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Abstract 

Driven by the proliferation of sensor-rich mobile devices, crowd sensing has emerged 
as a new paradigm of gathering information about the physical world. In crowd 
sensing applications, humans work as the sensor carriers or even the sensors , and 
report what they learn about the conditions of the surrounding environment , such 
as traffic conditions, broken public utilities, gas prices, weather conditions and 
air quality. Despite the large amount of data collected from the crowd sensing 
applications, there are several challenges which prevent us from obtaining useful 
knowledge. In this thesis , I present a novel framework to tackle some of the ma
jor challenges and demonstrate how crowd sensing can benefit urban computing 
applications. 

The first challenge of the crowd sensing lies in how to aggregate user-contributed 
information and derive the true information (i.e. , the truth). In fact , users may 
provide conflicting and noisy information on the same entity, and how to discover 
the truth among these conflicting observations is a key question. To tackle this 
challenge, I propose a truth discovery method which explicitly incorporates entity 
correlation information. By this means, we can infer both user reliabilities and en
tity truths accurately in an unsupervised way. Besides the fact that multiple users 
may provide redundant observations on the same entity, another major challenge 
is the severe sparsity problem of the crowd sensing data, i.e. , a large number of 
entities may never receive any observations from users. Thus, I develop a method 
which jointly tackles the redundancy and sparsity problems in crowd sensing ap
plications, such that we can derive an accurate and fine-grained estimation of the 
surrounding environment. 

In addition, although we can collect a large amount of data from crowd sensing 
applications, each data source can only provide partial information on our sur
rounding environment. To further unleash the power of the crowd sensed data, we 
perform knowledge mining in urban computing applications by fusing data from 
heterogeneous sources. In the first application, we propose to infer the city-wide 
traffic volume with both static loop detector data and crowdsourced taxi trajec-
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tories. In fact , neither of the two data sources is sufficient to estimate the traffic 
volume on each road segment, because they either suffer from severe data sparsity 
or data accuracy problems. To solve these problems, we develop a learning model 
that fuses the knowledge from two different domains as well as urban context in
formation to accurately estimate the traffic volume in a city scale. In another 
application, we propose to infer individuals trip purposes by combining the knowl
edge from heterogeneous data sources including trajectories, point of interests and 
social media data. The proposed dynamic Bayesian network model captures three 
important factors , the sequential properties of trip activities , the functionality and 
POI popularity of trip end areas. By this means , we can accurately infer the 
purposes of daily trips. 
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Overview 

Nowadays, we have witnessed the ubiquitous adoption of mobile sensing devices 

(e.g. , smartphones, smartglasses, smartwatches) with a plethora of integrated or 

portable sensors (e.g. , accelerometer, camera, GPS). These devices make it easier 

for the population to sense and share the information they perceived. Thanks to 

these innovations, crowd sensing has emerged as a new way of collecting infor

mation from the physical world. In crowd sensing applications, humans work as 

the sensor carriers or even the sensors , and report what they learn about the con

ditions of the surrounding environment , such as traffic conditions, broken public 

utilities, gas prices, weather conditions and air quality. The observations are then 

gathered in a central server, and aggregated to obtain useful knowledge. Various 

crowd sensing systems have been developed in different domains [1, 2, 3, 4, 5, 6]. 

However, learning knowledge from the crowd sensed data usually faces severe 

challenges, e.g. , redundancy, sparsity, partial view and etc. 

• Redundancy. In a crowd sensing task, it is likely that multiple users observe 

the same entities. For example, in an air quality sensing system, each user 

carries a portable device that can transmit air quality readings to the cen-
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tral sever. At some popular locations during peak hours, many redundant 

reports about the air quality at the same location and the same time may 

be submitted. Conflicts and noise are inevitable in the redundant data. So 

the redundancy challenge is: among the conflicting observations, which one 

is the true value? 

• Sparsity. Besides the fact that some entities receive multiple observations in 

crowd sensing applications, many entities may never receive any observations 

at all. This is because there are usually a large number of entities that we 

wish to observe, but we only have a very limited number of users. So the 

sparsity challenge is: how to estimate the values of these "missing" entities 

with no observations? 

• Partial View. Although we can collect a large amount of data from crowd 

sensing applications, each of the data sources only provide partial information 

on our surrounding environment. Take the city-wide traffic volume as an 

example, the crowd sensed taxi trajectories are good information sources to 

monitor the traffic conditions. However, there is no way that we can infer 

accurate traffic volume information only with the taxi trajectory data because 

taxicabs are biased samples of all the cars on the road. Intuitively, fusing the 

knowledge from other sources can help us derive a complete view. Obviously, 

this is a non-trivial task and requires deliberately designed models. 

In this dissertation, we develop a novel framework to tackle these challenges in 

crowd sensing systems. As shown in Figure 1.1 , several methods are proposed to 

tackle the aforementioned challenges in this framework. Then the derived knowl

edge can benefit the government , companies, and other users. In the following , we 

will shed more lights on how to tackle these challenges. 

Redundancy. When aggregating users ' noisy and conflicting observations, 

intuitively, we should trust information from reliable users, i.e. , users who often 
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Figure 1.1: Crowd Sensing Framework 

report true information. However, users ' reliability degrees are not known a priori. 

To tackle the challenge of discovering both true information and user reliability, 

truth discovery methods [7, 8, 9, 10, 11] have been proposed based on the principle 

that reliable users tend to report true information and truth should be reported 

by many reliable users. However, existing methods do not take into considera

tion the correlations among entities in truth discovery. In fact , correlations exist 

ubiquitously among entities, and such correlation information can greatly benefit 

the truth discovery process- information obtained from reliable sources can be 

propagated over all correlated entities, such that the aggregated information is 

more trustworthy. Thus, we propose a truth discovery method which explicitly 

incorporates entity correlation information. By this means, we can infer both user 

reliabilities and entity truths accurately in an unsupervised way. 
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Sparsity. Although redundancy could be alleviated by existing truth discovery 

approaches , these approaches may fail when facing the sparsity issue. To address 

this challenge, we can exploit the information about the similarity between entities 

since similar entities usually have similar values. Considering the redundancy and 

sparsity usually co-exist in many crowd sensing tasks, we develop a method which 

jointly tackles the redundancy and sparsity problems in crowd sensing applications, 

such that we can derive an accurate and fine-grained estimation of the surrounding 

environment. 

Partial View. To alleviate the partial view problem in crowd sensing appli

cations, we also perform knowledge mining by fusing data from other domains. 

As an example, we propose to infer city-wide traffic volume with both static loop 

detector data and crowd sensed taxi trajectories. In fact , neither of the two data 

sources alone is sufficient to estimate the traffic volume on each road segment, 

because they either suffers from data sparsity or data accuracy problems. To solve 

these problems, we propose to fuse the knowledge from both loop detector and 

taxi trajectory data. By making the best use of both data sets, we can achieve a 

better volume estimation on a city scale. 

In this thesis, we aim to tackle these major challenges in the crowd sensing 

systems. The rest of this thesis is organized as follows: 

In Chapter 2, we propose an effective truth discovery framework on correlated 

entities which jointly infers user reliability and truths. We formulate the task 

as an optimization problem, in which truths and user reliability are unknown 

variables, and correlations are modeled as regularization terms. However, the 

regularization terms make the optimization difficult to solve due to the correlations 

among unknown variables. To solve this problem, we propose to partition the 

variables into disjoint independent sets , and conduct block coordinate descent to 

iteratively update truths and user reliabilities. In order to process large-scale 

data, we further propose a parallel solution implemented on Hadoop cluster. This 
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framework has been successfully applied to real-world social sensing applications, 

such as air quality monitoring and weather condition estimation. 

In Chapter 3, we develop an integrated framework, called Redundancy and 

Sparsity Tackling (RST) framework, to infer the true values of entities from re

dundant and sparse data in crowd sensing applications. In this framework , we 

design an effective optimization method that extracts key information from not 

only user-contributed observations but also similarities between entities, in order 

to estimate the missing observations and recover a complete user-entity observa

tion matrix. After missing observations are estimated, we conduct truth discovery 

on the observation matrix to derive the true value of each entity. As the first step 

fills in missing observations of users, it directly impacts the second step of truth 

discovery to achieve a more accurate estimation of user reliability, which in turn 

results in a more accurate estimation of true values. The proposed framework has 

been applied to air quality sensing system. In addition, it can also be applied to 

other social sensing and IoT systems, such as traffic condition estimation, weather 

condition estimation and etc. 

In Chapter 4, we aim to derive a city-wide traffic volume inference model by in

tegrating heterogeneous urban data including taxi trajectories , loop detector data, 

and urban context data. In order to solve the problem, we proposed a spatio

temporal semi-supervised learning method which can take advantage of all avail

able urban data sets. The main components of the model include: traffic-affinity 

graph construction with spatio-temporal knowledge and road network informa

tion, spatio-temporal semi-supervised learning model design, and the confidence 

estimation with spatio-temporal smoothness properties. Real-world data was col

lected from 155 loop detectors and 6,918 taxis over a period of 17 days in Guiyang 

China. The experiments performed on this large urban data set demonstrate the 

advantages of the proposed framework on correctly inferring the traffic volume in 

a city-wide scale. 
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In Chapter 5, we infer individual's trip purposes by combining the knowledge 

from heterogeneous data sources including trajectories, point of interests and social 

media data. In order to capture the sequential property of the trips , we proposes 

a dynamic Bayesian network model in which the trip purposes are modeled as hid

den variables. In addition, we propose to incorporate POI popularity in the trip 

purpose inference which are mined from geo-tagged social media data. Extensive 

experiments are conducted on real-world data sets with trajectories of 8,361 resi

dents and the 6.9 million geo-tagged tweets in the Bay area. Experimental results 

demonstrate the advantages of the proposed method on correctly inferring the trip 

purposes. 

We review the related work in Chapter 6, and conclude the thesis in Chapter 

7. 



Tackle the Redundancy Challenge 

with Truth Discovery on Correlated 

Entities 

An important task in the crowd sensing system is the aggregation of user-contributed 

information. Users may provide conflicting and noisy information on the same en

tity, and then how to discover the true information (i.e. , the truth) among these 

conflicting observations is the key question. Especially when most users report 

false information, the true information is unable to be discovered by voting or av

eraging. Intuitively, we should trust information from reliable users, i.e. , users who 

often report true information. However, users ' reliability degrees are not known 

a priori. To tackle the challenge of discovering both true information and user 

reliability, truth discovery methods [7, 8, 9, 10, 11] have been proposed based on 

the principle that reliable users tend to report true information and truth should 

be reported by many reliable users. 

Although truth discovery techniques can be applied to crowd sensing applica

tions to extract true information, existing methods do not take into consideration 

the correlations among entities in truth discovery. In fact , correlations exist ubiq-
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uitously among entities. For example, nearby segments of the same road may share 

similar traffic conditions, locations in the same area may have similar weather con

ditions, and a station may have similar gas prices during a short period. Such cor

relation information can greatly benefit the truth discovery process-information 

obtained from reliable sources can be propagated over all correlated entities , such 

that the aggregated information is more trustworthy. Especially, taking correla

tions into consideration will be more helpful when the coverage rate is low, i.e. , 

users only provide observations for a small portion of the entities. In such cases, 

many entities may receive observations from unreliable users, and thus reliable in

formation borrowed from correlated entities is important. In contrast , if we regard 

entities as independent ones and ignore their correlations, the truths on entities 

that are not observed by reliable users cannot be discovered. 

In this chapter, we propose an effective truth discovery framework for crowd 

sensing of correlated entities. In the crowd sensing systems, users make their 

observations on some entities among a set of correlated entities, and report the 

observations to a central server via smartphones. We propose an approach that 

jointly infers user reliability and truths among correlated entities. We formulate the 

task as an optimization problem, in which truths and user reliability are unknown 

variables, and correlations are modeled as regularization terms. The regulariza

tion terms make the optimization difficult to solve due to the correlations among 

unknown variables. To tackle this challenge, we propose to partition the variables 

into disjoint independent sets, and conduct block coordinate descent to iteratively 

update truths and user reliabilities. To process large-scale data, we further pro

pose a parallel solution implemented on Hadoop cluster. Experiments on three 

crowd sensing applications show the effectiveness and efficiency of the proposed 

approaches. 

In summary, this chapter makes several contributions. First , we propose an 

effective optimization-based framework to solve the problem of truth discovery for 
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crowd sensing of correlated entities. The proposed objective function measures 

the differences between the user-input observations and the unknown truths, and 

integrates users ' reliabilities as unknown weights. The correlation regularization 

terms punish the deviations in the truths between correlated entities. Second, to 

tackle the challenge introduced by the regularization terms, we propose to parti

tion entities into disjoint independent sets, and then develop an iterative solution 

based on block coordinate descent with convergence guarantee. We introduce an 

approach that partition entities into disjoint independent sets for general cases, 

and propose effective ways to construct disjoint independent sets for the crowd 

sensing task with spatial and temporal correlations. In addition , we further pro

pose a MapReduce based solution for the truth discovery of correlated entities. 

This is implemented on a Hadoop cluster and we show its ability of processing 

large-scale data. We conduct experiments on three crowd sensing datasets, i.e., 

air quality sensing, gas price inference and weather condition estimation datasets. 

Results demonstrate that the proposed approaches outperform existing methods 

in discovering true information for correlated entities. 

The rest of the chapter is organized as follows. We describe the system overview 

in Section 2.1. The proposed optimization framework and solutions are detailed 

in Section 2.2. Evaluations are shown in Section 2.3, and we conclude the chapter 

in Section 2.4. 

2.1 System Overview 

In this section, we introduce the problem setting and the problem formulation . We 

start with some definitions. 

D efinit ion 1. An entity is a thing or phenomenon which can be observed by crowd 

users; a user is a crowd sensing participant who contributes information about the 
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Figure 2.1: System Framework 

entities; and an observation is the information perceived by a particular user on a 

particular entity. 

For example, the temperature at a particular location and time is an entity for 

a weather reporting application. Each participant is a user, and the temperature 

observed and reported by a user at a location and time is an observation. 

Definition 2. A truth is the true value of an entity. A user 's weight is the 

reliability degree of the information provided by the user. 

Note here truths and user weights are unknown, and they are the expected 

output. Correlations between entities are considered: If two entities are correlated, 

their truths should be close to each other. Consider the aforementioned example. 

The truth is the real temperature on a particular location and time, and a weight is 

assigned to a user which indicates how likely the observations reported by him/her 

are reliable, i.e. , how close they are to the truths. Then the problem we try to 

solve is to estimate both truths and user weights given the observations collected 

from users. 
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With these definitions, we now describe the crowd sensing system. Figure 2.1 

shows the framework of this system. Users make observations on entities, and 

upload their observations to the cloud server via smartphones. On the server side, 

the proposed truth discovery method is conducted to derive both truths and user 

weights. In the following, we discuss details about the processes at the user and 

server sides respectively. 

Client . On the client side , each user provides observations about entit ies , and 

uploads them to the server. The entit ies can be actively or passively observed, 

and the users may make the observations by themselves or report the observations 

with the help of sensors. Take WeatherSignal1 as an example. It is a crowd sensing 

application which can not only automatically collect temperature , pressure data 

via sensors integrated in users' smartphones, but also allow users to manually 

report the weather conditions. 

Server. On the server side, once observations are collected from users , the pro

posed truth discovery method will be conducted. The reliability degree of each 

user is calculated, together with the estimated truths for entities. As discussed, 

correlation information among entities is important , and thus it is taken into con

sideration in the proposed algorithm which will be detailed in Section 2.2. 

2.2 Truth Discovery on Correlated Entities 

In this section, we describe the proposed truth discovery algorithm on correlated 

entities. The optimization framework and its solution are discussed. 

2.2.1 Proposed Framework 

We first define the mathematical notations for the problem. Each entity is indexed 

with i , and ei denotes the i-th entity. Each user is indexed with k. An observation 

1http:// weathersignal.com 

https://weathersignal.com
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is represented as x?) which indicates that it is observed by user k on entity ei. 

All the observations made by user k is represented as ,Y(k) . The truth for entity 

ei is denoted as x~*) , and the truths of all the entities are defined as ,Y(*). The 

weight for user k is wk , and the collection of all the user weights is W. With these 

notations, we can formally define the problem as follows. 

Problem Definition. Suppose there are N entities and K users. The input 

are observations {,Y(l) , xC2) , • • • , ,Y(K)} collected from all the K users and the 

pairwise correlations among entities. Let N (i) denote the set of entities which 

have correlations with entity ei. The expected output are the truths ,Y(*) and the 

user weights W. 

The intuitions behind the proposed method are that truths should be close to 

the observations given by the reliable users, and correlated entities should have 

similar true values. Based on these intuitions, we formulate the following opti

mization problem: 

x11!/'.:J(x<•l, W) ~ t{t, tllx)•l - x)"l ll' + '\E.(8(i,i')llx;:i - x)•l ll'} 
(2.1)

K 

s.t . L (xp(-wk) = 1 

k=l \ 

Here a is a hyper parameter that balances between the two terms in the objective 

function. S(i , i') is a similarity function which captures the correlation degree of 

two entities. Note here the design of this similarity function depends on the specific 

application since entity correlations have different properties in different applica

tions. For example, one way of modeling the similarity under spatial correlation 

is Gaussian kernel , S(i , i') = exp(-d2 (i , i') / o-2
). Here d(i , i') is the Euclidean 

distance of two entities and a- is a scaling parameter that controls how fast the 

similarity decreases as the distance increases. In general , the Gaussian kernel is 

a measure of similarity between entity i and i'. It evaluates to 1 if the two input 

values are identical , and approaches O as they move further apart. 
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The objective function J(X(*), W) in Eq(2.1) captures the intuitions we have 

mentioned. The first term I:: 1I::=lwk I Ix~*) - x?) I I 2aims at minimizing the 

disagreement between observations and truths, among which the disagreement on 

entities from the users with higher reliability degrees (i.e. wk) are weighed higher. 

This means that higher penalties are given to more reliable users if their obser

vations deviate from the corresponding truths. The second term in the objective 

function I:: 1Li~N(i) S(i,i')llx;:) - x~*)ll 2models the other principle, i.e. , the 

truth of an entity\should be close to the truths of the entities it has correlation 

relationships with. In addition, the similarity function ensures that more attention 

should be paid to the entities with correlation degrees. By this objective function , 

we ensure that 1) the truths are picked from information contributed by reliable 

users and 2) correlated entities have similar truths. 

The constraint in Eq(2.1 ) is used to restrict the range of weights, otherwise the 

weight may go to negative infinity. 

In sum, with the proposed framework m Eq(2.1 ), we search for the values 

for two sets of variables , i.e. truths ;y(*) and user weights W , by minimizing the 

objective function f (X(*) , W) under the constraint. 

For an optimization problem with two sets of variables, it is natural to use block 

coordinate descent approach [12] to solve the problem. The idea is to iteratively 

update one set of variables while fixing the other one. However, due to the exis

tence of the regularization term, it is non-trivial to solve Eq(2.1 ) as variables are 

correlated. In order to tackle this challenge, we first construct disjoint independent 

sets of entities based on their correlation relationships. Here, an independent set is 

a set of entities among which no correlations exist. For example, entities shown in 

Figure 2.1 can form three disjoint independent sets. There are five entities which 

are denoted as nodes in the graph, and the links indicate the correlations. As can 

be seen, e1 , e2 , e3 are correlated with each other, and e4 , e5 are correlated. The 

three independent sets are thus {e1 , e4 } , {e2 , e5} and {e3 } , in which entities within 



14 

each set are not correlated. The methods to construct disjoint independent sets 

will be discussed in Section 2.2.3 . 

Here, we assume that independent sets are obtained. We denote j as the index 

for an independent set. We use I = LJf=l I j to denote the set containing all the 

entities, and Ij denotes the j-th subset. As truths are defined for entities, the 

collection of truths ,Y(*) can thus be divided into subsets based on independent 

· v(*) _ { v(*) v(*) . . . v(*)}sets, 1.e. , ,\, - A-1 , A-2 , , ,\,J · 

Based on the disjoint independent sets, Eq(2.1 ) can be re-written as follows: 

x1m~1(x(*), W) = L L {~ pkllx~*) - x?l 11 2 + a L S(i , i')llx~*) - x;:) 11 2 } 

i 1' IjCiiEij ~\ EN(i) 

K 

s.t. ~ tp(-wk) ~ I 

(2.2) 

Comparing Eq(2.1 ) and Eq(2.2), the outer-most summation over entities in Eq(2.1 ) 

is decomposed into the summation over all independent sets which is further de

composed into summations over entities within one set. By this means, we are 

able to solve the problem with the solution proposed in the next section. 

2.2.2 Proposed Solution 

In Eq(2.2), user weights W and truths xtl ,xJ*l , • • • , x;*l should be learned si

multaneously to minimize the objective function. In order to achieve this goal, 

block coordinate descent approach [12] is utilized to iteratively update the values 

of one set while fixing the values of others until convergence. There are two cases 

at each iteration: One is to update user weights W while fixing all the sets of truths 

{ X1(*) ,xJ*l , • • • , x;*l} , the other is to update one set of truths x}*l while fixing 

user weights and all the other sets of truths {W, x;*l, · · · ,x}:t Xj~t · · · ,x;*l}. 
We discuss the details of the two cases as follows. 
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Update W while fixing {x?) , Xi*) , ••• , X;*)}: In this case, all sets of truths 

are fixed , then user weights W can be computed based on the difference between 

the truths and the observations made by the user: 

K 

W <- arg~inf(xC•) ,W) s.t. ~tp(-wk) ~ I. (2.3) 

We can solve this optimization problem based on Lagrange multipliers approach. 

The Lagrangian of Eq(2.2) is given as: 

L({wk}f=1, .\) = L L l ~ pkllx~*) - x?)ll 2+a L S(i , i')llx;:) - x~*)ll 2} 
i1LjC'.I i E'.Ij~~\ EN(i ) 

K 

+>,(~ tp(-wk) - !), 

where >. is a Lagrange multiplier. Let the partial derivative of Lagrangian with 

respect to wk be 0, we get: 

(2.4) 

From the constraint that ~[=1 exp(-wk) = 1, we can derive that 

(2.5) 

We can then derive the update rule for each user's weight by plugging Eq(2.5) 

into Eq(2.4): 

(2.6) 
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where k
1 

denotes the index of a user. This update rule shows that a user 's weight 

is higher when his observations are more often close to the truths. 

v (*) h'l fi . {W v (*) v (*) v (*) v (*) } · I h ' U p date ,\,j w 1 e x1ng , A-1 , · · · , ,\,j-1' A-j+ I , · · · , ,\,J . n t 1s case, user 

weights W are fixed , and the sets of truths are also fixed except x}*l. We update 

the truth for each entity in x}*l by minimizing the objective function: 

(2.7) 

Let the derivative of Eq(2.2) be O with respect to x~*) , then for each i E Ij , or 

equivalently for each x~*) E x}*l, we have the following update rule: 

(2.8) 

At this step, we can solve for x~*) with Eq(2.8) because the correlated variables 

are separated into disjoint independent sets. Specifically, we only update truths 

from independent set x}*l, which means that their correlated entities are not in 

this set , but in the other set s. Note that we have already fixed the t ruths of the 

other sets, and thus they are constants. As shown in Eq(2.8), x~*) is updated by 

averaging over the observed values weighted by user weights ~[=1 wkxt) and the 

values of its correlated entities ~ i~ N(i) x;:) . 
The proposed method is summ¥ized in Algorithm 1. Disjoint independent sets 

{ I 1 , · · · , IJ} are first constructed according to the correlation information among 

entities (to be discussed in the following section). Then the algorithm iteratively 

updates user weights and truths based on Eq(2.6) and Eq(2.8) until convergence 

criterion is satisfied. 
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Algorithm 1 Truth Discovery on Correlated Entities 

Input: Observations from K users: {x (l), ... , x(K)}. 

Output: Truths x (*) = { x~*) }~ 1 , user weights W = {wk}f=i · 
1: Initialize the truths x (*); 
2: for i +---- 1 to N do 
3: Construct a correlation graph Gcorr in which an edge denotes the existence of 

correlation between the two nodes; 
4: end for 
5: Partition entities into disjoint independent sets {I1 , · · · , IJ} in Gcorr; 
6: repeat 
7: Update user weights W according to Eq(2.6) to infer user reliability degrees 

based on the estimated truths; 
8: for j +---- l to J do 
9: for i E IJ do 

10: Update the truth of the ith entity x~*) from the set IJ according to 
Eq(2.8) based on the current estimates of user weights; 

11: end for 
12: end for 
13: until Convergence criterion is satisfied; 
14: return x (*) and W. 

2.2.3 Construction of Disjoint Independent Sets 

As discussed in Section 2.2.1 , disjoint independent sets of entities should first be 

formed before the iterative solution can be used to solve Eq(2.1 ). Therefore, how 

to partition entities into disjoint independent sets is an important step. 

2.2.3.1 General Cases 

We can form a correlation graph based on the pairwise correlations among entities. 

In the graph, each vertex represents an entity and two vertices have an edge if they 

are correlated (i.e. , two vertices are associated). Then the task of partitioning 

entities into disjoint independent sets is equivalent to the vertex coloring problem 

on the correlation graph. A vertex coloring is an assignment of colors to each 

vertex of a graph such that no edge connects two identically colored vertices. The 

problem of finding minimum number of colors for a given graph, i.e. minimum 
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vertex coloring, is an NP-complete problem. However, some heuristic algorithms 

have been proposed, which are efficient and can produce good solutions in practice. 

We adopt the well-known Dsatur algorithm [13] to find disjoint independent sets 

in our task. 

The procedure is described as follows. We first define the saturation degree 

of a vertex as the number of different independent sets that are covered by the 

associated vertices. The main idea is to iteratively select the vertex (entity) with 

the maximal saturation degree and put the selected entity into the corresponding 

independent set. The algorithm starts by arranging the vertices by a decreasing 

order of degrees, and the vertex with the maximal degree is put into independent 

set 1. After the initialization, an iterative process is performed to put entities into 

independent sets. During each iteration, the entity with the maximal saturation 

degree is chosen. In the tie case, we can break the tie by choosing the entity with 

the maximal degree. Then the selected entity is put into the independent set with 

the smallest index. This process continues until all the entities are processed. 

In sum, given any correlation graph, we are able to construct disjoint indepen

dent sets by applying the aforementioned method. However, this step may still be 

time consuming especially when there are a large amount of entities. Fortunately, 

efficient methods can be applied to certain types of correlations, such as temporal 

and spatial correlations. In the following, we present the proposed approaches of 

independent set construction for these two special cases, which have only 0(1) 

time complexity. 

2.2.3.2 Temporal Correlations 

In many real-world applications, temporal correlations exist among entities. Ex

amples include weather conditions (e.g. , temperature, humidity) and air quality 

measures (e.g. , PM2.5 , NOx)- Temporal correlation is a local correlation and 

it typically exists only within a certain time window, i.e. , the values of entities 
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Figure 2.2: Separating entities based on temporal correlation when p = l 

within a small time window are similar. This property enables us to develop a 

more efficient way to construct disjoint independent sets. 

Let T;, denote the collection of entities in the i-th time slot , and Ii denote 

the i-th independent set. Without loss of generality, we assume that temporal 

correlations exist within p + l consecutive time slots, i.e. , entities correlate with 

all those from previous p time slots. We also assume that there are (p + 1) (Q + l) 

time slots in total. Then p + l disjoint independent sets can be formed as follows. 

In each set, there are Q + l time slots: 

Q }p+i 
Ii = LJ 77+(p+i)q . .{ 

q= O i = i 

Specifically, when p = l, we only consider the temporal correlations among two 

consecutive time slots , i.e. , entities only correlate with those from the previous time 

slot. In this case, all entities in odd-numbered time slots Ii and even-numbered 

time slots I 2 can form two disjoint independent sets. An example is shown in 

Figure 2.2 in which we have four time slots {7i , ½ , I; ,Ti}. Then two disjoint 

independent sets can be formed as Ii = {7i , 7;} and I 2 = {T; , Ti}. 

2.2.3.3 Spatial Correlations 

Spatial correlations are another type of correlations that widely exist in real world. 

For example, gas prices among gas stations and weather conditions within certain 

geographical areas are usually very similar. Spatial correlation is also a local 
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Figure 2.3: Separating entities based on spatial correlation 

property which allows the design of an efficient method of disjoint independent set 

construction. Specifically, entities distributed on a gridded map can be separated 

into four disjoint independent sets. Let e(i,j) be the entity on the i-th row and j-th 

column of the gridded map, and let p = {l, 2, · · · , P} and q = {l, 2, · · · , Q} be 

the indices. Four independent sets can be constructed as follows: 

P,Q { }P,Q 
I1 = e(2p,2q-1) , I2 = e(2p-1,2q-1) ,{ } 

p=l,q=l p=l,q=l 

P,Q { }P,Q 
L3 = e(2p-1,2q) , L4 = e(2p,2q) .{ } 

p=l,q=l p=l,q=l 

They are formed in a way that entities in even rows and odd columns form 

independent set I 1 , those in odd rows and odd columns form I 2 , those in odd 

rows and even columns form I 3 and those in even rows and even columns form I 4 . 

Figure 2.3 illustrate an example of the four disjoint independent sets constructed 

on a gridded map. As can be seen, entities in each set are not correlated with the 

others in the same set. 

2.2.4 Convergence Analysis 

Here, we formally prove the convergence of the proposed iterative approach shown 

in Algorithm 1 by the following theorem. 
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Theorem 1. The iterations shown in Algorithm 1 converge and the solution is a 

stationary point of the optimization problem in Eq(2.2). 

Proof. We can simplify the optimization problem as follows when variables are 

represented as Y = {W x (*l x,C*l · · · x (*l } , 1 , 2 , , J 

minimize f (y) 
(2.9) 

s.t. y E Y 

Suppose for each Yi E Y i , f(Y1 , · · · , Yi-1 , ~' Yi+l , · · · , Ym) viewed as a function of 

~' attains a unique minimum ( over Y;. Let {yk} be the sequence generated by the 

following updating rule 

k+ l · j ( k+ l k+ l t k k )Yi +- argmm Y1 , · · · , Yi-1 , ':, , Yi+1, · · · , Ym 
l EY; 

According to the proof for block coordinate descent in [12], every limit point of 

{yk} is a stationary point if the above conditions hold. 

In the following, we only need to prove that Algorithm 1 satisfies the conditions. 

Specifically, we need to prove that each iteration generates a unique minimum for 

the updated variables. This is proved based on the two cases of updates: 

Case One: This is to update W while fixing { x{*l , Xi* ), ••• , xj*l }. In order 

to show the convexity of Eq(2.2), we introduce another variable tk , so that tk = 

exp(-wk)- Then Eq(2.2) can be expressed in terms of tk as follows: 

tmiI~ f(tk) = L L {~ f log(tk)llx~*) - x?l ll 2 + a L llx~*) - x;:)11 2 } 

{ k} k=l LjCi iEi j ~ \ i 1 EN(i ) 
(2.10)

K 

st ~t~ I 

The objective function of Eq(2.10) is a linear combination of negative logarithm 

functions and constants, and thus it is convex. In addition , the constraint is linear 
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2.2.5 Time Complexity 

We analyze the time complexity of the proposed method by analyzing each itera

tion's running time. Assume there are K users and N entities. The user weight 

update step costs O(KN) time because for each user we calculate the square error 

between its observations and truths. In the truth update step, for each entity we 

calculate the weighted sum of observations from K users, the sum of correlated val

ues and the sum of K users ' weights. Totally it also needs O(KN) time. Therefore, 

the time complexity is linear with respect to the number of observations. 

2.2.6 MapReduce Implementation 

Crowd sensing applications usually have a large amount of participants who may 

generate a large amount of observations. To conduct truth discovery on this "big 

data", we hope to take advantage of cloud computing techniques to process large

scale data in parallel. Among parallel programming models , MapReduce [14] is 

widely adopted for many data mining tasks on large-scale data. In this section, 

we describe our design of a MapReduce model based parallel algorithm on Hadoop 

platform. 

A typical MapReduce model contains two phases: 1) the map phase reads the 

input data, and converts it into key-value pairs; 2) the reduce phase takes the 
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key-value pairs generated from the map phase as input , and performs the needed 

operations on them. For the proposed truth discovery task, the objective is to 

adapt Algorithm 1 to a parallel version. However, this is a non-trivial task. The 

challenge is that truths are updated according to Eq(2.8) with respect to each 

independent set. This requires us to fix all the other variables while updating 

those within one independent set. Obviously, this prevents us from deriving an 

efficient parallel process to compute truths all at once. 

In order to solve this problem, we design a MapReduce algorithm based on 

asynchronous parallel coordinate descent. The proposed method iteratively cal

culates user weights and truths. During each iteration, the input data include 

observations from all K users {,Y(k) }f=u truths and user weights estimated from 

the last iteration (at iteration t)- X (t)(*) = {x?)(*)}~1 and w (t) = {wit)}f=i· The 

outputs are truths and user weights calculated in the current iteration (at iteration 

t + l). In the following, we will describe the details of the functions used in the 

proposed MapReduce truth discovery algorithm. 

Input Data Format. The input data is formatted as tuples of three elements: the 

ID of an entity (denote as i) , the ID of a user (denote as k) and the observation 

by the k-th user for the i-th entity (denote as xt)). In this way, the input is 

represented in the form of ( i , xt) ,k). 

Map Function. The input to the Map function is a collection of tuples. The 

Map function pre-processes input tuples and outputs key-value pairs to be used 

in the Reduce function. In order for Reduce function to calculate truths , one 

output key-value pair includes entity id i (i.e. , the key) and (xt) , k) (i.e. , the 

observed value together with its user id). Also , in order for Reduce function to 

calculate user weights , the Map function pre-calculates the squared observation 

error based on the observation xt) and the truth estimated from the last iteration 

x?)(*)_ Then another key-value pair is emitted, which is user id k (i.e. , the key) and 

the observation error (i.e. , the value). Here we use a positive index as the emitted 
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Algorithm 2 MapReduce Implementation 

Input: Data from K users: {x(l ), ... , x (K) } . 
Truths at iteration t : x (t)(•) = {x;t)(•) }~ 1 
User weights at iteration t: w (t) = {wkt)}f= 1 

Output: Truths at iteration t + 1: x (t+ IJ(•J 
User weights at iteration t + 1: w (t+ I) 

1: function MAP(Key id, Value v) 

2 . (. (k) k)
. i , xi , +- v; 

3: observ_error +- (x;k) - x;t)(•))2; 
4: EMIT(-k, observ_error); 
5: EMIT(i , (x;k) , k)) ; 
6: end function 

7: function REDUCE(Key id, Value[] v) 
8: if id> 0 the n 
9: [x?J, k] +- v; 

10: Calculate x;~+l)(•J according to Eq(2.8); 

11 : EMIT(id, x;;)(t+ l )); 
12: end if 
13: if id< 0 then 
14: id+- -id; 

15: Calculate nominator of w;!+l ) according to Eq(2.6); 

16: EMIT(-id, w;!+ i )); 
17: e nd if 
18: e nd function 

19: Calculate w;!+I) according to Eq(2.6); 

20: return x (t+i)(•) = {x?+l )(•) }~ l and w (t+ l ) = {wit+i) }f =1· 

entity id, and a negative one as the emitted user id. This helps the Reduce function 

to distinguish between these two types. 

Reduce Function. The Reduce function takes the key-value pairs emitted from 

the Map function as input. Truths and user weights are calculated and emitted as 

outputs. Upon receiving key-value pairs with positive keys, the Reduce function 

calculates the truths according to Eq(2.8). Each output tuple includes entity id 

and the calculated truth for this entity. If the Reduce function receives key-value 

pairs with negative keys, the nominator in the user weight calculation (Eq(2.6)) is 

calculated and emitted. Final user weights will be derived in the wrapper function . 

Combine Function. Since the number of entities and users can be quite large, 

the overhead from the communication and sorting operations may dominate the 

running time. In order to reduce this kind of overhead, a Combine function is 
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and input data are fed to the Map function. Truths can be directly collected from 

the output of the Reduce function and user weights can be derived according to 

Eq(2.6) with the returned values from the Reduce function. We repeat the whole 

process until the estimated truths converge or after a certain number of iterations. 

Note that this the convergence can be guaranteed by [15]. 

2.3 Evaluations 

2.3.1 Experiment setup 

In this section, we present the performance measures and discuss the baseline 

methods which are compared in the experiments. 

2. 3 .1.1 P erformance M easures 

In the experiments, the inputs for all methods are observations about entities given 

by different users. The outputs are the estimated truths and user weights. For 

each dataset , we have the ground truths, i.e. , the actual true values of entities. 

However, they are not used by the proposed approach or the baselines, but are 

only used for evaluation. Note that all datasets contain continuous data, and thus 

we adopt the following measures to evaluate the performance. 



---

26 

"~ 
Smartphone App 

Zijli ;Fld 'I 
\'-

El 
l 

I 
~ 

~cuo¥c:S- \ v,is~~o/1 

~--;t i!"a 

J tJ , Gl 1l 
-• ~ ~ , CD 

• f[!~T!inghue University 

Y rsinghuollnivusitymini-AQM 
{;oogle 

(a) Air Quality Sensing Devices (b) Areas for Sensing 

(c) Locations for Sensing 

Figure 2.4: Air quality sensing devices and locations 

• Mean Absolute Distance (MAD) measures the overall absolute distance be

tween each method's outputs and the ground truths, which is computed by 

averaging the absolute difference over all the entities. 

• Root Mean Square Error (RMSE) is computed by taking the root of the 

mean squared differences between each method's outputs and the ground 

truths. 

MAD and RMSE both measure the differences between outputs compared 

with ground truths. The lower the measure, the closer the method's outputs to 

the ground truths, and the better it performs. RMSE emphasizes on larger errors 

compared with MAD. 
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2. 3 .1.2 B aseline M ethods 

In the experiment, the proposed Truth Discovery method on correlated entities 

is denoted as TD-corr . We compare it with the fo llowing state-of-the-art truth 

discovery methods which are designed to work on continuous data: 

Gaussian Truth Model (GTM) is a Bayesian model that solves the problem of 

truth discovery on continuous data. Conflict Resolution on Heterogeneous data 

(CRH ) is a framework that infers the truths from multiple sources with different 

data types, such as continuous and categorical data. Confidence-Aware Truth Dis

covery (CATO) is proposed to detect truths from multi-source data with long-tail 

phenomenon. Besides these truth discovery approaches , simple averaging methods, 

such as Mean and Median , are also compared. 

We implement all the baselines and set the parameters as suggested in the 

corresponding papers. All the experiments are conducted on a Windows machine 

with 8G RAM , Intel Core i7 processor. 

2.3.2 Experiments on Air Quality Sensing System 

Air quality monitoring has drawn great attention these days, since people are 

suffering from deteriorated air quality over the past years, especially for cities in 

developing countries such as Beijing and New Delhi. In this experiment , we target 

the sensing of particulate matter with diameter less than 2.5 micron (PM2.5) with 

mini-AQM - a portable air quality sensing device designed for personal use [16, 2], 

as shown in Figure 2.4a. The readings of mini-AQM are uploaded automatically 

into the server and can be checked on users ' smartphone App as well . We have 14 

participants equipped with mini-AQMs and let them conduct sensing tasks in 4 

areas at Tsinghua University (Figure 2.4b). These areas are selected to represent 

different types of environments. Within each area, there are 6 or 7 locations (Figure 

2.4c). The participants perform air quality sensing on all locations of each area 

within one hour. The PM2.5 values of the locations within one area are correlated, 
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Table 2.1: Performance Comparison on Air Quality Sensing System 

Coverage Rate 

0.2 0.4 0.6 0.8 1.0 

Method MAD RMSE MAD RMSE MAD RMSE MAD RMSE MAD RMSE 

TD-corr 6 .2442 7 .5426 5 .5579 6 .7327 4 .3506 4 .9962 3 .8850 4 .3650 3 .5830 3 .9234 
CRH 20.8943 43.2959 11.2952 18.3067 6.7254 8.9643 5. 1653 6.5588 3.6809 4.6713 

CATD 26.6218 46.4943 23.4346 30.6744 26.1897 31.2542 29.3994 33.7851 31.6699 35.6129 
GTM 21.2988 42.2436 14.3768 25.7079 7.0405 10.5310 5.6053 7.5208 4. 1867 5.2125 
Mean 25.2916 48.0523 23.3865 39.2801 18.6068 29.5817 17.6935 27.0485 17.3739 25.0735 

Median 21.6812 43.7129 14.2530 27.8183 7.2927 10.0167 6.1827 7.5137 5.6931 6.7028 

since the areas are limited in scale and the time window is short. The collected 

data have 25 entities and each entity represents the PM2.5 value of one location. 

The ground truths are collected with Thermo [17] (Figure 2.4a), an accurate but 

expensive sensing device. 

P erformance w .r.t users' coverage rate. The results on this air quality sensing 

dataset are summarized in Table 2.1 measured by MAD and RMSE. As users 

may not have observations for all the entities in many real-world applications, we 

conduct experiments on different coverage rates of users. The rate is defined as the 

percentage of entities that are observed by the user. For example, the coverage rate 

of 1.0 means that the user provides observations for all entities, and the coverage 

rate of 0.2 means that the user only provides observations for 20% of entities. We 

compare the performance of all the approaches when the coverage rate varies from 

0.1 to 1.0. 

As shown in Table 2.1 , TD-corr outperforms all the baselines under any coverage 

rate , as the MAD and RMSE of TD-corr are the lowest. These results demonstrate 

the advantage of the proposed approach which incorporates important correlation 

information in truth discovery. Note here CATD performs worse compared with 

other truth discovery methods. The reason is that CATD is designed for data with 

long tail effect and is not suitable for this data. 

Another observation from Table 2.1 is that the improvement over the baselines 

increases when the coverage rate decreases. For example, when the coverage rate 
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is 0.8 , TD-corr performs 25% better than the best baseline, and when the coverage 

rates are 0.4 and 0.2 , TD-corr performs 51 % and 70% better than the best baseline 

respectively. The reason is that when the coverage rate is lower, the number of 

entities observed by reliable users also decreases. Thus, there will be more entities 

receiving observations mostly from unreliable users, or even worse, receiving all the 

observations from unreliable users. The baseline methods purely infer truths by 

integrating over those unreliable observations, and thus their estimates are biased. 

In contrast , the proposed method is able to discover the truths because it takes 

correlated entities into consideration. Then information observed by reliable users 

can be propagated to entities that are not observed by reliable users and helps 

infer the truths of those entities. 

2.3.3 Experiments on Gas Price Inference 

An interesting crowd sensing application is to solicit gas price reports from crowd 

users and aggregate their answers to get correct gas prices. In this application, 

each user reports the observed gas prices for some gas stations to the server-some 

may report true values but some of the reported information may be wrong. The 

server then conducts truth discovery to identify the true price for each station. 

To conduct this experiment , we first collect gas prices of 2175 gas stations from 

the GasBuddy website2
, which are treated as the ground truths. The data are 

collected from 48 cities across the whole US continent for one day. Correlations 

exist among gas stations within the same city. The observations of users with 

different reliability degrees are generated by adding different levels of Gaussian 

noise upon the ground truths. There are 2175 entities in the dataset. We conduct 

each experiment for 10 times and report the average results. 

Performance w.r.t users' coverage rate. The results with 30 users are summa

rized in Table 2.2 measured by MAD and RMSE. Compared with the experiments 

2http://www.gasbuddy.com 

https://2http://www.gasbuddy.com
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Table 2.2: Performance Comparison on Gas Price Inference 

Coverage Rate 

0.4 0.6 0.8 1.0 

Method MAD RMSE MAD RMSE MAD RMSE MAD RMSE 

TD-corr 0 .0725 0 .0941 0 .0713 0 .0917 0 .0713 0 .0912 0 .0685 0 .0867 
CRH 0.1 959 0.2475 0.1563 0.1968 0.1370 0.1720 0.1191 0.1488 

CATD 0.1854 0.2344 0.1469 0.1850 0.1280 0.1610 0.1120 0.1400 
GTM 0.1856 0.2348 0.1471 0.1852 0.1281 0.1610 0.1120 0.1400 
Mean 0.2051 0.2590 0.1645 0.2071 0.1442 0.1810 0.1256 0.1 570 

Median 0.2299 0.2912 0.1853 0.2337 0.1640 0.2064 0.1415 0.1772 

-&- TD-corr -&- TD-corr0.6 o.-&- CRH -&- CRH 
..... CATO ..... CATO 
-+- GTM -+- GTM0.5 
-M- Mean -M- Mean 
.....,. Median .....,. Median 

o. ..:i 0.4
Q rJJ< 
~ 0.3 ~ 0.3 

0.2 0.2 
--- .... 
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Figure 2.5: Performance w.r.t Varying Number of Users 

on the air quality dataset , similar results can be observed. The proposed method 

outperforms the baselines especially when the coverage rate is low. 

P erformance w.r .t number of users. Figure 2.5 demonstrates the performance 

when varying the number of users from 10 to 100. The results show the following: 

1) TD-corr performs better than the baselines on the data with any number of 

users. The incorporation of correlation information leads to a better estimation of 

truths. 2) The improvement is more significant when there are fewer users. The 

reason is when the number of users is smaller, there are more entities receiving 

observations mainly from less reliable users, and the estimated truths would be bi

ased towards unreliable reports. The proposed method's advantage in propagating 

reliable information over correlated entities is thus clearly shown. 
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Figure 2.6: Correlation Accuracy w.r.t Varying Threshold 

Correlation accuracy. Here we show that the proposed approach indeed takes 

correlation among entities in the estimation of truths. We define the measure 

of correlation accuracy as follows. We measure the similarity between entities 

based on the estimated truths, and regard two entities as correlated ones if their 

distance passes a threshold. We then compare the correlations derived from the 

estimated truths and the ground-truth correlations. Then the correlation accuracy 

is defined as the percentage of correlations that are the same as the ground truths. 

Figure 2.6 shows the correlation accuracy under different thresholds (0.01 , 0.03, 

0.05 , 0.07, 0.09 , 0.1 , 0.2 , 0.3). Figure 2.6a and Figure 2.6b show the results when 

coverage rates are 20% and 80% respectively. It can be seen that TD-corr captures 

the correlation information better than the baselines under any setting, and its 

correlation accuracy can reach a high value even when the threshold is low, such 

as 0.05 or 0.07. 

2.3.4 Experiments on Weather Condition Estimation 

Another interesting crowd sensing application is to collect and aggregate weather 

conditions reported by users. User can report weather information, such as tem

perature, pressure, humidity. Data can be acquired with integrated sensors in 

smartphones or manually input by users. The truth discovery approach can then 

be conducted on the collected noisy data to identify the true weather conditions. 
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Table 2.3: Performance Comparison on Weather Condition Estimation 

Coverage Rate 

0.4 0.6 0.8 1.0 

Method MAD RMSE MAD RMSE MAD RMSE MAD RMSE 

TD-corr 2 .3 700 3 .0434 2 .2984 2 .9327 2 .2691 2 .8919 2 .2420 2 .8520 
CRH 3.4305 5. 1666 2.8943 4. 1617 2.5022 3.3352 2.2708 2.8955 

CATD 3.3308 5.0819 2.7883 4.0444 2.4211 3.2127 2.2638 2.8598 
GTM 3.6016 5.3953 3.0506 4.3992 2.5939 3.4938 2.2641 2.8600 
Mean 3.9766 5.7515 3.6624 5.0880 3.4089 4.5359 3.2419 4. 1882 

Median 3.8614 5.7051 3.4252 4.9632 3.0016 4.2171 2.6409 3.4795 

In order to emulate this application, we collect weather forecast data from three 

weather forecast platforms (Wunderground3 , HAM weather4
, and World Weather 

Online5) for 147 locations within New York City Area. From each platform, we col

lect temperature forecasts of two different days as two different users , thus 6 users 

are formed in total. We also crawl the ground truths of hourly temperature for 

each location. An entity here is defined as the temperature of one location at one 

time. The spatial correlation is modeled using Euclidean distance with Gaussian 

kernel, and the temporal correlation exists among entities from the same location 

in consecutive time slots. The whole process of collection lasts over a month and 

there are 145459 entities in the dataset . 

2.3.4.1 Ex p erimental R esults 

Table 2.3 summarize the performance of TD-corr and baselines on the weather 

condition estimation dataset. Similar results can be observed, compared with the 

experiments on the previous two datasets. 

To demonstrate the proposed approach's ability of distinguishing reliable users 

from unreliable ones, we compare the reliability degrees estimated by each truth 

discovery method. The reliability degree of a user is defined as the overall simi

larity between its observations and truths. The ground-truth reliability degree is 

3 http://www.wunderground.com 
4 http://www.hamweather.com 
5 http://www.worldweatheronline.com 

http://www.worldweatheronline.com
http://www.hamweather.com
http://www.wunderground.com
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F igure 2. 7: Performance Comparison on Weather Condit ion Estimation 
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Figure 2.8: Comparison of User Reliability Degrees (Coverage = 0.2) 

calculated and compared as well . In t he compared methods, different functions 

are adopted to calculate the reliability degree of users. For the sake of comparison, 

we normalize the reliability output into the range of [0,1]. F igure 2.8 and Figure 

2.9 show the comparison results when coverage rates are 0.2 and 0.8 respectively. 

To make it clear, we demonstrate t he user reliability degrees in two plots, and 

each of t hem shows t he comparison between t he ground t rut hs and some of t he 

approaches. TD-corr and ground truths are compared in F igures 2.8a and 2.9a. 

Ot her baseline methods are compared in F igures 2.8b and 2.9b. 

We can observe that t he user reliability estimated by TD-corr is very close to t he 

user reliability derived from t he ground truth . W it h the consideration of correlation 
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Figure 2.9 : Comparison of User Reliability Degrees (Coverage = 0.8) 
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Figure 2.10: Convergence 

information, the proposed TD-corr approach can better estimate the truths. Due to 

the intertwined process of truth and user reliability estimation, such an improved 

truth estimation leads to an improved estimation of user reliability. In contrast , due 

to the fact that the baselines do not consider the important correlation information, 

their truth and user reliability estimation may not be accurate, so we can observe 

the deviation of their estimated user reliability from that of the ground truth. 

Practical convergence property of the proposed method. The proposed 

method converges as discussed in Section 2.2.4. In order to show the convergence 

in practice, we conduct experiments on the weather dataset and record objective 

function value at each iteration. As can be observed from Figure 2.10, the objective 
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Table 2.4: Running Time on Hadoop Cluster 

# Observations Time(s) 

1 X 104 77 
1 X 105 83 
1 X 106 136 
1 X 107 254 
1 X 108 413 

Pearson Correlation 0.9088 

value decreases quickly in the first 10 iterations, then gradually reaches to a steady 

value. This demonstrates the convergence of the proposed method. 

2.3.5 Efficiency Evaluation on Hadoop Cluster 

Running time on hadoop clust er. As discussed in Section 2.2.6, the proposed 

method can be implemented based on the MapReduce model. We conduct exper

iments to demonstrate the running time of this parallel algorithm. Datasets are 

generated with different numbers of observations, varying from 104 to 108 . The ex

periments are conducted on a 4-node Dell Hadoop cluster with Intel Xeon E5-2403 

processor (4x 1.80 GHz, 48 GB RAM). Results are summarized in Table 2.4, which 

show that the running time is linear with respect to the number of observations. 

We calculate the Pearson product-moment correlation coefficient to further justify 

this. The Pearson product-moment correlation coefficient is a measure of the linear 

correlation between two variables. It gives a value between +1 and - 1, where +1 

indicates positive correlation, 0 indicates no correlation and - 1 indicates negative 

correlation. The Pearson's correlation coefficient in Table 2.4 shows a strong linear 

correlation between the number of observations and the running time. This means 

that the proposed method is scalable and can be applied to large-scale data. 
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2.4 Summary 

In this chapter, we investigate the truth discovery problem on correlated entities 

in crowd sensing applications. In a crowd sensing system, crowd users contribute 

their information about entities to the server. Since users ' reliability degrees are 

unknown a priori, the observations they provide should not be trusted equally. 

Then how to discover the true information among the conflicting observations is a 

crucial task. Although some approaches have been developed to detect truths from 

conflicting sources, these approaches do not take the valuable information about 

entity correlations into account and thus cannot detect truths accurately when the 

coverage is low. In fact , correlations among entities widely exist and can greatly 

benefit the truth discovery process. In this chapter, we formulate the task of truth 

discovery on correlated entities as an optimization problem, which models both the 

distance between truths and observations and the distance among truths of corre

lated entities. User weights are plugged into the optimization function to capture 

the unknown user reliability. We tackle the difficulty caused by the regularization 

terms added upon correlated variables. In order to solve this problem, we propose 

methods to partition variables into disjoint independent sets, and conduct block 

coordinate descent to update truths and weights iteratively. The convergence of 

the approach is proved. To further speed up the process , we propose a MapRe

duce version of the algorithm that is implemented on Hadoop cluster. We conduct 

experiments on three crowd sensing datasets, i.e. , air quality sensing, gas price 

inference and weather condition estimation datasets. Results demonstrate the ad

vantages of the proposed method in discovering true information for correlated 

entities over existing truth discovery approaches. 



Tackle the Redundancy and Sparsity 

Challenges: A Joint Model 

In crowd sensing applications , humans work as the sensor earners or even the 

sensors, and report what they learn about the conditions of the surrounding envi

ronment , such as weather, traffic , air quality and etc. The observations are then 

gathered in a central server, and aggregated to obtain useful knowledge. Various 

crowd sensing systems have been developed in different domains [1, 2, 3, 4, 5, 6]. 

However, the crowdsourced data collected in this way usually have two charac

teristics, redundancy and sparsity, which significantly reduce the effectiveness of 

crowd sensing systems. Although redundancy could be alleviated by existing truth 

discovery approaches , these approaches may fai l when facing the sparsity issue. In 

fact , sparsity is also widely observed in crowdsourced data. In crowd sensing ap

plications, there are usually a large number of entities that we wish to observe, 

and some of the entities may never receive an observation from any user. So the 

sparsity challenge is: how to estimate the true values of these "missing " entities 

with no observation data? 

To address this challenge, we can exploit the information about the similarity 

between entities since similar entities usually have similar values. Take the air 
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quality sensing example again. It would be helpful to infer the air quality of 

unpopular areas where no users report any sensing measurements based on the 

crowdsourced data collected at neighboring popular areas. 

Redundancy and sparsity usually co-exist in many crowd sensing tasks. In the 

aforementioned air quality sensing application, it is common that some locations 

receive multiple users ' sensing measurements while some others get none. One 

straightforward approach to tackle both challenges works as follows. We first 

run truth discovery approaches to aggregate multiple users ' observations on the 

observed entities, and then conduct interpolation to infer the true values of the 

"missing" entities based on the values of similar entities. The limitation of this 

simple approach is that it regards redundancy and sparsity as separate challenges. 

However, we can gain great benefits by dealing with two challenges jointly: 

If we can estimate users ' missing observations, the estimated values can be used 

to better infer users ' reliability degrees in the truth discovery process. Typically, 

data sparsity also implies that some users may only give a few observations, and 

thus truth discovery methods may not be able to correctly estimate the reliabil

ity degrees of such users. Therefore, we propose a novel method that estimates 

users ' missing observations based on the observed values as well as entity simi

larity information. After this, truth discovery methods can be used to aggregate 

all the observed and estimated values to fully unleash the power of crowdsourced 

information. 

Matrix and tensor factorization [18, 19, 20] are popular methods of inferring 

sparse data. These methods factorize a target matrix (or tensor) with missing com

ponents into the product of lower ranked matrices , and the missing components can 

be estimated with the those lower ranked matrices. However, the existed methods 

[20] require a lot of context information on inferring the value for entities. This 

makes them very application-oriented and hard to be generalized in other fields. 

The goal of this chapter is to infer the true values for all entities, including those 
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without any observations from users. In order to achieve this, we propose to first 

estimate the observations of each user for every entity with matrix completion. By 

this means, we can capture more information for the users, such as their bias levels 

towards the truth. During this process, we incorporate the correlation information 

among entities into the matrix factorization algorithm to help learn the values of 

"missing" entities. In addition , in many crowd sensing applications, sensors tend 

to behave in groups. For example, the participating sensors may be produced by 

different manufacturer and they are different in quality; in other cases, participat

ing people may have different ways of using the sensors and the readings would 

be biased (lower or higher) by their particular habits. Considering the group be

haviors can help the matrix completion, since it would give higher weight on the 

groups with less observation errors. 

On one hand, users ' observations are prone to errors for various reasons , such as 

poor sensor quality, environment noise , lack of sensor calibration and etc. Because 

of this,different users may provide conflicting and noisy information on the same 

entity, and then how to discover the true information among these conflicting ob

servations is a major problem. However, the true information will not be correctly 

estimated with straight-forward methods, such as mean and majority voting, es

pecially when most users' observations are wrong. To tackle this problem, truth 

discovery methods [7, 8, 9, 10, 11] are proposed to infer the true information for 

entities and the reliabilities of users. The intuitions behind these methods are 

that reliable users tend to report true information, and in return, true information 

should be reported by many reliable users. 

To realize the above idea, we develop an integrated framework , called Redun

dancy and Sparsity Tackling (RST) framework , to infer the true values of entities 

from redundant and sparse data in crowd sensing applications. In this framework, 

we design an effective optimization method that extracts key information from 

not only user-contributed observations but also similarities between entities to es-
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timate the missing observations and recover a complete user-entity observation 

matrix. After missing observations are estimated, we conduct truth discovery on 

the observation matrix to derive the true value of each entity. As the first step 

fills in missing observations of users, it directly impacts the second step of truth 

discovery to achieve a more accurate estimation of user reliability, which in turn 

results in a more accurate estimation of true values. This integrated framework 

thus tackles both redundancy and sparsity challenges. 

In summary, this chapter makes the following contributions: First , This chapter 

recognizes the effect of redundancy and sparsity on crowd sensing applications. To 

our best knowledge, this is the first work that tries to tackle these two challenges 

jointly in an integrated framework. Second, in order to estimate the missing user 

observations, we formulate an optimization problem which captures both the key 

patterns of user-contributed data and entity similarity. Furthermore, an effective 

solution is developed to solve the proposed optimization problem in an iterative 

way. The convergence property of the proposed solution is proved, and effective 

techniques are presented to further reduce the time complexity. Extensive experi

ments on the task of air quality sensing are conducted in various regions in Beijing, 

China. The results demonstrate that the proposed method is able to recover miss

ing user observations and derive accurate estimates of air quality measurements in 
. .

various scenarios. 

The rest of the chapter is organized as follows. We describe the system overview 

in Section 3.1. The proposed redundancy and sparsity tackling framework and 

solutions are detailed in Section 3.2. Evaluations are shown in Section 3.3 . 

3.1 System Overview 

In this section, we first describe several important concepts followed by the problem 

definition , and then discuss the system architecture. 
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Definition 3. An entity is a thing or phenomenon which can be observed by crowd 

users; a user is a crowd sensing participant who contributes information about the 

entities; and an observation is the information perceived by a particular user on a 

particular entity. 

Here we take the air quality sensing application as an example. Air quality 

is vital to human health and thus it needs to be monitored. The measurements 

include PM2.5 (particulate matter with diameter less than 2.5 microns) , SO2 (sul

fur dioxide) , AQI (air quality index) and etc. In these sensing applications, the 

air quality measurement (e.g. , PM2.5) at a particular location and time is an en

tity. Each participant is a user, and the value of air quality measurement that is 

observed and reported by a user at a given location and time is an observation. 

Definition 4. A truth is the true value of an entity. 

Note here the truths of entities are unknown, and they are the expected output 

of the proposed framework. Consider the aforementioned example, the truth is the 

real air quality value at a particular location and time. 

Definition 5. The similarity between two entities is defined based on the closeness 

between their true values. 

Under this definition, if two entities are similar, their true values should be 

close to each other. The entity similarity information is provided as the input to 

the proposed framework , which can be derived based on the characteristics of the 

specific sensing application. As for air quality sensing, the entity similarity can be 

computed based on the closeness between locations and time. 

Problem Definition. Given the redundant and sparse observation data collected 

from crowd sensing applications and the entity similarity information, the objective 

is to estimate the truth for each entity. 

With the definitions above, we then discuss the designed crowd sensing system. 

As shown in Figure 3.1 , users (clients) make observations on some of the entities 
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Figure 3.1: System Framework 

and report their values to the central server. Note that a large number of entities 

may not receive any observation from any user. At the server side, the proposed 

method is performed and all the estimated entity truths are returned to the end 

users. The detailed procedure is discussed in the following. 

Client. With the sensors integrated or connected to their mobile devices, users can 

sense the surrounding environment and report their readings to the central server. 

This process can be completed actively or passively, i.e., the sensing activity can 

be started and reported manually by users or according to an automatic schedule. 

For example, in a crowd sourced weather report application, "WeatherSignal" 1 
, the 

weather condition can be reported manually by users (such as "sunny", "rainy" 

and etc.) or it can be performed automatically by uploading the sensoring data 

collected from the integrated sensors on temperature , pressure and etc. 

Server. Once the observations are collected from the users, the server performs 

the proposed method to estimate the true value of each entity. The output is 

returned to users to assist their decision making. For example, in the air quality 

1 http: //weathersignal.com 

http://weathersignal.com
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sensing application, we convert redundant and sparse crowd sensing data into air 

quality measurements at each location/time, which are then provided to users as 

an effective air quality monitoring tool. 

3.2 Redundancy and Sparsity Tackling Frame

work 

In this section, we present the proposed Redundancy and Sparsity Tackling (RST) 

framework. We discuss the formulation of missing observation estimation in Sec

tion 3.2.1 , and its solution in Section 3.2.2 . The truth discovery method used for 

aggregation is introduced in Section 3.2.3. Then we prove the convergence of the 

solution in Section 3.2.4. 

3.2.1 Problem Formulation 

Suppose there are N entities and M users. The observation matrix is denoted as 

X E JRMxN , where Xij represents an observation on entity j provided by user i. In 

crowd sensing applications, each user usually provides observations for a subset of 

entities. Because of this, the observation matrix X is not complete, i.e. , there are 

many "missing" entries in X , which indicates that certain users did not provide 

observations on some of the entities. We use an indicator matrix H to distinguish 

between missing and non-missing entries. H has the same size as X , where hij = 0 

if Xij is missing and hij = l if Xij is observed. The final goal of this problem is to 

infer a vector X* = {x;' , ... ,x; , ... ,xN} in which x; represents the true value of 

entity j. 

We achieve this objective via the following two steps: 

• Missing Observation Estimation. We estimate the "missing" entries in 

the observation matrix X. By filling in the missing observations, we are 
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able to approximate what users observe about entities so that we can better 

capture users ' reliability degrees in the next step. 

• Aggregation. After all the missing entries are filled , we aggregate along 

each column (i.e. , {x 1j , ... , XMj}) to obtain the true value of each entity x;. 

A naive approach is to take the average of the values , but this approach does 

not take into account the important factor of user reliability. At this step, we 

adopt an existing truth discovery method [8] that estimates users ' reliability 

degrees and weigh each observation value based on users ' reliabilities in the 

aggregation. 

In this section, we describe the proposed method of missing observation esti

mation in detail and the aggregation method will be discussed in the following 

sections. 

To fill in the missing entries of X , we propose the following optimization frame

work which integrates three important aspects: 

min MF + Rl + R2, (3.1) 

where MF is a matrix factorization term, Rl and R2 are two regularization 

terms that capture the constraints on entities and users. These three terms are 

introduced below. 

MF: Matrix factorization. The first term MF adopts matrix factorization 

techniques to find two matrices U E JRMxK and V E IRN xK , such that their 

product provides a good approximation to X (i.e. , X uvr). The intuition isRj 

that: We identify K virtual users (typically K is much smaller than min(M, N)) 

whose values towards N entities are stored in matrix V , and we represent the 

observations of the original M users as a linear combination of the virtual users ' 

values. Each row in matrix U represents the coefficients of the linear combination 

that maps this original user to the combination of K virtual users. In some sense, 
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the virtual users capture commonalities among users from K angles, which serve as 

the basis to recover missing observations by original users. In other words , virtual 

users' observations V can be regarded as a compression of the original data which 

summarizes important characteristics of the original data. 

To find a good approximation of X , the values of X and uvr should be as close 

as possible on the observed entries. Thus we should find U and V that minimize the 

distance between X and uvr on the entries where hij = 1: IIH o (X - UVT) ll 2
. 

Here, II ·II denotes the Frobenious norm and o is the Hadamard product which 

satisfies R = Po SB rij = PijSij· To alleviate overfitting, we restrain the norms 

2of the two matrices (i.e. , IIUI 12 and IIVI 1) to be small. Putting them together, the 

first term MF in the minimization problem is: 

(3.2) 

where a is a hyperparameter balancing the approximation error and the overfitting 

constraint. By minimizing this term, we obtain U and V whose norms are small 

and their product approximates X. 

Rl: Regularization on entity similarity. If we simply minimize Eq(3.2), we 

may encounter issues on entities that receive no observations from any user. When 

there are no observations on an entity, there are no virtual observations on this 

entity from virtual users neither. To infer the observations of these entities, we pro

pose to incorporate the similarity information among entities into the optimization 

function. 

We use a N x N matrix A to encode known similarity between entities , m 

which ajj' denotes the similarity between two entities j and j'. The higher ajj' , 

the more similar the two entities are. Take spatial data as an example, suppose 

each entity captures a particular location, and we can measure the distance between 

two locations. One way of modeling the similarity is to convert from the distance 

using Gaussian kernel, i.e. , ajj' = exp( - d2 (j , j')/CJ2
). Here d(j , j') is the distance 
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of two entities and O' is a scaling parameter that controls how fast the similarity 

decreases as the distance increases. In general, the Gaussian kernel is a measure 

of similarity between entity j and j'. It evaluates to 1 if the two input values are 

identical, and approaches O as they move further apart. 

In many applications, if two entities are similar then they are likely to receive 

similar observations, e.g. , two close locations are likely to get similar air quality 

readings. By incorporating such similarity relationships, the observations of an 

unobserved entity can be approximated by some combinations of the observations 

on similar entities. To achieve this, we add a regularization term Rl to the ob

jective function. The basic idea is that the observations from virtual users should 

not differ too much on entities that are similar to each other. Therefore , when 

ajj' is large (similar entities) , 11½- - Vy,.11 2 should be small , while some difference 

between Vy. and Vy,. can be tolerated when ajj' is small. 

N N 

Rl: LL jj'II½- -Vj,. 11 2 

j=l j'=l 

N N 

LL 
j=l j'=l 

K~eV.k 
tr(V LV). (3.3) 

To simplify the representations, we can reduce this term to the trace of VT LV as 

shown above. Here, L = D - A and Dis a diagonal matrix with Djj = I:: (ajj'·
1 

R2: Regularization on virtual users. As we have mentioned, virtual users ' 

observations serve as a compression of the original data. However, virtual users are 

not equally important. Some virtual users may play more important roles when 

recovering X. To recognize this difference and rely on those important virtual users 

more during this process, we propose to add the following regularization term R2. 

https://11�--Vy,.11
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We first introduce another two sets of variables. We use V* E IRNx l to represent 

the aggregated observations from all virtual users. Let W = Diag(w1 ,w2 , ... ,wK) 

be the importance degrees of K virtual users. If a virtual user is more important 

(i.e. , Wk is high) , higher penalty will be received when this virtual user 's observation 

is quite different from the aggregated one (i.e. , difference between V.k and V* is 

large). On the contrary, the observation made by a less important virtual user 

with a low weight wk is allowed to be different from the aggregated one. This term 

helps select virtual users that are more important , and thus is added to the sum 

of Eq(3.2) and Eq(3.3) to further regularize the matrix V. 

N K 

R2: v;J'w,~ ~tk -
tr [(V - V'Q)W(V - V'Q?] ( (3.4) 

where ~:=l exp(-wk) = 1, Q E JRl xK and each entry qk = l for k = l , · · · , K. 

Combining Eq(3.2) (MF) , (3.3) (Rl) and (3.4) (R2) , we obtain the following 

optimization problem: 

p: min J(U, V, V* , W) = IIH O (X - uvT)ll 2+ a(IIUll2+ IIVll2)
u,v,v •,w 

~tr(VTLV) + 1 tr [(V - V'Q)W(V - V'Q)T] ( 

s.t. L fxp(-wk) = 1, 

k = l \ 

where a , /3 and ry are hyperparameters which give different emphases on the reg

ularization terms. 

The problem P aims to minimize the aggregated error of three parts: 1) the 

first part MF describes how well the matrix factorization uvr can recover the 

observation matrix X ; 2) the second part Rl , i.e. , the regularization on entity 



ii = -2xTu + 2vuTu + 2(aI + f3L)V + 2, (V - V*Q)W. (3 .6) 

Let the partial derivative of Eq(3.6) be 0, we can get 

(3.7) 

The above is a Sylvester equation and a classical algorithm for the numerical 

solution is Bartels-Stewart algorithm [21] which requires O(N3
) time complexity. 

It becomes intractable when we have a large number of entities , i.e. , when N is 
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large. An alternative way can be adopted to iteratively learn each column of V , i.e. , 

V.k(k = 1, · · · , K) , with other columns fixed. As will be discussed in Section 3.2.4, 

f is convex with respect to V , and this strategy preserves the same convergence 

property. 

Let Ji= tr(VT(aI + {3L)V) , and h = I:i I:/xij - Ui. v'.J:) 2 + ry I: j I:fVjk -

v;)2wk. It is obvious that f = Ji + f2 + C1 and ~he following partial deri\,_atives 

can be obtained: 

(3 .8) 

(3 .9) 

Combining Eq(3.8) and Eq(3.9), and let the partial derivative off with respect 

to V.k be 0, we can derive the following linear equation: 

(3.10) 

where p (k) = (a + I:: 1 u;k + rywk)I + {3 L , and e(k) = (eik) , e~k), ... ,et) ? with 

(k) " M ( V UT ) *ej = L.., i= l Uik Xij - j • i • + Vj kUik + '"'( Vj Wk. 

One simple solution involves computing the inversion of an N x N matrix p (k), 

and it still requires O(N3
) computation. The steepest descent method [22, 23] can 

reduce it to linear time complexity and the corresponding update rule is: 

r(t) = e(k) - p (k)v.k(t) , 

t _ r(t)Tr(t)
6 (3.11)( ) - r(t)T p (k)r(t) ' 

V.k(t + 1) = V.k(t) + fJ(t)r(t) , 
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where (t) denotes the tth iteration. 

Update U while fix ing V, V* , W. The objective function f in problem P can 

be rewritten with respect to U: 

J IIX - uvT112 + al lUll2 + C2 

tr(-2XVUT + uvTvuT + auuT) + C3, 

where C2 and C3 are constants independent of U. 

Let the derivative off with respect to Ube 0, we can derive the following: 

(3.12) 

Then the solution of U can be derived as: U = (VTV +cd)-1XV. Equivalently, 

we can update Ui . , i.e. , each row of U, iteratively. Let the derivative of f with 

respect to Ui . be 0, we derive the fo llowing updating rule: 

(3.13) 

Since the size of the matrix involved in inversion is K x K and K is typically 

a small number, the computation complexity is acceptable. 

Update W while fix ing U, V, V*. We derive the Lagrangian of the problem P 

with respect to W as fo llows: 

where C4 is a constant independent of W . Let the partial derivative with respect 

to wk be 0, we get: 

(3.14) 
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From the constraint that ~f=l exp(-wk) = 1, we can derive that: 

K N 2 (3.15),\ ~ 'Y ~~tk -vj) 

We can then derive the update rule for each weight by plugging Eq(3.15) into 

Eq(3.14): 

(3.16) 

Update V* while fixing U, V, W. The objective function of problem P with 

respect to V* can be rewritten as 

where C5 is a constant independent of V*. Let the partial derivative with respect 

to v; be 0, we can derive the solution 

(3.17) 

The procedure to solve the problem P is summarized in Lines 1 to 14 in Al

gorithm 3. The input includes observed entries in X (i.e. , entries whose hij = 1), 

similarity matrix A and the number of virtual users K. After initializing all the 

variables (W, V* and U) , we iteratively update each set of variables using Eq(3.11), 

Eq(3.13), Eq(3.16) and Eq(3.17) respectively until convergence criterion is satis

fied. 
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Algorithm 3 RST Framework 

Input: Sparse observation matrix X, entity similarity matrix A, and the number of 
virtual users K. 
Output: Entity truths X*. 

1: Initialize missing data of X as O; 
2: Initialize Wk = - log(l / K) , k = 1, · · · , K; 
3: Initialize vJ = mean(X.j), if entries in X.j are not all missing; or 

vJ = mean(H o X) for all non-missing values in X ; 
4: I~itialize uik = uniform(O , 1) , i = 1, · · · , M, and k = 1, · · · , K; 
5: X+----X; 
6: repeat 
7: Update V according to Eq(3.11 ); 
8: Update U according to Eq(3.13); 
9: Update W according to Eq(3.16); 

10: Update V* according to Eq(3.l7); 
11 : .x +---- uvT.

' 12: X +---- (1 - H) 0 X + HO X; 
13: until Convergence criterion is satisfied; 
14: X +---- (1 - H) o (U *VT)+ Ho X; 
15: Aggregate X to derive the entity truths X* via a truth discovery method [8]; 
16: return X*. 

3.2.3 Aggregation on X 

After filling in all the missing observations m X , we need to aggregate along 

each column to obtain the true value for each entity x;. In order to achieve this, 

we adopt a state-of-the-art truth discovery method [8] which aims to find out 

the true information from noisy user observations. It formulates the problem as 

an optimization problem to minimize the overall weighted deviation between the 

identified truths and the input observations. Please refer to [8] for more details of 

this method. 

3.2.4 Convergence 

In this section, we first present the convexity property of the objective function 

with respect to each set of variables, then prove the convergence of the problem 

P . 



□ 

Lemma 3 . f is convex with respect to U. 

Proof. As shown in Eq(3.12), the Hessian off with respect to U is a b lock-diagonal 

matrix, i.e. , 0;;i1' = diag(Bu , Bu , .. . , Bu ), and ~ u = ~j~T_"Vj. +al. Similar to 

the proof of Lemma 1, we can derive that det( 0Zabr) > ~ and it is convex with 

respect to U. □ 

Lemma 4 . f is convex with respect to W . 



□ 

Lemma 5. f is convex with respect to V*. 

Proof. In this case, the objective function in the problem P is a summation of 

convex functions with respect to V*. It is convex since these functions are convex 

and summation operation preserves convexity. □ 

Theorem 6. The proposed iterative process converges to a stationary point of the 

optimization problem P. 

Proof. According to the property of the b lock coordinate descent [12], every limit 

point of the objective function in problem P is a stationary point under the condi

tion that the objective function can attain a unique minimum during each iteration. 

According to the above lemmas, the objective function is convex with respect to 

each set of variables in each iteration, and thus a unique minimum is attained at 

each iteration. As the condit ion holds, this theorem holds. □ 

3.2.5 Computational Complexity 

Assume there are M users , N entities, and K virtual users. It is also safe to 

assume that K « M « N for most of the crowd sensing applications. Then, 
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updating matrix V costs O(KN) time for solving Eq(3.11 ) with the steepest de

scent method [22], plus O(MN K 2 ) time for the matrix multiplication; updating 

matrix U costs O (MNK) time for the matrix multiplication and O ( K 3 ) time for 

the inversion; updating W costs O(NK) time according to Eq(3.16); and updating 

V* also requires O(NK) time according to Eq(3.17). In total , the time complexity 

is O (MNK 2 ). Since K is usually a small number and thus can be regarded as a 

constant, the computational complexity of the proposed method is well within the 

feasible realm. 

3.3 Evaluations 

In this section, we present the evaluation of the RST framework compared with 

several baseline methods. The experiment is conducted on real-world air quality 

sensing applications as well as simulation. The experiments on air quality sensing 

are conducted at Tsinghua University and the Haidian District in Beijing, China. 

The baselines are discussed in Section 3.3.1. Results are shown and discussed in 

Section 3.3.2 and Section 3.3.3. 

3.3.1 Baselines 

As discussed in Section 3.2 , the proposed Redundancy and Sparsity Tackling (RST) 

method first performs Matrix Factorization (MF) with regularization terms on en

tity SIMilarity (sim) and virtual user importance to fill in users ' "missing" obser

vations , then infer entity truths by aggregating observations with Truth Discovery 

(TD). As the proposed method captures both entity similarity and virtual users ' 

importance, it gives good estimates on the "missing" observations, and thus the 

aggregation on the observation matrix can derive better estimates of entity truths. 

In this section, we justify the advantage of the proposed method empirically by 

comparing it with the following three baselines: 



_sim+ TD (Matrix Factorization only with entity similarity regularization 

+ Truth Discovery). Compared with RST, the difference is that this method 

does not consider the importance of different virtual users. In other words, 

this method does not incorporate the regularization term R2 discussed in 

Section 3.2 . The comparison with this alternative of the proposed method 

shows the benefits of adding R2 into the optimization problem. 

• TD+ ITP (Truth Discovery+ InTerPolation). As discussed in the introduc

tion, one possible baseline is to tackle redundancy and sparsity challenges 

separately as fo llows: First , truth discovery is used to aggregate observations 

of non-missing entities to estimate their true values. Second, interpolation 

is conducted on missing entities to infer their values. Specifically, via inter

polation, a missing entity's value is computed as the weighted average of its 

correlated observed entities. As truth discovery and interpolation are not 

integrated, they may not perform well compared with RST. Especially when 

the data is extremely sparse, the interpolation is likely to fail. 

• Mean+ ITP (Mean+ InTerPolation). With this method, mean (or average) is 

performed first on observations of non-missing entities to estimate their true 

values, then an interpolation is conducted on missing entities to infer their 

values. This is the simplest approach to tackle redundancy and sparsity 

issues, but it ignores the characteristics of crowd sensing applications and 

thus is not as good as RST. 

3.3.2 Air Quality Sensing at Tsinghua 

University 

Air quality has become a great concern around the world, especially for developing 

countries such as China and India where people are suffering from the deteriorated 

air quality. Although official monitoring stations with high-quality sensors are 
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(a) Air Quality Sensing Devices (b) Areas at Tsinghua University(c) Locations at Tsinghua 
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Figure 3.2: Air quality sensing devices and locations at Tsinghua University 

deployed throughout the country, the number is very limited since they are very 

expensive. Take Beijing (the capital of China) as an example, it only has 22 

stations covering a 50 km x 50 km land, and this means each station covers an area 

as large as 113 km2 [24]. With such a limited number of monitoring stations, we 

may obtain the overall air quality condition of the whole city, but we are unable to 

obtain fine-grained air quality measurements. Fortunately, crowd sensing becomes 

a promising solution for the fine-grained air quality monitoring task. 

In this section, we discuss the experiment on sensing the particulate matter 

with diameter less than 2.5 micron (PM2.5) with mini-AQM [2]. Mini-AQM is 

a portable air quality device for personal use. It is designed and manufactured 

by the Coilabs Co. Ltd [16]. The device is shown in Figure 3.2 (a). Mini-AQM 

can automatically sense its surrounding environment 's PM2.5 value, and upload 

the data to the server. The value can also be viewed via a smartphone App. We 

recruited 18 participants and let them conduct sensing tasks with mini-AQM in 

four designated areas at Tsinghua University, Beijing, China. There are around 

seven locations within each area, and the PM2.5 value at each location is regarded 

as an entity. The entities are considered to be similar to each other if the geo

graphical distances among them are close. In particular, the similarities among 

entities are set to be 1 if they reside within the same area, and 0 if they are from 
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Table 3.1: Performance over All Entities on Tsinghua Data with Varying Sparsity 

MAE RMSE 
Se Su s RST MF_sim+ TD TD+ ITP Mean+ ITP RST MF_sim+ TD TD+ ITP Mean+ ITP 

0.3 0.72 16.764 30.059 20.749 21.430 28.432 55.969 36.525 36.603 
0 .6 0 .6 0.84 16.981 36.842 21.298 22.628 28.581 70.692 36.370 37.780 

0 .9 0.96 19.271 59.421 24.632 23.851 32.540 107.274 40.992 39.523 

0 .3 0.79 17.719 31.053 22.683 23.289 29.827 57.632 39.331 39.091 
0 .7 0.6 0 .88 17.921 39.848 22.736 22.232 30.008 74.779 39.020 36.233 

0 .9 0 .97 21.429 62.156 23.940 22.668 36.958 112.728 38.672 35.576 

0.3 0 .86 16.587 30.991 21.000 21.648 28.164 57.167 36.923 36.836 
0 .8 0 .6 0 .88 17.547 38.636 22.173 22.409 29.347 71.168 37.572 37.108 

0 .9 0 .98 21.142 67.214 26.060 25.841 42.281 121.999 42.948 41.847 

different areas. The ground truths are collected with Thermo [17] which is an 

accurate but expensive sensing device. Several experiments are performed, and 

the results are discussed in the following. Please note that , the proposed method 

aims to tackle the redundancy and sparsity problems for general crowd sensing 

applications including not only the air quality monitoring but also many others 

such as road congestion detection, gas price estimation, etc. Thus, we do not take 

any application-specific factors into consideration, such as wind speed and weather 

condition. 

Performance comparison when varying the sparsity levels . In different 

crowd sensing applications, we may encounter various data sparsity levels, and 

thus we test how the performance varies with respect to sparsity levels. We denote 

the overall sparsity of the data as S, and it consists of two parts - the sparsity with 

respect to entities (Se) and the sparsity with respect to users (Su)- Specifically, 

Se describes the percentage of "missing" entities, i.e. , the entities that receive no 

observations. For those "non-missing" entities, it is probable that they are only 

observed by some of the users. Then the sparsity with respect to users Su indicates 

the percentage of users who do not report information for these entities. It is easy 

to derive that S = Se + (1 - Se) x Su. In this experiment , we vary Se among 

(0.6 , 0.7, 0.8) and vary Su among (0.3 , 0.6 , 0.9). The corresponding overall sparsity 

S and the evaluation results are shown in Table 3.1. 
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(a) Air Atlas DT Pro (b) Deploy Locations ( c) Real Deployments 

Figure 3.3: Air Atlas DT Pro and the deployment locations in Haidian district 

There are 29 entities and 18 users in this experiment. As shown in Table 

3.1 , we can see that RST performs better than the other baselines under most of 

the sparsity settings because the corresponding MAE and RMSE are the lowest. 

This result demonstrates the advantages of RST. The proposed method solves re

dundancy and sparsity challenges by tightly integrating the missing observation 

estimation and the truth discovery, and the matrix factorization and regulariza

tion terms in the missing observation estimation enable a better estimation of 

the observation matrix, which is used to derive the entity truths. Therefore, the 

proposed RST method is able to outperform the baselines. We can also see that 

all the methods' performance deteriorates as the sparsity level increases. This is 

because more information would be missing when the sparsity level is higher, and 

it makes the estimation of true values harder. However, the proposed method still 

outperforms others in most situations. 

3.3.3 Air Quality Sensing in Haidian District 

As we have discussed, air quality monitoring stations are expensive to build and 

thus are very limited in number. In order to provide a fine-grained air quality 

monitoring service, Coilabs also designed another air quality sensing device, "Air 

Atlas DT Pro" (Figure 3.3), that can be deployed in outdoor environment. Over 
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Table 3.2: Performance on Haidian Data with Varying Number of Entities 

MAE
Sparsity #Entit ies 

RST MF_s im + TD TD+ ITP Mea n+ ITP 

20 10.664 11.783 12.703 13.211 

Se = 0.8 40 8 .098 8.423 11.978 12.580 

Su= 0. 5 60 7. 690 7.759 11 .436 12.572 

S = 0.9 80 7. 836 7.909 10.462 11.295 
98 7.706 7.762 10.320 11.151 

20 10.876 13.940 19. 719 18.690 

Se = 0.8 40 8 .997 9.674 19.080 18.497 

Su = 0.8 60 8 .678 8.936 19.108 18.899 

S = 0.96 80 8 .624 8.889 17.876 17.724 
98 8 .445 8.677 16.845 17.266 

one hundred such devices are deployed across the Haidian District in Beijing, and 

the PM2.5 values are monitored continuously to provide a timely and fine-grained 

report. We acquired all the sensed data at 03:00 on March 20, 2015, and regard 

them as the ground truth values at those locations. The PM2.5 value at each loca

tion is treated as an entity, and there are totally 98 entities after removing outliers. 

The similarity between any two entities is calculated with Gaussian kernel based 

on their geographical distance. The observations of users with different reliability 

levels are generated by adding Gaussian noise upon the ground truths. In this 

experiment , we have six groups of users and the users in the same group have the 

same noise level selected from (-50%, -30%, -10%, 10%, 30% and 50%). The noise 

level measures to what extent their observations deviate from the ground truth. 

In total we have 30 users, and thus there are 5 users in each group. Experimental 

results are summarized in Table 3.2, and discussions can be found in the following. 

P erformance comparison w he n varying the sparsity levels. In Table 3.2, 

we show the performance on two sparsity levels , i.e. , 90% and 96%. Compared 

with the experiment performed on the Tsinghua data, similar patterns can be 

observed when varying the sparsity levels. RST outperforms the baselines , espe

cially when the sparsity level is higher. This demonstrates the effectiveness of the 

proposed integrated framework that combines missing observation estimation and 

truth discovery to derive entity truths. 
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Table 3.3: Performance over All Entities on Simulation with Varying Sparsity 

MAE RMSE 
Se Su s RST MF_sim+ TD TD+ ITP Mean+ ITP RST MF_sim+ TD TD+ ITP Mean+ ITP 

0.3 0.72 5.158 5.394 5.789 5.958 8.105 8. 166 8.325 8.415 
0.6 0.6 0.84 5.157 6.111 6.274 6.576 8.135 8.655 8.618 8.869 

0.9 0. 96 6.037 13.311 9.361 9.753 8.285 17.240 12.157 12.665 

0.3 0.79 6.180 6.409 6.641 6.776 9.120 9.252 9.225 9.301 
0.7 0.6 0.88 6.340 7.166 7.392 7.665 9.292 9.831 9.952 10.217 

0.9 0.97 6.789 17.046 10.043 10.266 9.245 22.268 13.035 13.259 

0.3 0.86 7.197 7.586 7.502 7.613 10.129 10.525 10.202 10.272 
0.8 0.6 0.92 7.210 8.013 8. 162 8.390 10.023 10.408 10.717 10.931 

0.9 0.98 9.504 24.892 10.530 10.604 12.707 31.561 13.543 13.695 

Performance comparison when varying the number of entities. To check 

the performance on the scenarios with different number of entities, we uniformly 

sample the entities and conduct the experiments. As can be observed in Table 

3.2, the performance of RST is consistently better than other baselines under any 

setting. In addition, as shown in Table 3.2, the performance improvement of RST 

is more significant when the information density is low which is caused by less 

entities. When we have more entities whose values are distributed over an interval, 

the simple interpolation method can give a fair estimation of entity truths. On the 

contrary, when there are only a few entities having similar values, the interpolation 

method fails. But the proposed method which makes better use of entity similarity 

and selects important virtual users, outperforms the other methods. Moreover, 

when we fix the number of users , less entities means less observations collected 

from users. This demonstrates that RST can better estimate users ' observations, 

even when we have very limited information. 

3.3.4 Simulation Results 

In order to further examine the performance of RST on dealing with redundant 

and sparse data, we conduct simulation studies. The benefit of simulation is that 

we have the full control over the data, i.e ., we can alter the sparsity, the number of 
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Table 3.4: Performance on Simulation with Varying Number of Entities 

MAE 
Sparsity #Ent it ies 

RST MF_sim + TD TD+ ITP Mea n+ ITP 

40 6 .247 6.728 7.319 7.499 
Se = 0.8 60 6 .847 7.386 7.689 7.891 
Su= 0. 5 80 7.066 7.590 7.853 8 .048 
S = 0.9 100 7.206 7.685 7.832 7.989 

40 6 .11 3 14.114 9.143 9.308 
Se = 0.8 60 6 .593 12.963 8.946 9.154 
Su= 0.8 80 7.132 12.888 9.271 9.529 
S = 0.96 100 7.449 12.087 9.079 9.275 

entities and the number of users, such that the performance under all conditions 

can be exposed. 

In this experiment , we simulate a crowd sensing scenario with 10 areas , each 

of which contains several entities. We assume that the entities within the same 

area are similar with each other, i.e. , the similarity degree between any two is 1. 

First , we generate the ground truths for each area and each entity. The true values 

for these areas are 40, 50, · · · , 130, and the true values for the entities within each 

area are generated by adding a relatively small Gaussian noise into the area truths 

(the noise is set as 10 in our experiment) . Then we generate 6 groups of users, 

and assign certain amount of users to each group. The users in one group have the 

same noise level selected from (-50%, -30%, -10%, 10%, 30% and 50%). Finally, 

the users ' observations are generated by adding their corresponding Gaussian noise 

to the ground truths of entities. 

P erformance comparison when varying sparsity levels and number of 

entities . Firstly, we vary the sparsity levels with 60 users (10 users per group) 

and 100 entities (10 entities per area) . The results are summarized in Tables 3.3 

measured by MAE and RMSE. We find that RST outperforms other baselines on all 

the sparsity levels , and the performance improvement is better when the sparsity 

level is higher. In another experiment , we vary the number of entities per group as 

4, 6, 8, 10 while fixing the number of users to be 60 (10 users per group) and the 

sparsity levels as 90% and 96%. The results are shown in Table 3.4. Similar trends 
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Table 3.5: Performance on Simulation with Varying Number of Users 

MA E 
Sparsity #Users 

RST MF_si m+ T D T D+ ITP Mea n+ ITP 

30 6 .790 7.612 8 .288 8 .610 
Se= 0.8 60 6 .788 7.297 7.706 7.897 
Su= 0.5 120 6 .876 7.202 7.500 7.630 
S = 0.9 180 6 .909 7.221 7.413 7.491 

30 6 .835 17.758 11.372 11.714 
Se= 0.8 60 6 .859 14.050 9.468 9 .658 
Su= 0.8 120 6 .238 11 .418 7.707 7.803 
S = 0.96 180 6 .196 12.129 7.230 7.315 

can be found as in the previous experiment in Haidian District. We also observe 

the clear advantage of the proposed method when the entity density becomes low. 

P erformance comparison w hen vary ing number of users . In this experi

ment , we compare the performance by changing the number of users from 30 to 

180, while the number of entities is fixed as 50 and the sparsity is set to be 90% and 

96%. The results are summarized in Table 3.5 . As can be seen, the performance 

of RST is the best among all methods. Especially when there are less number of 

users, the proposed method performs even better compared with other baselines. 

When we fix the number of entities, less number of users indicates less observations 

that we can collect from users. The proposed method performs better in such cases 

because it can better capture user behavior compared with baselines. Since RST 

can distinguish the importance of virtual users and make a better use of the entity 

similarity information, it has good performance even when the number of users is 

small. 

3.4 Summary 

Redundancy and Sparsity are two major challenges daunting the crowd sensing ap

plications. The dat a are redundant because multiple users may provide conflicting 

observations on the same entity, and they are sparse since the users are oftentimes 

outnumbered by the entities to be sensed. In this chapter, we propose an inte-
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grated framework to infer the true values of entities from redundant and sparse 

data in crowd sensing applications. We design an effective optimization method 

that estimates users ' missing observations, which consists of matrix factorization 

and regularization terms. Via matrix factorization , we can represent the obser

vations of the original users as a linear combination of the virtual users ' values. 

Then a regularization term on entity similarity is added to the objective function 

to enable the estimation on entities with no observations. Another regularization 

term on virtual users is also incorporated, such that we can distinguish those vir

tual users that play more important roles when recovering the observation matrix. 

After missing observations are estimated, a truth discovery process is conducted to 

finally infer the true value for each entity. Estimating user observations helps the 

estimation of user reliability degrees in truth discovery, and thus the redundancy 

and sparsity challenges are tackled jointly in the proposed framework. We conduct 

experiments on the task of air quality sensing at Tsinghua University and Haidian 

District , together with a thorough simulation. Results demonstrate the ability of 

the proposed method in estimating true entity values in various sensing scenarios, 

and show its advantage compared with baseline methods. 



Tackle the Partial View Challenge in 

City-wide Traffic Volume Inference 

By 2050 , 66% of the world 's population will be living in urban areas according 

to the report by Population Division of the United Nations [25]. As a result , 

cities will be facing numerous challenges in meeting the needs of their growing 

populations, especially for the transportation system. Being aware of the city-wide 

traffic volume, i.e. the number of vehicles traversing a given road segment in a given 

time interval, is the first step to solve the problems in transportation. Because on 

one hand, knowing the traffic volume for every road brings great convenience for 

the urban residents in helping them avoid congested roads. On the other hand, 

it is also very important for the government in city planning, such as detecting 

bottle-neck roads, intervening on congestions, and estimating vehicles ' pollution 

em1ss1ons. 

Existing volume inference methods use either loop detector or taxi trajectory 

data, but they fail to provide a city-wide volume estimation. Specifically, loop 

detectors or surveillance cameras are expensive and thus difficult to scale up to 

cover the whole city area. As for the taxi data, their occurrence on the streets is 
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only a biased sample of the entire traffic volume, because their operating time is 

quite different from the general population. 

In this chapter, we propose to infer the city-wide volume information with both 

loop detector and taxi trajectory data. By making the best use of both data 

sets, we can achieve a better volume estimation on a city scale. However, this is 

a nontrivial problem faced with great challenges. Firstly, although loop detector 

data can provide accurate volume information, it is very sparse and incomplete 

because of the low deployment rate. In order to infer the volume information 

for those road segments without loop detectors , we can first construct an affinity 

graph to characterize the similarities among roads , then propagate the volume data 

from road segments with loop detector to similar segments without loop detector. 

However, it is still a difficult task to construct a good affinity graph, because we do 

not possess the knowledge of road similarities with respect to volume values. To 

solve this problem, we first estimate the travel speed from the taxi trajectory data, 

and learn the daily speed patterns for each road segment. From our observations 

in the real world data, the speed patterns co-evolve with volume patterns, and 

this means that roads with similar speed patterns are more likely to follow similar 

volume patterns. It allows us to learn the similarity among road segments with 

respect to the speed pattern and together with other urban features , then connect 

those with similar speed patterns to form the spatial affinity graph. In addition 

to the affinity graph in spatial domains, we build connections among recent and 

periodical time slots. Based on the learned affinity graph, we propose a graph

based semi-supervised learning method to propagate the volume information to 

similar road segments without loop detectors, such that we can achieve a city-wide 

volume estimation. Furthermore, we propose practical confidence measurements 

with spatio-temporal smoothness property and graph-structure property, and these 

measurements will provide end users a better interpretation of the inference results. 
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In summary, we propose a novel framework to infer the city-wide volume in

formation with both loop detector and taxi trajectory data. We propose a graph

based semi-supervised learning model to tackle the data sparsity problem associ

ated with loop detectors. Daily speed patterns are learned from taxi trajectories, 

and it is utilized to construct the affinity graph among roads. As a result , the 

knowledge from two different domains are fused in this framework to infer a city

wide volume information. We propose practical confidence estimation measure

ments with the spatio-temporal smoothness property and graph-structure property. 

We conduct extensive experiments on real-world data which was collected with 155 

loop detectors and 6,918 taxis over a period of 17 days. The results demonstrate 

the advantages of the proposed framework on correctly inferring city-wide traffic 

volume. 

The rest of the chapter is organized as follows. We describe the overview of the 

framework in Section 4.1 . Components of the framework are detailed in Section 

4.2 , and experiments are shown in Section 4.3 . 

4.1 Overview 

In this section, we first introduce several preliminary concepts that will be used 

throughout the work, formally define the problem that we aim to solve, then 

describe the overview of the proposed framework. 

4.1.1 Preliminary 

Definition 6. Traffic Volume of a road segment is the total number of vehicles 

traversing through it during a fixed time window. 

Definition 7. Loop Detectors, or "inductive-loop traffic detectors", are sensors 

that buried under the pavements. They can detect vehicles passing or arriving 
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at a certain point, and the volume information can be derived by aggregating the 

generated data over a certain time window. 

Note that , although loop detectors can generate accurate volume information, 

they are so expensive that the government can implement only on a small number 

of road segments. This is far from sufficient in terms of acquiring the city-wide 

volume information. 

D efinition 8 . Trajectory (Tr) of a taxicab is a sequence of time-ordered spatial 

points, Tr : p1 ---+ p 2 ---+ · · · ---+ Pn where each point p has a geo-spatial coordination 

set l and a time stamp t, i.e., p = (l , t) . 

D efinition 9. Point of Interest (POI) is a specific location that someone may find 

useful. In this work, they represent venues in the physical world, e.g., banks and 

shopping malls. Each POI is associated with properties such as name, address, 

coordinates, category and etc. 

D efinition 10. Road Network is a graph-based data structure where road segments 

are connected to each other. Each road segment is a directed edge with two terminal 

points together with a list of intermediate points. 

4.1.2 Problem Formulation 

Given the loop detector data collected from a small portion of roads , the taxi 

trajectory data, and other urban data sets, the Objective is to estimate the 

traffic volume of any road within the city area at any time slot. 

4 .1.3 Framework Overview 

Figure 4.1 presents the proposed framework. The major components are: city

wide travel speed estimation, volume affinity graph construction, affinity graph 

edge weight learning, Spatial-Temporal Semi-Supervised Learning (ST-SSL) and 
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Figure 4.1: Proposed Framework 

inference confidence estimation, which will be elaborated in the Section 4.2 . Briefly 

speaking, we first map the GPS trajectories onto a road network with map match

ing algorithm [26], and infer the average travel speed on all road segments with 

travel speed estimation method [20]. Then daily speed patterns of each road are 

learned, and the volume affinity graph can be constructed with those patterns to

gether with features extracted from POI and road network. Once we construct 

the affinity graph and learn the edge weights, the proposed spatial-temporal semi

supervised learning algorithm is performed to infer the city-wide traffic volume for 

each road segment. Finally, in order to provide a better interpretation on the infer

ence results, we provide confidence estimation measurements with spatial-temporal 

smoothness and graph-structure properties. In the following, we will detail every 

component of the proposed framework and demonstrate the reasons behind our 

design. 
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4.2 City-wide Traffic Volume Inference 

4.2.1 City-wide Travel Speed Estimation 

First of all , the taxi trajectories by themselves do not generate traffic volume 

information directly. Fortunately, we can derive a city-wide average travel speed 

on each road segment from the trajectories with existing methods, and the travel 

speed is a good factor that correlates with the volume. In our framework, GPS 

coordinates are mapped onto the road network with map matching method [26] 

and the average travel speed of roads covered by the trajectory can be calculated. 

However, the taxis can only cover limited road segments for any given time period. 

In order to estimate the travel speed on all road segments, we perform the city-wide 

travel speed estimation method [20] with a context based collaborative filtering 

framework. 

4.2.2 Context and Speed Pattern Extraction 

With the collected urban data, we can extract three sets of important features: 

Geographic features of road segments extracted from the POI and road network 

data, speed pattern features from the city-wide speed data, and weather features 

extracted from the meteorology data. 

G eographic features of a road segm ent . For each road segment, we can 

extract features both from the POI and the road network data. 

• Road network features: Road length, level, direction, number of lanes, speed 

constraint , number of connections and tortuosity which is the ratio between road 

length and Euclidean distance between the two terminals. 

• POI features: For any given road segment, within a distance of 200 meters 

around its two terminals, we can calculate the distribution of POis across ten 

categories. These categories are: Schools , Companies and Offices, Banks and 
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F igure 4.2: Typical Speed and Volume Patterns 

ATMs, Malls and Shopping, Restaurants, Gas stations and Vehicle, Scenic spot , 

Hotels and Residences, Transportations, Entertainments and Living. 

Speed pattern features. For each road segment, we can derive two important 

features from its speed pattern: 

• Daily speed pattern. Given the historical record of travel speed on each road 

segment, we can derive a daily speed pattern by averaging it day. 

• Daily average speed. Calculated by further average over the daily speed 

pattern. 

The speed pattern features p lay important roles in the proposed framework. 

Although we have many urban features extracted, unfortunately, none of them has 

direct relationship with the volume value of a road segment. However, the speed 

patterns usually co-evolve with the volume patterns in a more meaningful way, and 

this means that roads with similar average speed and speed patters are more likely 

to fo llow similar volume patterns. Several typical speed patterns are shown in 
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Figure 4.3: Affinity Graph Structure 

Figure 4.2 together with their volume patterns. It is obvious that the speed drops 

while the volume value increases, and vice versa. This demonstrate the correlations 

between speed pattern and volume pattern. As a result , the speed patterns can 

help us determine the similarities among roads with respect to the volume. More 

specifically, the Pearson coefficient ( or Spearman coefficient) between any two series 

of daily speed patterns can measure the similarity between these two roads under 

this context. 

Weather features. For any given time slot, we can collect the weather fea

tures from monitoring stations, such as temperature , humidity, weather conditions 

( categorized as cloudy, foggy, rainy, sunny and snowy) and etc. Among these, the 

weather conditions have the most direct impact on the traffic volume. One obvious 

example is that volume patterns would be similar on days with extreme weather 

conditions, such as heavy snow or heavy rain. 

4.2.3 Volume Affinity Graph Construction 

The proposed ST-SSL model is a graph-based semi-supervised learning model. 

Its success depends on not only the model itself, but also the affinity graph that 

it applies on. We first define the affinity graph in the following. 

Definition 11. Affinity Graph (Figure 4.3) is a multi-layer weighted graph where 

each layer denotes a time slot. Each node in the graph is the lane volume, 
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i.e. average volume per lane, of a road segment on one specific time slot. There 

are edges connecting among the nodes, and their weights represent the correlation 

among the nodes. Edges within the same time slot are "spatial" correlations and 

those between different time slots are "temporal" correlations. The node set V = 

LUU, where L is the set of nodes whose volume are known (or "Labelled"), in 

other words, those road segments with loop detectors. U is the set of nodes whose 

volume are not known (or "Unlabellded") . 

Spatial and temporal knowledge play important roles in the construction of the 

affinity graph. By connecting nodes with deliberately designed spatio-temporal 

rules, we encode those prior knowledge into the affinity graph. 

Spatial Affinity Graph. Within each time slot , the construction of the spatial 

affinity graph consists the following parts: 

• Edge between nearby road segments. Common sense tells us that road seg

ments in nearby areas are likely to have similar traffic conditions. Based on this 

observation, for each road segment, we select its nearby roads (e.g. , within 300 me

ters) as candidates. However, a road segment may have too many nearby neighbors. 

As shown in Figure 4.4, there are quite a few roads with more than 50 neighbors. 

Then it is not reasonable to assume that all these nearby roads should have similar 

lane volume. In order to deal with this problem, we further filter the candidates 

with road segments' daily speed patterns. Specifically, we filter several (e.g. , 20) 

road segments from the candidate set with the most similar daily average speed, 

then further filter a small set (e.g. , 10) with the similar daily speed patterns. By 

this means, we finally connect road segments that share the similar traffic patterns. 

• Edge between reachable road segments. Some road segments are relatively 

long, and the first rule may only extract too few neighbors . However, those road 

segments that within several hops (e.g. , 2 or 3 hops) are still likely to share similar 

volume. Based on this idea, we first regard nodes that within several hops as 

candidates, then filter the candidate set by their speed patterns as above. 
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• Edge to similar road segments with loop detectors. The loop detectors provide 

very reliable volume readings. In order to make the best use of these data, we 

build edges between a road with a few ones (e.g. , 3 roads) with loop detectors with 

similar traffic patterns. This is also achieved by filtering the daily speed patterns 

like above. 

Temporal Affinity Graph. For nodes on different temporal layers, the construc

tion of edges consists the following parts: 

• Edge between recent layers. It is obvious that volume values would not change 

dramatically in a relatively short time period. The idea here is to build edge 

between nodes in nearby temporal neighbors, for example, within 30 minutes. 

• Edge between periodical temporal layers. For each road segment, the volume 

follows a regular pattern every day, every week, and even every season. Figure 4.5 

shows the volume value of a road in a 10-day period and the periodical pattern 

can be easily depicted. Based on this observation, we connect road segments with 

all of their periodical neighbors. 

• Edge between temporal layers with extrem e weather conditions. The insight 

here is when encountered with extreme weather conditions, such as heavy snow 

and heavy rain, the volume pattern would be similar with each other, but different 

from those under normal conditions. 
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Graph Edge Weight Learning. After constructing the affinity graph, we should 

learn the edge weights in the graph. The idea is that two nodes should have similar 

lane volume patterns if they share similar urban features , and vice versa. Here we 

exploit the heterogeneous urban features to determine the edge weights. Because 

various features may have different impact on the volume patterns, we propose 

to learn their impacts from road segments with loop detectors. Then the spatial 

edge weights are calculated in the following steps: 

• Step 1: Normalize the feature values Ji for all features i. This is achieved by 

feature standardization which makes the values of each feature in the data have 

·t · · f ._ f i -mean(Ji)zero-mean and um -variance, 1.e. , i .- std(Ji ) . 

• Step 2: For each feature i , calculate the Pearson correlation between the 

feature value differences l.6.fil and lane volume value differences l.6.xl. Specifically, 

for any two roads u and v with loop detector readings on the same temporal layer, 

the lane volume value difference is l.6.xu,vl = lxu - xv i, and the feature value 

difference is l.6.fi(u,v)I = lfi(u) - fi(v)I. Then with all the loop detector data, 

we can calculate the Pearson correlation denoted by corrJi. In other words, this 

measures the impact of different features on the volume values. 

• Step 3: Calculate weight au,v between any two roads u and v as follows: 

(4.1) 
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In addition, it is easy to be noticed that nodes in temporal neighbors should 

have similar lane volume. Thus, we set the temporal edge weights as 1 in this 

work. 

4.2.4 Spatial-Temporal Semi-Supervised Learning 

Based on the constructed volume affinity graph and the learned edge weights, we 

propose a graph-based semi-supervised learning model (ST-SSL) which incor

porates the knowledge of spatio-temporal volume patterns. Generally speaking, 

there are several advantages of the proposed method. First , the ST-SSL model 

can make good use of the observed volume information by loop sensors, and infer 

all missing volume values in the graph. Second, ST-SSL assures that nodes with 

similar feature values should have similar lane volume values , which is achieved 

by learning the edge weights. Third, ST-SSL follows the spatio-temporal prior 

knowledge which makes it behave under physical constraints. 

The first rule that we take into consideration is the change rate similarity of 

spatial neighbors. Assume that there are totally T temporal layers in the graph, 

and xu(t) denotes the lane volume of road u on time slot t. The corresponding loss 

function is 

2 
£ = ~ ~(a (b.xu(t) _ b.xv(t) ) (4.2)8 L.t L.t u,v Xu(t - 1) Xv(t - 1)

tET (u,v)E 

This rule captures the fact that volume of correlated roads usually has similar 

change rates over time. For example, during the morning rush hours , many vehicles 

would take similar routes to work and it makes the volume around working areas 

increase at the same time. 

The second rule is that volume on consecutive and periodical time slots should 

be similar. Let corr(t) represents the set of correlated temporal layers with time t , 
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and it contains recent and periodical layers. Then the corresponding loss function 

2Lt= L L Lfxu(t) - Xu(c)) (4.3) 
tET cEcorr(t) uEU \ 

By putting the equations (4.2) and (4.3) together, we have the loss function of 

the proposed ST-SSL model 

L STSSL Ls+ Lt 
2 

""'"" ""'""~u,v ( f:::. xu(t) _ f:::. xv(t) ) 
~ ~ X (t - 1) X (t - 1)
tET (u,v)E ' u v 

2+a L L(/ru(t) - Xu(c)) (4.4) 
tET cEcorr(t) uEU \ 

where a is a hyper-parameter which gives different emphases on the two terms. 

Then our goal is to find the lane volume for all roads X = {Xu Iu E V} , such that 

the loss function ( 4.4) is minimized 

X = argmin£srssL (4.5)
X 

In order to solve the above problem, we adopt an iterative algorithm. By taking 

the partial derivative of L srssL with respect to Xv and let it be zero , we get 

~ au vXu(t) + ~ (t + )
L,uEN(v) Xu(t-'l)xv(t-1) CY L,cEcorr(t) Xv C 

( ) (4.6)
Xv t = atI: EN(v) x~(~::i l ) + aC 

where N(v) represents the set of n des that are connected with u , and C = 

lcorr(t) I is the number of correlated temporal layers with time t. 
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Figure 4.6: Spatio-temporal smoothness of Volume 

4.2.5 Inference Confidence Estimation 

The inference confidence is a vital problem that haunts many learning methods, 

especially for semi-supervised algorithms. Many practical problems ask for semi

supervised method because they do not have enough labelled data. Traditionally, 

for the purpose of evaluation, we can divide the labelled data into training and 

evaluation sets, but this would further reduce the amount of data for inference. 

In this section, we propose to use the property of spatio-temporal smoothness and 

graph structure to determine the confidence of the inference results. Because of 

their generality, these measurements can also be applied to other spatio-temporal 

and/ or graph-based models. 

Spatio-temporal Smoothness Confidence. In many real world applications, the 

target variables would not change dramatically over both temporal and spatial 

dimensions . For example, the temperature usually changes gradually over time 

and geo-space. With respect to the traffic volume, Figure 4.6 shows that it tends 

to have similar values in recent time slot and locations. Specifically, Figure 4.6 (a) 

presents the volume differences as time goes on. It is obvious that the volume values 

on recent and periodical time slots are more similar; Figure 4.6 (b) demonstrates 



79 

the volume ratio with different spatial distance. This shows that nearby roads 

should have similar lane volume values. 

Based on the above observations, we define a confidence metric on the spatio

temporal smoothness as follows: 

Definition 12. Spatio-temporal Smoothness Confidence (Csr ). For any given 

node v in the affinity graph G, we assume the value of its correlated nodes follows 

a normal distribution N(µ , 0'
2
), whereµ and O' can be estimated accordingly. Then 

the spatio-temporal smoothness confidence of the node v is defined as 

P(x< Xv n x > 2µ - Xv)= 2CDF(xv) , Xv< µ 
Csr = \ (4 .7){P(x > Xv n x < Xv - 2µ) = 2(1 - CDF(xv)) , 

Graph Structure Confidence. In graph-based semi-supervised learning methods, 

the knowledge of labelled data is propagated through the affinity graph. However, 

some unlabelled nodes might be connected to labelled nodes directly or with larger 

edge weights, and some others may connect to labelled nodes remotely or with 

smaller edge weights. Following this path, we define a graph structure based 

confidence measurement. The basic idea is that nodes connected to labelled data 

with higher weights should receive more confidence, and vice versa. 

Definition 13. Graph structure confidence (Cc). For any given node v in the 

affinity graph G, we calculate the edge weights between v and its connected nodes 

with volume labels. Then we take the maximum weight as the graph structure 

confidence. 

Moreover, a typical method of aggregating these two measurements is using 

F-measure as follows 
2 Csr · Cc 

F13 = (1 + ,8 ) . ,32 C C (4.8) 
· ST· C 

where we can assign different weight on these measurements with parameter /3. 
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4.3 Experiments 

The proposed framework is evaluated with a real-world data and its practical usage 

is demonstrated. In the following , we introduce the data sets, the baselines, and 

the performance measurements for the volume inference. Then the results are 

shown and discussed. 

4.3.1 Data Set 

All the data is collected in Guiyang, a south-west city of China. There are totally 

155 road segments deployed with loop detectors , and Figure 4.7 (a) shows their 

locations in the road network. These loop detectors generate timely readings about 

vehicles passing by, and we aggregate them into traffic volume values for every 20 

minutes. We also collect real-time GPS readings of 6,918 taxicabs. Figure 4. 7(b) 

shows the heatmap of taxi appearances on the road where the frequency decreases 

from color red to green. Both the loop detector data and taxi trajectories are 

collected during the period of March 16 to April 1, 2016. 

We also collected road network and POI data in Guiyang, and there are to

tally 19,165 road segments in the road network. The corresponding features are 

extracted as described in the Section 4.2.2 . 

4.3.2 Baselines 

In this experiment , we compared the proposed ST-SSL algorithm with several 

supervised and semi-supervised methods. 

• Linear regression (LR). A linear regression model is trained with all the 

extracted features. 

• Artificial neural network (ANN). We train an multi-layer perceptron using 

back propagation with no activation function in the output layer. 
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(a) Road Detector Locations (b) Road Trajectory Heatmap 

Figure 4. 7: Loop Detectors and Taxi Trajectories 

• random forest regression (RF). A random forest is a meta estimator that 

fits a number of classifying decision trees on various sub-samples of the dataset 

and uses averaging to improve the predictive accuracy and control over-fitting. In 

order to prevent random forest from over-fitting the data, we restrict its maximum 

tree depth in the implementation. 

• Basic semi-supervised learning model [27] (Basic-SSL). This is a classical 

semi-supervised learning model, and its loss function is £ = ~✓,v au,v(xu - xv)2. 

Compared with the proposed model, this baseline does not con~ider the spatio

temporal patterns. 

For the three supervised models, we adopt their implementations in python 

with the scikit-Learn package, and the parameters are set as default. 

4.3.3 Performance Measurements 

Because volume values varies a lot on different roads, the absolute values of Mean 

Square Error and Mean Absolute Error are not reasonable measurements for the 

inference performance. This is because the final errors will be biased towards 

roads with higher volume values, and this is unfair for many roads that only have 
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relatively low volume. In order to avoid the aforementioned bias , we use the 

following metrics to judge the performance of each method: 

• rRMSE: Relative Root Mean Square Errors. For each road , the relative 

volume error is defined as its error divided by the ground truth value, i.e. , rSE = 

(xv - x~)/x~. This measures how much errors are made compared with the ground 

truths. Then for all the roads in evaluation data set, we calculate the root of the 

mean squared relative errors as the rRMSE. 

• VarrRMSE: Variance of the rRMSE. For each method, we ran the exper

iment several times , and the variance of their rRMSE represents the robust of 

the corresponding method. 

• rMAE: Relative Mean Absolute Errors. Similarly, it measures the overall 

absolute relative errors between each method's outputs and the ground truths. 

This is calculated by averaging the absolute difference of relative errors. 

• VarrMAE: Variance of the rMAE. For each method, we ran the experi

ment several times , and the variance of their rMAE represents the robust of the 

corresponding method. 

4.3.4 Evaluation Results 

In the following, we perform extensive experiments on the proposed method, and 

demonstrate its advantages with the results. 

Inference Accuracy. To compare the performance of all the methods on the vol

ume inference accuracy, we conduct experiments on the urban data set in Guiyang. 

In this experiment , 80% of all the volume data collected from loop detectors are 

treated as training data, and the rest is used for testing. 

In real-world applications, loop detectors may malfunction occasionally and 

those readings will be discarded. This results in missing values at some time slots, 

and poses more challenge on the volume inference task. For the rest of this section, 

we refer to "undetected road inference" as the problem of inferring the volume 
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Table 4.1: Volume Inference Accuracy 

undetected road inference missing observation recovery 

Method rRMSE rMAE Varr RMS E VarrMAE rRMSE rMAE Varr RMS E VarrMAE 

LR 5.951 2.068 0.306 0.079 6.124 1.695 0.053 0.000 
RF 2.542 1.116 0.169 0.043 1.054 0.357 0.007 0.000 

ANN 7.887 2.356 0.407 0.608 2.058 0.646 0.174 0.003 
Basic-SSL 3.215 1.342 0.257 0.044 0.759 0.288 0.002 0.000 

ST-SSL 0.952 0.915 0.001 0.000 0.503 0.179 0.004 0.000 

of roads without loop detectors, and "missing observation recovery" as the 

problem of inferring the missing volume of roads with loop detectors. In order to 

test the performance on both of the two volume inference tasks, we simulate the 

scenarios as fo llows. In the former task, we randomly select the volume records 

from all roads with 80% percentage as the training data; while for the later task, we 

randomly select 80% roads and treat their readings as the training data, and test 

on the remaining 20% roads. The results are shown in Table 4.1. It clearly shows 

the better performance of ST-SSL in both tasks compared with all the baselines. 

As can be expected, the inference accuracy on "missing observation recovery" is 

quite lower than on task "undetected road inference". Because it is easier to infer 

the volume value of a road if we have some historical observations, and vice versa. 

In addition, the proposed method has great robust since the variance of rRMSE 

and rMAE are always near to 0. 

Table 4.2: Performance Varying # Spatial Neighbors 

# Spatial Neighbors 

Method 10 20 30 40 50 

Basic-SSL 3.131 2.523 1.853 1.959 1.3988 
ST-SSL 0.895 0.940 0.886 0.906 0.887 

Vary the number of spatial neighbors The performance of graph-based semi

supervised models is affected by the graph structure. In this experiment , we vary 

the number of spatial neighbors of each node in the affinity graph, and see how it 

affects the volume inference. 
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Table 4.3: Performance w.r.t. Varying Data Size 

undetected road inference 

Method 6h 12h 18h l d 3d 5d 10d 15d 

LR 1.850 3.155 3.451 4.280 5.558 5.322 5.951 4.775 
RF 2.086 2.971 2.850 1.639 2.672 2.072 2.542 1.875 

ANN 2.527 3.898 3.734 4.059 5.497 3.998 7.887 4.313 
Basic-SSL 2.112 3.131 3.204 3.374 3.737 3.117 3.215 2.687 

ST-SSL 0 .91 7 0.895 0 .980 0 .935 0 .948 0 .969 0. 952 0 .955 

missing observation recovery 

6h 12h 18h l d 3d 5d 10d 15d 

LR 2.735 2.880 3.062 4.738 4.888 4.536 5.124 4.720 
RF 0.820 1.549 1.419 1.363 1.275 1.085 1.054 0.944 

ANN 3.999 2.455 2.775 3.180 2.579 1.982 2.058 1.802 
Basic-SSL 0.825 0.922 0.912 1.032 0.950 0.788 0.759 0.658 

ST-SSL 0. 382 0.412 0. 50 8 0.639 0. 5 10 0. 5 07 0 .503 0 .483 

From Table 4.2 , we can see that ST-SSL performs similarly with different 

number of neighbors. The reason is two-folded. On one hand, the edge weights 

of our affinity graph are learned intelligently. This means that even though we 

build many edges among the nodes, they can distinguish the importance of the 

correlations wisely with the learned edge weights. On the other hand, the proposed 

ST-SSL method incorporates spatio-temporal patterns in the model, and this 

helps to achieve a good volume inference. In comparison, although Basic-SSL 

performs worse than the proposed method, the performance of Basic-SSL gets 

better when the graph has more spatial neighbors in the affinity graph. This 

proves that the proposed Spatio-temporal semi-supervised learning requires less 

information passed through the graph, because it genuinely incorporates those 

prior knowledge. 

Vary the data size. We also conduct experiment with different amount of data. 

The data size is varied from 6 hours to 15 days , and the inference accuracies of 

all methods are aggregated in Table 4.3 . Obviously, the propose method ST-SSL 

performs consistently well over baselines under all the settings. This means that 

no matter how much data we have, ST-SSL can give quite accurate estimations 

on the volume information. On the contrary, supervised learning based models 
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Table 4.4: Performance Varying Training:Testing 

Training:Testing 

Method 0.5:0.5 0.6:0.4 0.7:0.3 0.8:0.2 

LR 5.308 5.673 4.314 4.280 
RF 2.840 2.790 2.139 1.639 

ANN 6.067 5.206 3.819 4.059 
Basic-SSL 3.370 3.955 3.519 3.374 

ST-SSL 0.943 1.220 0.940 0.935 

cannot provide meaningful estimations. This is because the urban features only 

correlated with the traffic volume in a very obscure way, such that they cannot 

learn meaningful relationships between those features and the traffic volume. 

Varying the ratio of training and testing data. The results are shown in 

Table 4.4. Similar with what we have discussed , ST-SSL performs quite well even 

with very few collected volume data. In addition, although supervised methods 

perform better when given more training data, they still cannot catch up with the 

proposed method. 
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Figure 4.8: Visualization of Inference Confidence 

Visualization of Inference Confidence In Figure 4.8 , we display the confi

dence on a map for the end users. Each mark represents the confidence level of 

a road segment. Levels of confidence are represented with different colors (green 

represents the most confident and red represents the least confident). In addition, 

users can zoom in and out to see the details. 
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4.4 Summary 

In this chapter, we propose a framework to infer the city-wide traffic volume infor

mation with both loop detector and taxi trajectories. However, both of these data 

are incomplete, sparse, and from quite different domains. In order to solve this 

problem, we propose a graph-based semi-supervised learning model to tackle the 

data sparsity problem associated with loop detectors. In addition, the knowledge 

from trajectories is integrated by learning the speed pattern of road segments and 

utilize it to construct the affinity graph. The experiment was conducted on real

world data and the results demonstrate advantages of the proposed framework on 

inferring the city-wide volume. 



Tackle the Partial View Challenge in 

Travel Purpose Inference 

In this big data era, we are able to collect a large amount of human trajectories 

because of the ubiquitous adoption of GPS-integrated devices. For instance, smart 

phones can track real-time trajectories and geo-tagged social media messages can 

also reveal users ' trajectories. On the surface, these human trajectories record 

people's daily trips with a sequence of geo-coordinates. But in essence, they reveal 

people's activities or trip purposes, e.g. , "shopping" or "eat out" . With these 

abundant trajectory data in hand, we are curious to ask "what did/ will you do 

when you arrive at one place?" . This is the trip purpose inference problem. 

The inference of people's trip purposes has many benefits for the whole soci

ety. First , people's trip purposes can help government officials understand travel 

behaviors and estimate travel demands which will lead to better city planning and 

investment decisions. In addition, it can provide customers with more accurate 

recommendations and better services, and this recommendation can be made even 

before users start their trips. 

However, trip purpose inference is very challenging, because the GPS records 

are not accurate enough to pinpoint the venues visited, let alone revealing the pur-
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Figure 5.1: A typical user's daily trips 

poses of the trip. Although there have been some attempts on this research topic 

[28 , 29 , 30], existing methods overlooked several important properties such that 

makes them less practical. Firstly, existing methods do not take fully advantage of 

the all the heterogeneous data , such as trajectories , POis and social media. Most 

of them only utilize one or two of these data sources. In addition, people 's activi

ties usually follow certain patterns , and there are intrinsic relationships among the 

sequence of activities. Take the trips shown in Figure 5.1 as an example. Parents 

may drop off their children at school before going to work, and people would eat 

in a restaurant after shopping. Similar activity patterns commonly reside across 

different users. As a result , modeling the whole sequence of activities can help us 

infer the past or future activities. Moreover , although nearby POI information is 

useful to infer the trip purposes [29 , 31], their geo-graphical distribution cannot 

reveal how people like the venues. Obviously, not all the POis attract equal at

tentions , and some of them are usually more popular than the others. Because 

the trip purpose is a people-centric concept , the popularity of the POis would be 

useful for the inference. 
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In this chapter, we propose to infer trip purposes from a large amount of het

erogeneous data sets, i.e. , users ' trajectories, POis and social media messages. In 

order to capture the sequential property of the trips, this chapter proposes a dy

namic Bayesian network model in which the trip purposes are hidden variables. 

By this means, we incorporate the knowledge of all other trips in the sequence to 

infer the trip purposes. Another advantage of the proposed method is that we can 

derive ranked results of purpose inference with corresponding confidence, e.g. , 60% 

shopping, 35% eat out and 5% recreation. In fact , the results with higher ranks 

are very helpful, especially for trips with vague purposes, such as having lunch 

while shopping in a mall . In addition, this chapter proposes to incorporate POI 

popularity in the trip purpose inference, and mine the popularity of POis from 

geo-tagged social media data. This popularity information can provide a different 

perspective on the functionality of trip end locations, and it can help us infer the 

activities performed. However, the social media data is noisy and it is usually very 

hard to extract relevant information. In order to solve this problem, we propose 

an effective approach with local candidate pools to extract POI mentions from 

geo-tagged Twitter data. Then the popularity of a POI can be captured by the 

number of mentions in the social media. 

In summary, this chapter makes the following contributions: We propose to 

infer individual 's trip purposes by combining the knowledge from heterogeneous 

data sources including trajectories, POis and social media data. The proposed 

dynamic Bayesian network model captures the sequential property of people's ac

tivities. By this means, a sequence of trips is considered as an integral part to 

infer the past or future trip purposes. In addition, the ranked results derived can 

help us handle trips with vague purposes. We propose an effective method to ex

tract mentioned POis from geo-tagged social media messages, and model POis' 

popularities in trip end locations. This popularity knowledge can help improve the 

inference performance. We conduct extensive experiments on real-world data with 
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trajectories of 8,361 residents and 6.9 million geo-tagged tweets in the Bay Area, 

CA. The results demonstrate the advantage of the proposed method on correctly 

inferring users' trip purposes. 

The rest of the chapter is organized as follows. We formally define the trip 

purpose inference problem in Section 5.1. The proposed methods are detailed in 

Section 5.2, and experiments are shown in Section 5.3. 

5.1 Overview 

In the following, we introduce several important concepts that will be used through

out the work, then formally define the trip purpose inference problem. 

Definition 14. A Trajectory (Tr) is a sequence of time-ordered spatial points, 

Tr : l1 ➔ l2 ➔ · · · ➔ ln where each point l is represented by a pair of GPS 

coordinates, i.e., longitude and latitude. 

In this chapter, we regard "trip" as the movement from one location to another, 

e.g. , li ➔ l2 , and we refer these GPS points l as "trip end locations". Take the 

trajectory in Figure 5.1 as an example. The trajectory comprises eight GPS points 

which follows the sequence of lHome ➔ lschool ➔ lwork ➔ lcrocery ➔ lcrocery ➔ 

lHome ➔ [Restaurant ➔ lHome · From the perspective of trips, it has seven trips 

labelled by blue circles. However, in most cases, we cannot know the activities 

performed in a location without users ' input. In other words, we don't know 

whether a user is shopping in a grocery store or having meal at a restaurant , given 

only the geo-coordinates of trip end locations. 

Definition 15. Trip Purpose is the activity that a user performed at a trip end 

location. 

As the name refers, it denotes the purpose of a trip. In the following sections, 

we use "trip purpose" and "activity" interchangeably. As shown in Table 5.1 , 
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Table 5.1: Activity Categories 

Category Example Activities 

Personal activities (sleeping, p ersonal care, leisure , chores) , Preparing m eals/eating, 
Home Hosting visitors/entertaining guests , Study/schoolwork, Work at home, All other 

activities at home, etc. 

Education 
School, Class, Laboratory, Meal at college, After-school or non-class-related activities 
(sports , library, music rehearsal, clubs) , etc. 
Routine shopping (groceries , clothing, convenience store, household maintenance, 

Shopping etc.) , Shopping for major purchases or specialty items (appliance, electronics , new 
vehicles , major household repairs, etc.) , Service private vehicle (gas, oil , lubes, etc.) 

EatOut Drive through m eals (snacks, coffee, etc.) , Eat m eal at restaurant/dinner 
Recreation Indoor or outdoor exercise, Sports, Health care, 

Household errands (bank, dry cleaning, etc.) , Personal business (visit government 
Personal office, attorney, accountant , etc.) , Civic/religious activities , Entertainment (movies, 

sporting events, etc.) 
Training, Meals at work, Work-sponsored social activities , Volunteer work/activities, 

Work Work-related (meetings, sales calls , deliveries) , All other work-related activities at 
work 

Transportation 
Change type of transportation (walk to bus, walk to parking lot, etc.) , Pick up/ drop 
off passengers 

we categorize all trip purposes into eight categories, i.e. , "Home", "Education" , 

"Shopping", "EatOut", "Recreation", "Personal", "Work", and "Transportation". 

The example activities shown in Table 5.1 are defined by the California Household 

Travel Survey (CRTS) [32] which collected people's daily trajectories and activities. 

More details about this data set will be discussed in Section 5.3. 

D efinition 16. Point of Interest (POI) is a specific location that someone may 

find useful. In this work, they represent venues in the physical world, e.g., banks 

and shopping malls. Each POI is associated with properties such as name, address, 

coordinates, category and etc. 

Definition 17. Geo-tagged Tweet is a Twitter message associated with a pair of 

GPS coordinates where the message was generated. 

Problem D efinition. Given the trajectories of users , the points of interest 

and the Twitter messages near trip end locations, our Objective is to infer the 

purposes of trips. 

Note that some of the trips have labels with corresponding purposes. These 

labels can be manually recorded by users or mined from social media messages. 
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However, acquiring these labels is very difficult , and it is usually assumed to be 

unavailable for a large portion of trips. 

5.2 Trip Purpose Inference with Dynamic Bayesian 

Network 

A trip's purpose is determined by many factors , such as other activities of the 

day, the category of the visited venue, the functionality and the popularity of the 

destination area. Before discussing the proposed methods, we first shed some light 

on how these factors associate with the trip purpose inference. 

Sequential activities of the day. Common sense tells us that users ' activities 

usually follow some patterns, and there are intrinsic relationships among the se

quence of activities. For instance, parents may drop off their children at school 

before going to work, people would eat in a restaurant after shopping in a mall, 

and etc. Similar patterns among sequential activities widely exist , and it is very 

useful information for the purpose inference. 

The category of the visited venue usually correlates with the trip purpose. For 

example, people arriving at a restaurant are very likely to have lunch or dinner; 

checking in at a mall tells us he will be shopping. There will be close relations 

between the category of venue people visited and their trip purposes. Unfortu

nately, the GPS devices are not accurate enough to pinpoint the venues visited. 

In addition , it is also not easy to acquire this knowledge from people because of 

the efforts it takes and potential privacy concerns. 

The functionality of the trip end area reveals the general usage of the nearby 

area. When we are not aware of the specific venue that a user visited, the nearby 

POis can give us a hint about what the trip purpose would be. For example, 

arriving at a place with many shops nearby means people will go shopping with a 
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higher probability. Specifically, the distribution of POI categories is a good feature 

to denote the functionalities of a location. 

The popularity of the trip end area. Although the nearby POis can help us 

understand the functionalities of a location, it cannot capture how people think 

about this area. Obviously, not all the venues attract equal attentions. In other 

words , some of them are more popular than the others. The popularity of the 

venues can be a useful feature for the purpose inference task, because the trip 

purpose is indeed a people-centric concept. Fortunately, social media can help 

us out here. Take Twitter as an example, people can send geo-tagged messages, 

and many of them contains the comments towards nearby POis. By matching 

these geo-tagged tweets to real-world POis, we can reveal venues' popularities 

accordingly. 

A good trip purpose inference method needs to consider all these factors and the 

intrinsic relationships among them. In the following sections, we will first describe 

the proposed method for POI popularity modeling with social media data, then 

demonstrate the proposed Dynamic Bayesian Network approach. 

5.2.1 POI Popularity Modeling 

Based on the above reasoning, a POI 's popularity can be captured if we can ac

curately identify them from tweet messages. The basic idea is that a POI is more 

popular if it has been mentioned by more tweets. However, this is a very chal

lenging task. Firstly, social media data are very short. Existing named entity 

extraction methods perform poorly on these messages with very limited contexts. 

For example, "apple" may refer to the IT company or the fruit. Second, social 

media data are also very noisy. People usually use informal languages and names 

in tweets, such that we cannot expect to match a POI's full name in tweets. For in

stance, a tweet "dinner 2 tacos from lacorneta" mentions a restaurant "La Corneta 

Taqueria" without the full name, but rather with an abbreviation. 
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In this section, we propose a method to learn POis ' popularities from geo

tagged tweets. It can be much easier to identify mentioned POis from these tweets 

because their associated geo-coordinates give us a good hint. Specifically, we can 

narrow down the search space to the nearby POis. Compared with traditional 

methods [33] that works with a city-wide or world-wide POI knowledge base, our 

method can restrict the number of POI candidates within several dozens in a local 

area. 

In general , the proposed method works as follows. For each geo-tagged tweet , 

we first construct a local candidate pool with nearby POis. Then a match index is 

calculated between the tweet content and each candidate POI names. Among the 

candidates, the POI with the largest match index above the threshold is marked 

as matched. Finally, the POI popularity of a trip end area can be derived by 

aggregating all the identified POis from geo-tagged tweets. By this means, we can 

identify the mentioned POis from geo-tagged tweets effectively and efficiently. In 

the following , we describe each component in detail. 

POI Local Candidate Pool Construction. In order to identify POI mentions 

for a geo-tagged tweet , we first construct a local candidate pool with all the POis 

near the geo-coordinates of the tweet. The range limitation should be set consid

ering the accuracy of GPS devices. In this work, we set the range as 200 meters 

which usually results in candidate pools with several dozen POis. 

Calculate POI Match Index. After constructed a local candidate pool for 

each tweet , the next step is to find the best matched POI among all candidates. 

To this end, we design a match index to measure the similarity between a tweet 

and a POI name. This match index considers two essential factors: 

• The number of matched terms. The match index should be larger if there are 

more terms matched between a tweet and a POI name. For example, a tweet 

"Was just told by a teenager working at this Jamba Juice, that I looked like a 

young Walter White" mentions the POI "Jamba Juice Redwood City" , and 
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two terms are matched between them. However, there is another nearby POI 

"Geoff White Photographers" which matches a term "white" to the tweet. 

In this case, "Jamba Juice" with 2 matched terms should be weighed higher 

than the other one with only 1 matched term. 

• The rareness of the matched terms. Some terms may frequently appear in 

the candidate pool. For example, there is no surprise that many POI names 

contain "San Francisco" in the Bay area. Then these terms should have less 

impact on the matching index. On the contrary, terms such as "Corneta" is 

relatively rare . In fact , this term only appears in a restaurant named "La 

Corneta Taqueria" . No doubt that these terms should have larger impact 

on the matching index. In other words, if terms like "Corneta" matched 

between a tweet and a POI name, we should have a high belief that the 

tweet mentioned the restaurant "La Corneta Taqueria" . 

In this work, we propose a POI Match Index which characterizes the afore

mentioned factors. Specifically, each Tweet ~ is represented by a set of terms, 

i.e. , Ti = {u1 ,u2 , ··· , um}- Similarly, each candidate POI's name is represented by 

Pj = {v1 , v2 , • • • , vn}- The set of Matched Terms MT between Ti and Pj are 

(5.1) 

Then we can calculate the Match Index as follows 

(5.2) 

where N pool denotes the size of the candidate pool. ]_ ( ·) is the indicator function 

which returns 1 if and only if the condition holds. In addition, L:=1 li(MT(Ti, Pj ) E Pk) 
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calculates the frequency of the matched terms MT in the POI candidate pool. 

As shown in the Equation (5.2), the first term considers the number of matched 

terms, and the second term considers the rareness of the matched terms. Note 

that IMT(Ti , Pj)I could be zero , i.e. , there are no matched terms between Ti and 

Pj. In this case, the Match Term Index will be O which is reasonable. 

After calculated the Match Index between Ti and every Pj in its candidate 

pool, we can return the one with the highest index as the identified POI. However, 

we still need to set a threshold to the MI, and return non-identified if none of Mis 

exceed the threshold. In sum, With the constructed local POI candidate pool and 

the proposed Match Term Index, we can accurately identify the nearby POis that 

mentioned in the Tweets. 

POI Popularity Modeling. After extracted the mentioned POIs from social 

media data, we can further represent the POI popularity across different cate

gories by counting the corresponding mentions from social media. For example, 

if restaurants are mentioned by 10 different tweets, we will count 10 towards the 

popularity of the POI category "Food". Then the counts can be normalized into 

a distribution across all the POI categories in Table 5.2 . 

5.2.2 Dynamic Bayesian Network Construction 

In this work, we propose a Dynamic Bayesian Network (DBN) to model people's 

sequential activities. As shown in the Figure 5.2, a E A denotes the activity 

performed ( or trip purpose) , c E C denotes the category of POI a user visited, and 

l is the trip end locations. All activities (A) and POI categories ( C) defined in this 

chapter are shown in Table 5.1 and Table 5.2. 

The DBN model can be interpreted in a generative process. For each trip 

i , a user first decides an activity ai (or purpose) based on his previous one ai-l· 

Then he chooses a venue category Ci based on this choice of activity. At last , he 
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Table 5.2: POI Categories 

POI Category Google P lace Type 

Money accounting, atm, bank, post office, finance 

Leisure 
amusement park, aquarium, a rt gallery, casino, bowling a lley, 
movie theater, museum, park, stadium, zoo 

gym, movie rental , 

Food bakery, cafe, food, meal takeaway, restaurant , meal delivery 
Bar bar, night club 
Care beauty salon, ha ir care, spa 

bicycle store, book store, clothing store, convenience store, department store, elec

Store 
tronics store, florist, furniture store, grocery, supermarket, grocery or supermarket, 
ha rdware store, home goods store, jewelry store, liquor store, pet store, shoe store, 
shopping ma ll , store, car dealer 

Trans 
bus stat ion, subway station, train station, taxi stand , parking, 
light rail stat ion, transit station 

car renta l, a irport , 

Auto car repair , car wash, gas station 
Religion cem etery, church , funeral home, hindu temple, mosque, p lace of worship, synagogue 

courthouse, lawyer , police, fire stat ion, city ha ll , embassy, local government, local
Civic 

government office 
Health dentist, doctor, health, hospital, pharmacy, physiotherapist,veterinary care 

electrician, locksmith, moving company, painter, p lumber, real estate agency, travel
Improve 

agency, general contractor , roofing contractor , insurance agency, laundry, storage 
Edu library, school , university 

Lodge rv park, lodging, campground 

Figure 5.2: The Dynamic Bayesian Network 

chooses a geo-location li to finally perform the activity ai in venue Ci. This process 

continues until the last trip. 

The likelihood function of the proposed DBN model is as follows 

P(a, c, l) P(ao)P(~lao)P(~I~) 

(5.3)fira,la,-1 )P( c, la,)P(i, lc,)) ( 

where P(ailai-I) is the probability of the activity ai given previous activity ai-l, 

P(cilai) is the probability of the visited POI category given current activity ai , 
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and P(lilci) is the probability of chosen location li given currently chosen POI 

category ci. In the proposed model, the visited location li is always observed from 

the trajectory data, such that we can use Bayes 's rule to approximate P(lilci) as 

follows: 

P(lilci) ex P(cilli) 
P(ci) 

Ppm(cilli)Ptweet(cilli) 1 ( )ex -~----- X -- 5.4 
L '(POr( c. ll,)PPOr(c. I1,) P(c.) · 

In the Equation (5.4), P(cilli) denotes the POI category distribution given a 

geo-location li. This distribution is determined by two aforementioned factors: the 

functionality distribution Ppm(cilli) , and the popularity distribution Ptweet(cilli)

The first distribution is obtained from populating the nearby POis, and the second 

distribution is obtained by extracting POI mentions from nearby tweets. 

5.2.3 DBN Parameter Learning 

There are two sets of parameters in the DBN model: the transition probabilities 

P(ailai-I) and the emission probabilities P(cilai)- Note that in our problem, the 

activities ai and visited venues ci are not fully observed. In other words , many 

activities and corresponding venues are not labelled in the data. In order to learn 

the parameters from such incomplete data, we adopt the EM algorithm [34]. The 

process is summarized in Algorithm 4. It starts with an initial set of parameters. 

In each Expectation step (E-step) , we compute the expected sufficient statistics 

for the parameter variables. Then in each Maximization step (M-step) , we treat 

the expected sufficient statistics as observed, and perform Maximum Likelihood 

Estimation to estimate a new set of parameters. The algorithm continues between 

these two steps until converges. 
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Algorithm 4 DBN Parameter Learning 

Input: DBN structure 9 , 
Initial set of parameters 0o = {P(ailai-1) , P(cilai)} 
Partially observed trip data set V , 

Output: DBN parameters 0 

1: fort+-- 1, 2, • • • , until convergence do 
2: for each a EA and each c EC do I> Initialize 
3: Mt[ai , ai-1] = 0 
4: Mt[ci , ai] = 0 
5: end for 
6: for each d E D do 1> E-Step 
7: Inference on graph (9 , Bt-i) using evidenced 
8: for each a EA and each c EC do 
9: Mt[ai , ai- 1] +-- Mt[ai , ai-1] + P(ai , ai- I Id) 
10: Mt[ci , ai] +-- Mt[ci , ai] + P(ci , ai Id) 
11 : end for 
12: end for 
13: for each a EA and each c EC do 1> M-Step 
14 p ( I ) Mt[a; ,a; - 1] 

: t ai ai- l +-- Mt[a, _ 1] 

15: p (c·la ·) +-- Mt[c; ,a; ]t 'l, i ~ 

16: 0t +-- {Pt(ailai-1) , Pt(cilai)} 
17: end for 
18: end for 
19: return 0t. 

5.2.4 DBN Prediction 

With the learned parameters of the DBN mode, we can infer possible activities 

and their corresponding probabilities for any given trip. Specifically, we can calcu

late the posterior probability of the ]th activities given a user 's trajectory d E V , 

where V denotes all users' trajectories. This estimates the probability of activity 

aj out of all possible activities A , as shown in Equation (5.5). 

(5.5) 

The returned results are possible activities ranked by their probabilities. Note 

that , generating a ranked result is a great advantage by adopting the Bayesian 

method, especially compared with traditional methods which can only provide a 

best guess. In fact , the top ranked inference results are very useful in real-world 

applications. Many classification tasks may have very vague decision boundaries, 

and usually the best guess results in poor performance. However, a ranked list 
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Table 5.3: Performance of Trip Purpose Inference 

Accuracy 

Education 
Shopping 
EatOut 

Recreation 
Personal 

Transportation 
Average 

Fl Score 

Education 
Shopping 
EatOut 

Recreation 
Personal 

Transportation 
Average 

SVM 

27.0% 
59.6% 
4.8% 
18.6% 
7.7% 

84.6% 
33.7% 

SVM 

0.362 
0. 517 
0.087 
0.281 
0.134 
0.625 
0.334 

ANN 

41.9% 
65.3% 
30.0% 
39.0% 
21.7% 
74.2% 
45.4% 

ANN 

0.461 
0.600 
0.349 
0 .430 
0.299 
0.655 
0 .465 

KNN 

34.4% 
52.5% 
32.1% 
30.6% 
22.5% 
59. 1% 
38.5% 

KNN 

0.358 
0 .452 
0.320 
0.342 
0.266 
0. 588 
0.387 

RF 

40.2% 
78.6% 
60.6% 
55.5% 
50.4% 
75.4% 
60.1% 

RF 

0.419 
0.756 
0.635 
0. 585 
0.550 
0.722 
0.611 

DBN-top-1 

52.3% 
80.1% 
79.0% 
62.7% 
42.2% 
68.3% 
64.1% 

DBN-top-1 

0.484 
0.754 
0.712 
0.592 
0.476 
0.735 
0.626 

DBN-top-2 DBN-top--3 

72.9% 78.4% 
94.2% 98.4% 
83.2% 85.5% 
77.4% 84.7% 
65.0% 90.0% 
84.3% 89.6% 
79.5% 87.8% 

DBN-top-2 DBN-top--3 

0.757 0.840 
0.853 0.909 
0.835 0.879 
0.721 0.826 
0.737 0.920 
0.869 0.919 
0.795 0.882 

with corresponding confidence can help us identify several meaningful results and 

improve the inference accuracy. The experiment results shown in Section 5.3.3 

provide a good demonstration. 

5.3 Experiments 

The proposed method is evaluated with real-world data sets including human tra

jectories, point of interests, and tweets in the Bay area, CA. In the following 

sections, we discuss the data sets, the baselines, and the evaluation results. 

5.3.1 Data Sets 

Trajectories. The California Household Travel Survey (CRTS) [32] collected travel 

information from residents across California's 58 counties. The survey was designed 

to obtain detailed information about the household socioeconomic characteristics 

and their travel behaviors. Among its various achievements, the survey collected 

8,631 participants' GPS trajectories for a week. In addition, each trajectory is 

accompanied with a detailed trip diary which records visited POis and trip pur

poses. The trip purposes are labelled by users with pre-defined categories, and 
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(a) Trip ends (b) Geo-tagged Tweets 

Figure 5.3: Trip ends and Geo-tagged tweets 

some of them are shown on the second column in Table 5.1. However, the diaries 

are far from exhaustive and many trips recorded by GPS devices are not logged in 

the diary. This is a common issue for traditional surveys because it requires too 

much efforts from the participants. The heat map of trip end locations are shown 

in Figure 5.3 (a). 

Twitter Data. We collected 6.9 million geo-tagged tweets in the Bay area from 

Jan 31 2013 to Feb 16 2017. They are queried through Twitter APis and filtered 

by geo-coordinates. The heat map of geo-tagged tweets are shown in Figure 5.3 

(b). 

Point of Interest. The POIs are queried through Google Places API [35]. In this 

work, we use its Nearby Search request to get the nearby POis of any given geo

coordinates, and the returned POI names and types are utilized by the proposed 

method. Some Google Place types are shown in the Table 5.2. 

5.3.2 Baselines 

In the following experiment , we compare the proposed method with state-of-the-art 

methods for the trip purpose inference. 
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Accuracy Fl Score 

Figure 5.4: Average Performance of Trip Purpose Inference 

Random Forest (RF) is an ensemble learning method for classification. It is 

constructed by a large amount of decision trees with sub-samples. The prediction 

result is decided by taking the majority vote across all trees. 

Support Vector Machine (SVM) tries to find the optimal decision boundary 

with the largest margins to classify data from different classes. 

Artificial Neural Network (ANN) can be trained to perform classification tasks. 

In the experiment, we adopt Multi-layer P erceptron, one typical kind of ANN, to 

predict the trip purpose. 

K-nearest Neighbor (KNN) finds a predefined number of training samples clos

est in distance to the new point, and predict the label from these samples. 

In the following, we perform extensive experiments on the proposed DBN 

method, and demonstrate its advantages compared with baselines. Specifically, the 

performance of trip purpose inference is discussed in Section 5.3.3, t he proposed 

POI mention identification method with social media is evaluated in Section 5.3.4, 

and we discuss how POI popularity features can affect the performance of trip 

purpose inference in Section 5.3.5 . 
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5.3.3 Trip Purpose Inference 

To compare the performance of all the methods on the trip purpose inference, we 

conduct experiments on the collected real-world data set. The features used for 

training include travel mode, previous activity category, activity time and duration, 

nearby POI category distribution, and nearby POI popularity distribution. We 

randomly select 80% trips as training data, and leave the rest for testing. All 

the methods are evaluated by 10 times, and the average results are reported. In 

addition, there are about one third trip end locations in the dataset are either 

home or work, because the survey collected trips from people's daily lives. Using 

these trips to train the model would greatly bias the performance. As a result , we 

only test the inference results on other activities , and assume the home and work 

trips are known. In fact , it is also easy to infer users ' home and work locations 

from their trajectories, because normal people stay in these locations for the most 

time. In other words, we are interested in non-trivial tasks of inferring non-home 

and non-work trip purposes. 

Note that the proposed DBN model can output a ranked list of activities with 

corresponding confidence. This is a great advantage by adopting the Bayesian 

method. As we have discussed in Section 5.2.4 the top ranked inference results are 

very useful in real-world applications, especially when the classification boundaries 

among classes are vague. As a result , we also evaluate the DBN performance with 

top-2 and top-3 inference results in the experiment , denoted as DBN-top-2 , and 

DBN-top-3 respectively. In these cases, we regard the inference as correct if the 

ground truth activity is among the top-2 or top-3 results. 

The inference accuracy and Fl scores are shown in Table 5.3, and the average 

results are also compared in Figure 5.4. We can observe that the proposed DBN 

model , including DBN-top-1 , DBN-top-2 and DBN-top-3 , outperforms other base

lines on almost every activity category by higher accuracy and Fl score. This is 

because DBN model captures the intrinsic relationships among sequential activ-
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Table 5.4: Performance of POI Extraction from geo-tagged Tweets 

Locations 
Total Nearby 
Tweets 

P OI-ment ioned 
T weets 

App-formatted 
Tweets 

POI-identified 
Tweets 

37.4028125, 
-121.881519784 

575 184 116 (63.0%) 159 (86.4%) 

37.3896875, 
-122.03080036 

294 103 80 (77.7%) 93 (90.3%) 

37.3278125, 
-121.8842176 

1188 368 247 (67.1 %) 305 (82.9%) 

37.6715625, 
-122 .472796763 

1232 596 446 (74.8%) 495 (83 .1%) 

Average Recall 68 .8% 83 .5% 

ities, trip end locations' POI distributions and the popularities identified from the 

Twitter data. On average , the DBN model can reach 64% accuracy with the 

top-1 inference result. Moreover, the average accuracy of top-2 ranked results can 

reach 79.5% which is impressive considering random guess would only result in 

33% accuracy. This demonstrates the top-ranked results generated by the DBN 

model are very useful in the trip purpose inference. 

5.3.4 POI Mention Extraction from Geo-tagged Tweets 

In Section 5.2.1 , we propose to extract mentioned POis from geo-tagged tweets. 

For each geo-tagged tweet , we can accurately identify the mentioned POI with a 

local candidate pool and the match index. In practice, it is very hard to evaluate 

the performance of POI mention extraction from tweets, because we have so many 

nearby tweets and trips in the data set. Figure 5.5 shows the histogram of tweets 

near trip ends. On average, there are 2607 geo-tagged tweets near each trip end 

location (within 200 meters). Actually, it is impossible to be evaluated without a 

standard data set labelled by human workers. To this end, we recruited volunteers 

to label the POI mentioned tweets near 50 random trip end locations. Given a list 

of tweets , the volunteers are asked to judge whether those tweets mentioned any 

nearby POI, and whether the identified POis are correct. In Table 5.4, we present 

the results on several example trip end locations and the average performance. 
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Figure 5.5: Histogram of tweets near trip ends 

For each location, we populate the total number of nearby tweets , the number 

of POI-mentioned tweets which are identified by human workers. Some of the 

tweets are formatted by third party Apps, such as Foursquare and Instagram. 

We can easily parse POis from these well formatted tweets , for example, "Im at 

Applewood Pizza in San Carlos Ca" and "Bagel time! @ Bagel Street Cafe Town 

Center Alameda" . However, there are still many POI-mentioned tweets without 

these formats . For instance, "Catch us at amc Mercado 20 12 am insurgent!!!! " . 

The better performance shown in Table 5.4 indicates the proposed method can 

extract mentioned POis from tweets, no matter they are well formatted or not. 

5.3.5 Impact of the POI Popularity Features 

For each trip end, we can model its nearby POis ' popularity with the social media 

data in Section 5.2.1. In this section, we perform experiments to evaluate how this 

popularity distribution can help us infer people's trip purposes. We first evaluate 

its impact on the Random Forest model. As observed in Table 5.3, the Random 

Forest model can also provide meaningful purpose inference, and it even has better 

performance on inferring the "Personal" activities. In this experiment , we train 

two Random Forest models , one with the POI popularity features (RF-Tweet) and 
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Table 5.5: Accuracy Comparison with POI Popularity Features 

Accuracy RF-noTweet RF-Tweet DBN-noTweet DEN-Tweet 

Education 40.3% 40 .5% 50.0% 52. 3% 
Shopping 77.0% 78 .6% 82 .9% 80.1% 
EatOut 60.0% 60.6% 78.9% 79.0% 
Recreation 53.2% 55 .5% 65.7% 62.7% 
Personal 47.7% 50.4% 38.9% 42.2% 
Transportation 75.1 % 75.4% 69.5% 68.3% 

the other without them (Rf-noTweet). As shown in Table 5.5. the POI popularity 

features mined from the Twitter data can improve the inference accuracy on every 

class. 

In addition, we further evaluate the POI popularity features on the DBN 

model. Two DBN models are trained and compared. One without the popular

ity features (DBN-noTweet) , and the other with the popularity features (DBN

Tweet). The results are shown in the Table 5.5 . Interestingly, this popularity 

feature has different impacts on different activity categories. Specifically, incorpo

rating the popularity features leads to higher accuracy on the inference of "Educa

tion" , "EatOut" , and "Personal". But it results in slightly lower accuracy on the 

inference of "Shopping", "Recreation" , and "Transportation". The reason lies in 

the different properties between the cyber and physical worlds. Take the activity 

"Education" as an example. One educational institute, e.g. , high school, would 

be surrounded by many other POis, e.g. , restaurants. In this case, the weight of 

high school will be under-estimated in the POI distribution. Fortunately, we can 

identify more people's tweets in the school than in the restaurant, i.e. , the school 

is more popular than other POis in the social media. By this means, the POI 's 

popularity feature can help us recognize the importance of the school. On the 

other hand, the POI's popularity may fai l to capture the importance of certain 

POis if there are not enough people discussing them in the social media. This 

may result in slightly worse inference performance, such as in "Recreation" and 

"Transportation", because people tweet about these activities less frequent ly. 
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5.4 Summary 

The knowledge of people's daily activities is very useful which can benefit both 

the government and residents. In this chapter, we propose to infer people's trip 

purposes with heterogeneous data sets including trajectories , POis, and social me

dia messages. The proposed dynamic Bayesian network model can capture the 

intrinsic relationships among sequential activities. In addition, we also propose to 

incorporate POIs' popularity information near trip end locations. This information 

can give us good hints about people's activities. Moreover, in order to deal with 

the noisy social media data, we propose an effective method with local POI candi

date pool to identify POis from geo-tagged tweets. Furthermore, we also propose 

ensemble DBN and incremental DBN methods which can handle real-world chal

lenges such as data unbalance and large data volume. Extensive experiments were 

conducted on real-world data sets, and the results demonstrate the advantages of 

the proposed method on accurately inferring the trip purposes. 



Related Work 

6.1 Crowd Sensing 

The research of crowd sensing [1, 36, 37, 38, 39, 40, 3, 41 , 42, 43, 44, 45 , 4, 46, 

47, 48, 49, 5, 50, 51 , 52, 6, 53, 54] has received more and more attention with the 

rapid development of pervasive sensors, smartphones, and network technologies. 

Specifically, there are a rich set of sensors integrated in the smartphones [49, 47, 

42 , 48, 38], such as accelerometer, gyroscope, GPS , microphone and camera. In 

addition, data can be shared with a central server via WiFi or 4G networks. As 

a result , it is easy for users to sense and share the information they perceived 

wherever they are and whenever they want. Thanks to the rich set of sensors 

(e.g. , accelerometer, gyroscope, GPS , microphone, and camera) integrated in the 

mobile devices, and the pervasive WiFi and cellular networks, now people can 

record and share the information they perceive wherever they are and whenever 

they want. Recently, a variety of sensing systems have been designed for a wide 

spectrum of applications. Huang et al. [4] implemented a system for the search 

and rescue of people in emergency situations in wilderness areas. In their system, 

RF-based sensors, storage and processing devices are used. Eisenman et al. [3] 

designed a system for the cyclists to collect and share data with each other about 
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their performance and the surrounding environment. Reddy et al. [6] designed 

a smartphone based platform for the cyclists to document and share routes , ride 

statistics, experience and etc. Mun et al. [5] proposed an application which utilizes 

users ' trajectory data to infer environmental impact and exposure. EasyTracker [1] 

is designed with functions that determine routes and local stops, and infer schedules 

with collected trajectory data. These papers focused on the design of the crowd 

sensing system, which is different from the task of truth discovery studied in this 

thesis. 

6.2 Truth Discovery 

In many real-world applications , different sources may provide conflicting informa

tion on the same entity, and thus how to discover the true information (i.e. , the 

truth) among these conflicting observations becomes a key question. Truth discov

ery methods [9] try to solve this problem by inferring both the source reliability and 

entity truths. These methods can be roughly divided into three categories [9]: itera

tive methods [55, 56, 57, 11], probabilistic model based methods [58, 59, 60, 61 , 62], 

and optimization-based methods [63, 7, 8, 64]. Although they differ in the specific 

formulations , these methods share a common principle: A source which provides 

many pieces of true information is likely to be reliable, and a piece of information 

stated by many reliable sources is likely to be true. Truth discovery was first pro

posed by Yin et al. [11] as a Bayesian based approach in which the confidence of 

each observation is calculated as the product of the reliability of the sources that 

provide the observation. Later, the topic attracts much attention and methods 

are developed to infer both source reliabilities and true facts. Pasternack et al. 

[57, 65] proposed methods to incorporate prior knowledge into truth discovery. In 

these methods , a source "invests" its reliability on the observations it provides, and 

credits are collected by the confidence on its invested observations. Galland et al. 
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[56] modeled the difficulty of getting the truths while computing source weights. 

Yin et al. [66] proposed a semi-supervised method which can propagate the infor

mation trustworthiness obtained from the observed ground truths. Probabilistic 

graphical models were adopted in [59, 60] and source selection problem was studied 

in [67, 68]. A maximum likelihood estimation approach was proposed by Wang et 

al. in [10] which adopted expectation maximization method, and it was designed 

for categorical data. Recently, approaches have been proposed to handle hetero

geneous data types [8, 7, 63], such as categorical data and continuous data. Ma et 

al. [69] proposed a fine grained truth discovery model to handle users with various 

expertise levels on different topics. In [70], Miao et al. proposed a cloud-enabled 

privacy-preserving truth discovery framework for crowd sensing systems. 

Correlation among sources was considered in [71]. In this work, the authors 

assumed that sources may copy information from others, i.e. , they are dependent 

with each other. They propose an approach to detect sources that are correlated 

and use this information to help the estimation of source reliability. In [72], the 

authors considered physical correlations among entities which are modeled with the 

joint probability of correlated variables, and derived an expectation maximization 

based algorithm to infer both entities' states and sources ' reliabilities. In [61], they 

proposed a method to capture the temporal correlations among entities, and a joint 

probability of any given sequence of observed values are calculated from historical 

data to model the temporal correlation. In [62], the authors proposed a scalable 

algorithm which modeled the structure of correlations as a Bayesian network. The 

proposed algorithm is efficient because the conditional independence property in 

the network is exploited. However, these approaches work on binary data and 

correlations, and cannot be generalized to other data types , such as continuous 

data. In contrast , the proposed method in this thesis works on continuous data and 

correlations, and thus the problem setting is quite different. Li et al. [64] proposed 

an incremental truth discovery framework that can dynamically update object 
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truths and source weights when the information comes sequentially. However, 

they only consider the temporal relations for dynamically generated data, and the 

proposed framework in this thesis can handle any types of correlations. Although 

these truth discovery methods can aggregate crowd-contributed data to resolve the 

redundancy challenge, they cannot tackle the sparsity challenge which is one of the 

contributions of this thesis. 

6.3 Traffic Condition Inference 

Loop detectors [73, 7 4, 75, 76] and surveillance cameras [77] are traditional equip

ments in traffic condition monitoring. On the bright side, the volume of a road 

can be directly extracted from these devices. They are mainly used to predict the 

future volume of a road segment with filtering-based models [74, 76] or time series 

models [78]. However, the data sparsity problem is critical and it is hard to infer 

the volume of a city-wide area, because they are too expensive to deploy across the 

whole city. Fundamental diagram [79, 80, 73, 81 , 82] characterizes the relationship 

among traffic density, speed and volume. But this approach requires great amount 

of training data to learn the relationships, which is unrealistic for our problem. 

Moreover, there is a unique relationship for each road, such that it makes the city

wide estimation infeasible. In recent researches, more attentions have been put 

onto the traffic condition estimation with floating car data [83, 20, 84, 85, 86, 87], 

where vehicles are equipped with GPS sensors and collect geo-spatial coordinates 

on the move. After mapping the trajectories onto the road network, it is easy to 

derive the average travel speed [20, 84] on some of the road segments. However, 

infer the traffic volume with floating car data is nontrivial, because the cars are 

only a small and biased sample of the total traffic volume ( e.g. taxi trajectories). 

In [87], the authors first estimate the travel speed on each road, then adopt an 

unsupervised Bayesian model to learn the volume. However, it is hard to learn 
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a universal model for all the road segments with handcrafted Bayesian network. 

[88] explored the possibility of learning a regression model with floating cars' oc

currence, but it still cannot solve the sparsity problem. In addition, this work 

also proved that the floating cars are biased sample because the taxi distribution 

usually under-estimates the volume on rush hours and over-estimates otherwise. 

Compared with the existing work, the proposed framework in this thesis handles 

both the floating car data and loop detector data wisely, and can derive city-wide 

volume information with more accuracy. 

6.4 Trip Purpose Inference 

The ubiquitous adoption of CPS-integrated devices has enabled extensive studies 

on the trip purpose inference [89, 90, 91 , 92]. In [93], they proposed to annotate 

geo-tagged tweets with POI categories. Detailed feature extraction methods are 

introduced and traditional classification methods are utilized for the annotation 

task. [30] proposed a method to predict the POis that users visited, then infer the 

activities with a pre-defined mapping from POIs. In [31], they use taxi trajectories 

and POis to capture the human mobility patterns in an urban area. A clustering 

method was proposed to infer trip purposes with latent POI topics. It is worth 

mentioning that taxi trajectories are quite different from individual's daily trajec

tories, and it results in different strategies between [31] and this work. In addition, 

traditional classification methods were widely utilized to infer the trip purposes, 

such as random forest [29], artificial neural network [94], decision tree [95], SVM 

[28] and etc. Compared with the aforementioned work, the model proposed in 

this work incorporates heterogeneous data sets, including trajectories, POis and 

social media messages. In addition, the proposed method captures the sequential 

properties of individual 's trip activities which results in better inference results. 



Conclusions 

With the ubiquitous adoption of mobile sensing devices nowadays, we can collect 

rich information about the surrounding environment such as traffic condition, air 

quality, weather condition, gas price and etc. Although the technology has made 

the data collection process much easier, the task of mining knowledge from the 

data appears to be much more challenging. In this thesis, we first recognize the 

challenges in the crowd sensing systems, and propose effective and efficient frame

works to tackle them. Specifically, we target on three major issues in the crowd 

sensing: redundancy, sparsity and partial view. 

Tackle the Redundancy. In the crowd sensing applications , we have no control 

over the participants' mobility and activities. As a result , it is very likely that 

multiple users observe the same entities. For example, in an air quality sensing 

system, each user carries a portable device that can transmit air quality readings to 

the central sever. At some popular locations during peak hours, many redundant 

reports about the air quality at the same location and the same time may be 

submitted. Conflicts and noise are inevitable in the redundant data due to various 

reasons, such as poor sensor quality, environment noise lack of sensor calibration 

and etc. So the redundancy challenge is: among the conflicting observations, which 

one is the true value? 
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In this thesis, we investigate the truth discovery problem on correlated entities 

in crowd sensing applications. Although some existing approaches have been devel

oped to detect truths from conflicting observations, these approaches do not take 

the valuable information about entity correlations into account and thus cannot 

detect truths accurately when the coverage is low. In fact , correlations among enti

ties widely exist and can greatly benefit the truth discovery process. In this thesis, 

we formulate the task of truth discovery on correlated entities as an optimiza

tion problem, which models both the distance between truths and observations 

and the distance among truths of correlated entities. User weights are plugged 

into the optimization function to capture the unknown user reliability. To further 

speed up the process, we propose a MapReduce version of the algorithm that is 

implemented on Hadoop cluster. We conduct experiments on three crowd sensing 

tasks , i.e. , air quality sensing, gas price inference and weather condition estima

tion. Results demonstrate the advantages of the proposed method in discovering 

true information for correlated entities over existing truth discovery approaches. 

Tackle the Sparsity. Although redundancy could be alleviated by existing truth 

discovery approaches, these approaches may fail when facing the sparsity issue. 

In fact , sparsity is also widely observed in crowdsourced data. In crowd sensing 

applications, there are usually a large number of entities that we wish to observe, 

and some of the entities may never receive an observation from any user. So the 

sparsity challenge is: how to estimate the values of these "missing " entities with 

no observations? 

Considering the redundancy and sparsity usually co-exist in many crowd sens

ing tasks, we develop a method which jointly tackles the redundancy and sparsity 

problems in crowd sensing applications. In fact , we can gain great benefits by deal

ing with two challenges jointly: If we can estimate users missing observations, the 

estimated values can be used to better infer users reliability degrees in the truth 

discovery process, and vice versa. In this thesis , we develop an integrated frame-
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work, called Redundancy and Sparsity Tackling (RST) framework , to infer the true 

values of entities from redundant and sparse data in crowd sensing applications. In 

this framework , we design an effective optimization method that extracts key infor

mation from not only user-contributed observations but also similarities between 

entities to estimate the missing observations and recover a complete user-entity 

observation matrix. After missing observations are estimated, we conduct truth 

discovery on the observation matrix to derive the true value of each entity. We 

conduct experiments on the task of air quality sensing at Tsinghua University and 

Haidian District , together with a thorough simulation. Results demonstrate the 

ability of the proposed method in estimating true entity values in various sensing 

scenarios, and show its advantage compared with baseline methods. 

Tackle the Partial View Although we can collect a large amount of data from 

the crowd sensing applications , these data only provide partial information to our 

surroundings. The environment around us is sophisticated, and it is shaped by 

complicated interactions among things and people. For example, although we can 

collect both taxi trajectories and loop detector data in the urban area, neither 

of these two data sources alone is sufficient to estimate the traffic volume on the 

city scale. This is because they either suffers from data sparsity or data accuracy 

problems. Then the partial view challenge is: how can we learn knowledge from 

the multi-modal data? 

In real-world applications, knowledge fusion is a necessary technique to tackle 

this challenge and it usually requires domain knowledge. A good solution calls for 

a thorough understanding of the application field. In this thesis, we present our 

practice on two real-world applications with heterogeneous urban data sets. 

• City-wide Traffic Volume Inference. We propose a framework to infer 

the city-wide traffic volume information with both loop detector and taxi 

trajectories. However, both of these data are incomplete, sparse, and from 

quite different domains. In order to solve this problem, we propose a graph-
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based semi-supervised learning model to tackle the data sparsity problem 

associated with loop detectors. In addition, the knowledge from trajectories 

is integrated by learning the speed pattern of road segments and utilize it 

to construct the affinity graph. The experiment was conducted on realworld 

data and the results demonstrate advantages of the proposed framework on 

inferring the city-wide volume. 

• Trip Purpose Inference. We propose to infer peoples trip purposes with 

heterogeneous data sets including trajectories , POis, and social media mes

sages. The proposed dynamic Bayesian network model can capture the in

trinsic relationships among sequential activities. In addition, we also propose 

to incorporate POis popularity information near trip end locations. This in

formation can give us good hints about peoples activities. Extensive exper

iments were conducted on real-world data sets, and the results demonstrate 

the advantages of the proposed method on accurately inferring the trip pur

poses. 
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