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Abstract. This work analyzes time series and find the rules and statis-
tical characteristics from the numerous data. According to the purpose
of the time series analysis, we find the rules and conduct the future
time forecast. This paper is mainly based on the similarity of time
series. Based on clustering results, XGB is used to reflect the relation-
ship between similarity and clusters’ weights and to predict the value.
Overall, it is a time series prediction model based on clustering and XGB
regulated weights. The process of model prediction is realized by using
instances in dataset, and the relationship between similarity and weights
is obtained by using XGB.
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1 Introduction

As a highly integrated and integrated application of the new generation of infor-
mation technology, the Internet has strong penetrating power, strong driving
effect and good comprehensive benefits [1-3]. It is the computer, Internet and
mobile communication networks after the development of the information indus-
try is another driving force. Logistics industry, as an important part of the
internet of things industry chain, with its characteristics of high market matu-
rity, wide market prospects and big investment opportunities, will become a key
area of logistics networking industry development in the next few years [4,5].

With the development of big data of artificial intelligence, various fields have
been developed to different extent, artificial intelligent products appear more and
more in more industries [6]. There have also been rapid developments in the area
of transport. Quality time series obtained through bus cards, detectors, cameras,
communication equipment, Internet, etc. However, due to the periodicity of time
and the influence of noise, how to utilize time series is still a problem to be solved
[7,8].
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2 Related Conception

2.1 Euclidean Distance

Much of the time of Euclidean equations is also known as euclid distance, which
is a familiar distance [9,10]. It is a calculation of the distance between multidi-
mensional vectors, usually defined in terms of distances in m-dimensional vector
spaces, and you can think of it as a point in a vector space with a higher dimen-
sion. The distance perception between them can be seen as one from this point
to the origin, or as the actual distance from one to another [11].

distance(X,Y) = Z(mn —y)? t=1,2,.,n (1)
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Fig. 1. Time series Euclidean distance schematic diagram

2.2 Clustering

In unsupervised learning, clustering is to train data values without standard
classification, reveal the internal rules of the data, and automatically divide the
data into similar clusters [12].

KMEANS. In 1967, MacQueene proposed the KMEANS algorithm, one of
the simplest and most common clustering methods [13,14]. The similarity of
KMEANS is reflected in the distance between samples. The closer you are, the
more likeness you have. The degree of similarity directly affects the classification
criteria. However, most people use the countdown of distance to express similar-
ities, making the two positively related. Most of the distance is from Europe or
Manhattan.

2.3 Evaluation

Evaluation methods can be understood in engineering theory and definitions, just
as learning achievement is used to represent a student’ s learning performance.
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Algorithm 1. Kmeans algorithm

Input: D ={z1,z2,...,Zm};
Cluster number k.
1: Randomly select k samples from D as the initial mean vector {p1, p2, ..., ik
2: repeat
3 Ci=¢(1<i<k)

4: for j=1,2,..,m do

5: Calculate the distance between sample z; and each mean vector u; (1 < j < k):
dji = |laj — pall2;

6: The cluster marker of z; is determined according to the nearest mean vector
IAj = arg minieq1,2,... kydji;

7 Assign the sample x; to the corresponding cluster: Cy; = Cx; U{z;};

8: end for

9: fori=1,2,..k do

10: Calculate the new mean vectory; = \Cilll Yoeeo; T

11: if p) # u; then

12: Update the current mean vector p; to u

13: else

14: Leave the current vector unchanged

15: end if

16:  end for

17: until None of the current mean vectors have been updated
Output: Cluster partitionC = {C1,C, ..., Ci }

MAE. Mean Absolute Error is referred to as MAE for the purpose of finding
the difference between the predicted value and the real value and the Absolute
Error [15].

N
_ 1 /
MAE = 53 =] 2)

RZ. R-squaredis a relative measure that measures the sum of residuals of existing
models far from the standard of the sum of residuals of the benchmark model
[16].

SSR = Zwl vi — i)’ (3)
SST = Zwl 7i — i) (4)
so,
SSR
2 _
=1 st (5)
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MAPE. Mean Absolute Percentage Error (MAPE) is one of the most popular
indicators for evaluating predictive performance [17].

1 - At - Ft
M= — _— 6
- ; e (6)
where A; represents the actual value and F; is the predicted value.

2.4 Grid Search

Grid Search, a common method, is mainly used for tuning parameters. The model
is tested by using different parameters in turn in order to find the parameters
corresponding to the best effect. Is to use exhaustive search for hyperparameters,
for each case to solve. The super parameters are all the cases of the pre-specified
parameters, select from the inside to find the best performance of the set of
parameters [18].

2.5 XGBOOST

It can be referred to as XGB, which was developed by Dr. Tianqi Chen from the
University of Washington in the United States [19]. The idea of the algorithm is
to grow a tree by continuously adding trees and continuously splitting features.
Each addition of a tree is actually learning a new function to fit the residual
error predicted last time. When we complete the training and get k trees, we
need to predict the score of a sample. In fact, according to the characteristics of
the sample, it will fall to a corresponding leaf node in each tree, and each leaf
node corresponds to a score. Finally, we only need to add up the corresponding
scores of each tree to get the predicted value of the sample.

K
J=(x;)=>_ fulz:)
k=1

where F' = {f(x) = wg@)}(q: R™ — T,w € RT)

(7)

Wq(x) is the fraction of leaf node q, and f(x) is one of the regression trees. Objec-
tive function is

K

Obj =3 "1y, i) + > 2(fr) ®)

i=1 k=1

1
where 2(f) =~T + 5)\||w||2

The objective function above has two parts, the former is the difference between

the real and the predicted, the latter is the regularization term, T is the number

of leaf nodes, w is the fraction of leaf nodes. v controls the number of leaf nodes,

A controls the fraction of leaf nodes will not be too large, can prevent overfitting.
As shown in the following example, two decision trees are trained
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Fig. 2. A simple example of XGB

3 Clustering Prediction and Comparison Based
on Multiple Similarity Degrees

3.1 Data Preprocessing

The dodge dataset used in this example has a large number of “—1” values, which
means there are many defaults. If missing values are not taken into account, —1
will have a significant impact on the predicted values of the data, making it
difficult to process subsequent data.

—— NUM_TOTAL

COUNT_TIME

Fig. 3. An overview of several days of raw data

As shown in Fig. 3, in the absence of data for several consecutive days, a
large number of consecutive missing values are found in data and a significant
number continue to be missing. For example, one day on 10 May 2005. In order
to eliminate the disturbance of missing values, combined with the fact that traffic
data at traffic junctions is on a one-day cycle, all day data are used to fill in the
missing value. In order to minimize changes in the sequence, the time points of
missing data are added to the average of the current points and all valid data is
grouped. The corresponding values of 288 points of time in the daily HT data
are calculated every five minutes to fill the data with the average values in each
point in time over a 24-h period.

The average data are rounded to integers to facilitate operation and reduce
the data space occupied.
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3.2 Generating Time Series

Because time series represent different time periods, a similar time period
between different dates is selected as data for the data clustering. Experiments
show that the length of half a day is suitable for the size of the search step. 1248
Because it is a 40-min phased step over eight steps, which is usually considered
a medium-term forecast rather than a short-term one. Half-day traffic data in
a five-minute group selects 144 data as search steps in the time series, which is
expressed as

x; = {ti,tiz1,. .., titnt N is the search step size (9)

In addition, the next period of time series is selected for prediction, and the
data with the step length of 1, 2, 4, and 8 are selected for prediction, which is
expressed as

Yi = {titnt1, titnt2,s ticnt3, tivnta} N is the search step size (10)

The sequence of datasets for the production experiment is shown in Fig. 4.
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Fig. 4. A sequence of total data sets

In order to have a better generation effect, the data were divided into test
set and training set, which were different from each other. The data was broken
up to simulate the real data prediction results. The train_test_split method was
used to take 25% of the whole data as the predicted data.

3.3 Clustering Similarity

Clustering of Euclidean Distance. The Kmeas algorithm used in this section
is data clustering. Under the condition of unsupervised learning, the algorithm
pays more attention to the similarity of sequences, and obtains the distribution of
time series roughly. In the Kmeas algorithm, most people use Euclidean distance
and Manhattan distance to represent the similarity measure of time series.
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array([@.12571429, ©.10857143, ©.10857143, ©.18285714, ©.17142857,
©.21142857, ©.09142857])

Fig. 5. Cluster number distribution of distance

Classification. As can be seen, the following figure shows the distribution of
the predicted data according to the distance based clustering method is shown
in the figure below

As can be seen from the Fig. 5, the main purpose of using the test set is to
simulate the effect of the algorithm in the actual scene, showing whether there
is a good generalization effect and then better application of improvement and
optimization in the real situation.

The result of clustering analysis shows that the clustering data has changed
obviously. Taking into account only the morphological characteristics of traffic
flow time series and the original purpose of clustering them for seven days, the
values of each class should tend to be averaged.

Similarity. After clustering all traffic flow time series, we can learn about group-
ing and find the average of the characteristics and tags of each cluster to repre-
sent the total value in the current cluster. The similarity between the predicted
sequence and the seven clusters can be calculated. A distance matrix can be
generated from the formula 1. The following is the distance of the sequence

array([[198.38870561, 312.30204145, 147.5663145 , 221.7634799 ,
132.98371663, 179.37599818, 275.94923531]])

Fig. 6. Distance between sequence and each cluster

Knowing the similarity, we can use the relationship between the similarity to
calculate the weight W, which is used to predict the data value. That is to say,
there is a mapping relationship between similarity and weight.In order to better
show the mapping relationship between similarity and distance, the method of
XGB will be used in this paper.

3.4 XGB’s Method to Calculate the Weight

In fact, since we do not know the exact relationship between similarity and
weight, the relationship between similarity and weight of each category may not
be the positive correlation that we think the greater the similarity is, the higher
the weight is.

Therefore, the method of XGB model was chosen in order to better fit the
relationship between the two. As long as the distance between each category is
required, the weight of each category can be obtained, and the predicted value
can be obtained directly.
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Construction of New Data Set. Calculate the distance of 7 categories of
data, and sort them from small to large. These 7 clusters are taken as features
of the training data. Label is the weight of each of the seven clusters.

Table 1. New data set

distl dist2 ... dist7 wi w2 ... wr

In the above experiment, after the similarity of a sample data is obtained,
the distance between the predicted sequence and 7 clusters is sorted, and the
set parameters are determined by Grid Search, and the sum of the 7 weight
parameters is 1. The parameter with the least difference between the predicted
value and the actual value, that is, the one with the best effect, is selected as
the label of the current data. The distance of seven classes and the parameter
of weight W are combined as a sample data.

After all the original test set data processing is completed, the data set of
Table 1 is constructed. It is used to calculate the weight directly. 80% of the data
are divided into training model XGB, and the rest are tested to see whether the
model is good or bad.

Prediction of XGB. The training set of the data set is put into the training
model, and the test set is used to evaluate the model and check the effect of the
model.

Because the predicted weight has no constraint that the sum is 1, it is neces-
sary to normalize the predicted samples, set one well, and express the relationship
with each category.

Analysis of the Model. Since the size of the XGB data set will be much
smaller than the previous data set, it is possible that the prediction of the data
will be less effective.

However, the XGB method has its own advantages, which can more accu-
rately get the appropriate weight, and get the proportion relationship between
each category and the predicted value. Forecasts are much more accurate. The
XGB model preprocessing and data storage after each step will not consume
too much time and space, which is about the same as the Euclidian distance.
But if the use of DTW, enough time, there will be a better effect. Due to time
constraints, only XGB is used for comparative analysis of Euclidean distance
here.
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The following figure shows the weights of the predicted results.

array ([ [0.09259243, 0.503311 , 0.09004612, ..., 0.1851583 , 0.02927206,
0.1178335 1,
[0.16224124, 0.2085918 , 0.15434733, ..., 0.10209591, 0.08707408,
0.08930299],
[0. 16820015, 0.17057562, 0.14777775, ..., 0.08558471, 0.11823782,
0.17418884],

[0. 2544834 , 0.23196718, 0.14363924, ..., 0.08511011, 0.07576442,
0.1274816 1,

[0. 11998956, 0.11634909, 0.14853086, ..., 0.5316235 , 0.101652
0.02974296],

[0.08982415, 0.1501841 , 0.20426954, ..., 0.16044119, 0.03047957,
0.0235962 1], dtype=float32)

Fig. 7. Weight of prediction

Due to the advantages of XGB itself, the accuracy of the prediction data is
much better. So, if you have a larger amount of data, it will work better for the
model store, and XGB has a loss function to prevent overfitting.

9.97287936201832 -2.6165895439404885 0.9350044508417967

Fig. 8. MAE,R2MAPE

The Q-Q diagram of XGB is as follows

°
40 4
30 1 o
©
€ 20 A
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0 4
0 5 10 15 20 25 30 35
predict

Fig. 9. XGB’s Q-Q figure

Even if the data set is relatively small, the effect is still good, indicating the
feasibility of this method is relatively strong.
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4 Conclusion and Prospect

Fuclidean distance will still be widely used in practice as a similarity, and XGB
can be used if necessary, because the grid search will make the parameters more
reasonable, and it will have better prediction and generalization effect.

In 2019, the total investment scale of smart transportation in China exceeded
227.8 billion yuan. Even under the influence of the epidemic, the transportation
investment of 10 million yuan project in the first quarter of 2020 increased by
15% year on year.

As a highly intensive integration and comprehensive application of a new
generation of technology, the Internet of Things has the characteristics of high
knowledge intensity, wide application range, great growth potential, strong driv-
ing force and good comprehensive benefits. China’s 12th Five-Year Plan has
accumulated nine fields of projects: smart industry, smart agriculture, smart
logistics, smart transportation, smart power grid, smart environmental protec-
tion, smart security, smart medical care, and smart home. These areas of con-
centrated development almost cover all aspects of our social production and life.

In particular, with the improvement of machine learning and deep learning
algorithm accuracy, the improvement of computing power and the decrease of
cost, the cost of intelligent transportation is constantly reduced and the advan-
tages of scale are constantly emerging, which greatly promote the implementa-
tion and application of the algorithms listed in this paper.

This work is supported by Shandong Non-metallic Materials Institute under
grant WSJL20206C069.
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