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In the fields of traffic management, traffic health, and vehicle safety, vehicle speed prediction is an important research topic. *e
greater the difference between vehicle speed and average vehicle speed, or the more discrete the vehicle speed distribution, the
higher the accident rate. *is paper proposes a vehicle speed prediction method based on adaptive KF (Kalman filtering) in the
ARMA (Autoregressive Moving Average) environment to address the problem of high-speed moving vehicle speed prediction.
*e ARMA theory is used to model the prediction of speed time series. *e contribution rate of each coefficient representing the
original time series is different after fitting the original time series with the ARMA model, so each coefficient must be given a
certain weight. Multisource traffic data fusion and interval speed prediction are carried out on the basis of few-shot data
preprocessing and traffic state division, according to different traffic states. *e speed prediction accuracy is very high, according
to the algorithm verification results.

1. Introduction

According to statistics, intersections account for roughly
30% of all traffic accidents [1]. Even when traffic control
lights are installed at intersections, deadly collisions caused
by illegal activities such as speeding and running red lights
still occur. At intersections, drivers must pay attention to
influencing factors such as vehicles traveling in different
directions, pedestrians, and nonmotor vehicles, as well as the
relative positions of their own vehicles, and then make
driving behavior decisions in a short amount of time [2, 3]. If
the driver can be given some information about his own
vehicle’s operation ahead of time, it will greatly reduce the
driver’s driving difficulty at the intersection.

When driving on the road, drivers set their own speed
based on the terrain and road conditions [4]. When the
road’s horizontal, vertical, and horizontal geometric ele-
ments exceed the minimum requirements for safe driving of
automobiles on this grade of road, and external conditions
such as traffic density, terrain, and climate are favorable, the
actual driving speed of automobiles often approaches or

exceeds the design speed [5, 6]. Entering the intersection and
arranging them according to the time mark, according to
existing research, can not only reflect the characteristics of
drivers’ individual driving behavior. Time series differ from
ordinary series in that the data are organized in chrono-
logical order, and each numerical point has a corresponding
time point [7].*ese data are generated as part of the day-to-
day operations of businesses, hospitals, schools, and other
institutions, and they gradually accumulate into a large-scale
time series database. *e two types of data can be mutually
supplemented and verified using data fusion. *e accuracy
of vehicle speed prediction across corresponding regions will
be improved as well.

*e above-mentioned contents are the focus of this
paper. ARMA (Autoregressive Moving Average) predictive
modeling was used [8]. *e time series of vehicle speed
generated when the object to be evaluated (own vehicle) and
the vehicle in the direction of conflict (other vehicle) drive to
the intersection at the same time serves as the evaluation
basis and modeling data. *e modeling data come from a
real-world vehicle driving test. Multisource traffic data
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fusion and interval speed prediction are carried out
according to different traffic states using data preprocessing
and traffic state division.

2. Related Work

*e purpose of travel time prediction is to use historical and
real-time distance, speed, traffic flow, travel time, or some
variables mathematically related to travel time to obtain the
travel time of vehicles that will leave at a certain time in the
future and whose starting and ending points are determined
[9, 10]. *ese known variables can be obtained through
equipment collection, estimation, or prediction [11]. In the
process of predicting the travel time of expressway, com-
bining the travel time of different sections in different time
periods, the traffic operation conditions of different sections
are obtained, and the results are extended to the whole
section of expressway, and the final travel time prediction
result is obtained, with a good result of about 10% error%.
Literature [12] studies the daily travel time model and ap-
plies linear regression and tree model to travel time pre-
diction. *e input parameters include traffic flow
information, occupancy data collected by single-loop de-
tector, and historical travel time information (Literature
[13]). Using the data collected by point traffic detectors, a
short-term expressway travel time prediction method is
mined. *ey took into account the spatial and temporal
changes of traffic data and made use of the traffic mea-
surement data collected from different places at the current
moment and different places at the historical moment to do
this [14]. Using the ARIMA model to determine the po-
tential hot spots of taxis, in the process of research, they
regard the demand of passengers for taxis as a simple linearly
changing structure, so only linear models are used to predict.
Literature [15] puts forward a model for forecasting service
demand, which is suitable for a single taxi station. *e use of
traffic flow data in the forecasting process is a comprehensive
place for them to consider, and the model can be used for
real-time forecasting in online environment. However,
according to their research ideas, different taxi stations in the
same city must carry out different model training in order to
achieve more accurate prediction results.

*e speed information of vehicles before entering the
intersection can be used as the basis of vehicle collision risk
assessment at the intersection. Literature [16] studies the
probability model between the speed of vehicles heading for
the intersection and the occurrence of collision accidents,
and there is a clear correlation between the speed and the
acceptable gap in the workshop. Literature [17] puts forward
a dynamic model and a communication model between
vehicles after analyzing the characteristics and process of
traffic conflicts at signalless intersections and sorts out a set
of algorithms. Finally, the effectiveness of the algorithm is
verified by computer programming simulation. Literature
[18] developed a speed control device for vehicle turning left
at intersection. Finally, the simulation results show that the
device can really improve the safety of vehicle turning left at
intersection. Literature [19] puts forward two strategies of
setting left-turn phase and left-turn waiting area at

intersections to improve the traffic quality at intersections.
Literature [20] found that the intersection conflict simulated
by software or model is very suitable for the actual inter-
section conflict research. Literature [21] holds that the oc-
currence of traffic accidents is mainly caused by the driver’s
mistakes, and the driver carries out a series of driving actions
for a certain purpose, but the original driving intention
cannot be realized due to the operation mistakes. Literature
[22] establishes a hidden Markov model based on the pedal
opening of the vehicle and the position information of the
vehicle, so as to determine the intention that the driver really
wants to achieve. Reference [23] establishes a hidden
Markov model to infer the driver’s intention when the
vehicle deviates to different degrees. *e final reasoning
result is applied to the control device of the vehicle, which
increases the safety of the vehicle when driving.

In order to determine the driver’s driving intention, all
types of state data must be collected, and an identification
model must be established during the analysis of the driver’s
driving. *e challenge is deciding what kind of data to
collect, or choosing the feature vector for modeling. *e
difficulty of model building and the time it takes to identify a
model can be reduced if the feature vector dimension is too
small. However, the model’s accuracy will deteriorate.
Furthermore, collecting characteristic data in the actual
driving environment of some vehicles is quite difficult. As a
result, selecting the appropriate feature vector is critical in
the study of predicting a driver’s driving intention.

3. Research Method

3.1. Vehicle SpeedTime SeriesAnalysis. It is a critical variable
in the field of speed traffic, and vehicle driving speed is a key
index for reflecting traffic operations, and the driving state of
floating vehicles can best reflect traffic operations over time.
*e traffic situation is constantly changing in real time, and
the travel time of vehicles is directly influenced by the
current traffic situation. As a result, understanding how to
convert and correlate vehicle and traffic driving conditions,
as well as how to display the short-term operation of traffic
using appropriate variables, is critical. Under such condi-
tions, road speed is generated.

In the research, this model is mainly used to calculate the
traffic conditions before vehicles enter the expressway.
When it is necessary to predict the travel time, the estimated
travel time, the estimated starting point, and the expected
ending point of the vehicle are all known. After getting the
speed of the road section before the estimated travel time,
then can know the traffic conditions during this period. At
the same time, from the second 5minutes to the first 5
minutes before the trip, one can get a general understanding
of the changes in traffic operation. For the known estimated
travel time, calculate the speed of each road segment within
the first two 5 minutes of the trip, and arrange the speed of
each road section according to the front and back position of
the road section, so as to obtain the preliminary input
characteristics.

In practical application, the complexity and unstruc-
tured degree of time series are very high, which forces the
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research to continuously improve the accuracy and appli-
cability of time series mining algorithm. In reality, time
series exists in all aspects. Finding the hidden rules and
patterns from these complex data and finally serving for
decision-making is the main purpose of data mining.

In the past research, the ARMA model was mostly used
in forecasting. *is paper mainly uses the ARMA model to
extract features of time series. Determining the time series
Xt, t � 1, 2, . . . , n  can fit the ARMA model. We can find
the basic model type judgment diagram in Figure 1.

If the accurate optimal value of (p, q) cannot be obtained
by using autocorrelation function and partial autocorrela-
tion function, AIC (Akaike information criterion) can be
used to determine the order, which is a standard to measure
the fitting effect of the model.

Increasing the parameter variables of the model will
reduce the deviation between the estimated value of the
model and the actual value, so that the model can better fit
the original data. However, increasing the number of pa-
rameter variables will increase the complexity of the model,
so the cost of increasing the variables should be punished.

*e fitting ARMA model can be defined as follows:

AIC � (p, q) � N ln σ2(p, q) + 2(p, q), (1)

where N is the sample size, k � p + q is the number of
parameters in the ARMA model, and σ2 is the estimation of
noise variance.

BIC (Bayesian information criterion) is also a judgment
criterion, which is expressed as follows:

BIC(p, q) � N ln σ2(p, q) +(p, q)ln N. (2)

*e principle of this method is the same as that of AIC,
but it increases the intensity of “punishment.” It can be
seen that both of these criteria advocate the concise form
of functions and use fewer variables to represent func-
tions. When the number of samples is large, BIC principle
is more effective, and AIC principle determines relatively
many model parameters, so it is more suitable for small
samples.

Check the autocorrelation and partial correlation be-
tween scattered data in time series data Xt. By observing the
distribution of autocorrelation and partial correlation
function values, if the distribution curve accords with the
characteristics of “tailing” and “truncated,” it shows that the
series is suitable for establishing the ARMA model. *e
calculation formulas of autocorrelation Rk and partial
correlation function ϕk,k for correlation judgment are as
follows:

Rk � E Xt, Xt−k ,

ϕk,k �
E Xt, Xt−k 

��������������

E Xt 
2
, E Xt−1 

2
 , k � 1, 2, . . . , n.

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(3)

If the time series data do not meet the correlation re-
quirements, it is necessary to perform differential, differ-
ential, or logarithmic operations on the data used for partial

scatter points in Xt and then continue the subsequent steps
when it becomes a stationary data series.

Select the appropriate p, q value to establish the ana-
lytical formula of ARMA model, and use the AIC rank
criterion to determine the p, q value, even if the following
formula is the minimum value:

AIC � min N · ln δ2k + 2(p + q + 1) , (4)

where N is the capacity of the selected speed sample and δ2k is
the residual variance of the model, that is,

δ2k � 
N

k�1

ε2k
N

. (5)

If the absolute values of residual autocorrelation func-
tions of the prediction results are less than 2/

��
N

√
, it indicates

that the ARMA model meets the prediction requirements.
In general, data can be divided into numerical and non-

numerical types of characteristic attributes. *ese two types
of filling are treated differently by the mean filling method.
*e missing values for numeric attributes will be filled using
the average values of the attributes in other nonmissing
samples. Fill in the values with the most frequent occur-
rences in the nonmissing samples, that is, the values with the
highest frequency, for non-numeric attributes, according to
the mode principle.

From the entire sample set, choose the road section
speed that corresponds to the recorded road section and save
it as the new adjacent road section sample set. *en, using a
hierarchical clustering algorithm, this portion of the data is
clustered, the centroid of each cluster is calculated, and the
cluster centroid that is closest to the speed of the road section
near the missing position is found. *e values of data
samples in the missing positions in the cluster are filled in
the missing fields. *is completes the missing item’s filling.

3.2. Vehicle Speed Prediction. At present, the prediction
method generally uses the previous historical data, taking
the day as the cycle, extracting the change rule of traffic
parameters from it, and applying the extracted rule to the
current time, thus obtaining the prediction result. According
to the comprehensive evaluation of the previous traffic state
dividing thresholds, the specific dividing standards are
determined.

After dividing the continuous traffic data into traffic
states, the traffic data belonging to different traffic states are
classified. According to the historical traffic data of each
traffic state, the state transition matrix required by the KF
(Kalman filtering) method is trained by the artificial neural
network, and then the interval speed prediction based on
data fusion is carried out by the KF method.

In the ARMA environment, the dynamic performance of
high-speedmoving vehicles is very high.*erefore, when the
parameters change little, we use a larger adaptive forgetting
factor μk to increase the prediction strength. When the
parameters change greatly, a small adaptive forgetting factor
μk is used to enhance the identification accuracy. *e
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formula of adaptive forgetting factor used in this paper is as
follows:

μk � max 1,
tr Gk( 

tr Hk( 
 . (6)

*e core idea of memory decay is to apply a factor to the
covariance matrix of prediction and increase the variance of
prediction state vector, so as to make full use of the current
measurement data.

Gk � Mk − CQCT
− R. (7)

In equation (7), Gk andMk represents the error variance at
time k.

Hk � CAPk−1A
T
C

T
. (8)

In equation (8), Hk represents the error variance at time k,
which ensures that the value of the error covariance matrix
Pk is symmetric and positive, and improves the dynamic
performance of the system.

In this paper, the flow of speed prediction operation of
high-speed moving vehicles based on adaptive KF in ARMA
environment is shown in Figure 2.

*e contribution weight also plays a role in reducing
dimension and simplifying operation to a certain extent. On
this basis, this paper puts forward a new similarity mea-
surement standard, and the process of clustering analysis
becomes the following steps.

Using the ARMA model to fit the model, the time series
will be represented by a set of coefficient vectors. Namely, the
time series X, Y, and the parameter vectors of the fitting
model are πX, πY, respectively.

Find the contribution rate (α1, α2, . . . , αm) of the first m

coefficients whose cumulative contribution rate reaches a
certain percentage and then calculate the weight

β � (β1, β2, . . . , βm) of these m coefficients, where β is the
weight vector and i represents the i th coefficient:

βi �
αi


m
i�1 αi

. (9)

*e newly obtained coefficient vectors are standardized,
their Euclidean distance dμ is used as similarity measure, and
the corresponding clustering method is used to recluster,
and finally the clustering result is obtained.

dμ �

�������������



m

k�1
μXk − μYk( 

2




. (10)

Due to the weekly similarity of traffic data, historical data
with the same weather conditions in the same week as the
forecast date in the last week were selected in the study. If the
weather conditions are different, select the data of the same
week last week. If the weather conditions are still different,
select the data of the adjacent Sunday of last week.

Because the one-dimensional median filter is less af-
fected by the contour of image samples, and the noise
suppression effect of the two-dimensional median filter is
obviously better than that of the one-dimensional median
filter when the contour of image is not considered, one-
dimensional and two-dimensional median filters can be used
alternately when filtering. In addition, during filtering, the
image can be iteratively filtered to get the optimal solution.

4. Results Analysis and Discussion

4.1. Modeling and Analysis of Time Series Prediction.
Design the real vehicle driving data collection test according
to the vehicle collision situation. *e driving area is selected
at the intersection of a newly built municipal road, and it is

ACF and 
PACF of 

sequence Xt

ACF truncates 
at step q

MA (q) model

Both ACF and 
PACF are 

trailing

ARMA (p, q)
model

The PACF is 
truncated in 

step p

AR (p) model

Figure 1: Basic model type judgment. ACF is autocorrelation function, PACF is partial autocorrelation function, MA is the moving average
model, and AR is the autoregressive model.
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required that the road connecting the intersection should
extend long enough, have a wide field of vision, and have
small traffic flow. Motor vehicles 1 and 2 in the direction of
conflict use the same type of small cars, and the vehicle speed
is collected once every 1 s by the vehicle driving behavior test
platform and stored in chronological order.

After the vehicle stops, determine the position of the
collision point according to the traveling direction of the
vehicle and measure the distance from the starting point to
the collision point, as shown in Figure 3.

In straight-line sections, drivers will first choose be-
tween three types of traffic crossing options based on their
destination and intersection design: straight, left, or right.
*e external information, such as traffic lights/signs, other
vehicles, pedestrians, nonmotor vehicles, roads and ob-
stacles at intersections, weather factors, and so on, is pri-
marily received visually. *e driver will adjust his speed to
prepare for entering the intersection based on the above
factors. *e driver primarily uses the accelerator and brake
pedals to adjust the speed of his own car on the straight
road section.

*e driving in the straight-line section and the driving in
the intersection follow each other on the time axis. *e
purpose of driving on the straight road section is to prepare
for driving in the intersection, so the speed fluctuation on
the straight road section reflects the driver’s turning
preparations.

If you go straight through the intersection, the driver’s
main gaze targets are the vehicles and traffic lights ahead.
Compared with the other two turning modes of crossing, the

influencing factors of straight-through crossing are relatively
simple. However, the change of traffic lights directly affects
whether the vehicle stops or not. *erefore, the speed of
straight-through traffic varies greatly.

Comparing the degree of difference between the curves
in Figures 4 and 5, it can be seen that the prediction model
[20] established by using the first 40 data in the vehicle speed
series obtained from the experiment has a better prediction
effect on the last 20 vehicle speeds.

Start

Initialization 
parameters

Collect vehicle initial 
data

Time update status 
value

Update adaptive 
forgetting factor

Time update error 
covariance

Measurement update

Next sample

End

K=K+1

Read observation 
sample

Figure 2: Adaptive KF speed prediction flow chart.
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*e vehicles run continuously in space, and the number
and types of vehicles passing through different sections of
each test section are basically the same in the same time
period. However, for different observation points on the
same section, the composition structure of vehicle types has
spatial differences. In the process of driving on the ex-
pressway, certain drivers will frequently change lanes in
order to choose the best route. *is reflects the change of
running speed in the direction.

By studying the speed change of different drivers when
driving vehicles through the combination of curve and slope
of the test section, the main influencing factors of drivers’
driving behavior in the curve are found, so as to prepare for
the later study of the running speed distribution charac-
teristics of typical sections.

4.2. Verification and Analysis of Prediction Results. *e ve-
hicle will be acted on by centrifugal force pointing to the
outside of the horizontal curve while driving on a curve. To
improve the vehicle’s lateral controllability, the driver typ-
ically slows down when entering the curve. *e longitudinal
stability of the vehicle is also involved in curve driving
because the vehicle will decelerate when decelerating and the
longitudinal stress will change. *e safety of the entire route
is largely determined by the quality of the curve’s design, and
curve speed characteristics have always been the focus of
running speed research.

Because of the complexity and diversity of highway
alignment composition, there are some differences in the
running speed of entering the slope section, which affects the
running speed of different sections on the slope section. Set
at the longitudinal slope’s beginning, middle, and end
points, and increase the position section of the minimum
sight distance point in the vertical curve section. You can
track the vehicle to record the speed if the slope length is less
than 800 meters. One person stands at the bottom of the
slope or at the top of the slope, measuring the speed with a
speed gun. Follow two people and keep track of their speed
in two different directions. Because the speed measuring
range of a radar speed measuring gun is limited when the
slope is longer than 800 meters, more speed measuring
personnel should be equipped. Record the relevant align-
ment and road surface parameters, roadside conditions, and
road surface conditions of the point after the speed mea-
surement test is completed, and take photos.

In the simulation experiment, three methods are used to
predict the speed of high-speed vehicles. *e predicted
results of simulated vehicle speed are shown in Figures 6–8.

It can be seen from Figure 8 that during the whole it-
eration process, the maximum error between the actual
running speed of the high-speed moving vehicle and the
estimated speed based on the least square method is ±4 and
fluctuates up and down here.

*e original data obtained from the test include mileage,
speed, and acceleration, which are continuously changing
with the mileage. *is paper mainly studies the distribution
of running speed on curved slope sections, which are divided
strictly according to the pile number. *erefore, the data
obtained from the test should first be recalibrated according
to the station number, so as to approximately get the
continuous running state of vehicles on different sections.

*e test shows that the mileage measured by the in-
strument is shorter than the actual pile number mileage.*is
is because the road pile number is based on the actual
distance of the road centerline, and the instrument measures
the actual mileage of the vehicle. However, when driving the
vehicle, it is impossible for the driver to drive in strict ac-
cordance with the direction of the road centerline marking.
Skilled drivers will often change lanes and choose shorter
routes.

*is kind of error caused by the driver’s route selection is
objective and inevitable in the test process, but the data can
be recalibrated by setting special marking points, which are
hereinafter referred to as “reference points.” Data calibration
is actually an artificial dispersion of experimental errors, and
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the influence of this error can be reduced by increasing the
number of “reference points” (Figures 9 and 10).

It can be seen from Figure 9 that the change trend of the
predicted value is basically consistent with that of the real
value. It can be seen from Figure 10 that the maximum
relative error is 7.4, the error between the predicted result
and the true value is small, and the predicted result is rel-
atively accurate.

If you want to turn left through the intersection, the
factors affecting the speed are more complicated than when
you go straight through. Drivers should not only pay at-
tention to the changes of traffic in intersections but also pay

attention to the flow of people and nonmotor vehicles on
crosswalks. According to the traffic rules, even if the traffic
lights indicate that you can turn left, there are pedestrians
and nonmotor vehicles crossing the street at the crosswalk.

*e essence of the running speed method is to ensure the
smooth and continuous running speed by controlling the
gradual transition of the unit index values of adjacent road
sections, thus improving the driving safety of the highway.
In practice, the designer checks the consistency and coor-
dination of technical indicators along the route direction
through the running speed curve. If the vehicle speed curve
under a certain set traffic volume is calculated, not only can
you get the travel time between the start point and the end
point, provide reference for road users’ travel, but also

0

5

10

15

20

25

30

35

40
V

eh
ic

le
 sp

ee
d 

(m
/s

)

Measurement with noise
A posteriori estimate
Expectation value

0 10 20 30
Number of iterations

Figure 6: Speed prediction effect of the least square method.
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measure the service level of the road, and then judge whether
the design expectation is met and whether it is necessary to
rebuild, expand, or build parallel lines.

5. Conclusion

*is method improves KF’s tracking ability by allowing it to
record and predict the speed of high-speed moving vehicles
in harsh environments, curves, uphill, and downhill. *e
predicted vehicle speed value is used to calculate vehicle
displacement and distance between vehicles, which can be
used to assess the risk of collisions in intersections between
vehicles traveling in opposing directions.*e research object
is an ARMAmodel with a zero-mean random sequence.*e
simulation results show that the adaptive KF vehicle speed
prediction method based on ARMA predicts values that are
closer to reality, which improves the filter’s convergence
effect and reduces the fluctuation range, effectively over-
comes the negative effects of process and measurement
errors, and better reflects real-time effectiveness.

*e vehicle speed prediction modeling and parameter
tuning are done off-line, which is a flaw in this study. *e
ARMA modeling parameter self-tuning method and its
implementation algorithm should be considered to help the
prediction model adaptively adjust parameters to cope with
changes in the driving environment, in order to improve the
model’s universality. *e work described above will be
continued in the follow-up study.

Data Availability

*e data used to support the findings of this study are
available from the corresponding author upon request.

Conflicts of Interest

*e authors declare that they have no conflicts of interest.

Acknowledgments

*is work was sponsored in part by Intelligent
Manufacturing Project of Tianjin (20200213).

References

[1] H. Sabrina and H. Jan, “Analysis of CFSE time-series data
using division-, age- and label-structured populationmodels,”
Bioinformatics, vol. 32, no. 15, pp. 2321–2329, 2016.

[2] Z. Huang, Y. Liu, C. Zhan, C. Lin, W. Cai, and Y. Chen, “A
novel group recommendation model with two-stage deep
learning,” IEEE Transactions on Systems, Man, and Cyber-
netics: Systems, 2021.

[3] B. Saka and B. Adra, “Nucleation and growth of cholesteric
collagen tactoids: a time-series statistical analysis based on
integration of direct numerical simulation (DNS) and long
short-termmemory recurrent neural network (LSTM-RNN),”
Journal of Colloid and Interface Science, vol. 582, pp. 859–873,
2021.

[4] L.-H. Zhang, Y.-W. Wang, Y.-Q. Ni, and S.-K. Lai, “Online
condition assessment of high-speed trains based on Bayesian
forecasting approach and time series analysis,” Smart Struc-
tures and Systems, vol. 21, no. 5, pp. 705–713, 2018.

[5] L. D. Condeixa, L. Bastos, F. Oliveira, and S. Barbosa, “Wind
speed time series analysis using TBATS decomposition and
moving blocks bootstrap,” International Journal of Energy &
Stats, vol. 05, no. 2, Article ID 1750010, 2017.

[6] M. Laib, L. Telesca, and M. Kanevski, “Long-range fluctua-
tions and multifractality in connectivity density time series of
a wind speed monitoring networ,” Chaos, vol. 28, no. 3,
Article ID 033108, 2018.

[7] C. Sarmiento, C. Valencia, and R. Akhavan-Tabatabaei,
“Copula autoregressive methodology for the simulation of
wind speed and direction time series,” Journal of Wind En-
gineering and Industrial Aerodynamics, vol. 174, pp. 188–199,
2018.

[8] M. K. Khandani and W. B. Mikhael, “Effect of sparse rep-
resentation of time series data on learning rate of time-delay
neural networks,” Circuits, Systems, and Signal Processing,
vol. 40, no. 4, pp. 1–26, 2021.

[9] B. Cao, “Time sequence analysis and application research of
highway tunnel on-site monitoring,” Architectural Engi-
neering Technology and Design, vol. 000, no. 17, pp. 2751-2752,
2018.

[10] P. Luo, Y. Jiang, Q. Xu, and B. Tang, “GPS landslide dis-
placement monitoring time series analysis and combined
modeling prediction,” Journal of the Institute of Disaster
Prevention Science and Technology, vol. 22, no. 4, p. 9, 2020.

[11] W. Jiang and X. Wang, “Xilinx FPGA timing analysis and
optimization method,” China New Telecommunications,
vol. 2019, no. 9, p. 1, 2019.

[12] Y. Wang, K. Zhou, and M. Li, “Review of WCETanalysis and
prediction of real-time embedded systems,” Computer Sci-
ence, vol. 46, no. B06, p. 7, 2019.

[13] Y. Wang and J. Zhang, “Application of time series analysis
related methods in information retrieval research,” Journal of
Information Recording Materials, vol. 009, no. 1, pp. 46–65,
2019.

[14] H. Xiao and H. Ge, “Research on structural damage warning
of bridge crane based on time series analysis,” Journal of
Wuhan University of Technology, vol. 39, no. 1, p. 6, 2017.

[15] J. Liu and Z. Ouyang, “Research on short-term wind power
prediction based on ARMA model,” Northwest Hydropower,
vol. 2017, no. 6, p. 5, 2017.

[16] H. Zhang, L. Zhao, and Z. Lei, “Research on compatibility
terminal detection pipeline time prediction based on ARMA
model,” Instrument Standardization and Metrology, vol. 000,
no. 1, pp. 39–42, 2017.

-10

-8

-6

-4

-2

0

2

4

6

8

0 2 4 6 8 10 12 14 16 18 20

Re
la

tiv
e e

rr
or

Time series

Figure 10: Relative error diagram of data.

8 Computational Intelligence and Neuroscience



[17] M. She, “Research on the prediction model of vehicle running
speed on continuous downhill sections based on cross-section
observationmethod,”Highway Traffic Science and Technology:
Applied Technology Edition, vol. 2019, no. 7, p. 6, 2019.

[18] S. Zhang, Z. Guo, and L. Chen, “Long-range correlation
analysis of vehicle speed on long downhill sections,” Com-
prehensive Transportation, vol. 42, no. 2, p. 5, 2020.

[19] H. Lu, X. Nie, and K. Gu, “Research on intelligent vehicle
tracking control based on adaptive model prediction,” Car
Digest, vol. 2021, no. 2, p. 6, 2021.

[20] W. Sun, P. Zhang, Z. Wang, and D. Li, “Prediction of car-
diovascular diseases based on machine learning,” ASP
Transactions on Internet of @ings, vol. 1, no. 1, pp. 30–35,
2021.

[21] F. Dietlein, D. Weghorn, A. Taylor-Weiner et al., “Identifi-
cation of cancer driver genes based on nucleotide context,”
Nature Genetics, vol. 52, no. 2, pp. 208–218, 2020.

[22] J. Yan, S. Peng, and L. Zhang, “Urban road network traffic
flow speed prediction considering large-scale vehicles,”
Journal of Chongqing Jianzhu University: Natural Science
Edition, vol. 40, no. 1, p. 6, 2021.

[23] N. Zheng, W. Yang, and L. Ma, “VISSIM simulation analysis
and prediction of the impact of traffic emergencies on
mountain expressway traffic operation,” Safety and Envi-
ronmental Engineering, vol. 27, no. 4, p. 8, 2020.

Computational Intelligence and Neuroscience 9


