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Abstract: By analyzing the bus operation environment and
accounting for prediction uncertainties, a bus arrival inter-
val prediction model was developed utilizing a gated recur-
rent unit (GRU) neural network. To reduce the impact of ir-
relevant data and boost prediction accuracy, an attention
mechanism was integrated into the point model to concen-
trate on important input sequence information. Based on the
the
(LUBE) method was used, providing a range for the bus in-

point predictions, lower upper bound estimation
terval times predicted by the model. The model was vali-
dated using data from 169 bus routes in Nanchang, Jiangxi
The results indicated that the attention-GRU
model outperformed neural network,

Province.
long short-term
memory and GRU models. Compared with the Bootstrap
method, the LUBE method has a narrower average interval
width. The coverage width-based criterion (CWC) was re-
duced by 8. 1%, 2.2%, and 5. 7% at confidence levels of
85%, 90%, and 95%, respectively, during the off-peak pe-
riod, and by 23. 2%, 26. 9%, and 27. 3% at confidence lev-
els of 85%, 90%, and 95%, respectively, during the peak
period. Therefore, it can accurately describe the fluctuation
range in bus arrival times with higher accuracy and stability.
Key words: public transportation; gated recurrent unit net-
work; attention mechanism; lower upper bound estimation
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Trafﬁc congestion in China is becoming increasingly
prominent, necessitating the urgent development of
robust public transportation systems to alleviate urban
traffic pressure. Against this backdrop, the need for ac-
curate and real-time bus travel time predictions is criti-
cal, as it plays a crucial key to achieving intelligent pub-
lic transportation information services. Accurately pre-
dicting bus travel times is a hotspot and a challenge in ad-
dressing urban traffic congestion.
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Currently, bus arrival time prediction mainly revolves
around point prediction and employs four main prediction
methods: spatiotemporal variation patterns, data fusion,
machine learning, and hybrid models.

The spatiotemporal variation pattern method uses his-
torical data to predict bus travel times by considering fac-
tors such as GPS-sensed spatial correlations' " , the inher-
ent nonlinearity and randomness of arrival times'?', and
signal intersections along routes'*.

The data fusion method improves prediction accuracy
and stability by integrating information from multiple
This includes data from various bus routes®’ s
IC cards”®’, GPS AVL systems'®’, and automatic vehicle
positioning data, maximizing relevant information ex-
traction and reducing prediction errors.

Machine learning methods, such as gradient-boosting
decision trees'”!, support vector machines'*, Kalman fil-
tering'”’, and neural networks''*’, offer strong adaptabil-
ity and generalization capabilities. However, they re-
quire large datasets and high computational resources.
For instance, Xu et al. """ employed an LSTM model
with an attention mechanism, while Ashwini et al. >’
demonstrated that nonlinear models outperform linear
ones in effectiveness.

Hybrid models combine different approaches to en-
hance prediction accuracy, albeit with increased com-
plexity and computational requirements. For instance,
Wang et al. ''*/ proposed a spatiotemporal graph convolu-
tional network model (GCN) enhanced by attributes and
attention mechanisms. Liu''*' combined GRU and a Kal-
man filtering model, achieving higher prediction effi-
ciency compared to LSTM.

Previous research on bus arrival time prediction has
mainly focused on comparing model accuracy, often dis-
regarding predictive uncertainty. Typically, models use
factors affecting bus arrival times as inputs and outputs to
generate a single-point estimate. However, this ap-
proach can overlook uncertainties in bus operations, lead-
ing to unreliable predictions in certain scenarios and re-
duced model performance.

In the field of travel time prediction, researchers tack-
led the uncertainty of prediction outcomes by evaluating
their variability. Pattanamekar et al. ''*’
to estimate the mean and variance of travel time for a

sources.

created a model
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single route. Mazloumi et al. "'® used neural networks to
construct prediction intervals, assessing the contribution
of each error source. Zhao et al. """ developed a Bayes-
ian encoder-decoder deep neural network (BEDDNN) to
estimate bus travel time uncertainty. Shen et al. ''*) ad-
dressed issues pertaining to insufficient accuracy of point
predictions by using the DeepAR model to carry out
transfer passenger flow interval prediction. Similar ap-
proaches to uncertainty measurement are found in fields
like photovoltaic forecasting '’ , wind power predic-
tion**’, and wind speed prediction>'.

In practice, the arrival time of buses at stops is influ-
enced by numerous factors, including uncertainties in
bus operations and model predictions. Traditional mod-
els primarily consider operational uncertainties, often
overlooking those in prediction models. To address this,
our study proposes a bus arrival interval prediction model
based on gated recurrent unit neural networks with an at-
tention mechanism to address the complexities of the op-
erational environment. Unlike traditional single-point
predictions, this research employs the lower upper bound
estimation (LUBE) method, aiming to comprehensively
consider uncertainties in prediction results. This model
not only ensures accurate forecasts of bus arrival times
but also provides a reliable range for potential arrival
time fluctuations.

1 Model Introduction

1.1 Gated recurrent unit neural network

GRUs are a type of gating mechanism used in recur-
rent neural networks (RNNs). As seen in Fig. 1, they
are structurally similar to long short-term memory net-
works (LSTMs) , sharing features like the forget gate.
Compared to LSTMs, GRUs are generally easier to
train, offering comparable results with improved training
efficiency. The computational formulas for the GRU
model are as follows:

z,=0c(W[h,_, x]) (1)
r=cW/[h,_, x,]) (2)
h, = tanh(W,[rOh, |, x,]) (3)
h,=(1-z)Oh, ,+z,0h, (4)

where z, is the output vector at time step ¢ of the update
gate, and W_ denotes its weight parameters; h,_, repre-
sents the hidden state of the previous moment; x, is the
input vector at time step ¢; o indicates the sigmoid activa-
tion function; r, is the output vector at time step ¢ of the
reset gate, and W, denotes its weight parameters; h, is
the hidden vector at time step ¢, and W, denotes its
weight parameters; A, signifies the memorized state vec-
tor.

e ——————————— e

Reset gate //

Fig.1 GRU unit structure diagram

The update z, gate is used to determine how much in-
formation from the previous time step is incorporated
into the current state. A higher value of the update gate
indicates that more information from the previous time
step is retained.

The reset gate r, is responsible for managing how much
historical information from the previous state is factored
into the current candidate set. A lower value of the reset
gate implies that less of this historical data is incorpo-
rated.

1.2 Attention mechanism

The attention mechanism in neural networks simulates
human attention by prioritizing important information
within input sequences. By assigning different weights to
input sequences, it enables the neural network to focus
on important information while ignoring less relevant
data, thereby enhancing model performance. This
mechanism allows the model to concentrate on specific
positions or features within any given input sequence
rather than treating all positions or features equally. This
allows the model to focus more on crucial information in
the input sequence and reduce interference from redun-
dant information. The structure diagram of the attention
mechanism is illustrated in Fig.2. x,(re[1,n]) repres-
ents the input to the GRU network; h,(t e [1,n]) de-

Input ( Hidden A&:Zingtli;:n
1
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Fig.2 Attention mechanism structure diagram
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notes the output of each input through the hidden layer of
the GRU; w, (te[1,n]) indicates the attention weights
assigned by the attention mechanism to the GRU hidden
layer output; C indicates the weighted sum of output
weights; and Y represents the output value of the GRU
with attention mechanism.

1.3 Lower upper bound estimation

LUBE'* is a neural network-based method for di-
rectly calculating prediction interval bounds, as illus-
trated in Fig. 3. This model comprises a three-layer neu-
ral network, with the output layer featuring nodes dedi-
cated to the upper and lower bounds. These two outputs
form the prediction interval (7) for a given time series.
The model takes the previous point in the time series as
input and outputs upper and lower bound values through
the neural network. The objective is to ensure that, at a
confidence level of (1 — @)%, all future predictions fall
within this interval.

Input Hidden
layer layer

Fig.3 LUBE model structure

The optimization process involves defining the initial
prediction interval, which is refined using initial model
predictions and uncertainty estimates. It utilizes histori-
cal data and model predictions to compute a series of
probability values corresponding to prediction intervals.
The intervals are then sorted, with the highest probability
interval selected as the final prediction output. The upper
and lower bounds of this selected interval are then used
to determine the prediction’s upper and lower bounds.

LUBE demonstrates several advantages; namely, it
can comprehensively consider different sources of uncer-
tainty, resulting in more accurate and reliable prediction
results. Its ease of implementation and high computa-
tional efficiency make it a versatile tool across various
fields.

1.4 Attention-GRU-LUBE bus arrival interval pre-
diction model

The attention-GRU-LUBE is an advanced deep-learn-
ing approach for time-series forecasting, specifically de-
signed to predict bus arrival time intervals. It combines a
GRU model with the LUBE method while incorporating
an attention mechanism to prioritize significant informa-
tion. The steps of the attention-GRU-LUBE model for
bus arrival time interval prediction are as follows:

(1) Data preparation. Collect historical bus arrival
time data and other relevant features such as traffic and
weather conditions. Clean and standardize this data to en-
sure it meets the model requirements.

(2) Data splitting. Divide the dataset into training and
test sets. Enhance the model’ s ability to generalize by
performing necessary feature engineering, including fea-
ture extraction and selection.

(3) Model construction. Use the GRU model as the
base model and build a deep-learning model. Integrate
the attention mechanism into the GRU model to better fo-
cus on essential information in historical data, thereby
improving prediction accuracy.

(4) Integration of LUBE. Combine the LUBE method
with the attention-GRU model. This step involves pro-
cessing the features of each time step through the LUBE
method to generate upper and lower limits for each fea-
ture interval.

(5) Model training. Train the model using the training
set to optimize model parameters through the backpropa-
gation algorithm. During training, evaluate the model
performance and adjust hyperparameters using a valida-
tion set.

(6) Model evaluation. Assess the model performance
on the test set using appropriate evaluation metrics to de-
termine prediction accuracy. Use these results to
fine-tune and optimize the model.

2 Analysis of Factors Influencing Bus Opera-
tion and Data Preprocessing

2.1 Factors analysis

Various factors may influence bus operations during
transit, including traffic conditions, operational data,
weather, and vehicle malfunctions, all of which can alter
bus arrival times.

(1) Traffic flow factors. Buses are affected by traffic
flow, encompassing road congestion and intersection de-
lays. Congested road segments can slow down buses, and
the design and timing of traffic signals at intersections can
lead to further delays, affecting overall arrival times.

(2) Vehicle factors. The status and characteristics of
buses directly influence their operational effectiveness.
Factors such as the technical state, age, and regular
maintenance schedules of the buses can impact opera-
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tions. Different types of buses (large, medium, and
small) also exhibit varying levels of adaptability to traf-
fic conditions.

(3) Passenger factors. Passenger behavior and de-
mands also influence bus operations. The number of pas-
sengers boarding and alighting at stops, along with their
frequency, can extend the time buses spend at each stop.
Additionally, variations in passenger flow at different
times of the day or during various seasons impact bus op-
eration adaptability.

(4) Weather factors. Weather conditions are another
significant influence, especially when adverse. Inclem-
ent weather, such as heavy rain or snow, can deteriorate
road conditions, causing buses to slow down or experi-
ence delays. Factors like temperature and wind speed
can also affect bus performance.

2.2 Data preprocessing

In practical applications, raw GPS data of public buses
often require preprocessing to accurately reflect their op-
erational status owing to factors like measurement errors

and noise interference. The essential preprocessing steps
are the following.

(1) Data cleaning. Ensuring data quality and accuracy
involves removing and replacing abnormal, redundant,
and duplicate data entries. For missing data, this study
employs linear interpolation.

f—<ff> (5)
b, - b, ~
bk—bu+7fv_fu (fi = f.) (6)

where g, and b, denote the latitude and longitude coordi-
nates of the points to be interpolated, respectively; f, is
the timestamp of the point to be interpolated; a,, b, and
a,, b, represent the latitude and longitude coordinates of
two adjacent points, while f, and f, indicate the time-
stamps of two adjacent points, respectively.

(2) Displacement calculation. The haversine ( * ) for-
mula is used to calculate the distance between two geo-
graphical points using their latitude and longitude. The
distance between two latitude and longitude coordinates is

d= 2rarcsin/haversin(¢n+1 -9,)

where r is the radius of the Earth; ¢, and A, are the lati-
tude and longitude d of the GPS point n, respectively.

(3) Feature extraction. This step involves identifying
and extracting representative, distinguishable and stable
features from the original data, which is important for
machine learning and data analysis. In this study, data is
divided into morning and evening peak periods. Owing
to the consistent nature of bus operations within a period,
factors such as people, vehicles and roads are no longer
analyzed separately in the quantitative analysis of the
characteristics of influencing factors. The focus is solely
on meteorological factors. Features like hourly rainfall,
temperature, and humidity are extracted to form the fea-
ture set'>!. Meteorological factors can be sourced from
the China Meteorological Data website' 2.

(4) Data normalization. To streamline subsequent
data processing and analysis, the feature set is trans-
formed or normalized to a consistent standard or range us-
ing min-max normalization. This method scales data to a
specified range, typically between 0 and 1, using a lin-
ear transformation. The formula is as follows:

X'= 2 Sm (8)

Xmax = Xonin
where X' is the standardized data; X represents the origi-
nal data; X

min ?

X, denote the minimum and maximum
values in the data, respectively.

3 Case Analysis

3.1 Experimental data and model inputs

In this study, we selected Bus Route 169 in Nanchang

+ cos g, cos g, , haversin (A

w1 = AL) (7)

City, Jiangxi Province, which traverses suburban areas
including Xinjian District, Honggutan District, and Xihu
District.
ters, residential areas, and the train station. The re-
search data includes the actual operations of Bus Route
169 on October 20, 2021, capturing essential metrics
such as route identifiers, license plate numbers, vehicle
coordinates, speed, and timestamps.

Fig. 4 shows the total travel time for different shifts of
Bus Route 169 throughout the day. The figure reveals
distinct morning and evening peaks. To analyze these
variations, we categorized data into peak (6:30 to 8:00
and 16:30 to 18:00) and off-peak periods. A space-time
diagram (Fig. 5) further highlights these fluctuations in
bus operations, showing obvious differences between
peak hours and consistency with similar operating condi-
tions.

To enhance the generalization ability of our model and
simplify its design, we selected hourly rainfall, tempera-

This route accesses schools, commercial cen-
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Fig. 4 Total travel time of Bus Route 169
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Fig. 5 Space-time map of different bus operation

ture, and humidity as the main factors influencing bus ar-
rival times. The dataset was divided into peak and
off-peak periods to account for temporal influences. To
improve training efficiency and mitigate the impact of dif-
ferent scales of input variables on the model, we normal-
ized each data subset. We then selected 20% of this nor-
malized data as a testing set, using the remainder for
training. The model inputs included bus arrival times and
features such as hourly rainfall, temperature, and humid-
ity, while outputs projected arrival times.

The LUBE method provides a measure of model uncer-
tainty by generating prediction intervals (upper and
lower bounds). The model is optimized using prediction
interval coverage probability (PICP) and prediction inter-
val normalized average width (PINAW) indicators,
where PICP measures the coverage of the forecast inter-
val, and PINAW measures the width of the forecast inter-
val. The optimization goal of the model is to minimize
the interval width and maintain high coverage. Using the
LUBE approach, coverage width-based criteria (CWC)
metrics are employed to fine-tune this balance. This is
done by adjusting punishment parameters n and w (w is
consistent with the confidence level), while coefficient y
is used to dynamically adjust the trade-off between PICP
and PINAW.

3.2 Evaluation metrics

3.2.1 Point prediction evaluation metrics
Quantitative indicators such as the root mean square er-

ror (RMSE) , the mean absolute error (MAE) and the

coefficient of determination (R*) were used to assess the

effectiveness of the model point predictions. RMSE,
MAE, and R? can be calculated as follows:
—
I <& A2
RMSE = /Z;(-‘f ) (9)
MAE:i\(y.—ﬁ)z\ (10)
m 1 e
N 2
z( yi }1)
RP=1-- (11)

where y,,¥,, and ¥, denote the actual, predicted, and av-
erage values of bus arrival station i, respectively; m rep-
resents the number of predicted data.

3.2.2 Interval prediction evaluation metrics
PICP'*/ is calculated as follows :

1 m
Pop=—>c
Icp m;
1 yelL,U,] (12)
¢, =
0 yig[Li’ Ui]

where c, represents the actual target; L, and U, denote the
lower and upper bounds of the prediction results for the
interval of station 7, respectively.

PINAW'*/ is calculated as follows:

1 m
PINAW:T&[Z(Ui_LI) (13)
where R, is the range of target values.
CWC!®is calculated as follows:
Cyc = PINAW(1 + '}’ein(P'cpw)) (14)
0 P>

y = icp = M (15)

I P <p

3.3 Analysis of bus arrival time prediction results

To validate the predictive performance of the model
proposed in this study, we established control models us-
ing RNN, GRU, and LSTM networks. We compared
the point prediction results of these models during peak
and off-peak periods, illustrated in Fig. 6, against actual
values. The point prediction evaluation metrics for each
model are presented in Table 1. For a clearer compari-
son, Figs. 7 and 8 graphically represent these metrics, in-
cluding RMSE, MAE, and R*, during peak and off-peak
periods.

= RMSE(off-peak )
~ CIRMSE(peak) .
0 = MAE (off-peak) 250
60 | [7] = MAE(peak) a
| Training t@me(off—peak) 1200
w 50 + Training time( peak) "
: :
< )
S 40 1 ; 1150 2
i ‘ 1 . =
g 30r | | £
| ' 5
20§ | 1100 &
| |
| ‘
or 450
o | |

RNN ‘ LSTM GRU Attention-GRU
Fig. 6 Comparison between RMSE and MAE results for each
model during peak and off-peak periods

The results indicate that while GRU and LSTM models
perform similarly, GRU outperforms LSTM in terms of
training efficiency. Therefore, GRU neural network can
enhance the model efficiency. Particularly, the GRU
model integrated with the attention mechanism demon-
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Table 1 Point prediction evaluation metrics results

Off-peak period Peak period
Method
RMSE/s MAE/s R’ Training time/s RMSE/s MAE/s R’ Training time/s
RNN 37.18 24.60 0.76 195.44 63.81 38.42 0.76 75.28
LSTM 30.76 19.99 0.84 132.12 46.17 28.60 0.86 58.86
GRU 30.27 19.58 0.85 104.76 40.83 27.23 0.88 48.18
Attention-GRU 23.15 15.61 0.91 221.32 30.92 19.35 0.93 128.78
10 highlights the attention-GRU model as providing the best
predictive performance and stability compared to other
ool % models.
3.4 Results and comparative analysis of bus arrival
= = = interval prediction
08T Owing to various influences such as people, vehicles,
T roads, and environmental factors, predicting bus arrival
07 ) ) ) . times is often challenging. This study emphasizes the sig-
RNN LSTM GRU Attention-GRU nificance of interval prediction for bus arrivals, using the
. (a) LUBE method to determine the interval distribution pre-
dicted by the attention-GRU model. The discussion fo-
? cuses on the distribution of bus arrival time intervals at
0.9 F — confidence levels of 80%, 90%, and 95%, comparing it
T with the Bootstrap method. The interval prediction re-
& 08l sults during peak and off-peak periods derived from the
LUBE method are shown in Figs. 9 and 10. The black
dots represent the actual values, while colored lines
07T show the upper and lower bounds at different confidence

LSTM GRU Attention-GRU
(b)

Fig. 7 Boxplot of R for each model during peak and off-peak

RNN

periods. (a) Off-peak period; (b) Peak period

450 —— Actual value
+ Attention-GRU
350 - GRU
= ~RNN
S50+ &
50
0 5 10 15 20 25 30 35
Station number
(a)
700 —— Actual value
— Attention-GRU
500 + GRU
b - LSTM
g —~RNN
= 300 . 4\/
T NG AN
0 5 10 15 20 25 30 35

Station number

(b)
Fig. 8 Comparison between the predicted arrival times to dif-
ferent bus stops and the true values for each model during peak
and off-peak periods. (a) Off-peak period; (b) Peak period

strates the lower RMSE and MAE values and the highest
R? scores, both during peak and off-peak periods. This

levels. As confidence intervals widen, the upper and
lower bounds expand accordingly.

500 95%
400 90%

- Actual value

é 300 "=85%
& 200
100
0 4 8 12 16 20 24 28 32
Station number
(a)
1000 95% - Actual value
800 90%
é 600 | = 8%
=400
200
0 4 8 12 16 20 24 28 32

Station number

(b)
Fig. 9 Predictions at different stations with varying confidence
intervals using the LUBE method during peak and off-peak peri-
ods. (a) Off-peak period; (b) Peak period

Table 2 presents the interval prediction results and
evaluation indicators for both the LUBE method and
Bootstrap methods, with CL representing confidence
levels. Fig. 11 visualizes these outcomes, demonstrat-
ing that as confidence levels increase, both PICP and
PINAW increase. The LUBE method slightly outper-
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(b)
Fig. 10 Predictions at different stations with varying confi-
dence intervals using the LUBE method during peak and
off-peak periods. (a) Off-peak period; (b) Peak period

forms the Bootstrap method in PICP, except for a mi-
nor dip at a confidence level of 85% during peak hours.
PICP values for LUBE are 0.871, 0.904, and 0.956
during the peak period and 0. 856, 0.902, and 0.952
during the off-peak period, indicating strong data cap-
turing ability. Regarding the PINAW indicator, the
LUBE method consistently yields lower values than
Bootstrap, indicating narrower prediction intervals. In
off-peak periods, PINAW values are 0.122, 0.110,
and 0.168, while during peak periods, they are
0.079, 0.096, and 0. 152, respectively. For the CWC
indicator, the LUBE method consistently shows lower
values than the Bootstrap method across various confi-
dence levels during peak and off-peak times. In
off-peak hours, CWC values are 0.122, 0.114, and
0. 168, whereas during peak hours, they are 0.079,
0.096, and 0. 152, respectively. This indicates that the
LUBE method creates more compact confidence inter-
vals with a smaller central width ratio, offering predic-
tions with less uncertainty and greater accuracy. Fur-

thermore, the attention-GRU-LUBE model trains faster
than the attention-GRU-Bootstrap during both peak and
off-peak periods, indicating its superior efficiency. A
comprehensive evaluation of performance indicators con-
firms that the attention-GRU-LUBE model excels over
the attention-GRU-Bootstrap method, suggesting en-
hanced stability, accuracy, and narrower prediction in-
terval widths.

CJPICP (LUBE)  CJPINAW (LUBE)

B PICP (Bootstrap) B8 PINAW (Bootstrap)

1.4 - C1CWC (LUBE) 2055
=3 CWC (Bootstrap ) 10.50

I

10.40
10.35
Confidence level/%
(a)

10.30
10.25
10.20
10.15

3 PICP (LUBE) CJPINAW (LUBE)
B PICP (Bootstrap) B PINAW (Bootstrap )
1.4 - CJCWC (LUBE) 2055
=1 CWC (Bootstrap) 1050

10.10
1045
90

10.05
0
10.40
10.35
Confidence level/%
(b)

10.30
Interval prediction of metric results for each model at

PICP, CWC
PINAW

95

10.25
10.20
10.15
10.10
10.05
0

PICP, CWC
PINAW

|

85

95

Fig. 11
different confidence levels during peak and off-peak periods.
(a) Off-peak period; (b) Peak period

Table 2 Table of interval prediction evaluation metrics

Attention-GRU-LUBE

Attention-GRU-Bootstrap

Time Confidence ——_ ——_
level/% PICP PINAW cwe rainmg PICP PINAW CWC raming
time/s time/s
85 0.871 0.122 0.122 0.858 0.309 0.309
Off-peak
period 90 0.904 0.114 0.114 265.09 0.904 0.390 0.390 292.43
95 0.956 0.168 0.168 0.946 0.487 1.080
85 0.856 0.079 0.079 0.864 0.344 0.344
Peak period 90 0.902 0.096 0.096 145.62 0.901 0.400 0.400 178.67
95 0.952 0.152 0.152 0.942 0.500 1.246

4 Conclusions

(1) The attention-GRU model outperforms traditional
RNN, LSTM, and GRU models during both peak and

off-peak periods, demonstrating higher prediction accu-
racy and stability.

(2) Analyzing the evaluation results of two variant
models, attention-GRU-LUBE and attention-GRU-Boot-
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strap, across different confidence levels reveals that the
LUBE method provides narrower prediction intervals at
the same confidence level while ensuring a good fit. This
indicates that the LUBE method is more accurate and can
effectively assess the uncertainty of prediction results.

(3) The model’s ability to deliver both fixed point and
interval predictions simultaneously allows passengers to
effectively grasp the uncertain range of bus arrival times,
improving the accuracy and reliability of bus operation
time predictions. This aids in enhancing the management
level and service quality of the bus operation system.
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