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Abstract. Extensive analysis of human electronic footprints is of great
importance for unveiling the patterns of collective reactions to extreme
events. Several empirical results have been reported to reveal the influ-
ence of different scale events on human behavior using various social
media datasets. But there is a lack of understanding of the patterns
of emergency call behavior which is the direct evidence of unexpected
events encountered by citizens. Here we explore the spatial patterns of
emergency calls made by citizens in a metropolitan city in China. We find
that there is strong randomness in the spatial conversion of emergency
call behavior, the number of emergency calls made by an individual in
a specific location of an incident follows a power-law distribution, and
the spatial pattern of incident locations presents a bi-central aggrega-
tion feature. Then we propose an agent based model for the generation
of incident location series. Our work has the potential value to help the
government improve the efficiency of emergency management such as
situation analysis, resource allocation and police deployment.

Keywords: Spatial pattern · Emergency call · Random walk model ·
Human behavior simulation

1 Introduction

With the wide application of mobile phones and other social media, human
behavior can be aware through these electronic footprint data sets, which provide
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multi-dimensional information for quantitative research on human dynamics [3,
6,8,30]. Moreover, on the basis of the study of normal human behavior, many
researchers have carried out exploratory studies on the influence of unexpected
events on spatiotemporal patterns of human behavior in recent years. Their work
is of great importance to improving the efficiency of emergency management for
governments [16].

Some anomalies that are triggered by different scale of emergencies, includ-
ing sharp increased call volume [2,11,20], shortened call duration [20], anoma-
lous information diffusion [11], unusual travel pattern [19–21], higher mobility
predictability [19] and social activity [2,20], have been uncovered using mobile
phone records and applied in anomaly detection [1,5,7,26]. Some other datasets
such as Flicker [22], Twitter [18,25,27], Facebook [25], GPS [23,24] and Air
Transportation Network [29] are also used to study the influence of disasters on
social communication or human mobility [10]. Meanwhile, emergency call records
(ECR), which is considered as the direct evidence dataset of unexpected events
encountered by citizens, has been studied for sociological perspective verifica-
tion [9], hot spots analysis [14], event detection [13,15] and call center workload
prediction [4]. However, there is a lack of extensive understanding of the spa-
tiotemporal patterns of emergency call behavior [12,14,28].

In this paper, we studied the spatial patterns of emergency calls made by
citizens in a city in China. The character of strong randomness was found in the
spatial conversion of emergency call behavior. The number of emergency calls
made by an individual in a specific location of incident was detected to follow a
power-law distribution, and the spatial pattern of incident locations presented
a feature of bi-central aggregation. Then we proposed an agent based model
for the generation of incident location series. Our work has potential value in
applications in emergency management.

2 Materials and Methods

2.1 Dataset Description

To study the temporal dynamic of calling behavior in case of emergency, we
applied for the right to use two datasets which have been encrypted to eliminate
personal privacy:

(a) A dataset of ECR collected from a metropolitan city in China from Jan. 1,
2008 to Dec. 3, 2012. It contains a total of 22,358,046 incoming calls from
7,724,005 distinct phone numbers.

(b) A mobile phone signaling dataset from a Chinese operator covering ∼2 bil-
lion calling records of ∼6 million users in the city, same as dataset (a) from
August 1, 2011 to October 31, 2011.
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2.2 Methods

Data Preprocessing. We have collected the geographic coordinates of the
incident locations from valid emergency call records in dataset (a). We focused
our study on urban areas and finally obtained a dataset of 4,836,065 emergency
call records with valid incident locations from 2,357,361 individuals.

The home and workplace of the individuals were extracted from dataset
(b) using the similar method as described in [17]. Differently, we assigned the
daytime and nighttime periods with 9 a.m. to 5 p.m. and 10 p.m. to 6 a.m. on
weekdays, respectively to identify home and workplace.

Statistics for Incident Locations. The displacement Δr is defined as the
distance between two consecutive incident locations of an individual. The trajec-
tory of emergency call behavior is formed by an individual’s consecutive incident
locations, and its radius of gyration is defined as

rg =

√
√
√
√ 1

C

C∑

i=1

(−→ri − −−→rcm)2, (1)

where −→ri represents the i = 1, . . . , C incident locations recorded for the individ-
ual and −−→rcm = 1

C

∑C
i=1

−→ri is the center of mass of the trajectory.
The number of incident locations in one trajectory is denoted as L to mea-

sure the spatial activity of emergency calls for an individual. The number of
emergency calls made at a single incident location is denoted as CL to measure
the emergency call activity at a fixed position for the individual.

Location Normalization. For investigating the aggregation characteristics of
emergency call behavior, we took home and workplace as two reference points. A
new coordinate system was constructed by mapping the geographic coordinates
of each individual’s home and workplace to (−1, 0) and (1, 0), respectively. Then
an incident location could be mapped to a point in the new coordinate system
according to its relative position to one’s home and workplace points. Moreover,
each incident location was classified as its nearer reference center defined as the
origin point of a single step. And the displacement from home(workplace) to
an incident location was denoted as Dh (Dw). The angle between the direc-
tion of home (workplace) to an incident location and the commuting direction
counterclockwise is denoted as θh (θw). The number of home (workplace) that
consecutive occurrenced in the series of reference centers for an individual is
denoted as nh (nw).

Fit Test for Simulation Analysis. The original definition of Kullback-Leibler
divergence is a non-symmetric measure of the difference between two probability
distributions P and Q:

KL(P ‖ Q) =
∑

i

P (i) log
P (i)
Q(i)

. (2)
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To evaluate the goodness-of-fit for statistical characteristics of simulation
data, the symmetrical divergence was adopted here as:

D(P ‖ Q) =
1
2
(KL(P ‖ Q) + KL(Q ‖ P )). (3)

Further, we specified the discrete random variable x(m),m = 1, 2, . . . ,M ,
whose distribution in real data is P (x(m)), and Q(x(m)|ϕ(n)) is the distribution
of simulation data generated under N groups of parameters ϕ(n), n = 1, 2, . . . , N .
Then the relative fitting deviation for distribution P (x(m)) to Q(x(m)) under the
parameter set ϕ(n) is defined as:

R(X(m)|ϕ(n)) =
D(P (X(m)) ‖ Q(X(m)|ϕ(n)))

1
N

N∑

n=1
D(P (X(m)) ‖ Q(X(m)|ϕ(n)))

. (4)

For the probability distribution of all random variables x(m) used for evalua-
tion, the average relative fitting deviation of the model under the parameter set
ϕ(n) is:

〈R〉(ϕ(n)) =
1
M

M∑

m=1

R(X(m)|ϕ(n)), (5)

which will be used as the basis for parameter optimization.

3 Empirical Results

3.1 Spatial Patterns of Emergency Call Behavior

To explore the spatial patterns of emergency call behavior, we studied the ECR
data set in the urban area of a metropolitan city in China for five years. The
distributions of displacement (Δr) and radius of gyration (rg) of trajectories
formed by incident locations were very consistent for different years. We tested
the fitnesses of these two distributions with functions of power-law (POW), expo-
nent (EXP), truncated power-law (TPL) and gauss (GAU), respectively. It was
shown that the distributions P (Δr) and P (rg) could be well fitted by the gauss

function P (x) = A√
2πσ

exp
(

− (x+μ)2)
2σ2

)

, where A = 4.021, μ = 8.873, σ = 8.989
for P (Δr) and A = 0.385, μ = 0.003, σ = 3.279 for P (rg), respectively (See
Fig. 1). It indicated that there was a strong randomness in the spatial pattern
of emergency call behavior.

The number of incident locations for an individual (L) was considered to
evaluate the activity of encountering emergency events. The distributions of L
at the aggregated level for different years were observed as a consistent power-law
decay P (L) ∼ L−α, where α ≈ 3.75 as shown in Fig. 2 (a). Meanwhile, the num-
ber of emergency calls in a single incident location for an individual (CL) also
followed a power-law distribution P (CL) ∼ C−β

L , where β ≈ 3.29 as shown in
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Fig. 1. Distributions of Δr and rg in the log-log scale at aggregated level for different
years. The tested fitting functions of exponent (EXP), power-law (POW), truncated
power-law (TPL) and gauss (GAU) are shown as blue dot, green dashed, red dot-dashed
and black solid curves, respectively. (Color figure online)

Fig. 2 (b). These phenomena indicate that the activity of emergency call behav-
ior is very inhomogeneous for individuals. Then we studied the trends of average
values of displacement (Δr), radius of gyration (rg) and the number of emer-
gency calls (Ci) for groups of individuals with the increase of L by 1 km interval.
As shown in Fig. 2 (c), 〈Δr〉 and 〈rg〉 increased rapidly and then tended to be
saturated at about 4 km. It indicated that the number of events that an indi-
vidual encountered averagely almost had no effect on the basic spatial patterns
of emergency call behavior. And the saturation value should be associated to
the scope of studied urban areas. As shown in Fig. 2 (d), 〈Ci〉 presented positive
linear correlation with L as 〈Ci〉 = kL, where k = 1.25.

Fig. 2. (a) and (b) are the distribution of L and CL in the log-log scale at the aggregated
level. (c) and (d) shows the trends of 〈Δr〉, 〈Δr〉 and 〈Ci〉 for groups with different L.
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3.2 Relative Position of Incident Location

Furthermore, we investigated the potential nonrandom characteristics in emer-
gency call behavior. Considering the randomness of emergency events that indi-
viduals encountered, the generation of incident locations was not a strict con-
tinuous process, but occured randomly around the specific centers of their daily
travel. In order to verify this hypothesis, we studied the characteristics of rel-
ative positions of incident locations, taking home and workplace for reference.
Incident locations were transformed to a new coordinate system as described
in Subsect. 2.2. The incident location points were separated into four groups by
individuals with commuting distance (Dc) in different ranges of 0 km ≤ Dc ≤
5 km, 5 km < Dc ≤ 10 km, 10 km < Dc ≤ 20 km, 20 km < Dc ≤ 30 km, respec-
tively. The normalized value of the number of incident location points in each
grid of 0.1 × 0.1 in the new coordinate system was calculated and shown as
heatmaps in Fig. 3. And we found that the spatial pattern of incident locations
at the population level presented an obvious bi-central aggregation feature.

Fig. 3. Heatmap of the number of emergency calls in a relative coordinate system for
four groups commuting distance.

To uncover the spatial patterns of the relative positions of emergency call
behavior, we classified each incident location to its closer reference center (home
or workplace). Then some statistics described in Subsect. 2.2 were calculated for
further study. The distributions of Dh and Dw were shown in Fig. 4 (a) and
(b), respectively. We tested the fitness of these two distributions with functions
of power-law (POW), exponent (EXP), truncated power-law (TPL) and gauss
(GAU). It was shown that P (Dh) and P (Dw) could be well fitted by the Gaussian
function P (x) = A√

2πσ
exp

(

− (x+μ)2)
2σ2

)

, where A = 31.02, μ = −18.98, σ = 10.04
for P (Dh) and A = 15.42, μ = −14.30, σ = 9.36 for P (Dw).

Figure 4 (c) showed the distributions of θh and θw, and the results were
represented by blue circles and red triangles, respectively. The characteris-
tics of P (θw) and P (θh) were consistent, which can be fitted by the Fourier
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series f(x) = a0 + a1cos(ωx) + b1sin(ωx) + a2cos(ωx) + b2sin(ωx), where
a0 = 0.014, a1 = −0.0044, b1 = 0.0037, a2 = 0.0046, b2 = 0.00085, ω = 0.017.
The results indicate that the incident locations are mainly concentrated in the
vicinity of the commuting direction.

Fig. 4. (a) and (b) are the distribution of Dh and Dw, separately. A power-law distri-
bution (the green dashed line), an exponential distribution (blue dot line), an exponen-
tially truncated power-law distribution (red dashed line) and a Gaussian distribution
(black line) of the two indicators are shown for fitting. (Color figure online)

In order to investigate whether the central reference point of the emergency
call behavior is random, we analyzed the incident location series around home
and workplace separately. Real data shows that the overall number of emergency
calls around the two centers is almost equal. For an individual, the consecu-
tive times of home (workplace) in the reference center sequence is identified by
nh(nw). If the conversion process of reference centers is random, the probability
distribution P (nh) and P (nw) will appear exponential decay at the aggregated
level. However, as shown in Fig. 4 (d), the patterns of P (nh) and P (nw) show two
segments of the power-law decay, and the exponents are γ1 ≈ 1.9 and γ2 ≈ 3.9,
where the inflection point is at 3. It indicates that the reference center of the inci-
dent locations where an individual makes emergency calls has a certain memory
effect. That will provide a reference for our work on model construction.

4 Model

Based on the above results, the incident locations are mainly close to one’s home
or workplace. The distribution of the total number of these locations obeys a
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power-law decay with memory effect. The displacement and the radius of gyra-
tion of trajectories obey a Gaussian distribution at aggregation level, respec-
tively. Accordingly, a model of Double Center Memory effect Random Walk
(DCMRW) was proposed to generate the spatial series of emergency call behav-
ior. Figure 5 (a) shows the simulation mechanism of the model which is assumed
as follows:

Fig. 5. (a) The DCMRW model. (b), (c) and (d) are the statistical characteristics of
real data (origin) and simulation results (model) for comparison.

(1) Each individual has a unique home and workplace, and Dc is identified as the
commuting distance, which obeys an exponential distribution Dc ∼ Exp(λ);

(2) The locations where individual makes an emergency call are switched by the
memory process, and the total number of these locations (L) is generated
by the following memory function:

p(L) =
(

L

L + 1

)ν

, (6)

where ν is the parameter to control the memory strength;
(3) πh(πw) is the probability of home (workplace) as the center for data gener-

ation, and 0 ≤ πh ≤ 1 (πw = 1 − πh). The model with πh = 0 or πh = 1
would become a single-center random walk model;

(4) The generation of consecutive incident locations for emergency call behavior
around a center is effected by a memory process, and the number of these
locations Lc is generated by the following function:

p(Lc) =
(

Lc

Lc + 1

)νc

, (7)
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where νc is the parameter to control the memory strength;
(5) The distance of an incident location away from home is generated by Gaus-

sian distribution Dh ∼ N(μh, σh) (Dh ≥ 0). And the distance from work-
place obeys the Gaussian distribution Dw ∼ N(μw, σw) (Dw ≥ 0) in the
same way;

(6) The angle θh and θw obey the following Fourier function:

f(x) = a0 + a1cos(ωx) + b1sin(ωx) + a2cos(ωx) + b2sin(ωx). (8)

Through the simulation by model with parameters πH = 0.5, λ = 0.20, ν =
2.28, νc = 2.9, μH = −19, σH = 10, μw = −14.3, σw = 9.36, a0 = 0.014, a1 =
−0.0044, b1 = 0.0037, a2 = 0.0046, b2 = 0.00085, ω = 0.017, we collected about 1
million emergency call records from 0.5 million individuals. The spatial patterns
of the real data can be well fitted by our simulation results as shown in Fig. 5
(b–d), which verified the effectiveness of the model.

Focusing on the parameters λ, ν, νc, μH , σH , μw and σw, the fitting effect of
simulation results generated by our model is measured by the method given in
Subsect. 2.2. The referenced distributions include the probability distribution of
the number of incident locations P (L), the probability distribution of displace-
ment P (Δr) and the probability distribution of radius of gyration P (rg). As
shown in Fig. 6–Fig. 9, the results (origin) of the real data, which is collected
from N = 100, 000 sampling individuals as a reference, are represented by black
circles. The simulation results of model with different parameter values are rep-
resented by magenta triangle, yellow star, red cross, green square, blue diamond,
etc. Detailed analyses of the parameters are as follows:

Fig. 6. The comparison of reproducing spatial patterns with different λ.

(1) λ: As shown in Fig. 6, λ has little effect on P (L), but it has significant affect
on the fitting goodness of the tail of P (Δr) and P (rg). It indicates that
with the increase of the average value of commute distance for agents, the
generation probability of larger value of displacement and gyration radius
will also increase. According to the results of KL-divergence given in Table 1,
λ = 0.20 is the best choice for parameter to fit the real patterns, which means
the average value of commute distance 1

λ in real data is about 5 km.
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Table 1. The comparison of fitting results for reproducing spatial patterns by model
with different λ.

λ D(P (L) ‖ Q(L|ϕ)) D(P (Δr) ‖ Q(Δr|ϕ)) D(P (rg) ‖ Q(rg|ϕ)) 〈R〉
0.33 5.9 × 10−4 0.0430 0.0101 1.3900

0.25 3.9 × 10−4 0.0232 0.0055 0.8076

0.20 3.4 × 10−4 0.0032 0.0003 0.3078

0.17 3.6 × 10−4 0.0342 0.0046 0.8466

0.14 4.9 × 10−4 0.0662 0.0122 1.6479

Fig. 7. The comparison of reproducing spatial patterns with different ν and νc.

Table 2. The comparison of fitting results for reproducing spatial patterns by the
model with different ν.

ν D(P (L) ‖ Q(L|ϕ)) D(P (Δr) ‖ Q(Δr|ϕ)) D(P (rg) ‖ Q(rg|ϕ)) 〈R〉
1.5 0.1220 0.0105 0.0922 1.4408

2 0.0129 0.0142 0.0136 0.4965

2.28 0.0003 0.0032 0.0003 0.0812

3 0.0408 0.0078 0.0291 0.5746

4 0.1808 0.0328 0.1145 2.4069

Table 3. The comparison of fitting results for reproducing spatial patterns by the
model with different νc.

νc D(P (L) ‖ Q(L|ϕ)) D(P (Δr) ‖ Q(Δr|ϕ)) D(P (rg) ‖ Q(rg|ϕ)) 〈R〉
2 4.0 × 10−4 0.0052 0.0012 0.5895

2.9 3.4 × 10−4 0.0032 0.0003 0.3649

4 4.4 × 10−4 0.0232 0.0030 1.2415

5 4.8 × 10−4 0.0286 0.0028 1.3419

6 5.4 × 10−4 0.0284 0.0033 1.4622
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(2) ν, νc: As shown in Fig. 7(a)-(c), ν has little effect on P (Δr), but can affect
the exponent of power-law function P (L) and the proportion of the number
of agents with small radius of gyration. It indicates that with the increase
of ν, the memory effect on generation of incident locations will be stronger
and the scope of emergency call activity for agents will also increase. As
shown in Fig. 7(d)-(f), although νc potentially affects the memory strength
of generation of incident locations around a single-center for an agent, it
has no significant impact on patterns of P (L), P (Δr) and P (rg) at the
aggregated level. According to the results of KL-divergence given in Table 2
and Table 3, the parameters ν ≈ 2.28 and νc ≈ 2.9 are the best choices for
the model to fit the real patterns.

Fig. 8. The comparison of reproducing spatial patterns with different μH and μW .

Table 4. The comparison of fitting results for reproducing spatial patterns by the
model with different μH .

μH D(P (L) ‖ Q(L|ϕ)) D(P (Δr) ‖ Q(Δr|ϕ)) D(P (rg) ‖ Q(rg|ϕ)) 〈R〉
−40 5.1 × 10−4 0.0044 0.0005 0.4605

−30 5.4 × 10−4 0.0035 0.0004 0.4548

−19 3.4 × 10−4 0.0032 0.0003 0.3117

−10 5.7 × 10−4 0.0051 0.0012 0.5476

0 4.7 × 10−4 0.0122 0.0071 0.9113

10 6.1 × 10−4 0.0574 0.0352 3.3143

(3) μH , μW : As shown in Fig. 8, μH and μW have no effect on P (L). If μH > 0
and μW > 0, the distribution P (Δr) and P (rg) for simulation data will
deviate from real patterns significantly. Meanwhile, if μH < 0 and μW < 0,
the spatial patterns of real data can be fitted well, but small μH and μW
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Table 5. The comparison of fitting results for reproducing spatial patterns by the
model with different μW .

μW D(P (L) ‖ Q(L|ϕ)) D(P (Δr) ‖ Q(Δr|ϕ)) D(P (rg) ‖ Q(rg|ϕ)) 〈R〉
−35 4.9 × 10−4 0.0402 0.0061 0.6386

−25 5.2 × 10−4 0.0167 0.0024 0.4912

−14.3 3.4 × 10−4 0.0032 0.0003 0.2646

−5 4.7 × 10−4 0.0404 0.0111 0.7159

5 4.9 × 10−4 0.2842 0.0718 2.8898

will cause the simulation to generate a large number of negative samples
which will be discarded. According to the results of KL-divergence given in
Table 4 and Table 5, the parameter μH ≈ −19 and μW ≈ −14.3 are the best
choices for model to fit the real patterns.

Fig. 9. The comparison of reproducing spatial patterns with different σH and σW .

(4) σH , σW : As shown in Fig. 9, σH and σW have no effect on P (L). If the values
of σH and σW are large, the distribution P (Δr) and P (rg) for simulation
data will deviate from real patterns significantly. Meanwhile, if σH and σW

are small, spatial patterns of real data can be fitted well, but it will also
cause the simulation to generate a large number of negative samples which
will be discarded. According to the results of KL-divergence given in Table 6
and Table 7, the parameters σH ≈ 10 and σW ≈ 9.36 are the best choices
for the model to fit the real patterns.
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Table 6. The comparison of fitting results for reproducing spatial patterns by the
model with different σH .

σH D(P (L) ‖ Q(L|ϕ)) D(P (Δr) ‖ Q(Δr|ϕ)) D(P (rg) ‖ Q(rg|ϕ)) 〈R〉
6 4.9 × 10−4 0.0151 0.0021 0.6237

8 3.6 × 10−4 0.0041 0.0004 0.3416

10 3.4 × 10−4 0.0032 0.0003 0.3129

12 4.5 × 10−4 0.0477 0.0092 1.2171

14 4.6 × 10−4 0.1121 0.0242 2.5047

Table 7. The comparison of fitting results for reproducing spatial patterns by the
model with different σW .

σW D(P (L) ‖ Q(L|ϕ)) D(P (Δr) ‖ Q(Δr|ϕ)) D(P (rg) ‖ Q(rg|ϕ)) 〈R〉
5 5.0 × 10−4 0.0217 0.0037 0.6889

7 5.6 × 10−4 0.0039 0.0013 0.4571

9.36 3.4 × 10−4 0.0032 0.0003 0.2633

11 7.4 × 10−4 0.0451 0.0085 1.2740

13 4.3 × 10−4 0.1080 0.0234 2.3168

5 Conclusions

It is of great importance to capture and simulate human behavior to understand
the internal mechanism of an emergency. Nowadays, electronic footprint data
provides necessary materials for revealing the impact of emergencies on human
behavior patterns. This paper explored the spatial patterns of emergency calls
made by citizens in a metropolitan city in China using emergency call records and
mobile phone signaling data. By measuring the spatial statistical characteristics
of emergency calls, we find that there is a strong randomness in this behavior,
but the number of emergency calls made by an individual in a specific location
follows a power-law distribution, and the spatial pattern of incident locations
presents a bi-central aggregation feature. These patterns provide the possibility
to predict the trajectory of emergency call behavior. Then we propose an agent
based model named DCMRW for the generation of incident location series. The
effectiveness of the generation mechanism of our model has been verified by
simulation experiments.

Our work could benefit to improve the efficiency of emergency management
from the following aspects: situation analysis, resource allocation and police
deployment.
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