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Contact Tracing over Uncertain Indoor
Positioning Data

Tiantian Liu, Huan Li, Member, IEEE , Hua Lu, Senior Member, IEEE , Muhammad Aamir

Cheema, Senior Member, IEEE , and Harry Kai-Ho Chan, Member, IEEE

Abstract—Pandemics often cause dramatic losses of human lives and impact our societies in many aspects such as public health,

tourism, and economy. To contain the spread of an epidemic like COVID-19, efficient and effective contact tracing is important,

especially in indoor venues where the risk of infection is higher. In this work, we formulate and study a novel query called Indoor

Contact Query (ICQ) over raw, uncertain indoor positioning data that digitalizes people’s movements indoors. Given a query object o,

e.g., a person confirmed to be a virus carrier, an ICQ analyzes uncertain indoor positioning data to find objects that most likely had

close contact with o for a long period of time. To process ICQ, we propose a set of techniques. First, we design an enhanced indoor

graph model to organize different types of data necessary for ICQ. Second, for indoor moving objects, we devise methods to determine

uncertain regions and to derive positioning samples missing in the raw data. Third, we propose a query processing framework with a

close contact determination method, a search algorithm, and the acceleration strategies. We conduct extensive experiments on

synthetic and real datasets to evaluate our proposals. The results demonstrate the efficiency and effectiveness of our proposals.

✦

1 INTRODUCTION

IN the last 20 years, many pandemics broke out all over
the world. For example, SARS spread to 20+ countries,

sickening over 8,000 people and killing nearly 800 before
it vanished in 2003 [1]. Swine flu (H1N1) killed around
600 thousand people worldwide and still circulates in the
human population today [1]. As of the end of July 2022,
the most recent COVID-19 pandemic has caused more than
561 million infection cases globally, including over 6 million
deaths since 20191. These pandemics have caused dramatic
losses of human lives and impacted our societies in many
aspects such as public health, tourism, and economy.

To contain the spread of such an epidemic, several
measures have been proposed and practised, e.g., wearing
masks, keeping social distance, and vaccination. Apart from
these measures, it is of high importance to conduct efficient
(i.e., timely) and effective contact tracing, e.g., finding likely
infected people who had close contact with a person whose
infection was already confirmed. This is especially relevant
in many indoor venues such as railway stations and airports
where people travel from and to many different cities, and
malls that accommodate many people when restrictions are
loosened or lifted. All such indoor venue scenarios call
for efficient and effective contact tracing. For example, if
one person who visited a mall is confirmed to be infected,
finding others in close contact with this person is necessary
for timely appropriate measures like testing and quarantine
to break the chain of infection. Otherwise, the failure of
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contact tracing for such an indoor venue would no doubt
allow the virus to spread further and infect more people.

In such a case mentioned above, a simple way is to treat
all people in the indoor venue at that time as close contact.
However, this is very ineffective and brings about a lot
of false alarms and unnecessary inconvenience to people.
Moreover, it is hard to scale to trace close contacts with
many infected people in a building. Thus, we desire to
propose an efficient way to analyze the indoor movement of
people and identify those that are likely to be close contacts.

In this work, we study a new type of query called
Indoor Contact Query (ICQ) over indoor positioning data
that digitalizes peoples’ indoor movements. Given a query
object o, e.g., a person confirmed to be infected with coro-
navirus, an ICQ analyzes historical indoor positioning data
to find those objects (other people) that most likely had close
contact with object o for a sufficiently long period of time.

In addition to epidemics, ICQ can have many other uses.
For example, in criminal investigations, law enforcement
agencies can pinpoint potential suspects by identifying indi-
viduals who likely had close contact with the victim. Also,
ICQ can be utilized as a tool for identifying associates of
a specific individual — if they have had prolonged close
contact, it is likely they know each other.

Processing ICQ is challenged by several substantial
technical difficulties. First, due to the limitations of indoor
positioning [2], the quality of raw indoor positioning data
is often lower than that of outdoor GPS data, making it
difficult to accurately determine indoor uncertainty regions
at sampling times that are not present in the raw position-
ing data. Second, the indoor environment is complex with
special entities such as walls and doors, making it difficult
to model and process indoor data. Third, ICQ involves a
number of constraints, such as distance and contact du-
ration. Such constraints render the query processing more
complex, and it is non-trivial to form an appropriate and
easy-to-compute formulation of close contact for ICQ.



Existing solutions fall short in solving ICQ. First of
all, the proximity-based contact tracing solutions [3], [4],
[5], [6], [7], [8], [9] find a pair of close contact devices if
they perceive each other for a certain period. However,
these methods need to install apps on devices, and they do
not consider spatial information and thus fail to customize
close contact criteria. There also exist location-based contact
tracing methods [10], [11], [12], [13], [14], [15], [16], [17] that
find spatially close people based on their spatial distances in
the historical times. However, these methods mainly focus
on outdoor spaces and neglect the indoor topology in our
problem setting. Besides, there are studies using indoor
positioning data for distance-based analysis [18], [19], [20],
[21], but they either ignore the uncertainty of the positioning
data [18], or fail to analyze the relationship between two
individual moving objects [19], [20], or focus on a different,
online early warning problem [21].

To enable efficient and effective ICQ answering, we
propose a complete set of data management techniques in
this paper. First, we design an enhanced graph model to ac-
commodate heterogeneous indoor data, namely the indoor
space topology and distances, indoor moving objects and
their raw positioning data, and objects’ sampled trajectories.
All these types of data are necessary for processing ICQ.

Second, since the query is over uncertain indoor posi-
tioning data, we need to analyze the uncertain locations for
objects when the data contains no positioning records for
them at particular times. To this end, we devise a method to
determine the indoor uncertainty regions at timestamps that
are “unseen” in the raw positioning data. Also, we introduce
a method to derive samples based on two consecutive
indoor uncertainty regions with respect to the contextual
positioning records before and after a particular sampling
time of interest.

Third, we design a framework to process ICQ, which
searches for all objects in close contact with the query
object o by calling the proposed constrained search algorithm
C-ICQ. C-ICQ is built on a method that determines the
close contact by checking instant contacts during the period
of interest. We further develop several strategies to avoid
unnecessary computations and speed up querying.

Last but not least, we conduct extensive experiments
to evaluate the proposed techniques on synthetic and real
datasets. The results show that our sampling based contact
tracing is effective at searching for real close contact objects,
and C-ICQ is efficient at finding them.

In summary, we make the following major contributions.

• First, we formulate Indoor Contact Query (ICQ) for
contact tracing over historical uncertain indoor posi-
tioning data.

• Second, to adapt to the complex indoor environment
and the low quality indoor positioning data, we build
technical foundations of ICQ, including an enhanced
indoor graph model, the determination of indoor un-
certainty regions for moving objects, and the generation
of derived samples from uncertain positioning data.

• Third, we propose an ICQ processing framework, to-
gether with a close contact determination method, a
search algorithm, and several strategies that accelerate
the complex ICQ processing.

• Fourth, we conduct extensive experiments to evaluate
our proposals on synthetic and real datasets under
various settings.

The rest of the paper is organized as follows. Section 2
presents the data, problem, and solution overview. Section 3
lays the technical foundations of ICQ. Section 4 details ICQ
processing. Section 5 reports on the extensive experiments.
Section 6 reviews related work. Section 7 concludes the
paper and discusses future directions.

2 PRELIMINARIES

Table 1 lists the notations frequently used in this paper.

TABLE 1: Notations

Symbol Meaning

o, O indoor object, object set
Ψo, Ψs

o o’s raw trajectory and sampled trajectory
l indoor location
dist(li, lj) contact distance between li and lj
tsw a sampling time
s = (l, ρ) a sample at l with probability ρ
P(o, o′, tsw) contact probability between o and o′ at tsw

2.1 Raw and Sampled Indoor Trajectories

In our setting, an indoor positioning system aperiodically
reports an indoor moving object o’s positioning record as
ψ = (l, t, et), which means that object o was found at a
location l at time t and the result is expired at a later time et.
A location l is captured as (x, y, f), meaning a point (x, y)
on a floor f . Each object o’s raw trajectory Ψo is a time-
ordered sequence of all its positioning records. In such a
raw trajectory Ψo, two consecutive positioning records ψi =
(li, ti, eti) and ψi+1 = (li+1, ti+1, eti+1) satisfy that eti <
ti+1. Due to the discrete nature of indoor positioning, the
records of an indoor trajectory Ψo most often do not fully
disclose the object whereabouts during Ψo’s lifespan.

To enable the comparison of two objects’ trajectories
throughout a common part of their lifespans, we generate
the sampled trajectory of each object as follows. First, we set
a unified sampling time interval ∆t, and sample the object
locations at each sampling time tsw = to + w · ∆t where to
is the global origin time and w is a non-negative integer.
Subsequently, the location sample at each sampling time tsw
is generated in two cases. If tsw falls within the time range
[ti, eti] of a record ψi, a sample s = (li, 1) is generated,
meaning that o is located at li with the probability of 1.
Such a sample is directly obtained from the raw positioning
record and thus is called an original sample. Otherwise,
the two positioning records before and after the sampling
time tsw are obtained, and a set Sw of samples in the form
of si = (li, ρi) are derived based on the two obtained posi-
tioning records. Such a sample is called a derived sample.
Each sampled location li is associated with a probability ρi
and we have

∑

si∈Sw
si.ρi = 1. How to obtain the location

samples based on the contextual positioning records will be
detailed in Section 3.3.

As a result, a sampled trajectory Ψs
o is obtained as the

time-ordered sequence of the sample sets at all sampling
times, formally ⟨(S1, t

s
1), . . . , (SW , tsW )⟩. In this way, all
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Fig. 1: Indoor objects at four consecutive sampling times (the restriction distance δ = 2 m).

objects’ location samples are aligned in the time dimension
and the comparison of objects is performed only at the
sampling times. Note that an object’s sampled trajectory is
only generated within the lifespan of its raw trajectory.

2.2 Problem Formulation

In real applications, it is interesting to find out those mov-
ing objects that had very close contact with a particular
object for a sufficiently long period of time, equivalently
a sufficient number of consecutive sampling times from
the perspective of sampled trajectories. In this paper, we
propose a self-contained set of contact tracing techniques
that allow us to efficiently find close contacts to a given
object by using uncertain indoor positioning data.

We first define the contact distance as follows.

Definition 1 (Contact Distance). The contact distance between
two indoor locations li and lj is computed as

dist(li, lj) =

{

||li, lj ||E , if li and lj fall in the same partition;

∞, otherwise.
(1)

where ||·, ·||E computes the Euclidean distance.

In the definition above, a partition refers to a basic topo-
logical unit of the indoor space, e.g., rooms, staircases, and
elevators. Two persons are not considered contact if they are
in different partitions2. For example, in Fig. 1 (a), the contact
distance between so2 and so3 is the Euclidean distance 1.9
meters, while the contact distance between so2 and so4 is
infinite because they are not in the same partition. Given
the distance threshold δ in contact restriction, two objects’
contact probability at a sampling time tsw is defined as follows.

Definition 2 (Contact Probability). Given two indoor objects
oi and oj , we obtain their sample sets at time tsw as Si,w and
Sj,w. The contact probability is computed as

P(oi, oj , t
s
w) =

∑

(si,ρi)∈Si,w,(sj ,ρj)∈Sj,w

c(li, lj)ρiρj , (2)

where c(li, lj) is 1 if the contact distance violates the restriction
and 0 otherwise.

2. In certain situations, objects located near a door but in separate
partitions, such as so1 and so4 in Fig. 1, may be considered in contact.
Our method can be easily adapted to cover this case by linking an object
near a door within a certain distance to both adjacent partitions in the
proposed enhanced indoor graph model in Section 3.1.
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Fig. 2: Temporal view of objects.

We say two objects are instant contact with each other at
time t if their contact probability is higher than a specified
threshold η.

Example 1. Take a look at Fig. 1 (b) and Fig. 2. We calculate the
contact probability P(o2, o3, t

s
2) as follows. At time ts2, the object

o2 has two samples, one in the partition v1 with a probability of
0.2 and the other in v3 with a probability of 0.8; the object o3 has
a sample in v1 with a probability of 0.6 and another in v3 of a
probability of 0.4. In both v1 and v3, the two samples of o2 and
o3 are within a distance less than the restriction distance 2 m. As
a result, P(o2, o3, t

s
2) = 0.2× 0.6 + 0.8× 0.4 = 0.44.

Finally, our research problem is formulated as follows.

Problem (Indoor Contact Query, ICQ). Given a query object
o, a time interval T , a distance constraint δ, a contact probability
threshold η, and a contact number k, an indoor contact query
ICQ(o, T, δ, η, k) returns all moving objects having instant con-
tacts with o (i.e., their contact probability is no less than η) for
at least k consecutive sampling times within T . In particular, the
contact number k helps determine the time period during which
two objects are judged to be close contacts.

Example 2. Figs. 1 and 2 exemplifies the indoor ob-
jects at four consecutive sampling times. Given a query
ICQ(o2, [t

s
1, t

s
4], 2, 0.5, 3), the close contact between o2 and oi

at each sampling time is determined by the threshold η = 0.5.
Referring to o3, the contact probabilities between o2 and o3
at sampling times ts1 to ts4 are [1, 0.44, 1, 0.3]. As the contact
probabilities at ts2 and ts4 are less than the threshold 0.5, o3 is not
returned. In contrast, the contact probabilities between o2 and o1
are [1, 0.8, 1, 0.7] from ts1 to ts4, which all exceed η = 0.5. As there
are 4 (> k = 3) consecutive instant contacts, o1 is determined as
a close contact of o2 and thus returned. Likewise, o3 is returned
due to its four consecutive instant contacts with o2.

3



2.3 Solution Overview
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Fig. 3: The solution for indoor contact query.

Fig. 3 shows our solution for ICQ. The bottom layer
lays the technical foundations of ICQ processing, as to
be detailed in Section 3. In particular, an enhanced graph
model is constructed to accommodate the indoor space data,
indoor moving objects, and sampled trajectories for relevant
computations. On top of the enhanced graph model, it
first finds a moving object’s uncertainty region, i.e., the
object’s possible locations at a sampling time. Based on the
uncertainty regions, it derives samples which in turn are
maintained in the enhanced graph model for subsequent
use.

To process a query instance ICQ(o, T, δ, η, k), an overall
framework is proposed as Algorithm 3. It finds all objects
in close contact with the query object o by calling Algo-
rithm 4 (the constrained search), which employs a set of
strategies for acceleration. Then, Algorithm 4 calls Algo-
rithm 1 to determine the instant close contact and further
help set the start timestamp. It also calls Algorithm 2 for
close contact determination when processing a candidate
object. Algorithm 2 calls Algorithm 1 to compute the contact
probability at an instant timestamp. We present the close
contact determination in Section 4.1 and the ICQ search in
Section 4.2.

It is noteworthy that Algorithms 1 calls a Derive Sample
function when computing contact probabilities over object
samples, whose details can be found in an extended version
(https://arxiv.org/abs/2304.08838).

3 FOUNDATIONS OF QUERY PROCESSING

This section lays the technical foundations of ICQ process-
ing. Section 3.1 introduces an enhanced graph model to
organize indoor data for relevant computations. Section 3.2
determines the indoor uncertainty regions at sampling times
that are “unseen” in its raw positioning records. Section 3.3
describes the generation of derived samples based on the
two indoor uncertainty regions with respect to the con-
textual positioning records before and after. Section 3.4
introduces the indoor data preprocessing.

3.1 Enhanced Graph Model

We design an enhanced graph model to organize three kinds
of data, namely the indoor space information, indoor mov-
ing objects, and their sampled trajectories. The enhanced
graph model is depicted in Fig. 4.

e(v
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2 , d
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4 )

v
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Fig. 4: The example of enhanced indoor graph model.

Following a previous work [22], the core part of the
model captures the indoor space topology and distances by
a directed and labeled graph G(V,E, LV ) where

1) V is the set of vertices, each for an indoor partition.3

2) E is the set of directed edges. An edge e(vi, vj , dk) ∈ E
means one can enter a partition vj from a partition vi
via a door dk.

3) LV is the set of vertex labels. Each label is a three-tuple
(vi, ↑ Md2d, ↑ OT ) where vi refers to the associated
vertex, ↑ Md2d is a pointer to the matrix Md2d that
stores the intra-partition distance between each pair of
doors within vi, and ↑ OT is a pointer to the object table
that maintains the bucket of objects at each sampling
time.

For each partition vi’s object table OT vi , OT vi [ts] main-
tains all objects that have at least a sample inside vi at time
ts. Each object o is linked to its corresponding sample table
that maintains its set of samples at each sampling time.

In addition to the enhanced graph model, all raw trajec-
tories are stored in a hashtable with object IDs as the keys.
Moreover, raw trajectories are indexed by a B-tree based
on the positioning records’ time attributes. This facilitates
obtaining an object’s contextual positioning records for a
sampling time.

3.2 Indoor Uncertainty Region Determination

Given an object o and a sampling timestamp ts unseen in the
raw trajectory, we obtain a positioning record ψ = (l, t, et)
prior to ts. In a free space, o’s possible location at time ts

is constrained by a circle ⃝(l, r) centered at l with radius
r = vmax ·(t

s−et), where vmax is the maximum object speed.

3. Indoor partitions can be extracted from indoor geometric data
stored in digital files [23], [24].
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However, such a circular uncertainty region is imprecise in
the presence of indoor topology.

Referring to the example in Fig. 5(a), o’s possible location
at time t2 cannot be at the portion of ⃝(l1, r) inside the
indoor partition v2 as o cannot go through the wall to reach
v2 within the distance r = vmax · (t2 − et1). Indeed, o’s
possible location at time t2 is precisely constrained by an
indoor uncertainty region [19] URI(l1, r) that consists of all
indoor portions within the indoor distance r from l1. As
illustrated in Fig. 5(a), URI(l1, r) consists of the shaded part
in partition v1 and the shaded sector centered at the door d3
with radius r − r1 in partition v3, where r1 is the distance
from l1 to d3. Such indoor portions can be found via an
indoor range query, which is formalized in FINDIUR in the
extended version.

d1

d2

d3

d4

d5

o’s precise indoor uncertain region at t2

v1
v2

v3

(l1,t1,et1) r
1 r - r

1
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v
max

· (t
2
– et

1
)

invalid portions

(a) Precise URI
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v2

v3

d1 d2

d3

r'

d4
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r

r
1

r - r
1

r
2

r' - r
2

o’s possible locations at t2

(l1,t1,et1)

(l3,t3,et3)

(b) Intersection of Two URIs

Fig. 5: The example of the object o’s uncertainty regions.

3.3 Generation of Derived Samples

Given an object o’s raw positioning record ψ⊣ = (l⊣, t⊣, et⊣)
prior to the unseen sampling timestamp ts, o’s possible lo-
cation at ts is constrained by URI(l⊣, vmax ·(t

s−et⊣)). Like-
wise, o’s possible location at ts should also be constrained
by URI(l⊢, vmax · (t⊢ − t

s)) with respect to o’s positioning
record ψ⊢ = (l⊢, t⊢, et⊢) immediately after ts. Taking into
account the two contextual positioning records ψ⊣ and ψ⊢,
o’s possible location can only be within the intersection of
URI(l⊣, vmax · (t

s − et⊣)) and URI(l⊢, vmax · (t⊢ − t
s)).

Referring to Fig. 5(b), the red shaded region depicts
the intersection of the two indoor uncertainty regions with
respect to the contextual records reported at t1 and t3.
Generally, the intersection of two indoor uncertainty regions
is an arbitrary geometry that is difficult to compute. There-
fore, we adopt a sample-based approach to approximate the
intersection with a set of lattice points contained by the
intersection. The approach is formalized in DERIVE in the
extended version.

3.4 Data Preprocessing

We do not allow for k′ or more consecutive derived sample
sets in a trajectory, because that would mean an object
absent throughout the k′ or more sampling times may still
be considered as close contact due to the derived sample
sets.

Therefore, we preprocess each object’s raw trajectory as
follows. We go through the sampling times and check if each
of them has a corresponding original sample in the raw
trajectory. If no original sample is seen for k′ consecutive

sampling times, the raw trajectory is split immediately after
the raw positioning record that provides the latest original
sample. When another original sample is seen at a subse-
quent sampling time, a new raw trajectory is started from
the corresponding raw positioning record. In this way, a raw
trajectory may be split into multiple raw trajectories, over
each of which at most k′ − 1 consecutive derived sample
sets are generated.

to t1 t2 t3 t4 t5 t6 t7sampling times

raw records

sampled records

≥ k′

(�2, �′2, 푒�′2)(�1, �′1, 푒�′1) (�4, �′4, 푒�′4)(�3, �′3, 푒�′3)

< k′

… …

trajectory 1 trajectory 2

Original Sample
Derived Sample

�′ = 3

Fig. 6: An example of splitting a raw trajectory (k′ = 3).

Example 3. Referring to Fig. 6, the original samples are not
seen from the raw positioning records at sampling times t2 to t4.
Suppose k′ = 3. Then the current raw trajectory is split after
the record (l2, t

′
2, et

′
2) that provides the latest original sample at

the sampling time t1. Subsequently, a new trajectory is started
from the record (l3, t

′
3, et

′
3). This new trajectory will not be split

between (l3, t
′
3, et

′
3) and (l4, t

′
4, et

′
4) because only one derived

sample set is needed.

Our query is processed over the preprocessed trajecto-
ries. The preprocessing brings up an important property
that facilitates query processing. That is, an object must
have an original sample within k′ consecutive sampling
times. Based on this, we can prioritize the instant contact
determination with an original sample of the candidate
object while avoiding the step-by-step generation of derived
sample sets. This is implemented in line 9 of Algorithm 4, to
be detailed in Section 4.2.

4 QUERY PROCESSING ALGORITHMS

This section presents the ICQ query processing algorithms.
Section 4.1 introduces the method of identifying all close
contacts with the query object o. Section 4.2 details the
ICQ processing utilizing a constrained search method. Sec-
tion 4.3 analyzes the time and space complexity of the
proposed solution.

4.1 Close Contact Determination

To find all close contacts with the given object o, we must
determine if an object oi, in the same partition with o, has
close contact with o for k consecutive times. To achieve this,
we must first devise a method to determine whether two
objects are in instant contact. A simple approach would be to
sequentially traverse all pairs of samples of these two objects
and compute the instant contact probability. If the probabil-
ity is above the threshold, the two objects are considered
instant contact. The method for sequential instant contact
determination is described in Algorithm C in the extended
version. However, this method is inefficient in time and
space (see our analysis in Section 4.3). In the following, we
propose three strategies to speed-up the determination.
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Strategy 1 (Reverse Early Termination). At the level of indoor
partitions, an object’s sample set S is merged as a new set,
represented as {(v,

∑

πl(si)∈v ρi)}, each tuple in which is called a

merged sample. Suppose v and v′ are two different partitions. For
object o’s each merged sample (v, ρv) and object o′’s each merged
sample (v′, ρv′), the corresponding non-contact probability is
computed as ρvρv′ . The overall non-contact probability between
o and o′ is accumulated over all the pairs of different partitions.
Once the accumulated non-contact probability reaches or exceeds
1 − η, the contact probability must be lower than η and the two
corresponding objects are definitely not in close contact.

Strategy 2 (Object Sample Pruning). A pair of two object
samples in different partitions is directly pruned as their distance
is∞ (see Equation 1) and larger than the distance constraint δ.

Strategy 3 (Early Termination). For two objects and their corre-
sponding sample sets, their contact probability is accumulated by
iteratively processing each pair of the two objects’ samples. Given
the threshold η, two objects are definitely in instant contact once
their current accumulated probability reaches or exceeds η.

With these accelerate strategies, we formalize the con-
strained instant contact determination in Algorithm 1. First,
it uses a caching mechanism such that two objects’ instant
contact result is directly fetched if the result has been
computed and cached (line 1). Then, it prepares the can-
didate object o′’s sample set S′ by either calling DERIVE

or retrieving from the enhanced graph model (lines 2–
3). Next, it merges the samples for o and o′, respectively,
in lines 4–5. Lines 6–12 implement Strategy 1, in which
the overall non-contact probability NP is accumulated and
false is returned directly if NP exceeds 1 − η. Lines 14–16
implement Strategy 2 such that only a pair of object samples
in the common partition v∗ is considered in computing
concrete instant contact probability. Lines 19–20 implement
Strategy 3. After processing each object sample pair, the
accumulated contact probability is checked for a potential
quick determination. Note that the result is cached before it
is returned (see lines 12, 20, and 22).

Then, we can further check whether o′ is a close contact
of o. ISCLOSECONTACT is formalized in Algorithm 2. It se-
quentially scans the sampling times from ts to ts+(k−1)∆t.
At each scanned time tq (initilized in line 1), the algorithm
calls algorithm C-INSTANTCONTACT to determine if the
query object o and the candidate object o′ are instant contact.
If the two objects have no instant contact at a scanned time
tq , false is returned (lines 3–4). Otherwise, true is returned
to indicate that the two objects are in close contact at all
scanned times (line 6).

4.2 ICQ Processing

We proceed to present the overall framework for ICQ pro-
cessing. Given a query ICQ(o, T, δ, η, k), we search for each
possible timestamp and find out the objects that are in con-
tact with the query object o. The main steps are as follows.
First, we determine the period [tss, tse] when o appears in the
space. Second, we obtain all objects present during [tss, tse].
Third, for each such object, we check if it had close contact
with o for k consecutive times by 1) generating samples
at unseen timestamps and then 2) calculating the instant
contact probability at each sampled timestamp to determine
the instant contact. Finally, we return all objects that had

Algorithm 1 C-INSTANTCONTACT (query object o, candi-
date object o′, current time ts, distance constraint δ, contact
probability threshold η)

1: return the cached result if it exists
2: if ts is not seen in Ψs

o′ then S′ ← DERIVE(o′, ts)
3: else obtain (S′, ts) from Ψs

o′

4: merge samples in S as {(v,
∑

πl(si)∈v ρi)}
5: merge samples in S′ as {(v′,

∑

πl(s′i)∈v′ ρ′i)}
6: NP← 0
7: for each merged sample (v, ρv) do
8: for each merged sample (v′, ρv′) having v ̸= v′ do
9: NP← NP+ ρv · ρv′

10: if NP > (1− η) then ▷ Strategy 1
11: update the latest non-contact time of o′ as ts

12: cache the result; return false

13: P← 0
14: for each partition v∗ of S and S′ do ▷ Strategy 2
15: for each sample (l, ρ) in S falling in v∗ do
16: for each sample (l′, ρ′) in S′ falling in v∗ do
17: if dist(l, l′) < δ then
18: P← P+ ρ · ρi
19: if P ≥ η then ▷ Strategy 3
20: cache the result; return true

21: update the latest non-contact time of o′ as ts

22: cache the result; return false

Algorithm 2 ISCLOSECONTACT (query object o, candidate
object o′, current time ts, distance constraint δ, contact
probability threshold η, integer k)

1: tq ← ts

2: while tq ≤ ts + (k − 1)∆t do
3: if !C-INSTANTCONTACT(o, o′, tq, δ, η) then
4: return false

5: tq ← tq +∆t
6: return true

close contact with o. The overall process is formalized in
Algorithm 3.

Initially, the earliest and latest sampling times to process
are obtained (lines 1–2). In particular, the earliest sampling
time tss is the older timestamp of the start of the query time
interval T and the start of object o’s lifespan. The latest
sampling time tse is obtained similarly.

Afterwards, the framework prepares the sampled tra-
jectory Ψs

o′ for each object o′ that appeared within [tss, t
s
e]

(lines 4–12). Specifically, if a sampling time ts is seen in
o′’s raw trajectory, the reported location li and a probability
of 1 form the unique sample at ts (lines 6–8). Otherwise,
the Derive Sample function DERIVE(o, ts) is called to get
the samples at ts. To avoid heavy computations, here we
only derive samples for the query object o since its samples
will certainly be used in search (lines 10–11). Other objects’
sampling will be conducted during the concrete search.
All generated samples will be maintained in the enhanced
graph model (see Section 3.1) for subsequent retrieval. Fi-
nally, the algorithm calls an efficient search method to find
those objects that are in close contact with o during [tss, t

s
e]
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Algorithm 3 ICQ-PROCESSING (query object o, time period
T , distance constraint δ, contact probability threshold η,
contact number k)

1: tss ← max(min(T ),min({ψ.t | ψ ∈ Ψo}))
2: tse ← min(max(T ),max({ψ.et | ψ ∈ Ψo}))
3: ts ← tss
4: while ts ≤ tse do
5: for each object o′ that appeared within [tss, t

s
e] do

6: if ts is seen in Ψo′ then
7: obtain record (li, ti, eti) ∈ Ψo′ , t

s ∈ [ti, eti]
8: add ({(li, 1)}, t

s) to Ψs
o′

9: else
10: if o′ is query object o then
11: S ← DERIVE(o′, ts); add (S, ts) to Ψs

o′

12: ts ← ts +∆t
13: return C-SEARCH(o, [tss, t

s
e], δ, η, k)

(line 13).4 The search method employs constrained search,
which avoids unnecessary computations of concrete instant
contact probabilities using Strategy 4.

Strategy 4 (Time Skipping). Given a sampling time ts, if the
candidate object does not have instant contact with the query
object, all close sampling times within [ts − (k − 1)∆t, ts +
(k − 1)∆t] are skipped for the candidate object.

The constrained search (Algorithm 4) works as follows.
First, the result set result is initialized (line 1). Then, it
initialize each object’s latest non-contact time (line 2). Sub-
sequently, the algorithm processes each sampling time ts se-
quentially (lines 3–23). For each current time ts, the sample
set S is retrieved from the enhanced graph model and a set
Ovisited is used to record all visited objects in this iteration
(line 4). For each sample s(l, ρ) in S, the host partition
v is obtained (lines 5–6). The partition v will be skipped
(line 7) if it has been visited (see line 8). Next, the algorithm
checks each candidate object oi that has samples5 in v at ts

(line 9). If oi is the query object o, or it has been processed,
it will be skipped (line 10). Otherwise, oi is added to the
visited set (line 11). The algorithm obtains oi’s last sampling
time ts

ln
when oi has no instant contact with o (line 12).

Such a non-contact time is initialized as −∞ for all objects
(line 2) and updated when determining the instant contact
(see lines 11 and 21 in Algorithm 1). For the candidate object
oi that currently has sample(s) in the same partition as o (see
line 9), its instant contact with o is determined by calling
C-INSTANTCONTACT. After the determination, two cases
are differentiated (lines 13–15). If oi contacts with o at tq ,
the end check time ts

ec
is updated as tq , meaning that the

sequential checking of close contact should be performed
until ts

ec
. Otherwise, ts

ec
is set to ts − ∆t since there is no

need to check until the non-contact time ts. Accordingly,
the starting check time ts

sc
is also determined (line 16). In

particular, ts
sc

must be the latest time among the start search

4. Within Algorithm 3, the efficient search method could be replaced
by a naive sequential search method that determines the instance
contacts at each sampling time one by one. It is time-consuming and so
we give its details in the extended version.

5. According to the preprocessing described in Section 3.1, a candi-
date object must have a certain sample generated by Algorithm 3 within
(k−1)∆t. Therefore, the object will certainly be processed if it is in close
contact to o for k consecutive sampling times.

time ts, the sampling time before ts
ec

for (k − 1)∆t, and
the sampling time next to the last non-contact time tsln. The
sequential scanning from ts

sc
to ts

ec
(lines 18–22) is performed

only if their time difference exceeds (k−1)∆t (line 17). Once
the current time ts is processed, the algorithm moves to the
next sampling time ts + ∆t (line 23). It returns the result
when all sampling times have been processed (line 24).

Algorithm 4 C-SEARCH (query object o, time period [tss, t
s
e],

distance constraint δ, contact probability threshold η, con-
tact number k)

1: result ← ∅

2: initialize each object’s latest non-contact time as −∞
3: while ts ≤ tse do
4: obtain (S, ts) from Ψs

o; Ovisited ← ∅

5: for each s(l, ρ) ∈ S do
6: v ← host(l)
7: if v has been visited then continue

8: marked v as visited
9: for each oi ∈ OT v[ts] do

10: if oi = o or oi ∈ Ovisited then continue

11: add oi to Ovisited

12: ts
ln
← oi’s latest non-contact time

13: if C-INSTANTCONTACT(o, oi, t
s, δ, η) then

14: tsec ← ts

15: else tsec ← ts −∆t

16: tssc ← max(tss, t
s
ec − (k − 1)∆t, ts

ln
+∆t)

17: if tsec − t
s
sc > (k − 1)∆t then ▷ Strategy 4

18: tq ← tssc
19: while tq + (k − 1)∆t ≤ tsec do
20: if ISCLOSECONTACT(o, oi, t

q , δ, η, k)
then

21: add oi to result ; break

22: tq ← tq +∆t
23: ts ← ts +∆t
24: return result

4.3 Complexity Analysis

Let o be the average number of objects falling into the
partition of the query object at a time point, and v be
the average number of partitions that an object’s samples
may fall into at a time point. Generally speaking, we have
o ≪ |O| where |O| is the total number of objects, and
v ≪ |V | where |V | is the total number of partitions. Let sa
be the average size of an object’ sample sets in a partition at
a time point. Let sm be the maximal size among all objects’
sample sets.

Time Complexity. Fig. 7 illustrates the complexity analysis
of (a) the constrained search, and for comparison, (b) the
naive sequential search method without using the accelerate
strategies.

The proposed constrained search (see Fig. 7(a)) uses a
k-sized buffer to maintain the previous contact probabilities
computed for each candidate object. Therefore, at each sam-
pling time, the constrained search only processes the current
sampling time. Let op be the number of processed candidate
objects, where op ≪ o as benefited by Strategy 4 that prunes
the candidate objects maintained in the buffer if their prob-
abilities at one time point are less than the threshold η. Note
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Fig. 7: Complexity analysis.

that a smaller threshold η and a smaller k will both lower op.
Given a query object and a candidate object, only O(v · s2a)
sample pairs are involved in the distances and probabilities
calculation as enhanced by Strategy 2 that processes pairs
in a partition-by-partition manner. Furthermore, the actual
number of distance computations between the sample pairs,
denoted by β, is much smaller than O(v · s2a) as reduced by
Strategies 1 and 3 that enable early termination. As there
are in total (|T |/∆t) sampling times to process, where |T | is
the query interval length and ∆t is the unit sampling time
interval, the overall time complexity of constrained search
is O

(

(|T |/∆t) · op · β
)

.
For comparison, we also include the time complexity

analysis of sequential search method as follows. The sequen-
tial search (see Fig. 7(b)) calculates the contact probability
for each candidate object whose samples appear in the same
partition as the query object at each sampling time. For
each such object, k consecutive timestamps starting from
the current sampling time are processed, each of which
involves the distance computation for (v ·sa)

2 sample pairs.
As there are in total |T |/∆t sampling times to process, the
overall time complexity of the sequential search method is
O
(

(|T |/∆t) ·k ·o ·v2 ·s2a
)

. Therefore, the constrained search
is at least O((o/op) · k · v) times faster than the sequential
search, where o≫ op.

In the worst case that all samples of an object are
located in one partition, (v · sa) degenerates to sm, o and
op degenerate to |O|, and β degenerates to s

2
m. In this

case, the constrained search has the time complexity of
O
(

(|T |/∆t) · |O| · s2m
)

, while the sequential search method
is in O

(

(|T |/∆t) · k · |O| · s2m
)

.

Space complexity. Overall, the space complexity analysis of
the constrained search follows the same spirit of its time
complexity, but some extra space overheads are needed.
In particular, it uses a set to maintain all |O| objects, and
also maintains a k-sized buffer for the o

′ candidate objects
at each sampling time, where o ≤ o

′ ≤ |O|. Besides, at
each sampling time, the allocated space will be collected.
Therefore, the space complexity is invariant to the number
of sampling times, i.e., (|T |/∆t). To sum up, the space
complexity of the constrained search isO

(

op ·β+ |O|+k ·o
′
)

on average and O
(

|O| · (s2m + k + 1)
)

in the worst case.

5 EXPERIMENTS

5.1 Overall Experimental Settings

All algorithms are implemented in Java and run on a PC
with an Intel Core i5 3.10 GHz CPU and 8 GB memory.

Baseline Methods. As no method exists to solve indoor
contact query, we design three baseline methods to com-
pare with our proposed search method C-ICQ. First, an
S-ICQ method sequentially processes each sampling time
and computes the concrete contact probabilities to decide if
a candidate object has close contact with the query object6.
Second, an E-ICQ method finds the uncertainty region at
each unseen sampling timestamp based on Euclidean dis-
tance rather than indoor distance. Third, an R-ICQ method
searches for close contact objects over raw trajectories with-
out uncertainty analyses at unseen timestamps. An object is
considered as a close contact if its consecutively observed
instant contacts with the query object cover the required
contact time. All baselines employ the indoor distance-
aware model [22] and a trajectory table for data organiza-
tion.
Parameters. The settings of query inputs |T |, δ, η, and k are
listed in Table 2, where the default values are in bold. In
practice, they can often be set to default values and users
may only change them when necessary. We also vary the
object number |O| and the side length ll of lattices (see
Section 3.3) which is determined by the system developers
and is usually stable values in real-world applications. The
unified sampling time interval ∆t is set to 10 seconds.
Therefore, we vary the instant contact number k as integer
multiples of 6 (i.e., 6, 12 and so on) such that the required
contact period will be 1, 2 or more minutes.

TABLE 2: Parameter Settings

Parameter Meaning Setting

|T | (hour) query interval length 6, 12, 18, 24
δ (m) distance constraint 1, 2, 3, 4, 5
η probability threshold 0.3, 0.4, 0.5, 0.6, 0.7
k instant contact number 6, 12, 18, 24, 30, 36, 42
ll (m) lattice side length 0.2, 0.4, 0.6, 0.8, 1.0
|O| object number 2k, 4k, 6k, 8k

Performance Metrics. To evaluate the efficiency of query
processing, we run each query instance 30 times and mea-
sure the average running time and average memory cost.

As there are unseen timestamps in raw trajectories and
we have to analyze the uncertain region of an object at an
unseen timestamp, it will introduce inaccuracies. Therefore,
we evaluate the effectiveness of the query result as follows.
We consider the metric recall, the fraction of ground truth
close contact objects that are included in a query result.
Moreover, we use the comprehensive metric F1 score that
is computed as 2 ∗ (recall × precision)/(recall + precision),
where precision measures the fraction of returned close
contact objects that are in the ground truth7. The closer the
F1 score is to 1, the better is the overall effectiveness of the
query result.

5.2 Experiments on Synthetic Data

5.2.1 Settings

Indoor Space. We generate a 5-floor indoor space based on
a real-world floorplan8 that is of 1,368× 1,368 square metres

6. S-ICQ is implemented using the overall framework in Algorithm 3
whose line 13 instead calls Algorithm C in the extended version.

7. We have also evaluated precision . However, the precision mea-
sures in most tests are close to 1. Therefore, we omit them in the
evaluation results.

8. https://longaspire.github.io/s/fp.html
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(m2) with 141 partitions and 216 doors on each floor. Four
staircases, each set to 20 m long, connect each two adjacent
floors.

Trajectory Data. We simulate raw trajectories of moving
objects in the indoor space for 24 hours (i.e., 86,400 seconds).
Each trajectory’s lifespan is at least one hour (3,600 seconds)
and its start time is random within the first 82,800 seconds.
For each object, we randomly select a list of destinations. Be-
tween each two consecutive destinations, the object moves
along a planned path with fluctuations in direction and
moving speed. The maximum speed is set to 5 km/h (ap-
proximately 1.4 m/s). At each destination, the object stays
for a random period of time from 0 to 480 seconds.

Raw positioning records are generated for each object
every 10 seconds. The expiration et − t in each record
is fixed to 5 seconds. To simulate the uncertainty in raw
trajectories, we randomly remove 10% of the generated
records from each original trajectory. After that, we use the
preprocessing method described in Section 3.1 to split the
resultant trajectories.

Query Instances. For each specific parameter combination,
20 query instances are generated with random query objects
and their trajectories. Due to the randomness of trajectory
data, it is hard to find close contacts that last for a long pe-
riod. To increase the likelihood of non-empty query results,
we intentionally simulate 10 “close contact trajectories” for
each query instance. Each such trajectory is synthesized as
follows. From the current query instance’s trajectory, we
extract a segment that lasts for a random period of 500 to
1800 seconds. The extracted segment is used as the basis
of a close contact trajectory. To reduce the trajectory’s data
quality (and to increase the difficulty for contact tracing),
we randomly delete 10% of its positioning records and add
some location offsets to some of its positioning records.

5.2.2 Results

Effect of |T |. We vary the query interval length |T | from 6
to 24 hours. The running time and memory cost of the four
methods are reported in Figs. 8(a) and 8(b), respectively. A
longer |T | leads to more time and memory costs as more
candidate objects and sampling times are involved. For
both efficiency measures, C-ICQ performs the best. This is
mainly due to its use of time skipping (Strategy 4) for re-
ducing the calls of instant contact determination. Compared
to S-ICQ, C-ICQ additionally introduces early termination
(Strategies 3 and 1) and object sample pruning (Strategy 2)
to instant contact determination, thereby incurring less time
and memory overhead. R-ICQ and E-ICQ cost more time
and memory compared to our proposed methods. First,
their used data structures (indoor distance-aware model
plus a trajectory table) are less efficient than our enhanced
graph model that is specialized to the retrieval of samples
for relevant objects. Second, for E-ICQ, Euclidean distance
leads to a larger uncertainty region with more location
samples, which costs more time and memory in contact
distance computations. Third, unlike other methods, R-ICQ
needs to find and verify all candidate objects that have
instant contact with the query object, thus incurring a longer
running time. Interestingly, R-ICQ does not involve location
samples and thus consumes relatively low memory. Still,

C-ICQ consumes even less memory because of its efficient
time skipping strategy.
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Fig. 8: Effect of |T |

The recall and F1 scores are reported in Figs. 8(c)
and 8(d), respectively. As S-ICQ and C-ICQ return the
same set of close contact objects, we omit S-ICQ in all
effectiveness studies. When increasing |T |, more candidate
objects have to be analyzed. As a result, all methods’ two
effectiveness measures degrade. Nevertheless, C-ICQ out-
performs E-ICQ and R-ICQ at all |T | values. R-ICQ does
not analyze the uncertainty region, and its two effectiveness
measures are clearly lower that the other methods using
a sampling based analysis. This indicates that our sample-
based contact distance is effective at finding real close
contacts. Although E-ICQ also uses the sampling based
analysis, its effectiveness measures are inferior to those of C-
ICQ. In E-ICQ, samples are drawn from a coarser-grained
uncertainty region derived based Euclidean distance. This
leads to a less accurate contact distance and thus a lower
probability of finding true close contact objects. The results
show that our indoor uncertainty regions are more accurate
for sampling locations.

Combining efficiency and effectiveness, C-ICQ works
better than the others in close contact tracing.
Effect of δ. Figs. 9(a) and 9(b) report the efficiency of
four methods, C-ICQ still costs least running time and
memory because of our efficient model and strategies. The
running time and memory cost of E-ICQ decrease when the
distance constraint δ increases. This is because a higher δ
makes it easier for the accumulating contact probability of
object samples to exceed the fixed threshold η, causing a
candidate object to be returned earlier and avoiding further
processing in subsequent iterations. In contrast, C-ICQ and
S-ICQ use indoor distances to find the uncertainty region,
which includes fewer objects, resulting in relatively stable
efficiency with increased δ. The time and memory costs of
R-ICQ are insensitive to δ as there is no uncertainty analysis
at unseen timestamps.

Figs. 9(c) and 9(d) report on the recall and F1 score.
With a larger distance constraint, more objects tend to be
counted as close contacts. As a result, the recall and F1 score
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measures of both methods increase. Compared to the two
baselines, C-ICQ still performs best because of the precise
analysis of the uncertainty region. R-ICQ ignores unseen
sampling timestamps, so the variation of the distance con-
straint has no impact on its effectiveness.
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Fig. 9: Effect of δ

Effect of η. Referring to Figs. 10(a) and 10(b), increasing
the contact probability threshold η has little impact on the
running time and memory consumption of all methods.
Indeed, varying η does not change the number of calls of
instant contact determinations.
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Fig. 10: Effect of η

Figs. 10(c) and 10(d) report on the two effectiveness
measures of the three methods when varying η. As men-
tioned above, R-ICQ omits unseen sampling timestamps.
Therefore, both recall and F1 score of R-ICQ stay no change.
In contrast, a higher η imposes stricter requirements on
the establishment of instant contact, thereby making it less
accurate the instant contact determination based on the
derived samples. As a result, both recall and F1 score of

C-ICQ and E-ICQ decrease with η increased. Nevertheless,
C-ICQ still performs the best.
Effect of k. We vary k from 6 to 42 and report the running
time and memory cost in Figs. 11(a) and 11(b), respectively.
As no probabilistic samples are derived and processed, the
running time and memory cost of R-ICQ are almost insen-
sitive to k. In contrast, both running time and memory cost
of other three methods increase with an increasing k. For E-
ICQ, a larger k involves more sampling times to be checked
consecutively in determining the close contact between two
objects. This requires a longer running time and a larger
memory cost. Compared to S-ICQ, C-ICQ’s both measures
increase much more slowly. This is due to its efficient time
skipping strategy, which reduces the unnecessary heavy
computations on consecutive sampling times. Moreover, the
time and memory costs of C-ICQ tend to be stable when k
is sufficiently large. This demonstrates that our proposed
C-ICQ performs very well when the close contact tracing is
conducted with a relatively large k.
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Fig. 11: Effect of k

As shown in Figs. 11(c) and 11(d), the recall and F1
score of all methods deteriorate when k becomes larger.
A larger k means a stricter requirement on close contact
(see our research problem defined in Section 2.2), which
renders the close contact tracing on uncertain positioning
data less effective. Nevertheless, C-ICQ using probabilistic
samples clearly outperforms E-ICQ analyzing uncertainty
region with Euclidean distance and R-ICQ. Moreover, the
performance gap enlarges when k increases to 42. In general,
our proposed C-ICQ is more efficient and effective than the
two baselines when a larger k is used.
Effect of ll . We vary the lattice side length ll from 0.2m
to 1m. Referring to Figs. 12(a) and 12(b), in terms of the
running time and memory cost, the efficiency of E-ICQ
increases with a larger ll because fewer samples are intro-
duced in computations. R-ICQ’s time and memory costs
remain stable as no analysis is involved. Still, C-ICQ runs
much faster and cost less memory than other methods.

Referring to Figs. 12(c) and 12(d), the recall and F1 score
of C-ICQ degrade when a larger ll is used. As fewer sam-
ples are used, the accuracy of instant contact determination
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Fig. 12: Effect of ll

decreases, and so do the recall and precision of the query
result. In our experiments, C-ICQ achieves better recall and
F1 score compared to the two baselines.

Effect of |O|. To test the scalability of all methods, we vary
the object number |O| from 2k to 8k. Referring Figs. 13(a)
and 13(b), the time and memory costs of E-ICQ, R-ICQ
and S-ICQ increases as |O| increases, whereas C-ICQ stays
stable. When more candidate objects are involved, E-ICQ,
R-ICQ and S-ICQ need to check a larger fraction of poten-
tial close contact objects at each sampling time. In contrast,
C-ICQ can rule out those unpromising objects and process
only those necessary sampling times due to the time skip-
ping strategy that it employs.
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Fig. 13: Effect of |O|

Referring to Figs. 13(c) and 13(d), both effectiveness
measures of the three methods stay nearly stable when
|O| increases. Still, C-ICQ outperforms E-ICQ and R-ICQ
due to its higher effectiveness of sample-based close con-

tact tracing. Therefore, our proposed C-ICQ method works
effectively in large-scale data scenarios.

5.3 Experiments on Real Data

5.3.1 Settings

We also evaluate our two proposals on a real dataset
collected from a shopping mall in Hangzhou, China. The
shopping mall occupies 108m × 80m and 7 floors with 10
staircases. Each staircase is roughly 20m long. We acquire in-
door positioning records from the building on 2018/01/01.
In total, 4,616 distinct moving objects (MAC addresses) and
727,263 positioning records are obtained.

The query instance generation and the parameter set-
tings follow the same as the experiments on the synthetic
dataset (see Section 5.1). We do not vary |O| as it is fixed
in the real dataset. As we have no information about the
true object movements to compute the recall and F1-score in
the real data setting, we only compare the query processing
methods in terms of efficiency metrics.

5.3.2 Results

Effect of |T |. We set the query time interval T to (0, 6],
(0, 12], (0, 18], and (0, 24]. The running time and memory
costs are reported in Figs. 14(a) and 14(b), respectively. As
the query interval length |T | becomes larger, the running
time and memory cost increase because more candidate
objects and more sampling times are involved. Since fewer
moving objects appeared in the morning, i.e., within (0,
12], but much more in the afternoon, i.e., within (12, 18],
both costs of all methods increase significantly when T is
changed from (0, 12] to (0, 18]. In all tested cases, C-ICQ
outperforms the three baselines in terms of efficiency.
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Fig. 14: Effect of |T |

Effect of δ. According to the results reported in Figs. 15(a)
and 15(b), both the running time and memory consumption
stay stable for all methods as δ increases. Nevertheless, C-
ICQ still performs best in terms of efficiency. By analyzing
the distribution of the contact distances of the object pairs in
the same partition, we find that there are just a few within a
distance less than 5m.
Effect of η. As shown in Figs. 16(a) and 16(b), the contact
probability threshold η has no impact on the efficiency of
R-ICQ because it omits the unseen sample timestamps. A
larger η has a slight impact on C-ICQ since it has employed
strategies for early termination of instant contact determina-
tion.
Effect of k. Figs. 17(a) and 17(b) report the running time
and memory usage of all methods. Compared to C-ICQ,
the baseline methods E-ICQ and R-ICQ cost more time
and memory with an increasing k because our methods
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use the enhanced graph model that efficiently organizes the
spatial data and trajectory and well supports the indoor
contact tracing. The efficiency of both S-ICQ and C-ICQ
decreases slightly when k increases. Increasing k involves
more sampling times and thus increases both time and
memory costs.
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Effect of ll . According to the results reported in Figs. 18(a)
and 18(b), the running time and memory consumption de-
crease as ll increases. In general, increasing ll has no impact
on R-ICQ and only slight impact on C-ICQ, but improves
significantly the efficiency of E-ICQ. These observations are
consistent with what we have seen on the synthetic data.
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5.4 Summary of Experimental Results

We summarize our findings from the results as follows.
In terms of efficiency, C-ICQ performs best because it

avoids a lot of heavy computations with efficient accelera-
tion strategies, while S-ICQ needs more time and memory
costs because it analyzes the close contacts for all relevant
sampling times without any acceleration.

On the other hand, S-ICQ and C-ICQ return the same
results. Their query result effectiveness is always better than
that of E-ICQ and R-ICQ. This demonstrates the necessity
of our proposed sample-based close contact tracing, which
captures indoor moving objects’ spatiotemporal dynamics
much better than the E-ICQ using Euclidean distance and
the R-ICQ ignoring the unseen sampling timestamps.

All in all, considering both efficiency and effectiveness,
C-ICQ is the best among all methods in comparison.

6 RELATED WORK

Contact Tracing. There are two mainstream contact tracing
technologies, namely proximity-based solutions [3], [4], [5],
[6], [7], [8], [9], [25], [26], [27], [28], [29] and location-based
solutions [10], [11], [12], [13], [14], [15], [16], [17], [21].

Relying on wireless technologies such as Bluetooth, the
proximity-based contact tracing solutions regard two de-
vices as close contacts of each other if one of them falls
within the wireless detection range of the other for a certain
time period. Some studies review and compare proximity-
based contact tracing methods, from the perspectives of
system design [27], [28], privacy issues [29], and future
development [25], [26]. Some recent representative works
are introduced below. Tedeschi et al. [3] propose an IoT-
based architecture for saving energy consumption and com-
putational cost on end-user devices. Ng et al. [5] predict the
exposure risk of a user using a machine learning classifier.
Shrestha et al. [8] propose a service-oriented architecture
to enable Bluetooth-based mobile contact tracing. Li et
al. [7] study privacy-aware, indirected close contact using
the hashed WiFi access point IDs in a distributed environ-
ment. The proximity-based methods, however, suffer from
several shortcomings. First, these methods require mobile
app installation, which is less user-friendly. Second, they
fail to support adjusting criteria of close contacts, e.g., cus-
tomizing the distance restriction. Third, they neglect spatial
information, not to mention indoor topology.

Location-based contact tracing methods identify close
contact pairs using historical location data instead of wire-
less proximity information. Different from our work on
efficient contact tracing over historical data, many works
focus on developing the contact tracer as an administrative
web-based system [11], a privacy-enhanced mobile appli-
cation [10], [12], [15], or a decentralized Blockchain-based
system [16]. Several works [13], [14], [17] consider the effi-
ciency of close contact search. In particular, Chao et al. [14]
devise an iterative algorithm and a grid-based time interval
tree to find contacted trajectories along the transmission
chains. Li et al. [17] develop group processing algorithms for
online continuous monitoring of the contacts with the given
objects. Zhang et al. [13] resolve contact similarity search
on uncertain trajectories based on an uncertain trajectory
M-tree applied to necklace-based trajectories. However, all
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these aforementioned studies apply to GPS data and deter-
mine the contact based on free-space distances. As a result,
they cannot resolve our problem in indoor settings char-
acterized by unique indoor topology and distances. Some
works focus on indoor contact tracing. Alarabi et al. [30]
adapt a three-dimensional R-Tree to answer the contact
tracing queries. However, they do not consider the indoor
restrictions such as walls and doors. Ho et al. [31] develop
a system to analyze the movement of users, as a foundation
to further help contact tracing, but it can not solve contact
tracing directly. Moreover, neither of the works [30], [31]
considers the uncertainty of indoor data.
Analysis and Queries over Indoor Uncertain Data. Lu
et al. [18] propose and study probabilistic, spatio-temporal
joins on historical RFID-like tracking data, which aim to
find the object pairs in the same room at a particular
timestamp. However, such joins do not consider concrete
indoor distances. Xie et al. [32] study indoor distance-aware
join on moving objects in indoor space. However, the join
query returns indoor object pairs at a certain time and it
does not consider the duration. Lu et al. [33] mine frequently
visited POIs from symbolic indoor tracking data collected
through Bluetooth technologies. The data formats of these
works [18], [32], [33] are different from that in ICQ. Li et
al. [19] propose a framework for finding the current top-k in-
door dense regions from a set of user-defined query regions.
Li et al. [20] tackle the problem of finding the top-k popular
indoor semantic locations with the highest flow values us-
ing uncertain historical indoor mobility data. Nonetheless,
these works [19], [20], [33] return dense or popular indoor
regions, while our work concerns the relationship between
two individual objects. Liu et al. [34] study crowd-aware
indoor path planning queries by taking moving objects into
account in an online setting. Unlike ICQ, this work [34] does
not analyze the uncertain regions of individual objects. A
recent work [21] considers indoor topology and uncertainty
modeling in continuously monitoring the distances between
object pairs. However, the proposed solution aims for early
warning of all approaching object pairs by continuously cal-
culating and forecasting their indoor distances. In contrast,
our study focuses on retrieving from historical data past
close contacts with a confirmed infected object.

7 CONCLUSION AND FUTURE WORK

In this work, we study the novel Indoor Contact Query
(ICQ). It conducts contact tracing over uncertain indoor
positioning data to find all moving objects that had close
contact with a given object o. To process ICQ, we propose a
set of data management techniques: 1) an enhanced indoor
graph model to organize a multitude of relevant data; 2)
an uncertainty-aware method for determining instant close
contact; 3) a unified query processing framework with a
close contact determination method, a search algorithm, and
acceleration strategies. Experiments on synthetic and real
datasets demonstrate the efficiency and effectiveness of our
proposals.

Several directions exist for future research. First, it is in-
teresting to support other criteria of close contact within our
proposed framework. Also, it is possible to generalize our
solution to support contact tracing over different types of

indoor positioning data. Moreover, it is relevant to consider
contact tracing over a mix of indoor and outdoor mobility
data when such data is available. Last but not least, in case
that COVID-19 rebounds, it is interesting to construct and
deploy a prototype of an ICQ system in a real-world setting,
such as a university campus, to help contain virus spread.
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