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In recent decades, the public healthcare settings have devoted their attention to the derail of global pandemics.

As a result, the public health professionals have adopted patients monitoring as one of the immediate measures
to combat disease spreading. Incorrectness of data is a disadvantage of the traditional monitoring system as it is
unable to efficiently handle the complex dynamic behavior of patients. The research community seeks to provide
compelling techniques or algorithms that can be used to detect the location and travel of potentially hazardous
and/or contagious patients in the case of pandemics. Heuristically, the mobility dynamics and activity records
of patients are vital resources to support health researches. The activity records of patients contain their

whereabouts in time, and that may provide some relevant knowledge for the analysis of disease spreading.

This article presents a trajectory data mining technique to support the detection of outdoor mobile patient. The
proposed technique examines the spatio-temporal trajectories of the patient via monitoring strategies with the
aid of a global position system (GPS) device. The result of the experiment, using GeoLife big dataset has proven
the proposed technique as efficient for monitoring an outdoor mobile patient, and it is easy to integrate into
mobile health information systems that are intended for outdoor monitoring purposes towards derail of global
pandemics.
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1. Introduction

Mobile health information systems, such as patient mon-
itoring system (PMS), etc. have become very important
resources in the public healthcare settings. PMS is used
to support the study of the physiological condition of mo-
bile patients and their whereabouts in time. This is due to
the support that it derives from the proliferation of ubiqui-
tous mobile positioning systems and devices, for example
Smartphones, Sensors, etc., that are used everywhere for
collecting data on patients. In recent times, public health
professionals have widely used PMS to collect vital infor-
mation on patients, which has also aided them to report
several health cases with ease and as early as possible. For
example, a case like pandemics. Pandemics can drasti-
cally reduce the productivity of highly skilled workers,

and correspondingly result to socio-economic disruption.
Moreover, it is quite easier to report pandemic cases with
the aid of PMS. Particularly, a report on an asymptomatic
patient who is diagnosed with a contagious disease, but
has no noticeable symptoms. This patient can easily spread
the disease without adequate monitoring. Nonetheless, ob-
taining information with a traditional patient monitoring
system can result to data incorrectness. This is due to the
complex dynamic activity and behavior of patients. This
situation can result to some adverse effects on producing
the monitoring results efficiently. Nonetheless, it is a very
challenging task to tag a patient with a particular interest
in dynamic conditions, and thus to do so incrementally
in continuous time intervals. This will require excessive
computations, due to the high dimensional data type it
involves [1]. Also, a lot of software and hardware resources
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are required [2, 3] to carry out the task. Thereby, it has
become imperative for researchers to develop techniques
and/or algorithms that can be appropriately applied to cap-
ture the complex dynamic activity and behavior of patients
so0 as to enhance the features of mobile health information
systems. In other words, researchers seek to produce some
compelling techniques and/or algorithms that can be used
to detect the location and travel of potentially hazardous
and/or contagious patients in the case of pandemics. More-
over, the daily activity records [4-6] of patients are very
resourceful data which can aid the public health profes-
sionals to obtain relevant information on patients [7, 8].
Such data, upon deeper analysis can provide some useful
knowledge to handle pandemic cases and their chances of
reoccurring. Let’s consider asymptomatic patients as an
example. In spite of medically diagnosing such patients
with certain contagious chronic diseases, it is also not easy
to physically identify them. This is due to the no symp-
toms condition, and hence their health status cannot be
revealed. Therefore, it has become imperative that the pub-
lic healthcare settings may have to devise a mechanism to
put such categories of patients under special monitoring,
and thus right after they are diagnosed with any poten-
tially hazardous and/or contagious diseases. Such mecha-
nism will aid the public health professionals to derail any
possible global pandemics. The introduction of informa-
tion system technologies in the healthcare settings has con-
tributed a lot to patient monitoring towards a fight against
disease spreading. Nowadays, patients can wear clothes
that are equipped with sensors to record their health data
[8]. Pawar et al. [9] have proposed a framework to compare
mobile patient monitoring systems. Further, the authors
defined mobile patient monitoring as the continuous (or
periodic) measurement and analysis of a mobile patient bio-
signals from a distance by employing mobile computing,
wireless communications, and networking technologies.
Or et al. [9] have proposed that modern health information
systems still face challenges with efficiency due to their
under-explored design techniques. Moreover, Singh et al.
[10] have introduced a deep learning model for recogniz-
ing the activities of people. The model has been used to
learn to classify the activities of people without any prior
knowledge. Heuristically, the model will not well fit for
investigating the behavior dynamics of outdoor mobile
patient in continuous instances. This is due to the fact
that, in practice there is the need for a prior knowledge
about the health status of the patients before monitoring
can proceed. In respect of monitoring the mobility of ob-
jects, Wu et al. [11] identified two pressing issues. These
include, how to correlate spatial and temporal information

on objects in order to obtain accurate location predictions,
and also how to effectively develop and deploy large scale
predictive systems. In this article, it is envisaged that ob-
taining a prior knowledge on the health status of patients
prior to monitoring is an ideal condition to consider. This
present study is motivated by the proliferation of ubiqui-
tous global position system (GPS) mobile devices, such as
mobile phones, sensors, etc. and the vast available methods
of computing spatial positions of objects. Hence, this arti-
cle has utilized the spatial locations, positions, time stamp,
and place of visit of an outdoor mobile patient to intro-
duce monitoring technique that is based on the concept
of trajectory data mining. The focus of this present study
is to advance the design of mobile health information sys-
tems that are aimed at monitoring outdoor mobile patients
towards derail of global pandemics. Similar algorithmic de-
signs [2, 12-14] and methods which are incorporated with
a grid based index data structure have been adopted in this
present study. These include, concurrent object localization
and recognition techniques, branch and bound formalism,
and multi-object instance. The ultimate goal of adopting
these fore going methods is to considerably determine the
current time-stamp position and location of outdoor mo-
bile patient during monitoring. This present study has
been experimented using the publicly available GeoLife
big dataset [15]. The result has proven the proposed tech-
nique as efficient, and easy to integrate into state-of-the-art
PMS. Nonetheless, the key setback of this study is autho-
rization to access the mobile device data. This is because,
access to mobile data may vary from one country to another,
and thus depending on the corresponding laws of every
country. Therefore, the study recommends users and/or
commercial projects to devise the necessary access control
policy and/or consent as a mechanism to directly access
the mobile phone data of the patients.

2. Theory and formula

Trajectory data mining is an act of exploring and discover-
ing knowledge from the trajectories that are generated by
objects. Here, we define trajectory as a tuple given by the
sequence P = (x1,y1,taxy, ts1), ..., (X, Yx, taxy, tsg) [11-13].
Where x and y denote any location coordinates. The ta and
ts represent the respective arrival time and stay time of
the objects. Such that ta; <, ..., < tag and ts1 <, ..., < tsi,
where k represents the size or length of data. Essentially,
P which is the trajectory of the objects is subjected to a
unit positive weight, as well as other attributes or envi-
ronmental features such as altitude [13]. However, it is
considerably insignificant to consider the altitude in trajec-
tory analysis. Moreover, in every location and time, the
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mobile objects usually exhibit certain basic attributes dur-
ing mobility, such as place of interest and duration of travel,
etc. and these are meaningful in trajectory analysis. These
basic attributes are classified as spatio-temporal (spatial
and temporal) properties. Therefore, a trajectory which
involves these basic attributes of the objects is termed as
spatio-temporal trajectory. Spatio-temporal trajectory can
be simplified as the activity that is spatially time-bounded
which is carried out by a mobile object. Let P(n) be de-
noted as any countably-infinite position data of a patient
(or object). Let i be denoted as any identified position data
of a patient. It can be deduced that P(i) = (x,y,w) , such
that P(i) x weR™ , where P(i)eP(n) . Heuristically, we can
establish Eq. 1 as sum of the identified position data of a
patient. Such that w is represented as the positive weight
which is tagged to the monitoring location.

P(iyw =Y P(i)xw 1)
Supposing in every location, we want to find the top — k
place of visit of a patient. The location can be seen as
smaller search space r and large space R . Such that it can
represent the relation r < R . Thereby, if r = R then it is not
relevant to execute any task, since the search space should
not be the same as the large space (i.e. which represents
the entire monitoring location). Also, if ¥ > R, then the
condition is practically not possible to execute, since the
search space must be within the large space. Heuristically,
we can establish in 2, the maximized weighted-sum of any
identified position of the patient.

_ argmaxP (i) x W
ien N R @

r(w)
Further, mathematically we can deduce how to find the
location and position of a patient, and show how to moni-
tor such a patient accordingly. We approach the problem
with the concept of concurrent localization and recognition
of objects [2]. The concept seeks to device a model to find a
bounding rectangle (r) in the case of localization, in which
r has to enclose some of the identified position data P(i) .
Also, in the case of recognition the same model has to maxi-
mize the prediction score (L) for the P(n) . Let n be a num-
ber of location features, and further consider that as any
input given by the triplets, F =: (axy, by, cLy)|k:1,...,n.
Such that L becomes an M-dimensional vector. The 4, b,
and c represent any labels of the location features which
are constants. If L(;) is the ith element of L), theni < k.
Therefore, we can heuristically establish the objective func-
tion in Eq. 3 to obtain the prediction score for any position
data of the patient by considering the top — k visited places,
and thus within the monitoring or search location.

r(w) = arﬁ%Pk; : L(?) (i) (©)

Moreover, classification can be used to identify the top —
k positions of the patient, that will serve as the influential
place among the rest of the places of visit or travel. In this
case, the position data can be taken as input into the SVM
classifier, and a testing sample is compared with that of
a training sample. The weighted position data which is
considered as the support vector can be compared with
the aggregated partial score of the entire position data.
Thereafter, any similarity score can be obtained. Usually,
the similar scores can be selected. Hence, summing up the
similar score based on some SVM offset value 7, will lead to
a chosen margin. Based on the margin, the aggregated score
can be expressed as the weighted-sum of partial similarity
scores obtained from the top — k position data. Therefore,
we summarize the whole process and establish a formula
in Eq. 4. Where ya) is a vector which carries a support
vector weight of the P training set. In this case, if there
exists any ith element in the P training set, then this will
denote the weight of the ith SVM.

L (i) = Y h(lp = i)eppy, (i) 4)
iek

In addition, we can employ branch and bound strategy

to break down the search space into disjoined subspaces.
This is to obtain an optimal value to represent the top — k
position data. Subsequently, by applying the branch tech-
nique, we let d denotes a subspace, d1 and d, to denote
any two smaller components of the subspace. Let’s rep-
resent m as the object model of R , and z; and z; as any
two subsets of R. By so doing, we can transform d as
d(i) =: (=x@), +X (), —Y(i), +Y@i)), m(;)- Where —x and +x
represent the extreme x-coordinates of R. Such thati =1,2
is a binary. Consider the y-coordinate of R, we split that
into d; in which the points in z; are removed from the —y,
including all the points in the x;. On the other hand, we
can obtain +b and —b as the largest and smallest rectangle
to represent the monitoring location by applying the bound
technique. Thus, by using the subspace d and extremities
of the x-coordinates, y-coordinates and m. Heuristically, if
a which represents any label of the location feature satisfies
that aem, then in Eq. 5 and 6, we use a and consider the
+b and —b to locate a search space of the patient. Thus,
the search space must contain more positive weighted po-
sition data, such that Z(?) (a) > 0. By so doing, we try to
exclude many of the negative values, such that Z(_k>) (a) <O0.
In addition, let +j denotes an upper-bound as a function of
subspace d which is computed via Eq. 5. On the other hand,
let —j denotes a lower-bound as a function of subspace d
which is computed via Eq. 6. In view of that +h(x) and
—h(x) are known functions. Such that +h(x) is evaluated
whenever the (x) is positive, and —h(x) is evaluated where
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negative. Otherwise, the function is evaluated to null (or

Z€ero).

+ild)= ), B @)+ Y h(zg )

jed(+b) jed(—b)
S = X nEg@)+ ¥ b, 6
jed(+b) jed(—b)
+ji=j+7 @)
—j=jtT ®)

The study of network topology coupled with graph the-
ory are used in various fields to find solution to complex
dynamic network problems [16]. These include the anal-
yses of the network connectivity behavior, patterns and
impacts of network systems, continuous spatio-temporal
trajectory joins and among others [16]. Subsequently, in this
present study, a generalised grid based index data structure
is developed to process the trajectory of a patient by using
concepts of graph theory and networking. This is to prove
that the proposed grid based index data structure is very
efficient to handle mobility dynamics of the patient in the
case of continuous instances. Consider the Fig. 1, where
there exist ten different position instances of an outdoor
mobile patient. These are enclosed within rectangles which
are labeled as A,B,C,D,E,F,G,H. The red broken-line
rectangle D represents the optimal position instance (i.e.
it has a total of three position data) which represents the
maximized weighted-sum of the position data. Assume
that G = (V,E) is a dynamic graph. The vertices V will
correspond to any position data, and it is transcribed as
rectangle as shown in Fig. 1. Therefore, when any two
vertices overlap, we obtain an edge E. In other words, a
one-to-one mapping of vertices will generate an edge E.
Subsequently, by using the concept of graph analysis, a dy-
namic tree structure is constructed as shown in Fig. 2, and
that is based on the dynamic graph G. Further, by using the
dynamic tree structure, we derive a grid based index data
structure as shown in Fig. 3. Let r; and r; be any individual
nodes. Such that r;, RjeV, in which r; is generated first (or
later), followed by ;. It follows that ; =+ tj in the case of
vertices. Also, in the case of nodes or edges, ¢; # €j. We
provide the relationship of the dynamic graph G in Table 1.
We make use of origin-destination matrix at this point, and
further construct a list adjacency matrix, and that is based
on the Fig. 2. In the Fig. 2, any p; ;) corresponds to the
position data. Furthermore, the grid based index data struc-
ture as shown in Fig. 3 is based on an NXN matrix, which
is to take care of the activity and/or behavior dynamics of
patient in continuous instances of mobility. When develop-
ing the grid based index data structure, the AdjMatrix[i][j]

and AdjMatrix[j][i] need to be set to either 0 for overlap or
1 for non-overlap in the case of each pair of position data.
Assume that M is any newly generated position data, and
N is the rate of generating the position data. We obtain the
time complexity for implementing the ordinary data struc-
ture as O(MN). This is not quite efficient, hence we apply
network dynamics to further modify the graph G = (V,E)
to a continuous dynamic graph G; ;y = (V{; ), E(; j)- This
is to enable the Fig. 2 to cater for continuous position
instances of the patient. Thereby, we can obtain cell g(;
and/or g(jasa subset of the graph G<i,]»), and that is clas-
sified as a continuous dynamic grid structure or cell. As
a result, if m is considered as newly generated vertices of
G(;j), then the cells g(; and g(;) can be checked where there
is any overlaps. This is to cover any update cell G" (i) ob-
served in the grid index data structure. Where i represents
a single factor of the update. In view of that, the overall
time complexity when the data structure is optimized will
be O(|G"(i)|M", N"). The M" is the average number of
vertices that are updated after the overlap, and N* is the
average number of updated overlap. Such that M" << M,
and N << N. At this stage, the time complexity is theoret-
ically reasonable and efficient for practical implementation.
Moreover, the cost of storage is O(|V| + |E|) by consider-
i) Eii)
(i.e. those vertices that are maintained as position data and

ing all the cells in G(; ;y = (Vq , and for every r;
not discarded). The worst space complexity of storage is
O(|V|?), by considering all the  rounds of overlap which
is equivalent to that of O(|O|?) [13]. However, it is not prac-
tical to evaluate such a worst space [13]. At this point, it is
proven that the proposed grid based index data structure
is very efficient, and can handle the complex dynamics (i.e.
behavior/activity) of the patient in the case of continuous
instances of mobility. The various trajectory records [17, 18]
of the patient can be incorporated into the grid based in-
dex data structure for implementation as provided in the
proposed algorithm. In addition, it is simple to execute the
patient monitoring in real time with the algorithm. This is
to aid to identify the place of visit or travel together with
the various activities and/or behavior dynamics that are
exhibited by the outdoor mobile patient. Notwithstanding,
the maximized weighted-sum of position data can be de-
duced from the fop — k visited locations. This can further
be used to compute any future place of visit [19] of the
patient in continuous time intervals. Subsequently, we elab-
orate on how the proposed algorithm will implement this
phenomenon. Assume that /(w) represents any newly iden-
tified place of visit, and p(i) is any identified position data.
Supposing there exists a cell g(; 1€G. If g ;) xw > l(w),
then /(w) will not be part of the vertices V{; ;) (i.e. ). Hence
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Fig. 1. A schematic view of tracking the position instances of a patient. Assume that a patient is traveling with a GPS
enabled mobile device. The rectangles with labels A, B,C, D, E, F, G, H are used to capture the respective position in-
stances of an outdoor mobile patient over time. The rectangle D with red broken-line denotes the optimal solution. Thus,

amonyg all the eight rectangles the D contains a total of three position instances of the patient representing the maximized
weighted-sum of the position data. The “Base Station” is the medical centre where the GPS data are processed by the data

analytic experts.

there is no need to compute the exact solution (i.e. exact
place of visit). This condition also implies that, if g(; ;)€G,
then g(; ;y *w > (w). Furthermore, consider r(;eV/; ; asa
new node. We can establish that [(w) < P(i). This implies
that P(i)3r ;). Therefore, in order to find the newest fop — k
visited place as per the positions of the patient, one can
consider the iteration from Eq. 9 through to Eq. 10. The
optimization function is established in Eq. 11. Intuitively,
to summarize the procedure as a whole and cater for the
implementation, we present that in algorithm 1, algorithm 2,

and algorithm 3.
k
1(w) = 1(w) + ) pli) ©)
k
l(w) = l(w) + Zl(i) (10)
T m

3. Experimental setup

We have experimented and evaluated the proposed algo-
rithm using python 2.7 platform on personal computer

Table 1. Relationship of dynamic graph G.

Vertex (V(,;))  Edge (e(;)) Next-neighbor Vertex
(NV(ii))

1 el,e2 2.3

2 e3 3

3 e4 4

4 eb 6

6 e7 7

7 null null

(PC). The specifications of the PC include Intel Core i5,
CPU 4.1 GHz, 8.00 GB RAM, and Windows 10 OS. The
basic scientific software and packages that were used in-
clude Scikit library, Numpy, and Microsoft Visio. These
tools were mounted with the GeoLife dataset [15]. GeoLife
dataset is published by the Microsoft Asia Beijing Research
Centre [15]. The GeoLife dataset is for research purposes,
and it is publicly available for free download [15]. The Geo-
Life dataset is recorded with GPS mobile devices, and it is a
type of trajectory data which consists of social networking
records of outdoor mobile users [15]. In our experiment,
the trajectory data were divided into training and testing
samples. The dataset was executed using our technique



418 Daniel Adu-Gyamfi and Fengli Zhang

Fig. 2. A tree structure of dynamic graph G. The r; de-
notes any vertices which is transformed as the continu-
ous position instances of the patient. Where rq is gener-
ated later than rp through to r7 as the current position
instance. The ¢; denotes an edge which is an overlap of
any two vertices. This is further transformed as (p; ;) to
represent the various corresponding position data of the
patient.

and the G2 method [13]. The G2 method is a streaming data
technique which seeks to similarly monitor mobile objects.
Our proposed technique is represented as TMAXWS in the
legend, whereas G2 method is represented as G2. The loca-
tion used for the monitoring was represented as a rectangle,
and this was set to 1000 x 1000 meter squared by default.
The other parameters for the experiment are provided in
Table 2. Thus, by default the size of position data was set to
500 in number, the rate of generating position data was set
at 100 seconds, the user tolerance was varied from 0 to 0.4
marginal error, and the top — k query answer was set to 10
minutes. The various results of the experiment are shown
in Fig. 4.

In this present study, access to mobile data may vary
from one country to another, and thus depending on the
corresponding laws of every country. Hence, the authoriza-
tion to access the mobile device data is a major challenge.
This is especially, in the case of accessing private data of
the patients which will require their consent.

4. Result discusions

The average computation time of each parameter in Table
2 was considered. Comparatively, the experiment verified
that our technique has performed very well in line with
the G2 method [13]. This is with regards to outdoor mobile
object monitoring. Whereby the proposed technique seeks
to detect the location and travel of potentially hazardous
and/or contagious patients in the case of a pandemic. This

Fig. 3. A grid based index data structure of dynamic
graph G. Based on the concept of origin-destination
matrix, the AdjMatrix[i][j] and AdjMatrix[j][i] are set
to either 0 in the case of overlap or 1 in the case of non-
overlap, for each pair of position data (or vertices).
Where g; ; represents a cell or any generated position
instance for a continuous mobility.

is evidenced in the log scale of the graphs provided in
Fig. 4, in which the proposed technique is represented as
TMAXWS in the legend, whereas G2 method is represented
as G2. The impact of k which is the size of position data
of a patient was tested. The computation time for find-
ing each position data was increased linearly as shown in
Fig. 4 (a). There were several overlaps, and the situation
overburdened the functions given as ComputeOverlap (-)
and ComputeExact. Weight (-) that are used to compute
the overlaps and the exact weight of the position data, re-
spectively. This means that when there is a larger location
size, there will be more time to produce results on the vis-
ited place of the patient. The impact of d as rectangle size
which represents visited location was tested, as shown in
Fig. 4 (b). Here a skewed distribution was observed, in
which the rectangle size also increased quite sharply as
more overlaps occur. This situation suggest that it is rea-
sonable to monitor the outdoor mobile patient in a sizeable
location, and thus based on the available resources during
implementation. The impact of which represents the rate
of generating position data was tested. Here, less than 50
positions were generated per second, as shown in Fig. 4
(c). The rate of generating the position data was increased,
and that directly improved the execution time. This behav-
ior suggests the technique and/or algorithm as relatively
faster in terms of response time of querying any position
instance of the patient. The impact of tol which is defined
as user tolerance was tested. This was to obtain the ap-
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Algorithm 1 Algorithm for position data extraction and execution

1: function Loc. Records (P

2: —xn, +xo, —y0, +0 +— the points in P // Obtaining SubSpace
3: Sort out rs' and ys' along coordinates © oand y
i: ag +— labels of objects models

§: dp +— —xg.+xp, —1g, +1n. a9

6 I +— a null prority queue initialize

7: L o+— set dy

8: while I +— POP(L) do

8. HVE eV, |Z| =1 then

10 return 1

11:  end if

12:  (dy,ds) +— SPLIT{d)

13- push di to J with key Lm(d1)

14: push dy to J with key L (d3)

15 end while

16: (—x,4x) | ) (—w.+w) | ] o +— the points in d //Obtaining UpperBound

17: Let £ be largest set of candidate

18: if £ = m then

19:  Let dy +— ({—z, +=) | ) (—w. +u)| ) m) w
0. wSort all m € Z by L (dm)

2: &y +— push all my; top half

22: &3 +— push all my; bottom half

2% else

M: Zy +— map first half of all Z

25:  Z5 +— map second half of all £

26: end if

27: dy +— retrieve d copy with 24 remowved
38: dy +— retrieve d copy with 25 removed
M return (dy,ds)

30: end function

Table 2. Experimental parameters.

Param  Default Variable Indicator
n 500 100; 250; 500; 750; 1000 Size of position data
d 1000 100; 500,1000; 1500; 2000 ~ Sizes of rectangle
m 100 50; 100; 200; 500; 800 Rate of generating data
Tol - 0; 0.10; 0.20; 0.30; 0.40 User tolerance

Top — k - 10; 20; 30; 40; 50 Query answer

419
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Algorithm 2 Algorithm for monitoring evolving position data

1: Input R* // R" newly generated position data

2: Map (R")

3: G"(i) +— update cell g; ; at m-rectangle overlap

4 G;j «+— update (G"(i)) // Computing overlap for rectangles

5: for I"F"I_u!]‘f._‘-; c T :!: do

6. for ¥V Vimy € gij... Vi when new e; +— r do

T piiy +— LocL-Sweep (V(NVi,yy, U Vi // Table 1 in-memory tree

update, O(n) space, exec.(t) of O(n log n)

8: l{w) +— l{w) = arg max ;¢
9. end for
10: end for

11: return [{w)

njNRk pl.r"'-]'“-'

proximation of quality results when querying any place
of visit. The tol was varied as per the executed position
data of the patient. The running time was seen as indirectly
proportional to the tol as shown in Fig. 4 (d). This behavior
of the graph suggests a trade-off between the quality of
result and the efficiency of processing the query to obtain
the place of visit of the patient. The Fig. 4 (e) provides the
results of the top — k place of visit of the patient based on
the position data. When the top — k data was increased,
there was a proportional increased in the execution time
of the algorithm. This behavior of the graph suggests that
top — k visited place has a direct influence on the execution
time of the algorithm (i.e. when querying for the future
positions of the patient). Therefore, tol must always be set
as a marginal error rate. Therefore, it is not necessary to ob-
tain the exact location of the patient in the case of practical
applications. For instance, it will be enough to implement
the appropriate monitoring measures by the public health
settings upon knowing the top — k places (i.e. influential
places) that were visited by the patient. This will facilitate
early detection of hazardous and/or contagious patients in
the case of a pandemic.

5. Conclusions

In this paper, we have designed and evaluated a trajectory
data mining based technique for the purpose of monitor-

ing outdoor mobile patients in the case of pandemics. The
technique has made use of grid-based index data structure,
and that is based on network topology, graph theory and
trajectory analysis. The technique also adopted the cur-
rent object localisation and recognition, branch and bound
formalism, and multi-object instances strategies to arrive
at the solution. An outdoor mobile patient was emulated
as ordinary GPS outdoor mobile phone user based on the
well-defined GeoLife trajectory dataset. The technique has
correlated data on the activity and behavior dynamics of
the patient via spatial and temporal information during
her mobility. The proposed technique has not only proven
efficient, and that is based on execution time of producing
query results, but it is also easy to deploy into practical
applications. The proposed technique and/or algorithm
can offer considerable enhancement on the existing public
health information systems towards monitoring outdoor
mobile patients in order to derail global pandemics.

The limitation of this present study is the authorization
to access the mobile device data of the patients which will
require their consent, and also access to mobile data may
vary from one country to another depending on the corre-
sponding laws of the country. Our future work will include
a comparative study of the proposed technique and/or al-
gorithm with that of other state-of-the-art outdoor patient
monitoring techniques in the case of pandemics.
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Algorithm 3 Training elgorithm for discovery of continnous infinential location

Require: Execute Algorithme 1 & Steps: 1-8 in Algorithm 2

1

10:
11:
12
13
14:

1&:

1

18:

1%

M-

a8

-

: for ¥ r £ A" do
if gy +— r then
Gu 17— Gy g1l +
Rjp & Ry Ur
end if
: end for
D g gl € gy
: if [ obsolete (g +— null) then
§ #— ATEMAkg, ;coni MW
emnd if
ComputeOverlap (g)
| +— ComputeExact Weight {{ , g)
for ¥ guy £ G g do
If gy g0 = Hw) then
ComputeOverlap(g; ;)
end if
omnd for
if gy o = Hw) then
I(w) +— ComputeExsct. Weight (L i)
:ond if
Compute top — & Weighted-sum ({{w)) // set [w' of the & spaces maximum
wiirhted-smm
: Exoeute lines 1 — 6
: Gi) +— gy | A plikw € W) € gy
: if &¥(i) = null (obeolete of all spaces in H{w)) then
(i) arg maxy, e GU(E)
ond if
: Computelverlsp(GU{{E))
1w} +— ComputeExact Weight{{{w) ; GU{i])
: for ¥ gy € G Y GM[i) do
Execute lines 14 — 19 21
ond for

: raturn [[w)
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Fig. 4. Graphs showing the results of experiments. In (a) the computation time for finding each position data has in-
creased linearly with increasing position data. This suggests that larger location size will require more time to produce
results on the visited place of the patient. In (b) the distribution has been skewed. The rectangle size has increased quite
sharply due to more overlaps occurring. This suggests that the outdoor mobile patient should be monitored in a location
that has reasonable size. In (c) the rate of generating the position data has increased. There has been a corresponding
increase in the execution time. This suggests that the response time of the algorithm on querying any position instance
of the patient was relatively faster. In (d) the running time has decreased and that is indirectly proportional to tol. This
suggests that obtaining the quality of result and the efficiency of query processing of the place of visit of the patient will
be a trade-off. In (e) the top — k position data has increased proportionally with the execution time. This suggests that
querying for the exact location of the patient will not be necessary in the case of practical implementation.
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