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Mining individuals’ commute routes has been a hot spot in recent researches. Besides the significant impact on human mobility
analysis, it is quite important in lots of fields, such as traffic flow analysis, urban planning, and path recommendation. Common
ways to obtain these pieces of information are mostly based on the questionnaires, which have many disadvantages such as high
manpower cost, low accuracy, and low sampling rate. To overcome these problems, we propose a commute routes recoveringmodel
to recover individuals’ commute routes based on passively generated mobile phone data. The challenges of the model lie in the low
sampling rate of signal records and low precision of location information frommobile phone data. To address these challenges, our
model applies twomainmodules.The first is data preprocessingmodule, which extracts commute trajectories from raw dataset and
formats the road network into a better modality. The second module combines two kinds of information together and generates
the commute route with the highest possibility. To evaluate the effectiveness of our method, we evaluate the results in two ways,
which are path score evaluation and evaluation based on visualization. Experimental results have shown better performance of our
method than the compared method.

1. Introduction

Humanmobility has been a significant research area in recent
years. An improved understanding of human mobility is
meaningful in lots of fields, such as predicting the spread
of disease, evaluating the effect of human travel on the
environment, and urban planning.

Common questionnaire based ways to obtain the infor-
mation of human mobility have quite a lot of flaws. Dealing
with questionnaires can cost huge amount of manpower and
spend quite a lot of time. Due to the huge cost of manpower
and time, the number of samples is limited. Another problem
is that people are easily affected by subjective factors which
can make the result of the questionnaire unstable. To address
all these problems, there are plenty of researches studying
human mobilities based on GPS data [1] and taxi location
trajectories data [2]. But these data have one big flaw,
which is that they cannot cover the people wildly enough.
Differently, mobile phone users have a wild coverage not
only in developed countries but also in developing countries.

Besides, mobile phone data contain rich information that
can be used in multiple domains, such as revealing people’s
travel trajectory [3, 4], mining important locations [5],
finding the spatial nature of human mobility [6], assisting
the demographic census [7], and studying communication
network [8].

Due to the wide coverage and tremendous informa-
tion embedded, mobile phone data are quite suitable for
analysing human mobilities. Individual’s commute route is
an important part of human mobility. Specifically, knowing
people’s commute routes has great importance in terms of
at least three conspicuous aspects: (1) traffic flow analysis:
we can infer each road segment’s level of congestion from
multiple people’s commute routes; (2) urban planning: after
the new road is mended, we can observe whether there
is a change of individuals’ commute routes so as to judge
the effectiveness of the new mended road; (3) personalized
services: according tomany other people’s common commute
routes, individuals can be recommended commute routes and
way of transportation based on their home and work places.
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We are facing three main challenges. (1) The first is the
low precision of location information embedded in the data.
We can only use the cell towers coordinates to approximately
represent people's real history locations. And all the cell
phones within the distance of 1000 meters from the tower
can receive its signal. So this will cause the low precision of
location information. (2) The second challenge is that the
time interval between two adjacent signal records of one
mobile device can be quite long, which sometimes can reach
one hour. So the sampling rate of the location trajectory
is extremely low. (3) The third challenge is from the fact
that people may have multiple commute paths. Changing
the transportation tools always means changing the route,
so finding the most possible path from all the overlapping
everyday commute paths is our last challenge.

Facing all these challenges, we propose a commute routes
recoveringmodel to recover individual’s commute route from
mobile phone data. The model includes two main modules:
data preprocessing module and map matching module. The
first module extracts commute trajectories from raw dataset
and formats the road network into a better modality. The
second module combines two kinds of information together
and generates the commute route with highest possibility.
To the best of our knowledge, this is the first work focusing
on recovering commute routes through mobile phone data
of multidays. On the whole, this paper offers the following
contributions:

(i) We design a data preprocessing module to form the
data into suitable modalities for the route recovering
task. For the mobile phone data, we apply the leader
clustering algorithm to cluster the nearby cell towers
and adopt an important location detecting strategy
to find individual’s home and work place. For the
road network data, we design one road segmentation
algorithm and one road merging algorithm to format
the road segments.

(ii) We design the map matching module which firstly
fuses the trajectory information extracted from
mobile phone data with real world road network
data and then adopts a path generating algorithm to
generate the path with highest possibility.

(iii) To evaluate the effectiveness of the proposed model,
we design two evaluating methods: path score eval-
uation and evaluation based on visualization. The
path score evaluation calculates one score for each
path, which considers the number of nearby cell
towers of each path. Then we design the visualizing
part drawing all the related data on the map to
show the whole process of path recovering. This can
directly and clearly show the relevance between the
raw trajectory data and the generated commute path
and can prove the better performance of our model.

The rest of this paper is structured as follows. Section 2
reviews the related work. Section 3 describes the mobile
phone data and the real world road network data we used
in this paper. We introduce the whole framework of the
proposedmethod for recovering individual’s commute routes

in Section 4. Section 5 shows the experimental results and
visualization of all the commute information. And the paper
is concluded in Section 6with a brief discussion of limitations
and directions of future research.

2. Related Work

2.1. Application ofMobile PhoneData. Applications ofmobile
phone data have been a hot spot of research areas in recent
years, which is mainly due to the wild coverage of mobile
devices among people. Besides, there is rich information
embedded in the mobile phone records which can be used in
multiple domains, such as revealing peoples travel trajectory
[3, 4], mining important locations [5], finding the spatial
nature of human mobility [6], assisting the demographic
census [7], protecting the identity, location, and sensitive
information [9], and studying communication network [8].

Researches on human mobilities mainly focus on mining
peoples mobility patterns [10, 11] and identifying important
locations [12]. Differently, our work focuses on the specific
commute routes of people which is quite meaningful in
transportation-related areas.

2.2. Multimodal Data Fusion. With the era of big data com-
ing, multiple kinds of data have been generated in different
domains. Researchers from all over the world try to solve
problems based on various data. Data from different domains
always havemultiple modalities, each of which has a different
representation, distribution, scale, and density [13].

To find the traffic regularity between city areas, Zheng et
al. [14] adopted a two-stage model, which firstly partitions
a city into regions by major roads using map segmentation
method [15] and then maps the GPS trajectories of taxicabs
onto the regions to formulate a region graph. DNN-based
model can be used to learn new feature representations
through data with samemodality [16, 17] and data with differ-
ent modalities [18, 19] while concerning data privacy [20, 21].
Xin et al. [22] present a multisource active transfer learning
framework for entity resolution task. Blum and Mitchell [23]
employ cotraining method using a large unlabeled sample
to boost performance of a learning algorithm when only a
small set of labeled examples is available.Wang et al. [24] fuse
multiple features in face recognition task. A new method for
multiview dimensionality reduction is proposed by Zhang et
al. [25]. Zhang et al. cluster incompletemultimedia data based
on tensor distance [26, 27]. Rong et al. [28] utilise association
rules to add group information to personal profiles.

In our work, we fuse cell tower location trajectories with
real world road network data by the transfer matrix defined
in our proposed model, which is different with existing
approaches.

2.3. Map Matching. Map matching problem refers to the
task of matching a raw trajectory to roads on a digital
map. Map matching algorithms can be categorized into
local/incremental algorithms [29] and global algorithms [30]
according to the range of sampling points considered when
matching the trajectories [31].
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Yuan et al. [32] propose an Interactive Voting-BasedMap
Matching algorithm to solve the problemof low sampling rate
GPS trajectories. GPS signal is recorded no longer than every
2 minutes, but the time interval between two mobile phone
records can be nearly half an hour. And considering the
low precision of location information, traditional methods
cannot be used on the mobile phone data.

Thiagarajan et al. [33] propose an energy-efficient system
for trajectory mapping using raw position tracks obtained
largely from cellular base station fingerprints. The mobile
phone data used in their work have a much higher signal
sampling rate which are different from the data recorded by
the real mobile operators, so they could reconstruct the route
just based on one day trajectory. Ourwork is based on the real
world mobile phone data which means the sampling rate is
extremely low, so we combine the trajectories in multidays to
increase transfer information. To the best of our knowledge,
our work is the first to recover people’s commute routes based
on multidays’ mobile phone data.

3. Data Description

In this section, we introduce two datasets used in this paper,
which are mobile phone dataset and road network dataset.
We extract individuals commute trajectories in multiple days
frommobile phone dataset. The road network dataset is used
to map the cell tower trajectories to real world road paths.

3.1. Mobile Phone Dataset. The mobile phone data used in
this paper were collected during the period fromOctober 24,
2013, to March 24, 2014, in Wuxi, China, containing about
six million users equally spread over space. All the users can
totally generate 40 million raw records each hour everyday
which include huge amount of location information recorded
in form of cell-id, area-id which can singly represent one
cell tower. Based on the geographical data which contain
the coordinate of each cell tower, we can easily transfer
the cell tower id into coordinates. Each record in the raw
dataset contains four parts: user id, cell tower id, time stamp,
and tag. The time stamp can record the precise time when
this record was recorded. The tag shows the specific activity
one record stands for. The records are generated when the
users are engaged in communication via the cellular network.
Specifically, the records are recorded at the beginning and
the end of each voice call placed or received, when a short
message is sent or received, and when Internet is connected.
So the cell tower’s coordinate can approximately represent the
user’s history locations.

To better overcome the challenge of low sampling rate
in our experiment, we tend to choose the devices that can
generate stable and adequate data.The rule is that the chosen
devices need to be recorded at least 24 records in each
day during the selected period. Besides, we remove the
individual’s data whose home and work place are the same.

Administrative region ofWuxi includes three main parts:
two small towns and one larger city. Figure 1 shows the spatial
distribution of cell towers in Wuxi; as we can see, urban area
has higher density of towers than the suburb area.

Figure 1: Spatial distribution of cell towers.

Figure 2: Real world road network in Wuxi.

3.2. Road Network Dataset. The road network dataset used
in our work contains real world road information in Wuxi.
Figure 2 shows the spatial distribution of all the road
segments. Similarly, there are much more road segments
in urban areas than the suburb. Each road segment in the
dataset includes multiple points which are sampled from the
corresponding real world road. The length of each raw road
segment varies a lot. And there are 12158 road segments in
the dataset. Based on the dataset we can take the whole
information of real world roads into consideration when
generating the commute routes of individuals.

Due to the information privacy concern, all the data are
anonymous; we note that no private data are used in the
experiment.

4. Model

As is shown in Figure 3, the framework of commute route
recovering model contains two main modules: data prepro-
cessing module and map matching module.

Data preprocessing is the first step of the proposed
method for recovering individuals commute route. Data
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Figure 3: Framework of commute route recovering model.

preprocessing module contains two main parts: trajectory
extraction and road network formation. Trajectory extraction
submodule includes three steps: raw data clustering, impor-
tant location detection, and commute trajectory extraction,
aiming to extract individuals’ everyday paths from home
to work place in form of cell group trajectories. Then the
road network formation submodule contains two steps:
road segmentation and road merging. This module aims to
reconstruct the raw roadnetwork data into suitable formation
which can reduce the calculating time and increase the
accuracy of the result.

Map matching module includes two steps. The first step
is mapping commute trajectories to the real world road
segments so as to generate the road segments transfer matrix,
which is the key point for multidays data fusion task. And
the second step is generating the commute paths in form of
continuous road segments trajectories based on the transfer
matrix.

4.1. Trajectory Extraction. To recover individual’s commute
route which specifically refers to the path between home
and work place, we firstly extract individual’s history location
trajectories from raw mobile phone dataset. As is mentioned
above, each location point in the trajectories represents one
cell tower id which can be transferred to its corresponding
coordinate (longitude, latitude). Let 𝑠𝑒𝑞𝑖 denote a sequence of
records of user 𝑖 in one day such as 𝑠𝑒𝑞𝑖 = {𝑙𝑖1, 𝑙

𝑖
2, . . . , 𝑙

𝑖
𝑛}, where

𝑙𝑖𝑘 is the kth location of user 𝑖. This is the raw trajectory that
we can easily obtain from the raw dataset. Then the module
aims to transfer 𝑠𝑒𝑞𝑖 = {𝑙𝑖1, 𝑙

𝑖
2, . . . , 𝑙

𝑖
𝑛} to 𝑠𝑒𝑞𝑖 = {𝑔𝑖1, 𝑔

𝑖
2, . . . , 𝑔

𝑖
𝑛},

where 𝑔𝑖𝑘 represents the kth group of several nearby locations
which is generated by the clustering step and 𝑔𝑖1 represents
the location of home and 𝑔𝑖𝑛 represents the location of work
place which are detected by the important location detection
module.

4.1.1. Leader Clustering. Figure 4 shows one person’s history
locations in multiple days. Each yellow point represents one
cell tower and the size of the point is proportional to the
number of records recorded by the corresponding cell tower,
which means the bigger the point is, the more possible one

Input: all the points of one person, denote as P
Output: all the groups of one person, denote as G;
(1) while 𝑃.size! = 0 do
(2) 𝑃𝑙𝑒𝑎𝑑𝑒𝑟 = SelectLeader(𝑃)
(3) 𝑃.remove(𝑃𝑙𝑒𝑎𝑑𝑒𝑟)
(4) nearbyPoints = selectNearbyPoints(𝑃)
(5) 𝑔𝑟𝑜𝑢𝑝𝑖.addAll(nearbyPoints)
(6) 𝑃.removeAll(nearbyPoints)
(7) end while

Algorithm 1: Leader clustering algorithm.

person will appear at that area. In the real world, a motionless
mobile phone device may contact with different cell towers
at different time and the cell tower reselection often happens
where cell towers’ coverage overlaps with others, so two
nearby points in the map may be generated by users in the
one single place and should be clustered in one single group.

We apply leader clustering algorithm [34] to cluster
nearby cell towers into corresponding groups to handle the
cell tower reselection problem. The reason we choose leader
clustering algorithm is that it does not require the clusters’
number before clustering but needs a weight for each point
so as to pay more attention to the leader points, which is
exactly suitable for this problem. As is mentioned above, each
point has one value which represents the number of records
recorded by the corresponding cell tower and we use this
value as the weight of each point. The time complexity of
leader clustering algorithm is𝑂(𝑁𝑝×𝑘), where𝑁𝑝 represents
the number of all points and 𝑘 refers to the total number of
clusters and the space complexity is 𝑂(𝑁𝑝).

As is shown in Algorithm 1, we firstly select one leader
among all the points that have not been clustered based on
the weight of each point; then we put all the nearby points
which are within the distance of 300 meters from the leader
into one group. We keep doing this procedure until all the
points have been grouped. Figure 4 shows all the groups of
one person’s history locations, each member of the group is
connected by lines, and the leader of the group is covered by
a blue circle.
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Figure 4: Cell groups after leader clustering.

Choosing a suitable radius in the clustering process
is necessary. But the difficulty is that different areas have
different number of cell towers; for example, urban area
contains more towers than the suburban area. The average
distance between each pair of cell towers is less than 1 km.
We tried a range of radius to do the clustering and found that
300m performs well in our experiment.

4.1.2. Important Location Detection. To extract the cell group
trajectory from home to work, we firstly need to find out
where home and workplace is. Intuitively we believe that
people will stay at home and workplace much longer than
other places, so there should be more records recorded
around these important places. After the clustering, we treat
the group of cell towers as the smallest unit representing
individual’s history locations. To find out people’s home
and workplace, we adopt a simple but useful strategy. As
mentioned by Isaacman et al. [12], most of people spend the
leisure time between 7 p.m. and 6 a.m. at home and spend
the work time between 1 p.m. and 5 p.m. at workplaces. So we
calculate𝑅𝑖 for each groupwhich represents the total number
of records recorded by all the cell towers in the group during
specific period. Home is detected as follows:

ℎ𝑜𝑚𝑒 = {𝑔𝑟𝑜𝑢𝑝𝑖 | max (𝑅𝑖) ∩ 𝑡 ⊂ 𝐻𝑜𝑚𝑒𝑇𝑖𝑚𝑒} . (1)

Similarly, workplace is selected as follows:

𝑤𝑜𝑟𝑘 = {𝑔𝑟𝑜𝑢𝑝𝑖 | max (𝑅𝑖) ∩ 𝑡 ⊂ 𝑊𝑜𝑟𝑘𝑇𝑖𝑚𝑒} . (2)

4.1.3. Commute Trajectory Extraction. Through clustering
step, we can transfer individual’s everyday sequence 𝑠𝑒𝑞𝑖 =
{𝑙𝑖1, 𝑙
𝑖
2, . . . , 𝑙

𝑖
𝑛} to 𝑠𝑒𝑞𝑖 = {𝑔𝑖1, 𝑔

𝑖
2, . . . , 𝑔

𝑖
𝑛}, where 𝑙𝑖 refers to

locations of cell towers and 𝑔𝑖 refers to groups of cell towers.
Based on the important location detection step, we can obtain
the id of groups which are around home or workplace; then
we capture the trajectory between home and workplace.

We used four weeks’ data in our experiment, and most
of the people have 20 trajectories from home to workplace
during the four weeks' period. As is shown in Figure 5,
each colored line represents one trajectory from home to
workplace.

After extracting all the trajectories, we form the group
transfer matrix 𝑀𝐺×𝐺 based on these trajectories. Each

Figure 5: Commute trajectories in multiple days.

element 𝑀𝑖𝑗 in the matrix records the frequency for the 𝑖th
group transfer to the jth group in all the trajectories. Matrix
𝑀𝐺×𝐺 is the key point for the multiday data fusion task,
aiming to increase the sampling rate of the commute path.

4.2. Road Network Formation. Road network dataset is used
to transfer cell groups trajectories to the real world road
segment trajectories. Road network formationmodule recon-
structs raw road network data with a better modality. One
road segment in the raw dataset is stored as a series of points.
For example, road segment 𝑅𝑖 = {𝑝1, 𝑝2, . . . , 𝑝𝑛}, where 𝑝𝑖
refers to the 𝑖th point of the road segment.

In this subsection, we introduce two operations for the
road network dataset, road segmentation, and road merging,
which can increase the precision of the generated path and
reduce the time complexity of the algorithm.

4.2.1. Road Segmentation. As is shown in Figure 6, there
are some extremely long road segments that have multiple
common points with other road segments. This will decrease
the precision of map matching procedure because we treat
each road segment as the smallest unit. Road segmentation
step aims to divide the long road segment into several
short segments which contain no common points with other
road segments inside the road. For example, we divide road
segment 𝑅𝑖 = {𝑝1, 𝑝2, . . . , 𝑝𝑘, . . . , 𝑝𝑛} into two parts: 𝑅1𝑖 =
{𝑝1, 𝑝2, . . . , 𝑝𝑘} and 𝑅2𝑖 = {𝑝𝑘, . . . , 𝑝𝑛}, where 𝑝𝑘 is an
intersection point between 𝑅𝑖 and other segments.

Segmentation procedure contains two steps.The first step
is finding out all the common points between each pair
of road segments. The second step is dividing long road
segments into several short segments based on the common
points. After this step, each road segment contains no exit
point between the start and end points.

4.2.2. Road Merging. Figure 7 shows another flaw of the raw
dataset. As we can see, each road segment has at least one
common point with other segments. The problem is that
there are some really short road segments that can totally
be attached to their adjacent longer road segments. This
can reduce the total number of road segments and the time
complexity of this step. The problem actually lies in the raw
dataset; road segmentation step cannot cause this problem.

Todealwith this, we apply an algorithmwhich firstly finds
the all the common points that exactly belong to two road
segments. Then it merges the corresponding road segments
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Figure 6: Long road segment.

Figure 7: Redundant road segment.

Figure 8: Road network after formation.

based on the common points. Algorithm 2 shows the detailed
procedure of road merging algorithm. And Figure 8 shows
the road network after the formatting step.The time complex-
ity of the algorithm is𝑂(𝑁𝑟), where𝑁𝑟 represents the number
of road segments and the space complexity is 𝑂(𝑁𝑝), where
𝑁𝑝 refers to the number of sampling points consisting of all
the road segments.

4.3. Map Matching. In this subsection, we will introduce
the procedure of map matching module which includes two
parts: data fusion and path generation. The map matching
module aims to fuse extracted cell group trajectories with real
world road network so as to recover individual’s commute
route. Data fusion step calculates the road segment transfer
matrix 𝑀𝐺×𝐺; then path generating step recovers the most
likely commute route based on the matrix𝑀𝐺×𝐺.

4.3.1. Data Fusion. This step aims to map each group in
the commute cell group trajectories to the corresponding
road segments and then form the road segments transfer
matrix 𝑀𝑅×𝑅 based on the frequency recorded in matrix
𝑀𝐺×𝐺. Given matrix 𝑀𝐺×𝐺, Algorithm 3 shows the detailed
procedure of the data fusion algorithm.

Input: raw road network 𝑅𝑟𝑎𝑤
Output: format road network 𝑅𝑓𝑜𝑟𝑚𝑎𝑡;
(1) 𝑐𝑝 = findCommonPoints();
(2) 𝑝Two = CalculatiPointsOnlyBelongToTwoRoads(cp);
(3) for point in 𝑝Two do
(4) mergeRoad(point);
(5) end for

Algorithm 2: Road merging algorithm.

Input: cell group transfer matrix:𝑀𝐺×𝐺
Output: road segment transfer matrix:𝑀𝑅×𝑅;
(1) for 𝑚𝑖𝑗 in𝑀𝐺×𝐺 do
(2) 𝑝𝑜𝑖𝑛𝑡𝑆𝑒𝑡𝑖,𝑝𝑜𝑖𝑛𝑡𝑆𝑒𝑡𝑗 = GetAllMembers(𝑖, 𝑗);
(3) for 𝑝𝑚 in 𝑝𝑜𝑖𝑛𝑡𝑆𝑒𝑡𝑖 do
(4) for 𝑝𝑛 in 𝑝𝑜𝑖𝑛𝑡𝑆𝑒𝑡𝑗 do
(5) weight =𝑚𝑖𝑗×Weight(𝑝𝑚) ×Weight(𝑝𝑛);
(6) 𝑟𝑜𝑎𝑑𝑎,𝑟𝑜𝑎𝑑𝑏 = GetNearestRoad(𝑝𝑚, 𝑝𝑛);
(7) 𝑀𝑅×𝑅[𝑟𝑜𝑎𝑑𝑎][𝑟𝑜𝑎𝑑𝑏] += weight;
(8) end for
(9) end for
(10) end for
(11) 𝑀𝑅×𝑅 = MakingContinuousByDijkstra(𝑀𝑅×𝑅);

Algorithm 3: Map matching algorithm.

The transfer frequencies of all pairs of cell groups are
recorded in the matrix 𝑀𝐺×𝐺. One cell group contains
multiple location points; we select the road segment set for
each group which includes all the nearest road segments for
each point in the group. Then the transfer frequency of two
groups is distributed to all pairs of road segments from one
set to another according to the weight of the corresponding
points in the group.

Through fusing multiday data, we hugely increased the
number of location records around individual’s commute
route. But there still exit some adjacent recorded pointswhose
corresponding road segments are not contiguous with each
other. This can cause the discontinuity of the path. To solve
this problem, we adopt Dijkstra algorithm to complete each
pair of road segments with the shortest path between them.
Because as the number of records is increasing, the average
distance between two adjacent recorded points will become
much smaller. And inmost of the cases, peoplewill choose the
shortest path when passing two enough close road segments.

The complexity of map matching algorithm is acceptable.
Let 𝑁𝑔 represent the number of cell groups for one person.
Most of the people passed less than 100 cell groups. Let 𝑛𝑝
represent the average size of all groups. And the value of 𝑛𝑝
is less than 10. Then the time complexity of the algorithm is
𝑂(𝑁𝑔 × 𝑛2𝑝), and the space complexity is 𝑂(𝑁2𝑟 ), where 𝑁𝑟
refers to the number of all the road segments contained in
the road segment set mentioned above which is quite a little
part of the whole road network.
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Input: road to road transfer matrix:𝑀𝑅×𝑅
Output: the most possible path: 𝑃 = {𝑟𝑖1, 𝑟

𝑖
2, . . . , 𝑟

𝑖
𝑛};

(1) maxFrequence = findMaxFrequence(𝑀𝑅×𝑅);
(2) for 𝑚𝑖𝑗 in𝑀𝑅×𝑅 do
(3) if(𝑚𝑖𝑗==0)
(4) 𝑚𝑖𝑗 = Double.Max Value;
(5) else
(6) 𝑚𝑖𝑗 = (𝑚𝑎𝑥𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑒 − 𝑚𝑖𝑗)/𝑚𝑖𝑗;
(7) end for
(8) 𝑃 = Dijkstra(𝑀𝑅×𝑅, 𝑅𝑏𝑒𝑔𝑖𝑛, 𝑅𝑒𝑛𝑑)

Algorithm 4: Path generating algorithm.

4.3.2. Path Generation. The path generating module is the
final part of the whole model, which generates the most
likely commute route for each person. The final commute
route is a trajectory of continuous road segments. Given
road segments transfer matrix𝑀𝑅×𝑅, Algorithm 4 shows the
detailed procedure of route recovering algorithm.

A path’s frequency is equal to the sum of all its contained
road segments’ frequency. And commonly we believe that the
path with the highest frequency may be the most possible
commute route, but the problem is that the longest path will
definitely have the highest frequency among all, and themost
possible path should be a relatively shorter one. To balance
the length and the total frequency of the path, we recalculate
the value of each element 𝑚𝑖𝑗 in matrix 𝑀𝑅×𝑅 according to
the following formula:

𝑚𝑖,𝑗 =
𝑚𝑎𝑥𝑉𝑎𝑙𝑢𝑒 − 𝑚𝑖,𝑗

𝑚𝑖,𝑗
, (3)

where 𝑚𝑖𝑗 represents the element of the road transfer matrix
and maxValue represents the max value in the matrix. So,
for example, the road segment with the highest frequency
will get zero for the new value and contrarily the road
segment with lower frequency will get a higher value. Plenty
of formulas have been tried and we found that the formula
above performs well in our experiment. Finally, we adopt
Dijkstra algorithm to generate the commute path. The time
complexity of this algorithm is 𝑂(𝑁2𝑟 ).

The entire process of path recovering for one individual
takes 1083 milliseconds and uses nearly 1 G of memory. One
thing that needs to be noted is that finding the shortest
path between two road segments usually costs quite a lot of
time. To decrease the time consumption, we calculated all
the shortest paths between each pair of road segments based
on the Dijkstra algorithm and recorded the data into files.
And this preprocessing step can hugely decrease the time
consumption of the whole method.

5. Experiment and Result

In this section, we introduce the ways we used to evaluate the
proposed method and results of the experiments.

5.1. Experimental Setup. Because themobile phone data used
in our experiment are all anomalous, we cannot directly
obtain individuals real commute route. Another issue is that
people may not always pass the same route every day. So
to testify to the effectiveness of our method in recovering
individual’s commute route, we adopt two ways of evaluation:
path score evaluation and visual evaluation. Path score eval-
uation grades each path and compares paths based on their
score. Visual evaluation draws all the commute information
on the map and compares paths visually.

To the best of our knowledge, there exists no model
directly generating individual’s commute route based on
mobile phone data of multiple days. Then we choose the
method which is always used in calculating the commute
distance [35] as the baseline compared method. The com-
pared method treats the shortest path from home to work
based on the real world road network as the approximate
commute path. And we compare the paths generated by
the two methods through path score evaluation and visual
evaluation. Due to the particularity of the experiment, we
randomly choose 10 cases for the study.

5.2. Path Score Evaluation. To evaluate the quality of the path,
we use number of nearby cell towers to measure the path’s
authenticity. Intuitively we believe that the most regular path
will pass most of cell towers. For each road segment in the
path, we calculate the number of nearby cell towers which
are within 300 meters from each road segment. Then we can
obtain the total number of nearby cell towers for the whole
path and we treat the number as the score of the path. For
each path 𝑃 = {𝑟1, 𝑟2, . . . , 𝑟𝑛}, where 𝑟𝑖 represents the 𝑖th road
segment of the path, we calculate the score of the path based
on the following formula:

𝑠𝑐𝑜𝑟𝑒 =
𝑛

∑
𝑖=1

𝑠𝑖𝑧𝑒𝑂𝑓 (𝐶𝑖) , 𝐶𝑖 ∈ 𝐶, (4)

where 𝐶𝑖 represents the set of all the cell towers within 300
meters from the road segment 𝑟𝑖 and 𝐶 refers to all the cell
towers contained in one person’s history locations.

We randomly extract 10 people’s data and generate the
paths by the proposed method and compared method sep-
arately. Then we calculate the score of each path. The result
is shown in Figure 9; from that we can see that all the paths
generated by our method perform better than the compared
paths except two samples which have the same score for the
two paths.

5.3. Temporality Analysis. We fuse the data generated in
multiple days to increase the sampling rate of location points
around the commute route. To test the effectiveness of data
fusionmodule, we use the data generated in different number
of days to recover the commute route by the proposedmodel;
then we evaluate each path by the path score evaluation. The
selected periods include one day, one week, two weeks, three
weeks, and four weeks. For the one day’s data, we actually
choose the day that performs best among all the days. As is
shown in Figure 11, the score of recovered path increases as
the period getting longer. And we can see that the score based
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Figure 9: Performance of path score for the two methods.

(a) Commute cell group trajectories of Person A in
multiple days

(b) Frequency of each road segment of Person A and
his/her shortest path (white line) and most possible
path (black line)

(c) Commute cell group trajectories of Person B in
multiple days

(d) Frequency of each road segment of Person B and
his/her shortest path (white line) and most possible
path (black line)

Figure 10: All the commute information of two individuals.

on one week’s data has huge improvement than the one based
on one day’s data and the score tends to stable after the period
increases to two weeks.

5.4. Visual Evaluation

5.4.1. Visualization. For better understanding individual’s
commute route, we draw all the commute information on the
map. As mentioned above, people are not always passing the
same route every day. For example, people in Beijing are not
allowed to drive their own cars during some special days, so
they have to take the bus or subway to get to work instead and

this can cause the different commute routes for one person.
We randomly choose two people’s commute information and
draw them on themap.We design two kinds of figures for the
visualization: one contains the basic information and another
contains all the generated routes.

Figures 10(a) and 10(c) show all the cell towers one
person passed, all the groups generated by the leader cluster
algorithm and commute paths in each day. Each yellow dot
represents one specific cell tower and the larger dot means
that the corresponding tower recorded much more records
for the person. The lines in different color represent the
commute route in different days. Finally, the blue circle
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Figure 11: Choose shortest path as commute path.

represents the center of the group and all the members who
belong to this group are linked together by the fine yellow
lines.

Figures 10(b) and 10(d) include all the road segments one
person passed every day, the shortest path fromhome towork
and the path with highest frequency which is generated by
our method. The width of each road segment is proportional
to its frequency, and the more times one person passes the
road segment, the higher frequency the road segment obtains.
Besides, we calculate the average timewhen people passed the
road segment and use different colors to represent different
period of time. As we can see in Figure 10, the brighter color
the road segment has, the earlier time the person will pass
the road at. Besides, there are two long paths from home
to work: the white one is generated by the baseline method
which is exactly the shortest path and the black one is the path
generated by our method.

5.4.2. Visual Analysing. Figures 10(a) and 10(c) show all the
commute paths of the two people in different days. From
these lines we can basically see the main commute path.
Besides the main path, there are some paths that are quite
different from the main path, which verify supposing that
people are not always passing the same route every day.
Figures 10(b) and 10(d) draw the road segments with different
widths and colors which can better reveal thewhole commute
information of the people. As we can see from the figure, the
black path is surrounded by much more cell towers than the
white path and the road segments included in the black path
have much higher frequencies than the white path. Then we
can conclude that the black path which is generated by our
method is much closer to the real commute path than the
compared path.

As is shown in Figure 12, there are few situations that
people did actually choose the shortest path as the common

Figure 12: Choose shortest path as commute path.

commute path.That is not common because the shortest path
may not be the fastest path when considering the status of the
roads.

6. Conclusion and Discussions

In this paper, we propose a commute route recovering model
to recover individual’s commute route based on passively
generated mobile phone data. The proposed model contains
two main modules to deal with different tasks. The data pre-
processingmodule applies leader clustering algorithm to deal
with the challenge of low precision of location information.
The map matching module calculates the transfer frequency
of all related road segments by fusing multidays’ commute
paths with road network to deal with the challenge of low
sampling rate of signal records and multiple overlapping
paths.Themodel generates the pathwith the highest possibil-
ity as the commute path. We adopt two ways to evaluate the
result. Experiments show better performance of our model
than the compared method.

To the best of our knowledge, our work is the first to
explore recovering people’s commute route based on the
mobile phone data in multiple days. So inevitably the pro-
posed model may have several limitations. For example, the
model is sensitive to the quality of the realworld roadnetwork
and that will determine the precision of the generated path to
a certain extent. Besides, how to generate the more authentic
paths from the transfer matrix in a better way is the aspect we
will keep exploring.
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