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Visitor flow pattern of Expo 2010∗
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Expo 2010 Shanghai China was a successful, splendid, and unforgettable event, leaving us with valuable experi-

ences. The visitor flow pattern of the Expo is investigated in this paper. The Hurst exponent, the mean value, and

the standard deviation of visitor volume indicate that the visitor flow is fractal with long-term stability and correlation

as well as obvious fluctuation in a short period. Then the time series of visitor volume is converted into a complex

network by using the visibility algorithm. It can be inferred from the topological properties of the visibility graph that

the network is scale-free, small-world, and hierarchically constructed, confirming that the time series are fractal and a

close relationship exists among the visitor volumes on different days. Furthermore, it is inevitable that will be some

extreme visitor volumes in the original visitor flow, and these extreme points may appear in a group to a great extent.

All these properties are closely related to the feature of the complex network. Finally, the revised linear regression is

performed to forecast the next-day visitor volume based on the previous 10-day data.
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1. Introduction

From 1 May 2010 to 31 October 2010, Expo 2010

was successfully held in Shanghai, China. Given its

theme “Better City, Better Life”, Expo 2010 was ex-

pected to be a “successful, splendid and unforget-

table” event and a platform for every exhibitor to ex-

plore sustainable models of urban development and

better city life. During the 6 months of the exhibi-

tion, 246 nations and organizations participated in

this event, which attracted over 73 million visitors.

Both the exhibition scale and the total visitor volume

hit a world record. How to manage so many visitors in

such a small area and such a long period is a problem

worth considering.

Besides the Expo, various kinds of fairs, exposi-

tions, sports meetings, and large conferences are held

all over the world every year. The successful experi-

ences from Expo 2010 may provide references for the

visitor management of such large-scale activities. Un-

fortunately, we rarely find any work about this sub-

ject. To summarize the valuable experience of Expo

2010, we investigate the visitor flow pattern through

statistics, time series, and complex network analyses

in the present work.

Statistical and time series analyses are relatively

mature techniques, which have been used widely

in many fields. By contrast, the complex network

theory[1−3] is a new branch in statistical physics to

describe complex systems with networks, in which the

nodes and the edges represent the entities and the

relationships between them, respectively. It can be

used to describe many networks in the real world, such

as social networks,[4] transportation networks,[5] and

human dynamics on networks.[6] Recently, several ef-

forts have been made to bridge the time series and

the complex networks.[7−10] Among all the methods,

the so-called visibility graph algorithm proposed by

Lacasa et al.[9] attracts much attention due to its sim-

plicity and high efficiency, and a set of achievements

have been obtained through it.[11−14] In our research,

the Expo visitor flow pattern is studied mainly by us-

ing the network analysis, and the network is obtained

through the visibility algorithm.

The rest of this paper is organized as follows. The

data source and the overview are given in Section 2.

In Section 3, the general statistical properties of the

Expo daily visitor volume are studied to find the sta-

bility and fluctuation feature of the visitor flow. The

time series of visitor volume are converted into a com-
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plex network by using the visibility graph algorithm,

and some topological parameters are calculated to in-

vestigate the correlation among data points of visitor

volume in Section 4. The revised linear regression is

performed to forecast the future visitor volume in Sec-

tion 5. Finally, some conclusions and discussion are

given in Section 6.

2. Data specification

The data of daily visitor volume used in this pa-

per are collected from the official website of Expo 2010

(http://www.expo2010.cn). During the exhibition pe-

riod of 184 days, there are approximately 73091000

visitors in total and 397234 daily visitors on average.

Figure 1 exhibits the general fluctuation pattern of

Expo 2010, with the horizontal axis representing the

time (day), the left and the right vertical axes rep-

resenting daily and accumulative visitor volumes, re-

spectively.
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Fig. 1. (colour online) Daily and accumulative visitor

volumes of Expo 2010.

3. General feature of Expo visitor

flow

In this section, the visitor flow of Expo 2010 is in-

vestigated from two perspectives: statistical and time

series analyses.

We calculate the mean value and the standard

deviation of each month and the whole period, which

are shown in Table 1. From the results, we can see

the general fluctuation pattern of monthly visitor flow.

Firstly, much fewer people went to the Expo in May,

owing to the fact that people thought that they had

plenty of time to visit, thus there was no need to hurry.

In addition, the operation of the Expo was not in the

best condition then, which made people hesitant to

visit. Secondly, the visitor flow in July is the most

stationary and the second greatest, which is the result

of the steady flow of tour groups and students on their

summer vocation. Thirdly, during the six months of

the exhibition, October has the greatest visitor vol-

ume and standard deviation. The increase of visitor

volume at the end of the exhibition is not surprising.

Meanwhile, the obvious fluctuation in the visitor flow

is the result of interweaving of small visitor volumes on

the 14 designated days and the extremely great visitor

volumes on several standard days, such as 1032700 on

16 October, 859900 on 22 October, and 837400 on 23

October.

Table 1. Mean values and standard deviations of Expo 2010 visitor volume.

Period May. Jun. Jul. Aug. Sept. Oct. Total

Mean value/103 259.2 436.9 444.8 401.9 333.6 506.3 397.2

Standard deviation/103 96.0 55.1 40.3 73.4 89.2 194.7 132.0

On the other hand, we take the daily visitor vol-

umes as the observation of a time series to study the

visitor flow pattern of Expo 2010. More specifically,

we use the Hurst exponent, namely the long-range

dependence exponent (H for short), to measure the

long-term memory effect of the time series, i.e., the

autocorrelation of the time series, which has been ex-

tensively used in many fields, such as the stock mar-

ket. The closer to 0.5 the value of H is, the more

noise and fluctuation there will be in the time series.

Meanwhile, when H deviates more from 0.5 and ap-

proaches 1, the time series will be more regular and

persistent. Conversely, the time series are deemed to

be anti-persistent when H declines to 0.

Here we use the method of rescaled range

analysis[15,16] to obtain the Hurst exponent and the V -

statistic (used to identify the length of non-periodical

cycle) of the time series. As shown in Fig. 2(a), the

result is that the Hurst exponent of the whole period

daily visitor flow is 0.856 with R2 = 0.985. It can be

concluded that the visitor flow of the Expo does not

obey the random walk but exhibits long-term stabil-

ity and correlation, as the Hurst exponent exceeds 0.5.

The deviations of the visitor flow in the future tend
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to keep the same sign as the past.
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Fig. 2. (colour online) Plots of (a) (R/S)n and (b) V -

statistic of visitor volume versus n. The slope of the curve

in panel (a) indicates the value of the Hurst exponent,

and the first crossover point in panel (b) corresponds to

the cycle length of the time series.

Moreover, we can see from Fig. 2(b) that the V -

statistic grows with time n in an accelerative trend,

which means that the length of non-periodical cycle

is far beyond the exhibition period of 184 days. Nev-

ertheless, we may judge from Fig. 1 that there exists

a short-term cycling period in the visitor flow, since

the curve exhibits some kind of periodic variation. A

closer inspection reveals that the curve of Vn versus

n begins to shake after n has reached 10 in Fig. 2(b),

and n = 10 is the first descending turning point, in-

dicating that the cycling period is 10 days. This is

confirmed by performing the linear regression to fore-

cast the future trend of the visitor flow in Section 5,

which finds that the prediction error reaches the min-

imum when the cycle is 10 days. For this reason, the

results of rescaled range analysis are really helpful for

forecasting the time series of the Expo visitor flow.

In short, the general law of the Expo visitor flow

exhibits both fluctuation and stability features. The

daily volumes are correlated with the long-term per-

spective, and they show obvious fluctuation in a short

period of time.

4. Statistical properties of the

visibility graph of Expo visitor

volume

We use the algorithm introduced in Ref. [9]. A

visibility graph is obtained by mapping a time series

into a network according to the following visibility cri-

terion: two arbitrary data (ta, ya) and (tb, yb) in the

time series have visibility and consequently become

two connected nodes in the associated graph, if any

other data (tc, yc) with ta < tc < tb fulfills

yc < ya + (yb − ya)
tc − ta
tb − ta

.

Figure 3 shows a typical example of this algo-

rithm. In Fig. 3(a), the data are displayed as vertical

bars ordered according to the time sequence, where

the heights indicate the values of observations, and the

dashed lines express the visibilities between the data

points. The converted network is shown in Fig. 3(b),

where the nodes correspond to the data in the same or-

der, and an edge connects two nodes if there is visibil-

ity between them. The visibility graph inherits several

properties of the time series in its structure, i.e., a pe-

riodic series is converted into a regular graph, while a

random series is converted into an exponential random

graph, and a fractal series is converted into a scale-free
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Fig. 3. (colour online) A typical example of visibility

graph algorithm. In panel (a), the data are displayed as

vertical bars ordered according to the time sequence, panel

(b) shows the converted network.
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network.

As shown in Fig. 4, the time series of the daily

visitor volume of the Expo is converted into a visibil-

ity graph using the algorithm introduced above. In

order to investigate the feature of the original time se-

ries of visitor flow, some characteristics of the visibility

graph with 184 nodes and 676 edges are explored as

follows.[2]

Fig. 4. (colour online) Network mapped from the time series of daily visitor volume of Expo 2010. The 184 nodes

correspond to the days in the exhibition period, and the edges are established according to the visibility algorithm.

1) Average degree of network ⟨k⟩, which is the

mean value of degrees of all the nodes in the network,

is ⟨k⟩ =
N∑
i=1

ki

/
N = 7.348.

2) Average clustering coefficient ⟨C⟩, which is the

mean value of clustering coefficients of all the nodes

in the network, is ⟨C⟩ =
N∑
i=1

Ci

/
N = 0.789.

3) Diameter of network D, which is the maximal

distance between any pair of nodes, is D = max
i,j

dij =

8, where dij refers to the number of edges on the short-

est path connecting nodes i and j.

4) Average path length L, which is the mean

value of the distance between any pair of nodes, is

L =
2

N(N + 1)

∑
i≥j

dij = 3.447.

5) Degree distribution P (k) is the probability of a

certain node to have degree k. In a scale-free network,

the degree distribution obeys a right-skewed power law

P (k) ∝ k−γ . For reducing the noise, we study the ac-

cumulative degree distribution, which obeys a power

law P (k) = 44.25k−2.37 with R2 = 0.991. Therefore,

the visibility graph is scale-free.

6) The small-world effect. We calculate the aver-

age path length step by step while increasing the total

number of nodesN in the network. If L increases loga-

rithmically with N increasing, namely, L(N) ∝ lnN ,

or slower, and the network keeps a large clustering

coefficient at the same time, then the network is con-

sidered to have the feature of small world. As shown

in Fig. 5(b), it can be observed that L increases with

N more slowly than that in the logarithmical pattern,

verifying that the visibility graph is a small-world net-

work.

7) Hierarchical structure. The weighted average

values of clustering coefficients of nodes with degree k

are calculated as C̄(k) = ⟨C|k⟩ =
n∑

i=1

Ci

/
n, where n

refers to the number of different clustering coefficients

that a node with degree k has. The network is consid-

ered to be hierarchically constructed if C̄(k) ∝ k−α.

In our case, C̄(k) = 5.597k−0.97.

8) The Pearson correlation coefficient r.[17] There

are many hub nodes in a scale-free network, which

have much larger degrees than the other nodes.

Whether the interaction among the hubs of the net-

work is attractive or repulsive can be determined from
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the correlation between the degrees of different nodes.

The degree correlation can be quantified by the Pear-

son correlation coefficient defined as

r =

N−1
∑
i

k1k2 −

[
N−1

∑
i

1

2
(k1 + k2)

]2

N−1
∑
i

1

2

(
k21 + k22

)
−

[
N−1

∑
i

1

2
(k1 + k2)

]2 ,

where k1 and k2 are the degrees of the nodes at the

two ends of edge i. It can be deduced from the result

of r = 0.115 that the network is positively correlated

with the hub nodes being attractive to each other.

9) Nearest neighbors average connectivity.[18]

The relation of degree between one node and its

nearest neighbors can be measured by quantity

⟨Knn⟩ =
∑
k′

k′P (k′|k), where the conditional prob-

ability P (k′|k) denotes the probability of a node with

degree k connecting to a node with degree k′. There-

fore, ⟨Knn⟩ is used to investigate the relation between

the degree of a certain node and the average degree

of its nearest neighbors. From Fig. 5(d), we can see

clearly that ⟨Knn⟩ and k are positively correlated.
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Fig. 5. (colour online) Topological features of the visitor flow network. Panel (a) shows that the accumulative degree

distribution obeys a power law with exponent −2.37. Panel (b) shows that the average path length grows with the

total number of nodes in the network more slowly than that in the logarithmical pattern, implying that the network

is a small-world one. Panel (c) shows that the weighted average value of the clustering coefficients decreases with the

degree obeying a power law with an exponent near to 1, suggesting that the network is hierarchically constructed. In

panel (d), ⟨Knn⟩ versus k shows the positive relation of degree between a node and its neighbors.

From the topological parameters calculated

above, some explanations and conclusions can be given

as follows.

Firstly, the visibility graph being a scale-free net-

work verifies that the time series of the Expo visi-

tor flow shows fractal characteristics. This result con-

firms the fact that the power-law degree distribution

is related to fractality, which has been intensively dis-

cussed recently.[9,11−14,19−22] More accurately, the to-

tal degree of the top 29 nodes each with a degree no

less than 10 accounts for up to 36.1% of the total de-

gree of the whole network, and the average degree of

the remaining 155 nodes is only 5.574, obviously show-

ing the inhomogeneity of the degree distribution.

Secondly, the fact that the network has a large

clustering coefficient and a small average path length

growing slowly with the total number of nodes verifies

the small-world phenomenon, which means that there
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is a tight connection between the nodes even they are

located far away from each other, since there are vis-

ibility lines between the corresponding data points in

the time series. Consequently, it can be deduced that

there is a certain relation between the quantities of vis-

itor flow at different exhibition times. In other words,

it is not random or unconnected between the past and

the future in the time series of human behaviors.

Thirdly, it can be inferred from the result C̄(k) =

5.597k−0.97 that the visibility graph is hierarchically

constructed, which means that if a node in the network

has a larger degree, its neighbors do not tend to con-

nect with each other. The nodes with larger degrees

are the ones that have relatively greater observations

in the time series than their directly connected and

even unconnected neighbors. These extreme points

correspond to the hub nodes in the scale-free network.

For example, node 15 has a comparatively high degree

k = 18 and a low clustering coefficient C = 0.261, and

there are 335300 visitors on 15 May, much larger than

the numbers of visitors of its neighbor nodes. (There

are 163000, 180400, 180100, 215500, 240300 visitors

on the 5 days before 15 May and 241500, 236400,

261900, 290600, 296400 visitors after 15 May respec-

tively. Obviously, the daily visitor numbers are signif-

icantly smaller but more uniform before and after 15

May.) Correspondingly, node 15 has many neighbors

in the network which are separated into two parts and

connected with each other with a small probability.

Thus, it can be concluded that it is inevitable that

some extreme visitor volumes will be shown in the ho-

mogeneous flow on such a pattern.

Finally, the result r = 0.115 means that the net-

work is assortative mixing, namely, the nodes with

high degrees tend to link with the nodes also having

high degrees. Moreover, the fact that ⟨Knn⟩ and k are

positively correlated implies that the larger degree a

certain node has, the larger the average degree of its

neighbors is. To make the statement clearer, the re-

lation between the node degree in the network and

the average visitor volume in the time series is dis-

cussed. As shown in Fig. 6, generally, the nodes with

larger degrees correspond to the data points with more

visitors. To sum up, the clustering phenomenon of

the hub nodes in the network means that the extreme

points in the time series appear in the form of group,

in other words, a large visitor flow is always accom-

panied with other large visitor flows. Consequently,

there are some consecutive periods of extreme visitor

volumes in the whole exhibition, for instance, from 14

October to 24 October with an average daily visitors

of 726255 and from 10 July to 28 July with an average

daily visitors of 466942.
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Fig. 6. Node degrees positively correlated with visitor

volumes.

In conclusion, the visibility graphs converted from

the time series are scale-free, have the small-world

effect, and are hierarchically constructed. Thus the

original time series are deemed to have a fractal fea-

ture, and there is a close relationship among the data

points, especially those extreme points. Furthermore,

the extreme visitor volumes are unavoidable and ap-

pear successively for several days.

5. Forecasting of Expo visitor vol-

ume

The time series analysis provides a method of us-

ing past observations collected at regular intervals to

make a quantitative prediction about future events.

Our study on the visitor flow pattern is also aimed at

providing some help for forecasting the future visitor

volume, which has a realistic significance. The fact

that the visitor volume is influenced by many inter-

weaving factors, such as weekday, holiday, weather,

traffic, and designated days or standard days, makes

accurate forecasting almost impossible. For simplicity,

the classic time series forecasting method is used to

predict future visitor volumes, and only the influence

of the weekday is taken into account in our prediction

below.

Firstly, the adjustment coefficients based on week-

days are calculated as

ck = X̄k/X̄, k = 1, 2, . . . , 7,

where X̄k and X̄ refer to the average visitor volumes

of each day in a week and the whole first month. All

the results are listed in Table 2.
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Table 2. Total and daily average visitors in May and the adjustment coefficients.

Mon. Tues. Wed. Thur. Fri. Sat. Sun. Sum

Number of days 5 4 4 4 4 5 5 31

Total visitors 1173100 936700 913100 1009100 1098700 1618200 1285500 8034400

Average visitors 234620 234175 228275 252275 274675 323640 257100 259174

Coefficients 0.9053 0.9035 0.8808 0.9734 1.0598 1.2487 0.9920

Then the linear regression is performed to predict

the (i+ k)-th visitor volume based on the data of the

former k days. Here we take k = 10, since 10 days

is the cycling period obtained in Section 3 and it can

minimize the prediction error. In order to make the

prediction more accurate, the results are revised by

the corresponding adjustment coefficients calculated

above. Figure 7 shows the prediction results. It is

clear that our forecasting values are very close to the

real observed data, especially when the daily values

are accumulated during a period of 10 days. Com-

paring the results of adjusted values and unadjusted

ones, we find that such a revision can bring down the

deviation of the forecasting value from the observed

data by nearly 7%.
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Fig. 7. (colour online) (a) Daily and (b) accumulative

observation values (blue) and forecasting values (red) of

the Expo visitor volume.

In summary, just as mentioned above, it is diffi-

cult to forecast future visitor volume accurately due to

so many complicated factors, such as the unexpected

but inevitable extreme visitor volume discussed in Sec-

tion 5. When performing the prediction, we should

not only use the well established methods, but also

draw lessons from the historical experiences to make

the prediction more flexible and accurate. For in-

stance, we know from Expo 2008 that the visitor flow

would increase significantly at the end of the exhibi-

tion period.

6. Discussion and conclusion

Expo 2010 in Shanghai, China, was a wonderful

event, with a grand scale, long exhibition period, and

a huge amount of visitors, leaving us with good mem-

ories and valuable experiences. In our research, the

visitor flow is investigated from three different view-

points.

First, the general feature of the daily visitor vol-

ume is discussed from the perspective of statistical

and time series analyses. The results of mean value,

standard deviation, Hurst exponent, and cycle length

verify that the Expo visitor flow shows mixed proper-

ties of stability in the long term and fluctuation in the

short term.

Second, the complex network converted from the

time series using the visibility algorithm exhibits a

scale-free property, the small-world effect, and a hi-

erarchical structure, which confirms that the original

time series is fractal and the data points are inten-

sively connected with each other. Furthermore, the

relations between the degree of one node and that of

its neighbors, the degree and the clustering coefficient,

as well as the degree and the visitor volume prove that

the extreme visitor volumes are inevitable and appear

in groups.

Third, the linear regression is performed to fore-

cast the next-day visitor volume based on the previ-

ous 10-day data. In particular, the results are revised

by using the adjustment coefficients according to the
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week, which is verified to be an effective way to reduce

the prediction error.

The method and the conclusion of our work may

be helpful for managing and forecasting visitor flow,

hiring staff and security guards, recruiting volunteers,

designing pavilion structure, and so on, in large-scale

exhibitions, spots meetings, or other human repeti-

tious behaviors on a collective level. Moreover, our

work may enrich the research of the correlation be-

tween the time series and complex networks. When

the converted visibility graph is verified to be scale-

free, how to make use of the topological structure and

the dynamical mechanism of the complex network, as

well as the fractal feature of the time series to perform

the prediction, is worth further discussion.
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