incurred by bus stop failures, and (iii) FDR performs better in failure characteristics analysis than FR.

1. Introduction

A bus stop serving a large number of bus lines can expe-
rience a condition known as bus stop failure due to limited
capacity and high passenger demand, which will negatively
affect the punctuality and reliability of bus service and also
bring about delays to other traffic. The more frequently the
bus stop failure takes place, the lower the transit system level
of service (LOS) is [1]. However, irregular traffic flow
characteristics concerned with bus stop failure are difficult to
be captured and quantified because of its dispersion and
uncertainty over time [2]. Without a doubt, bus stop failure
will significantly affect traffic characteristics at bus berths
and adjacent lanes. Typically, the failure rate is proposed for
analyzing and evaluating the influence of bus stop failure at
bus berths.

Bus stop constitutes one potential bottleneck to interrupt
traffic flow, which will deteriorate the level of transit op-
erational service [3]. Transit operation parameters of buses
served at loading areas, including dwell time [4, 5], headway
[6, 7], capacity [8, 9], queue length [10, 11], and bunching
characteristics [12, 13], are analyzed for evaluating the
impact of bus stop failures. The failed service will increase
bus waiting time for passenger boarding and alighting, and
its impact can be measured by an index called failure rate
(FR), which is defined as the percentage of buses that arrive
at stops to find all berths are full [1]. Wang et al. analyzed the
correlation between failure rate and four kinds of transit
dwell and arrival characteristics and proposed a diffusion
approximation method [14]. As one of the desired level
indexes of transit operation, the FR could assess the change
of capacity and LOS of bus berths. Failure probability and
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dwell time variability can develop the function of bus queue
length, which can better reflect the effects on bus stop ca-
pacity [15]. A parameter “Z” associating with the desired
failure rate (under the assumption of standard normal
distribution fitting) is developed to account for the fluctu-
ation in bus dwell time in bus loading areas, and the design
failure rates for urban and rural areas are recommended for
estimating bus berth capacity [1]. The failure rate of curbside
bus stops can be influenced by a serial of factors (such as bus
arrival distribution type, bus arrival rate, bus berth maximal
service rate, and bus service time variation), and the nor-
malized capacity and incremental change (for multiberth
stops) in capacity at different failure rate levels are proposed
[8]. Moreover, the analysis process of failure rate is a poor
proxy and suggests choosing the average waiting delay for
evaluating the bus berth LOS is expressed comprehensively
[16].

The data associated with vehicle location are utilized for
analyzing and predicting traffic flow characteristics, which
can be effectively applied to transit operational character-
istics analysis [17-20], bus schedule optimization design
[21, 22], bus lane planning and control strategy [23-25], and
transport network flow estimation [26-28]. Several findings
of characteristics analysis for public transit LOS at bus stop
appear in the relevant literature. A data platform for
monitoring patterns of bus operation is developed, which is
primarily composed of data acquired from the ITS system in
Beijing, China. A multilevel framework for transit perfor-
mance analysis is proposed considering several transit op-
erational factors [29]. Based on automated vehicle location
(AVL) data, lots of statistical parameters about travel times
are analyzed for evaluating the performance of bus routes
with transit priority facilities, and these tests indicate spatial
and temporal characteristics are the most potent feature
[30]. A regression method (using LS-SVM) is developed for
exploring bunching patterns of buses halting at the stop area,
and the headway irregularity pattern is analyzed using
transit smart card data [31]. A probabilistic method con-
sidering the interference between buses, using the loading
areas, is established for predicting travel time of buses using
trajectory and ID card data, which can reflect buses’ dwell
time distribution pattern well [32].

Although several findings of bus stop failure analysis
using the failure rate appear in the relevant literature, the
duration time of bus stop failure is rarely mentioned. Ad-
ditionally, little research has been observed using AVL data
to analyze the characteristics of bus stop failure. In this
paper, failure duration time is utilized for evaluating bus
stop failure, and a measure called failure duration rate is
proposed for failure analysis utilizing collected transit au-
tomated vehicle location (AVL) data. The characteristics
analysis of bus stop failure using AVL data can provide
valuable information for transit operation optimization to
the public transit authority.

The remainder of this research is organized as follows. In
Section 2, a characteristic index called Failure duration rate
(FDR) is developed for bus stop failure characteristic
evaluation. Section 3 explores the failed duration charac-
teristics at different failure levels based on the AVL data
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collected from eight bus stops in Wujiang District of Suzhou
in China. In Section 4, a correlation analysis between FDR
and FR is carried out by using a “Distribution Fitting and
Cumulative Distribution Correlation (DF-CDC)” analysis
approach. Section 5 concludes the paper.

2. Characteristic Analysis Indexes

2.1. Failure Rate. A bus stop failure occurs when a bus
arrives at the loading areas but with no available berth to use.
The failure rate (FR), defined as the percentage of bus
queuing for moving into bus berths occupied by other
dwelling buses [14], could be formulated by

FR = Pr(n>b), (D

where 7 is the number of buses halted at a bus stop and b is
the number of bus berths.

In general, transit vehicles’ dock at a bus stop (including
the served and waiting buses) will obey the first-in-first-out
rule and usually disperse in an independent manner to each
other. The probability for the case without adequate berths at
a bus stop could be calculated by

Pr(n>b)=1-Pr(n=1)-Pr(n=2)—---—Pr(n=">).
(2)

When the berths at a bus stop are all occupied by buses
for passenger boarding and alighting, the number of active
buses served at the bus stop is equal to the number of berths
(n = b). And the probability of this kind of bus arrival can be
approximated by the value of Q"= divided by Q;:

Pr(n=>) = Q?:b (3)
Q.

S

where Q:’:b is the occurrence times for (n =b) during a
given observation period and Q is the total number of
arriving buses during the same time duration.

Then, we have

=1 n=2 n=b
Pr(n>b):1_%s_s_QQs_s _____ Q(SS
(4)
Q@@ Q)
= o _

To facilitate our presentation, we denote the right hand

of equation (4) by
Q-(Q+Q+ -+ Q™)
Q; '

In other words, R stands for the FR of a bus stop, which
reflects the level of failure (LOF) for bus loading areas.

Rf = (5)

2.2. Failure Duration Rate. As the berths of a bus stop are
occupied, the next arriving bus needs to queue at street lanes
and exerts negative impacts on blocking movements of other
vehicles along the same street lane. As a result, traffic delay
goes up, and travel time reliability would be reduced [1]. It is
an important and challenging task to analyze these adverse
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effects quantitatively. In general, the longer the bus stop
failure service lasts, the worse the traffic efficiency evolves
and deteriorates. It is worth pointing out that the severity of
traffic deterioration in terms of traffic delay and road ca-
pacity reduction dramatically depends on the traffic blocking
duration time.

Thus, the failure duration rate that incorporates failure
duration time is proposed for analyzing the LOF of bus
stops. The failure duration time can be measured by the
timespan (the waiting time of buses outside the stop) for all
failed bus stopping services during a given time period.
Specifically, it can be calculated by examining the arrival and
departure time of buses using the loading areas of a bus stop.
Then, the failure duration rate (FDR) can be formulated by

fra _ tra

Rfd =

= 3 6
t, t—t, 6)

where ¢ is the failure duration time (sec), £, represents the
total occupancy time of using the bus stop (sec), and ¢,, is the
duration time for a vacant bus stop (sec).

The FDR can be interpreted as the ratio of waiting and
blocking for arriving buses during a given time period. For a
specific bus stop failure, the average duration time per failure
(f¢4,) can be formulated as

tey = frd
Q- (@ Qe+ Q)

Then, the average duration rate per failure (Ryy,) is
obtained as

(7)

t
fdr
R,, =—" 8
fdr t— tv ( )

3. Characteristic Analysis

3.1. Data Collection. In this study, bus dwelling data are
based on the AVL data provided by Wujiang Transit Agency
in Suzhou, China. The AVL data span 56 consecutive
working days from October 22, 2018, to January 9, 2019. The
dataset of each day has a half-day bus dispatching time
window, from 7:00 to 19:00, and there are nine bus routes
and eight bay-type bus stops (see their geographic locations
in Figure 1). These eight test bus stops keep considerable
distances to intersections (the average distance of 200 m),
and thus the interaction between the bus bay and nearby
intersections would be negligible.

The details of the nine bus routes associated with each
bus stop are given in Table 1, and the headways of these
transit routes range from 8 to 15 minutes.

The dwelling time of buses serving these 9 routes at the 8
bus stops are extracted from the collected AVL data. Some
records are provided in Table 2. Based on the arrival and
departure time of buses boarding and alighting passengers at
the third bus stop, we can determine the bus failure char-
acteristics. For example, the bus with the ID of SU-EU9353
serving Route 710 departed from the bus stop at 16:14:28,
while the bus with the ID of SU-EU6029 serving Route 741
arrived at the same stop at 16:15:07, and the bus arriving later

needed to wait outside the stop for 13 seconds (failure
duration time) until bus no.710 left the stop.

3.2. Temporal Characteristics Analysis. The number and
duration of buses stop failure (per hour) at bus stops are
determined based on AVL data. We here use equations (5)
and (6) to calculate the hourly FR and FDR of the eight bus
stops. Figure 2 plots the hourly time-varying characteristics
of R and Ry, over 56 working days of the No. 1 bus stop
(672 hourly R data and R, data in total). It can be observed
that Ry and Ry, in the morning (7:00-9:00) and evening
peak hours (17:00-19:00) are higher than those in nonpeak
hours. Overall, the mean value of R; is more significant than
that of Rs; in most times.

We then look at the median value of the hourly R, and
Rf4. As we can see in Figure 3, there are highly similar
patterns of R, and Ry, during peak hours for all the eight
bus stops. The reason might be that there is high travel
demand in both passengers and vehicles are in at peak hours,
and thus bus stop failures occur more frequently, especially
because of a long time for passengers to board and alight.

3.3. Failure Duration Analysis. Figure 4 shows the rela-
tionship between Ry and Ry,. For each bus stop, 224 data
during the morning and evening peak hours (7:00 to 9:00
and 17:00 to 19:00) are considered.

From Figure 4, the hourly FDR shows a weak positive
correlation to the FR for all the eight bus stops. Overall, the
fitting parameters between R, and Ry, vary remarkably
among bus stops sites. For example, there are the lowest R-
square (0.31) for no.l bus Stop and the highest R-square
(0.661) for no. 4 bus stop. In addition, the statistical rela-
tionship between Ry and Ry, of 1-berth stops (no.1 through
no.6 bus stops) is weaker than that of the two 2-berth stops
(no.7 and no.8 bus stops).

As mentioned above, it is difficult to determine a well-
fitted failure duration rate function (for the 8 bus stops)
using failure rate directly due to the dispersion. Taking no.l
bus stop as an example, Ry, is increased from 13.3% to
33.0% as Ry changes from 24% to 25%. But Ry increases
from 16.7% to 43.3% as R4 increases from 24% to 25%. It
indicates the significant dispersion. To decrease the dis-
persion of failure duration rate in analysis, the failure rate of
bus stops is divided into sections with an interval length of
5%. R%* is defined as the 5% section level of failure rate at a
bus stop, which range from 5% to 10% (Ri,% € [5%,10%)).
Then, the mean, standard deviation (S.D.), and coeflicient of
variation (C.V.) of failure duration rate for these 8 bus stops
are clustered and calculated at a different level of failure rate.
The mean, $.D., and C.V. of failure duration rates at different
failure rate level of these eight test bus stops are compared in
Table 3. When the frequency of bus stop failure is less than 5
at a level, the failure duration rate is not calculated and
identified as “not available (N/A)” in our analysis. Because
the span of these 8 bus stops is different, each bus stop has
some “not available (N/A)” at a corresponding failure rate
level.
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FIGURE 1: Locations of eight bus stops for AVL data collection.
TaBLE 1: The details of test bus stops.
No. Bus stop (number of bus berths) Direction Bus routes
1 Hengda Market West (1) S—N Routes 708, 719, 732, 733
2 Hengda Market West (1) N—S Routes 708, 719, 732, 733
3 Changan Rd. and Lianyang Rd. North (1) S—N Routes 701, 710, 711, 720, 741
4 Changan Rd. and Lianyang Rd. North (1) N—S Routes 701, 710, 711, 720, 741
5 Changban Rd. and Changan Rd. East (1) E—W Routes 701, 710, 711
6 Changban Rd. and Changan Rd. East (1) W—E Routes 701, 710, 711
7 Changan Rd. and Changban Rd. North (2) S— N Routes 708, 719, 720, 732, 733, 741
8 Changan Rd. and Changban Rd. North (2) N—S Routes 708, 719, 720, 732, 733, 741
TABLE 2: Some buses arrival and departure time records extracted from AVL data.
Date/time
Route no. Bus ID Bus stop . ) )
Arrival time Departure time
701 SU-EU9526 No.3 bus stop 2018-12-18 16:10:31 2018-12-18 16:11:11
710 SU-EU9353 No.3 bus stop 2018-12-18 16:13:34 2018-12-18 16:14:28
741 SU-EU6029 No.3 bus stop 2018-12-18 16:14:15 2018-12-18 16:15:07
720 SU-EU9582 No.3 bus stop 2018-12-18 16:19:15 2018-12-18 16:20:08
701 SU-EU9379 No.3 bus stop 2018-12-18 16:20:30 2018-12-18 16:21:02
711 SU-EU9359 No.3 bus stop 2018-12-18 16:22:16 2018-12-18 16:23:19

Based on the mean, S.D., and C.V. of failure duration rates
at different failure rate level, we then analyze the failure du-
ration characteristics. Figure 5 presents the average value (for
all these eight bus stops) of mean, S.D., and C.V. for failure
duration rate at different failure rate levels. The mean and S.D.
of R, increase with the increasing failure rate level, and the
mean has a higher and faster growth rate than that of S.D. The
mean of Ry, is increased from 5.2% to 27.5% as failure rate
level increases from 5% to 40%. And the S.D. of Ry, is in-
creased from 3.1% to 5.5% as the same span of failure rate level.

However, the favorable trend does not hold for the C.V. of R ¢4,
as illustrated in Figure 5. The C.V. of R, is decreased from
59.6% to 19.9% as failure rate level changes from 5% to 40%.

Figure 6 displays the average value of the mean, S.D., and
C.V. for fajlure duration rate of six 1-berth stops and two 2-
berth stops. The average value of the mean, S.D., and C.V. for
failure duration rate of the single-berth stops is more sig-
nificant than that of the 2-berth stops.

Figure 7 displays the correlation relationships between
FDR per failure (R,,) and the FR for the eight bus stops. It
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TaBLE 3: Failure duration rate of test bus stops at different failure rate levels.

Failure rate No.l bus stop No.2 bus stop No.3 bus stop No.4 bus stop No.5 bus stop No.6 bus stop No.7 bus stop No.8 bus top

level
Mean N/A N/A N/A N/A 0.0710 0.0504 0.0382 0.0464
R§% S.D. N/A N/A N/A N/A 0.0508 0.0289 0.0225 0.0236
C.V. N/A N/A N/A N/A 0.7155 0.5732 0.5878 0.5081
Mean N/A N/A 0.0896 0.0885 0.0960 0.0807 0.0835 0.0797
R}O% S.D. N/A N/A 0.0375 0.0360 0.0431 0.0383 0.0397 0.0353
C.V. N/A N/A 0.4188 0.4070 0.4488 0.4750 0.4750 0.4430
Mean 0.1443 N/A 0.1541 0.1104 0.1155 0.1133 0.1118 0.1070
R}S% S.D. 0.0502 N/A 0.0544 0.0355 0.0480 0.0520 0.0310 0.0461
C.V. 0.3477 N/A 0.3527 0.3218 0.4159 0.4587 0.2769 0.4306
Mean 0.1735 0.1380 0.1630 0.1405 0.1338 0.1304 0.1422 0.1450
R?O% S.D. 0.0498 0.0554 0.0510 0.0378 0.0494 0.0499 0.0429 0.0510
C.V. 0.2871 0.4015 0.3129 0.2688 0.3688 0.3828 0.3015 0.3516
Mean 0.2104 0.2075 0.1904 0.1860 0.1776 0.1664 0.1718 0.1754
R§5% S.D. 0.0540 0.0661 0.0532 0.0450 0.0533 0.0576 0.0430 0.0497
C.V. 0.2566 0.3186 0.2794 0.2417 0.3002 0.3459 0.2505 0.2833
Mean 0.2231 0.2159 0.2236 0.1975 0.1698 0.1832 0.1939 0.1780
Rj}’% S.D. 0.0495 0.0558 0.0554 0.0370 0.0402 0.0610 0.0460 0.0470
C.V. 0.2217 0.2583 0.2479 0.1872 0.2368 0.3328 0.2373 0.2640
Mean 0.2215 0.2506 0.2569 0.2421 0.2641 N/A 0.2282 0.2328
R}S% S.D. 0.0478 0.0539 0.0546 0.0458 0.0608 N/A 0.0405 0.0470
C.V. 0.2160 0.2151 0.2125 0.1890 0.2304 N/A 0.1773 0.2019
Mean 0.2719 0.2828 0.2885 0.2587 N/A N/A N/A N/A
RjP% S.D. 0.0532 0.0609 0.0512 0.0543 N/A N/A N/A N/A
C.V. 0.1957 0.2154 0.1774 0.2098 N/A N/A N/A N/A
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FIGURE 5: Average mean, S.D., and C.V. of FDR for eight bus stops.
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stop. (f) No.6 bus stop. (g) No.7 bus stop. (h) No.8 bus stop.

is shown that the FR is insensitive to R (4. For the no.1 bus
stop, Figure 7(a) reveals that R, is increased from 1.5% to
5.4% and from 1.9% to 3.4% when the FR climbs up from
21% to 22% and from 34% to 35%, respectively. Thus, the
span of R4, is significant at the low level of failure rate, and
the volatility of R ¢4, becomes more and more slight with the
increasing failure rate. Besides, the diversity correlation
relationship between Ry; and Ry is influenced by the
number of berths of loading areas. Figure 7 shows that R4,
is increased from 1.2% to 3.8% and from 1.5% to 5.4%,
respectively, as the failure rate increase from 21% to 22% for
no.7 bus stop (2-berth type) and no.1 bus stop (1-berth type).
Therefore, compared with single-berth bus stops, the two 2-
berth bus stops have less R (;, at the same level of failure rate.

For the different levels of failure rate (range from 5% to
40%), the value of the mean, S.D., and C.V. for Ry, at the

bus stops are calculated and presented in Figure 8. The
average values of the mean, S.D., and C.V. for R, reveal a
significant negative correlation with the FR level. When the
FR ranges from 30% to 40%, the three statistics for R ;, are
not very sensitive to the FR level, and there are no obvious
fluctuations. For the mean value of Ry, the maximum
variation is merely 0.1% when the FR level falls into the range
of 30% to 40%. Therefore, the dispersion of Ry;, decreases
sharply with the FR level (especially when the FR is greater
than 30%), which implies that the average FDR per failed is
comparatively stable. In Figure 9, there is a similar trend of
C.V.

For the different levels of failure rate (range from 5% to
40%), the value of the mean, $.D., and C.V. for R, for six 1-
berth stops and two 2-berth stops are calculated and
depicted in Figure 9. The three statistics for R, at different
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failure rate levels for the single-berth stops is larger than that
of the 2-berth stops, which shows higher stability at the 2-
berth bus stops.

4. Correlation Analysis

As discussed in Section 3, it is found that it is not so easy to
establish a satisfactory relationship between the FDR and
FR, f (Ryy4, Ry), via linear regression models. In this section,
we propose a “Distribution Fitting and Cumulative Distri-
bution Correlation (DF-CDC)” method for an in-depth and
more reasonable analysis of the correlation between R, and
Ry.

4.1. Distribution Fitting. The distribution fitting analysis is
regarded as a useful approach to mine characteristics of
transit operational parameters from the probabilistic per-
spective [33]. A unified probability distribution is explored
that can well fit the essence of Ry and Ry, utilizing the

probability and statistical analysis methods. That is, we aim
to understand how well a candidate distribution is fitted with
predicted parameters for R and R ;. Typically, chi-squared
(x*), Kolmogorov-Smirnov (K-S), and Anderson-Darling
(A-D) tests could be used for assessing the goodness-of-fit of
our analysis results. In this paper, the K-S test statistic at a
significance level of 0.05 is adopted for the goodness-of-fit
test based on the data of 8 bus stops on peak periods per
workday (224 data per stop). 36 probability distributions
listed in Table 4 are chosen for hypothesis analysis. Table 4
shows the number of rejections for the 36 possible candi-
dates. The results reveal that the distributions of Error, Gen.
Extreme Value, Gen. Logistic, Logistic, and Normal could be
selected as the candidate distributions for the correlation
analysis between Ry, and R.

The five well-fitted candidate probability distributions
(Error distribution, Gen. Extreme Value distribution, Gen.
Logistic distribution, Logistic distribution, and Normal
distribution) are redeemed for analyzing the goodness-of-fit
of fitted FR and FDR at the bus stops. After estimating the
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TaBLE 4: Candidate distributions fitting results for bus failure characteristics.
o Number of rejections
No. Distribution
FR FDR

1 Beta 4 4
2 Burr 2 1
3 Cauchy 7 6
4 Dagum 2 0
5 Erlang 5 3
6 Error 0 0
7 Fatigue Life 3 4
8 Gamma 2 0
9 Gen. Extreme Value 0 0
10 Gen. Gamma 1 0
11 Gen. Logistic 0 0
12 Gen. Pareto 2 1
13 Gumbel max 6 2
14 Gumbel min 7 6
15 Hypersecant 2 2
16 Inv. Gaussian 4 3
17 Johnson SB 2 0
18 Johnson SU 6 8
19 Kumaraswamy 4 4
20 Laplace 7 6
21 Logistic 0 0
22 Log-Logistic 3 1
23 Lognormal 3 4
24 Log-Pearson 3 5 6
25 Nakagami 1 0
26 Normal 0 0
27 Pearson 5 5 6
28 Pearson 6 2 1
29 Pert 4 2
30 Phased Biexponential 8 6
31 Phased Bi-Weibull 3 1
32 Rayleigh 4 5
33 Rice 2 1
34 Triangular 4 4
35 Uniform 4 2
36 Weibull 2 1

Note. 5 distributions highlighted in grey shading are selected as the well-fitted candidate distribution of Ry and Ry,.

parameters of these distributions (using the Probability
density function for distributions shown in Table 5), K-S test
results (P value) for the five candidate probability distri-
butions are plotted in Figure 10. It can be seen that the
goodness-of-fit measured by P values for FDR fitted dis-
tribution is much better than that for the FR.

In Table 5, the means of P value for R ¢ and R fa at the
eight bus stops for the five candidate distributions are also
given. Gen. Extreme Value distribution is the best one in
terms of P value (with 0.68224 of FR and 0.87865 of FDR) in
distribution fitting for the Ry and Ry,.

4.2. Cumulative Distribution Correlation. The probability
density function of Gen. Extreme Value distribution is
utilized for fitting the hourly FR and FDR distributions for
the eight bus stops. The results are provided in Table 6.
Based on the calculated parameters of the fitted Gen.
Extreme Value distribution in Table 6, the cumulative

distribution function (CDF) curve of R £ and R, for these
test bus stops can be determined. From the fitted CDF
curve, the fitted value at a different level of CDF can be
recorded. The fitted value at a different level of CDF can be
recorded using the fitted CDF curve, and the actual value
can be determined by analyzing the ranking level based on
the sorted 224 data collected at each test bus stop. For
analyzing the accuracy of the fitted CDF value, the relative
error between the actual and fitted value of Ry and Ry, for
test bus stops at a different level of CDF is examined.
Furthermore, 17 critical levels of CDF, ranging from 10% to
90% (with 5% of interval length), are selected for verifying.
The relative error between the actual and fitted value of R,
and R, for the critical CDF level at the 8 test bus stops are
presented in Tables 7 and 8.

Expect for a tiny minority of critical CDF level, relative
errors between the actual and fitted value of Ry and Ry, are
always less than 10% at these test bus stops, as shown in
Tables 7 and 8. Therefore, Gen. Extreme Value distribution
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TaBLE 5: Average P value of FR and FDR at test bus stops for well-fitted candidate distributions.

Average P value

Distribution Probability density function (PDF) and sample space
FR FDR
_ 1 k. 7z _ — (v
Error f(xlo,k &) =cioexp(=lcyzl®)cy = (T (3/k)/T (1/k))"* ¢ = kc/2T (1/k) z = (x = &)/oo >0, 051376 0.74114
E<x< +00
_ ~ 1k (k+1/-K)
\G,zﬁieEXtreme fxlo.k &) = { Zgi_;l_*e)’:;)( _Z))(/la“ kz) Vo, ii% 050, E<x< +00 0.68224 0.87865
—-1-1/k —1/k\2
Gen. Logisti gy = | (ke o+ (1+ka) 0, k0, (o o 0.47726 0.65518
en. Logistic f(xl|o,k§) {exp(—z)/a(1+exp(—z))2, k=0,0> E<x< +00
Logistic f(x10,8) = exp(~2z)/o(1 +exp (- 2))*0>0, E<x< +00 0.25996 0.40434
Normal f(x]0,8) = exp(=(1/2) (x - El0)*) /o2 >0, E<x < +00 0.47032 0.68553
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FiGure 10: Well-fitted candidate distributions P value comparison for bus failed characteristics. (a) Failure rate (%). (b) Failure duration
rate (%).

TaBLE 6: Parameters of fitted FR and FDR at test bus stops.

Fitted FR parameters Fitted FDR parameters

Bus stop " k £ " K £

No.1 bus stop -0.3034 0.08116 0.28627 -0.30432 0.06281 0.19447
No.2 bus stop -0.42799 0.08592 0.35594 -0.31185 0.07768 0.22823
No.3 bus stop -0.14816 0.08291 0.20818 -0.21402 0.07047 0.15087
No.4 bus stop -0.28909 0.10029 0.26163 —0.25443 0.07185 0.16056
No.5 bus stop -0.24515 0.09676 0.15746 -0.18459 0.06912 0.10188
No.6 bus stop -0.22178 0.07511 0.11501 -0.11238 0.05439 0.06722
No.7 bus stop -0.20209 0.08564 0.17765 -0.1715 0.06254 0.1101
No.8 bus stop -0.21955 0.08123 0.15239 -0.13328 0.06037 0.09181

performs well in fitting CDF value for R, and R, at these
test bus stops, and the accuracy and reliability for the fitted
value are convincing.

For the distribution pattern of R ; and R 4 at test bus stops,
Gen. Extreme Value distribution can be well fitted. Moreover,
they also have a positive correlation relationship (as shown in
Figure 4). Therefore, it can be considered that the fitted value
ofR; and Ry, at the same CDF level perform equivalently in

failure characteristics analysis. Figure 11 presents the fitted
curves and critical level values of R, and R ¢, which are fitted
and utilized Gen. Extreme Value distribution for no.1 bus stop.
In Figure 11, the “star (with pink color)” and “triangle (with red
color)” display the fitted values of R, and Ry, at these 17
critical CDF levels, and the “star” and “triangle” connected by a
dotted line is defined as an equal correlation pair of Ry and R ¢4
for the corresponding critical CDF level.
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TaBLE 7: Relative error between actual and fitted FR for test bus stops at different CDF levels.

11

Level of CDF No.l bus stop No.2 bus stop No.3 bus stop No.4 bus stop No.5 bus stop No.6 bus stop No.7 bus stop No.8 bus stop

plo% 0.72 0.22 4.05 3.62 8.67 10.43 0.15 32.67
plo% 3.01 2.43 1.91 3.18 26.52 1.33 7.19 1.37
p20% 1.97 0.08 3.13 1.02 2.24 15.97 7.90 0.48
p2% 0.95 1.37 0.76 2.27 5.87 10.43 0.84 0.09
p30% 1.85 1.80 0.33 3.93 5.63 426 3.13 410
p3% 0.55 1.26 2.02 0.46 0.28 5.36 1.70 3.53
pio% 0.55 0.09 0.07 0.39 0.50 2.79 1.30 0.97
pis% 2.32 0.17 0.33 0.83 1.23 1.38 1.76 2.13
p0% 0.09 0.43 1.22 1.66 2.07 0.99 1.25 0.45
p3s% 118 1.10 0.30 0.25 2.11 1.01 1.23 4.05
poo 0.68 1.52 0.75 3.14 2.18 2.87 0.29 1.56
po% 0.12 0.42 0.74 2.39 1.79 3.62 3.20 3.32
pro% 0.52 1.06 2.66 1.71 1.76 3.77 2.94 2.30
p75% 0.03 0.25 0.83 0.03 2.00 1.61 2.09 1.19
pio% 1.85 0.57 0.47 0.35 0.40 1.21 1.92 2.48
pss% 0.09 0.63 3.55 2.68 1.77 2.30 0.06 2.79
po% 0.47 0.38 0.55 3.63 3.94 419 0.25 1.69
Note: P1%% represents the 10% CDF level (the 10™ percentile of the fitted FR), ranking in ascending order ranging from 0 to 1.

TaBLE 8: Relative error between actual and fitted FDR for test bus stops at different CDF levels.
Level of CDF No.l bus No.2 bus No.3 bus No.4 bus No.5 bus No.6 bus No.7 bus No.8 bus

stop (%) stop (%) stop (%) stop (%) stop (%) stop (%) stop (%) stop (%)
PplO% 1.60 0.46 5.16 1.94 12.48 34.54 4.82 0.89
plo% 0.68 0.88 0.32 2.49 4.14 11.60 3.99 5.04
p2o% 0.83 2.61 2.38 1.82 7.78 0.14 0.64 8.65
p25% 1.84 2.32 3.42 2.79 7.60 0.85 0.64 3.29
p0% 2.31 1.04 0.36 1.29 9.65 3.32 0.08 1.98
p3% 0.90 0.09 112 111 3.08 117 2.03 143
pio% 0.34 1.09 0.17 0.29 0.40 1.06 1.84 3.81
pi% 0.77 0.23 0.76 0.27 2.88 3.61 1.02 5.75
p0% 0.48 0.62 0.42 2.56 419 2.81 1.47 2.73
p35% 0.48 1.36 0.76 1.97 4.28 2.28 0.36 1.36
Poo% 1.32 0.29 1.06 1.08 2.90 1.33 1.05 0.21
po% 0.96 0.69 0.48 1.90 0.52 2.10 1.59 1.61
po% 0.44 1.32 0.17 2.14 1.11 0.47 1.76 0.04
pro% 0.32 0.85 1.21 2.65 0.16 0.11 1.78 0.45
p8o% 0.02 0.27 2.47 0.51 3.55 0.04 0.15 3.59
pso% 0.05 0.75 3.98 2.37 7.96 3.19 1.56 0.56
po% 1.51 0.42 0.31 3.62 4.07 0.65 1.93 1.04

Figure 12 reveals the relationship for the 136 equal
correlation pair of R; and Ry, including the pairs for 17
critical CDF levels at 8 test bus stops. A quite strong linear
regression expression (with 0.98 of R-square) for the fitted
couples of R, and R, can be observed, which can reflect the
significant correlation relationship between fitted R, and

Rfd'

4.3.  Correlation Performance Evaluation. The cross-
validation method [34] for R fd prediction based on AVL
data is adopted for analyzing the correlation between R,
and R . A four-step procedure for predicting R, at a certain
cumulative distribution ranking level is illustrated as below.
Firstly, the observed R; and R in peak hours of 56
workdays at 75% bus stops of the total 8 test bus stops are

selected randomly as the modeling datasets, and the data of
the rest two bus stops are defined as predicted datasets.
Secondly, the probability density distribution of Ry, and R,
(for the selected six bus stops in modeling datasets) are fitted
using Gen. Extreme value distribution, and the fitted R,
and R; are recorded based on their probability density
functions at critical cumulative distribution levels, respec-
tively. Thirdly, linear regression expression is developed
based on these fitted R(; and R, for the six bus stops (in
modeling dataset) at critical cumulative distribution levels.
Finally, the observed R (for two bus stops in prediction
dataset) at corresponding critical cumulative distribution
levels are determined, and the predicted R;; can be cal-
culated using the linear regression model (as formulated in
Step 3). The prediction accuracy and reliability of R ¢; can be
determined by comparing the actual and predicted value.
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It is obvious that there are 28 different combinations of
modeling and prediction datasets, as the rules described in
Step 2. There are seven estimated values of R, for different
cumulative distribution levels at each bus stop, calculated
from these 28 different division plans. Based on cross-
validation, the predicted value and relative error of Ry, for
different cumulative distribution levels at 8 test bus stops are
calculated, and the results are shown in Figure 13.

In Figure 13, the mean value of predicted relative errors
for seven times R; prediction at different cumulative

distribution levels is represented by a solid blue line.
According to the results, these test bus stops have more
accurate predicted values (the relative error is less than 15%)
at most cumulative distribution levels, expect for low cu-
mulative distribution levels (less than 15%). The prediction
results of R, for different cumulative distribution levels at
no.l bus stop perform well (the relative error is not more
than 5%) in general. Also, for most of the bus stops (no.2,
no.4, no.5, n0.6, no.7, and no.8 bus stop), the relative error of
predicted Ry, is diminished gradually, as the cumulative
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distribution sort decreases. No. 3 and no. 4 bus stops serve
five bus routes, more than other bus stops. In general, the
more bus routes are served at a bus stop, the more com-
plicated buses arrival patterns are. Therefore, the average
predicted relative error values of no. 3 and no. 4 bus stops
will be larger than other bus stops.

To make an easy comparison, the average relative error of
Ry, for 1-berth bus stops and 2-berth bus stops are plotted in
Figure 14. It can be observed that, for both types of stops, the
average relative error shows a decreasing trend. In addition, the
volatility is insensitive when the cumulative distribution level is
higher than 30%, and the average relative error is less than 8%
in general. According to the results, the proposed “Distribution
Fitting and Cumulative Distribution Correlation (DF-CDC)”
can develop a significant correlation relationship between the
failure rate and failure duration rate.

5. Conclusion

In order to analyze the characteristics of bus stop failure, we
propose a new measurement called FDR and make a com-
parison to the traditional index of the FR. Compared with the
FR, the proposed FDR is capable to quantitatively assess the
impact of bus stop failure on traffic efficiency. Based on the
collected AVL data associated with the eight bus stops in
Woujiang District of Suzhou, we make an in-depth analysis of
the characteristics and correlation of the FR and FDR. Some
insightful findings are summarized as follows:

(i) It can be observed that the values of FR and FDR in
morning and evening peak hours are greater than
those during off-peak hours. The value of the FR is
usually larger than that of the FDR across all the
eight bus stops.

(ii) It is found that there is a positive correlation be-
tween the FR and the FDR. However, the R-square
values of the linear regressions fluctuate dramati-
cally among different bus stops. The results also
indicate that the FDR is more robust than the FR in
describing transit system status and traffic
characteristics.

(iii) We find that Gen. Extreme Value distribution could
be well used for the fittings of both the FR and FDR
and the proposed “Distribution Fitting and Cu-
mulative Distribution Correlation (DF-CDC)”
method works well in determining the fitted values
of the FR and FDR at the critical CDF level that
reflects a significant correlation between the FR and
FDR.

Future works could be extended in two aspects. First,
more AVL and other source data in other cities could be
collected and used for analyzing the failure characteristics of
bus stops. Second, based on the data-driven analysis of bus
stop failure characteristics, we could make some scenario
analysis to find out the most important factors, such as the
number of bus stop berths and the number of lanes or the
passenger demand.
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