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ABSTRACT Visual larval survey of container habitats is conducted as a routine mission of the Department
of Disease Control (DDC), Thailand. To facilitate this, DDC has deployed a mobile application, namely
TanRabad SURVEY, throughout the country since 2016. Here, each inspected place with its intrinsic
place type and building names must be initially input via natural language to proceed the larval survey
data collection. Upon a survey completion, the appropriate larval indices (e.g. House Index (HI), Container
Index (CI) and Breteau Index (BI)) are automatically calculated. HI and BI are for villages, while CI is for
other inspected places. These larval indices are then applied as factors for the vector control management.
However, about 21% of inspected places stored in TanRabad database are found with inappropriate
place types. These poor place types result in the procurement of inapplicable larval indices and hence
ineffective vector control management. Ideally, the quality of place types can potentially be improved
once their poorness is notified to users. This paper has thus proposed a novel and comprehensive place
type quality assessment technique, namely pAssessor, with respect to buildings textually and variously
defined for places. Specifically, pAssessor is driven by the building-place ontology, building semantic
selection, boosted features, learned building-place relations and probability values of all place types. The
experimental results showed that the efficiency of pAssessor in assessing the quality of place types is
greater than 87.5%.

INDEX TERMS Aedes-borne diseases, Aedes mosquito, Breteau Index, Container Index, data quality, House
Index, larval indices, machine learning, ontology, place type, TanRabad, TanRabad SURVEY, visual larval

survey.

I. INTRODUCTION

Aedes mosquito is an important vector of arboviruses such as
dengue, zika, and chikungunya. It is breeding in a variety of
water-holding, artificial, containers that are typically sit on
different places including villages,' schools, temples, hospi-
tals, hotels and factories. In Thailand, over 50,000 people [1],
[2] infected with Aedes-borne diseases are annually reported
throughout the country. The strategy for prevention and con-
trol of Aedes-borne diseases relies on timely elimination of
Aedes mosquito breeding habitats. Visual larval survey of
container habitats [3] has thus been conducted as a routine

A village here is a collection of only houses.
The associate editor coordinating the review of this manuscript and
approving it for publication was Khalid Aamir.
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mission of the Department of Disease Control (DDC). This
facilitates DDC to detect any increase in vector density. Upon
a survey completion, larval indices [4] (House Index (HI),
Container Index (CI) and Breteau Index (BI)) are calculated
and applied as factors for the vector control management.
Depending on the place types, different larval indices are
used. HI and BI are for the villages, while CI is applicable
for other places. This is mainly due to the fact that each
village basically covers many houses in a large spatial area
and have various residences with different ages and careers.
Conversely, the others are public and sharing places with
less number of buildings in a small area and has specific
residences.

To facilitate the larval survey, DDC has deployed a
mobile application, namely TanRabad SURVEY [2], [5],

189189


https://orcid.org/0000-0003-1483-8595

IEEE Access

N. Sahavechaphan et al.: Improving Data Quality for Better Control of Aedes-Borne Disease Risk

throughout the country since 2016. It has been implemented
based on the visual larval survey guided by WHO [3] and
DDC. Essentially, it supports (i) the real-time collection of
larval survey data for inspected places; and (ii) the real-time
processing of larval indices along with key container habitats.
An inspected place with its intrinsic place type and building
names (or buildings for short) must be initially input via natu-
ral language to proceed the larval survey data collection. Cur-
rently, there is an approximation of 11,000 inspected places
and 170,000 buildings in TanRabad database. Here, accord-
ing to building semantics, about 21% of places are found with
inappropriate place types. This is mainly because users have
(1) used the default place type; or (ii) not followed the larval
survey guideline. These poor place types result in the pro-
curement of inapplicable larval indices which could in turn
increase Aedes-borne disease transmission due to an ineffec-
tive vector control management and risk communication [6].

Ideally, the quality of place types can potentially be
improved once their poorness is notified to users. This study
has thus focused on the assessment of place type quality.
Today, several approaches [7]-[9] related to place recognition
have been proposed in the literature. These approaches are
for developing robots to perform simple chores (e.g. cleaning
and fetching objects) and hence to improve the quality of life.
Technically, they rely on objects detected from vision and/or
laser. The detection scores as well as learned object-place
relations are then used to perform place classification. These
approaches are clearly applicable for an identification of
rooms sitting in houses based on well-defined objects and
frequently occurring objects. Conversely, in this study, places
are villages, schools, temples, hospitals, hotels and factories
that encompasses various buildings in a large scale; objects
are buildings textually and variously defined; and some rare
buildings are helpful for identifying the poorness of place
types.

To achieve the place type quality assessment, this study has
recognized the significance of natural language processing —
“What is the appropriate place type given a set of building
names?”. This paper has thus proposed a novel and com-
prehensive place type quality assessment technique, namely
pAssessor, with respect to building semantics. Specially,
pAssessor has (i) detected the semantics from building
names wherein each consists of one or more word(s); (ii)
extracted features from a collection of buildings defined for
places; (iii) learnt the building-place relations with respect
to features extracted from qualified places in TanRabad
database; (iv) classified an evaluated place using the learned
building-place relations against its extracted feature; and
finally (v) assessing the place type quality based on proba-
bility values of all place types. In particular, pAssessor
makes the following contributions:

o Building-Place Semantic Ontology. A well-defined
ontology with potential relations is created to
enable the semantic detection. The relations include
relates-to, is—a, is—-in, is—-acronym-of,
is-typo-of and is—eng-of.
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« Building Semantic Selection Algorithm. A comprehen-
sive algorithm is implemented to enable the selection of
the most applicable building semantic among different
potential semantics as per a single building.

« Feature Extraction. A boosted feature algorithm is devel-
oped to promote the visibility of places as buildings
along with the number of occurrences of building
semantics.

The experimental results showed that the efficiency of
pAssessor in assessing the quality of place types is greater
than 87.5%. The completeness of ontology must be gradually
improved to reflect the new conceptual knowledge input into
TanRabad SURVEY. This enables better building classi-
fication, efficient features and finally effective place type
quality assessment.

Roadmap: The rest of this paper is organized as fol-
lowed: Section II gives the basic background. Related
works are described in Section III. Section IV presents
the pAssessor. Experimental evaluations are given in
Section V. Section VI gives the discussion and Section VII
concludes the paper.

Il. BACKGROUND

A. VISUAL LARVAL SURVEY GUIDELINE

DDC has assigned public health officials to regularly conduct
the larval survey for places classified as: village, school,
temple, hospital, hotel and factory. For an individual vil-
lage, a random of 40% of its underlying houses must be
examined. Conversely, in other places, all buildings must be
surveyed. In each individual house or building, the number
of indoor and outdoor container habitats with and without
larvae must be reported. These container habitats are classi-
fied into 12 categories: water tank, water drinking jar, vase,
anti-ant bowl, plant saucer, lotus basin, plant leaf, pet bowl,
water dispenser, old tire, other used container and unused
container.

Once the larval survey of each inspected place is com-
pleted, the appropriate larval indices [4] are calculated along
with the key container habitats. These indices are (i) House
Index (HI) — a percentage of houses infested with larvae
and/or pupae; (ii) Container Index (CI) — a percentage
of water-holding containers infested with larvae or pupae;
and (iii) Breteau Index (BI) — number of positive containers
per 100 houses inspected. HI and BI are for the villages, while
Cl is applicable for other places.

B. VECTOR CONTROL MANAGEMENT

For vector control management, DDC has required that the
visual larval survey in all districts at risk must be performed.
It should be noted that a district at risk is defined when a
number of patients in the past 4 weeks is greater than an
average number of patients in such 4 weeks of the previous
5 years. Essentially, at least one place in each particular place
type as per a district at risk must be randomly examined.
Table 1 and 2 illustrate the vector control policy for villages
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TABLE 1. Vector control policy for villages.

Container Index (CI)

Vector Control Policy

HI >50 every week
10 <HI <= 50 every two weeks
HI<=0 every month

TABLE 2. Vector control policy for other places.

Container Index (CI) | Vector Control Policy
CI>5 every week
0<Cl<=5 every two weeks
CI=0 every month

and other places, respectively. Here, if an inspected village
is reported with HI over 50, such village must be repeatedly
examined on a weekly basis. The examination period would
be extended to every two weeks if HI is in between 10 and 50,
and every month if HI is below 10. On the other hand, if an
inspected school, temple, hospital, hotel or factory is reported
with CI over 5, it must be repeatedly examined on a weekly
basis. The examination period would be extended to every
two weeks if Cl is in between 0 and 5, and every month if CI
is 0.

In addition, the guidelines and campaigns for vector con-
trol are appropriately created with respect to the larval survey
results. Essentially, key place types and container habitats are
reported to people at risk. Methods for Aedes mosquito elim-
ination as per each container habitat is also communicated.

C. TANRAbBAD SURVEY

TanRabad SURVEY [2], [5] (see Figure 1) is a mobile appli-
cation that supports the real-time collection of larval survey
data for inspected places; and the real-time processing of
larval indices along with key container habitats. Specifically,
it stores the place data p and building data b as master data
and larval survey data s for each building b under a specified
place p as transactional data. The place data p, the building
data b and the survey data s are formally defined as following:

Definition 1: A place data p is a 6-tuple (1, , T, ¢, ¥, B)
where 1 is a place identification, n a place name, 7 a place
type, ¢ a place location, i a geographic coordinate and B a
collection of buildings b.

Definition 2: A building data b is a 3-tuple (z, 1, ¥) where
1 is a building identification, n a building name and ¥ a
geographic coordinate.

Definition 3: A survey data s is a 5-tuple (1, p, b, §, C)
where 1 is a survey identification, p a place, b a building,
8 a surveyed date and C a collection of surveyed container
habitats ¢ as per each container type.

Definition 4: A surveyed container habitat ¢ is a 5-tuple
(T, as, ar, i, yr) where T a container type, «; the total num-
ber of indoor containers inspected, oy the total number of
indoor containers infested with larvae or pupae, y; the total
number of outdoor containers inspected and yy the total num-
ber of outdoor containers infested with larvae or pupae.
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In addition, a particular building can be either infested or
not infested with larvae or pupae. It is formally defined as
following:

Definition 5: A building b is said to be infested with larvae
or pupae only if there is at least one of its surveyed container
habitats infested with larvae or pupae.

Definition 6: A building b is said to be not infested with
larvae or pupae only if all surveyed container habitats are not
infested with larvae or pupae.

The appropriate larval indices are calculated with respect to
aplace type (p.7) and formally defined as per Equations 1- 3.

Byl
HI = B X 100 1)
cl = Len Lerr @ + 1) x 100 2)
ZbeB ZheH(ath + Vth)
@ +yh
BI — ZbeB ZheH 'f 7 % 100 3)

B
where |B| is the number of buildings inspected, |By| the
number of buildings infested, b a building in B, H a collection
of container habitat types, / a container type in H, ath and y,h
the total number of indoor and outdoor containers with type
h inspected as well as a}l and y}' the number of indoor and
outdoor containers with type 4 infested.

According to the previously defined place types
(see Section II-A), the underlying building names of a place
can potentially be used to identify the place type. As exam-
ples, a village has various houses specified via their address
numbers or owner names, while a temple has cubicles and
sermon halls.

D. ADVERSE EFFECT OF POOR DATA

“Garbage in — Garbage out” is a colloquial recogni-
tion of poor quality data entry that leads to unreliable
data output [10]. In TanRabad SURVEY, about 21% of
places are specified with inappropriate place types. This
is mainly because users have (i) used the default place
type. As an example, a place “Wat Sri Sudaram” with
2 buildings “cubicle” and ‘“‘sermon hall” is defined as vil-
lage by default. In fact, a temple type must be selected;
or (ii) not followed the larval survey guideline defined in
Section II-A. As an example, a place “Moo 3” with vil-
lage type consists of “Wat Bang Pra”, “Wat Bang Pra
School”, and several address numbers which represent tem-
ple, school and houses, respectively. In fact, this ambigu-
ous place must be partitioned into 3 places: ‘“Wat Bang
Pra”, ‘“Wat Bang Pra School” and “Moo 3 village” with
temple, school and village types, respectively. Essentially,
these poor place types result in the procurement of inap-
plicable larval indices and hence ineffective vector control
management.

Ill. RELATED WORKS
Several approaches [7], [8] with respect to place recognition
techniques have been proposed in the literature. Most are for
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FIGURE 1. Screenshot of TanRabad SURVEY. Source of figures: TanRabad software suite https://www.tanrabad.org.

developing robots to perform simple chores (e.g. cleaning and well as learned object-place relations are then used to perform
fetching objects) and hence to improve the quality of life. place classification.

Specifically, these approaches rely on objects detected from Viswanathan et al. [7] have proposed a system that inte-
vision alone or both vision and laser. The detection scores as grates object detection and place classification. Specifically,
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they performed an automated learning of object-place rela-
tions from images in the LabelMe database, a free online
data source that provides a large and growing amount of
human-labeled visual data. They then trained object detectors
on some of the most frequently occurring objects. Finally,
they used detection scores as well as learned object-place
relations to perform place classification. Their future work
could involve language processing to eliminate ambiguous
labels as well as combine synonymous labels together.

Rottmann et al. [8] and Mozos [9] has addressed the
problem of semantic classification of the environment using
range finder and vision features. Their approach has used the
AdaBoost algorithm to boost simple features extracted from
laser and vision data, which on their own are insufficient for
a reliable categorization of places, to a strong classification.
To reduce the number of outliers during the classification,
Hidden Markov Model (HMM) is applied to filter the current
classification result based on previously calculated labels.

The above approaches are clearly application for an iden-
tification of rooms sitting in houses based on well-defined
objects and frequently occurring objects. Conversely, in this
study, places are villages, schools, temples, hospitals, hotels
and factories that encompasses various buildings in a large
scale; objects are buildings textually and variously defined;
and some rare buildings are helpful for identifying the poor-
ness of place types.

IV. PLACE TYPE QUALITY ASSESSMENT

This section presents the place type quality assessment tech-
nique, namely pAssessor, which relies on ontology-based
place recognition. In particular, pAssessor takes a set of
building names specified for a place as input and produces as
output the place type quality assessment. Figure 2 illustrates
an architectural overview of pAssessor and highlights its
four key components: Building Semantic Detection, Feature
Extraction, Place Recognition and Place Assessment. Their
details are given in the following sections.

A. BUILDING SEMANTIC DETECTION

Recall that a place can be described by the buildings it
encompasses. The exploration of all building names input
via TanRabad SURVEY [2], [5] is thus needed. Here, var-
ious names are textually specified. Some may use different
words or abbreviations (with correct spelling and typograph-
ical error) to represent the same meaning. In this study, for
the 6 place types (see Section II-A), their building semantics
can be classified as followings:

o Address Semantic — to represent address numbers.
Examples include 121 and 121/29.

o CoSpace Semantic — to represent spaces typically exist-
ing in any places. Examples are restroom, canteen and
parking lots.

o Education Semantic — to represent education-related
building. Examples are school building, library,
museum, cultural centre and nursery.
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FIGURE 2. The pAssessor architecture.
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FIGURE 3. Regular expressi to detect address number pattern.

« Factory Semantic — to represent manufacturing-related
building. Examples are publisher, printing house and
garage.

« Habitat Semantic — to represent residences either for
a small number of people or long stay. Examples are
house, room, dormitory, apartment and even pet house.

o Health Semantic — to represent health- and medical-
related building. Example are patients, medical oper-
ations, x-ray, emergency ward, drugs, ICU, CCU and
physical therapy.

« Hotel Semantic — to represent residences either for a lot
of people or short stay. Examples are hostel, hotel, inn,
guesthouse, boutique and resort.

« Person Semantic — to represent person names. Examples
are Mr.Robert and Ms.Anne.

« Religious Semantic — to represent religion-related build-
ing. Examples are cubicles, sermon halls, church, sanc-
tuary and crematorium.

o OtherWorkSpace Semantic — to represent other working
spaces. Examples are store, market, minimart, office and
company.

The address semantic can simply be detected using reg-
ular expression [11], a sequence of characters that define
a search pattern. The regular expression for validating the
address number pattern such as “121/29” and ‘‘address
no 12 is thus defined as depicted in Figure 3. The rest
semantics, on the other hand, require ontology [12] as it is
capable of capturing semantic knowledge via the concep-
tualization structure. However, existing ontologies are typ-
ically developed for the domains of interest such as herbal
medicine [13], flora [14] and rice disease [15]. None of
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FIGURE 4. The partial building-place semantic ontology.
ontologies clearly exists for the building semantics previ-
ously defined as above. Such ontology is thus developed building name (bname)
as partially illustrated in Figure 4. Specifically, the root
BuildingSemantics node has the previously defined Stop word Removal &
semantics (except the address semantic) with the relation Word Correction
is-a. Bach individual semantic node has its conceptualiza- lbu\lding name (bname’)
tion structure with relations: relates-to, is—a, is—in, Addrese Regular Expression
is—acronym-of, is-typo-of and is-eng-of. Check
Based on the developed regular expression and ontol- l buling name
. . . . . name’
ogy, the overall process for detecting building semantics is
depicted in Figure 5. In particular, it takes a building name
bname as input and returns as output the building semantic
bsemantic. As per a building name bname, the first step is prainead ing nel
to remove stop words (e.g. around, front and back) which
are meaningless and to perform word correction, resulting Habitat Health Hotel
in bname’. The second step is to detect the address pattern Matching Matching Matening
based on the regular expression. If the address pattern is
.. Person Religious OtherWorkSpace
detected, the “address” semantic is reported and the process Matching Matg;wing Matching

then stops. Otherwise, the ontology-based semantic match-
ing has come into play at the third step. Here, there are 9
semantic matching submodules. Each of which corresponds
to an individual building semantic as discussed above. Essen-
tially, each module performs the matching of its knowledge
represented in form of ontology (see Figure 4) against the
text in bname’. Its output can be either the matching result
or none if there is a match or no match, respectively. As per a
building name bname’, different matches can be identified by
one or more matching submodules. A collection of matching
results, denoted as R, is thus considered as the output of the
ontology-based semantic matching. A matching result r € R
is formally defined as below.

Definition 7: A matching result r is a 3-tuple (w, i, s)
where w is a substring of a building name matching with the
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FIGURE 5. Building semantic detection process.

knowledge, i an index of such substring and ¢ a representative
semantic of the knowledge.

Finally, the building semantic selection next takes a col-
lection of matching results R and a building name bname’ as
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1: procedure BUILDINGSEMANTICSELECTION(R, bname’)

2 if | R| = 0 then return “Others”;

3 if |R| = 1 then return r.semantic where r € R;

4 if there exists r;,7; € R where r; # r; and 7;.index = r;.index then
5: Im; < longest_match(r;.substring, bname’);

6 Im; < longest_match(r;.substring, bname’);

7 if im; > lmj then

8 R=R- T

9: else

10: R=R-r;

11: if | R| = 1 then return r.semantic where r € R;

12: if there exists r; € R where r;.semantic = 'Person’ then
13: if r;.index # 0 then

14: R=R-r;

15: if |R| = 1 then return r.semantic where r € R;

16 if there exists r;,7; € R where

r;.semantic ¢ { “CoSpace”, “OtherWorkSpace” } and

rj.semantic € { “CoSpace”, “OtherWorkSpace” } then

17: R=R-—r;

18: if | R| = 1 then return r.semantic where r € R;
19: r < find_the_first_index(R);

20: return r.semantic

FIGURE 6. BuildingSemanticSelection algorithm.

input and returns as output the appropriate building seman-
tic. Its algorithm is depicted in Figure 6. Here, the “other”
semantic is returned if R is an empty set. If R contains only
one member r € R, the semantic of r is then returned.
Otherwise, all members r € R must be examined. The
inapplicable members » € R are gradually filtered out along
the process. In particular, if any two members r;, r; € R
have an identical index, the one having its longest common
subsequence [16] with bname’ the most will be selected.
Next, a member r; € R whose semantic is person and index
is not at the 0 position is pruned. Finally, if there exists
a member r; € R whose semantic is neither CoSpace nor
OtherWorkSpace but any members r; € R with either
CoSpace or OtherWorkSpace semantic, a member r;
will be chosen. This pruning process may result in two or
more candidate members. The one with the least index is
finally chosen and hence its semantic is returned as output.
Samples are shown in Figure 7.

B. FEATURE EXTRACTION

Figure 8 shows the normalized proportions of building
semantics detected for roughly 7, 100 qualified places classi-
fied by place types. Here, each place is likely to have building
names with several semantics in which their most semantics
correspond to its intrinsic place type. For the reliable place
recognition, it is desirable to extract appropriate feature space
based on the number of occurrences of building semantics
detected as per a place p. However, places are likely to be
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FIGURE 7. Building semantic detection samples.

defined at the building level, not conforming to the definition
(see Section II-C). Such places should thus be boosted up to
reflect their visibility. The feature as per a place p, denoted as
F, is formally defined as:

Definition 8: The place feature F is a 10-tuple (14, 1c,

Nes Tf> Nha> Mhes Nhos Nps Mr»> Mo) Where 14 1s the number
of (boosted) occurrences of Address semantic detected for a
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Place Types

FIGURE 8. The normalized proportions of building semantics for 6 place types.

place p. Similarly, ¢, ne, 0f, Nhas Nhe> Mho» Np» N and 1, are
for CoSpace, Education, Factory, Habitat, Health, Hotel, Per-
son, Religious and OtherWorkSpace semantics, respectively.

Essentially, the number of (boosted) occurrences of a spec-
ified building semantic x, denoted as n,, is computed as per
Equation (4) - (5).

ny = > _Mb.n, x) )
beB
1, if SC(b.n)=yx and T(b.n) =*building”
M(b.n, x) =3 w, if SC(b.n)=y and T(b.n) =*place” (5)

0, otherwise

where B is a set of buildings defined for a place p, b a building
in B, b.n the name of a building b, x the preferable building
semantic, M a mapping function defined in Equation (5), SC
the building semantic detector described in Section IV-A, T
the tier of b.n either a place or a building and @ the boosted
value (> 1). The mapping function M is to evaluate the
correspondence between the preferable building semantic x
and the semantic of b.n returning from the building semantic
detector SC along with the tier of b.n.

As an example, Table 3 is the result of feature extraction
from building names specified for 14 places illustrated in
Figure 9.

C. PLACE RECOGNITION

Various classification algorithms have been developed.
Examples include logistic regression [17], random for-
est [18], support vector machine [19] and naive bayes [20].
To select the best applicable algorithm, their capabilities
in learning the defined features must be evaluated. Based
on the binary classification evaluation (see Section V-B),
all classification algorithms equivalently performed. In this
paper, the logistic regression is chosen as it is simple and
easy to implement. Given a place type ¢, its logistic model
based on the feature defined in Section IV-B is shown in
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Equations 6 - 7.

N (6)

L

B = By+>_ By )
feF

where p' is the probability of a place to be the type , A, the
intercept of place type ¢, ,ij the coefficient of a predictor 7y
for the place type ¢, F' a set of building semantics — CoSpace,
Education, Factory, Habitat, Health, Hotel, Person, Religious
and OtherWorkSpace semantics and 7y the number of occur-
rences of building semantic f.

D. PLACE ASSESSMENT

In this study, the place type quality is classified as (i) low — in
that none of building semantics is helpful for place classifi-
cation. As an example, a place consists of buildings “male
restrooms”” and ‘“‘female restrooms’ which are common for
all place types; (ii) ambiguous — in that two or more candidate
place types are found. As an example, a place consists of
“Wat Bang Pra” and ‘“Wat Bang Pra School” which are
temple and school; and (iii) kigh — in that an exact place
type is detected. As an example, a place with 2 buildings
“cubicle” and ‘“‘sermon hall” is predicted as temple alone.
It is thus necessary to assess the applicability of all place types
as per an evaluated place. In particular, the quality of place p
to be type t, denoted as Q(p, t), is formally defined as per
Equations (8) - (9).

high, if > epr TO'(p, 1)) =1
Q@pp, t)={ low, if Y, epr TQ'(p, 1)) =0
ambiguous, otherwise
®
T,y = | PP D ©)
0, otherwise

where PT is a set of place types, T the function transforming
a probability of a place being a type ¢ € PT to either 1 or 0, p
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Place Id Place Mames Building Names
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5 LT IRTET N T A b
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FIGURE 9. The place samples.

TABLE 3. Features of places in figure 9.

o . Place Id
Building Semantic |\ 5\ 3 ) 4050 6 78] 9 |10 11|12 13|14 15] 16
Address 31 33 16
CoApace 212 314110 5 2 2 1 2
Education 1 716 3 1
Factory 11 1
Habitat 4 3
Health 13 4 5
Hotel 2 12
Person 8 2
Religious 1 8§ | 8 | I8
OtherWorkSpace 2 1 1 2 1
Others 2 1 4

the probability of a place p to be the type ¢ and A the specified
threshold.

V. EXPERIMENTAL EVALUATION

The pAssessor has been developed via Python script lan-
guage. Itis driven by the larval survey data and building-place
ontology privately stored in PostgreSQL database. To evalu-
ate the potential benefits of pAssessor, a series of experi-
ments were conducted to test the following:

VOLUME 8, 2020

o The effectiveness of building semantic detection
o The capability of classification algorithms

« The efficiency of place type quality assessment
o The applicability of boosted features

A. EFFECTIVENESS OF BUILDING SEMANTIC DETECTION

The first set of experiments measured the effectiveness of
building semantic detection. Here, a collection of building
names, both with correct spelling and typographical error,
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FIGURE 10. The effectiveness in detecting semantics of building names with correct spelling.
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FIGURE 12. The efficiency of data quality assessment with boosted
features.

was randomly selected from TanRabad database. Their
semantics were then labeled by experts. The number of

189198

TABLE 4. The number of buildings manually classified and validated by

experts.

. . Building Names
Building Semantics Correct Spelling g’I‘ypographical Error
address 66 28
cospace 42 21
education 91 28
factory 49 7
habitat 79 37
health 84 23
hotel 21 12
person 58 13
religious 92 81
otherworkspace 73 23

[ total 655 273

buildings manually classified and validated by experts is
depicted in Table 4. Next, the building semantic detection
module defined in pAssessor took this data set as input and
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FIGURE 13. The overall efficiency of data quality assessment.

returned as output their corresponding semantics. Finally, the
results of the detection module was compared against what
experts had labeled.

Figure 10 shows the effectiveness for detecting semantics
of building names with correct spelling. The x-axis has build-
ing semantic classification and the y-axis is the effective value
with 1.0 representing 100%. Here, all semantics except the
person semantic were well detected with f-score ranging from
0.90 to 0.98. The person semantic was poorly detected with
f-score of 0.84. This is mainly due to the fact that some person
names have no prefixation and hence no clue for identifying
the person names themselves.

Figure 11 shows effectiveness for detecting semantics of
building names with typographical errors. The x-axis has
building semantic classification and the y-axis is the effective
value with 1.0 representing 100%. Here, the overall detection

boosted features

ambiguous hilgh
place type quality

mmm non-boosted features

08

06 4

04

024

00 - T
low

FIGURE 14. The efficiency of data quality assessment with boosted
against non-boosted features.

efficient value

of building semantics was not well performed. This is because
there are various typographical errors wherein some of them
(i) have not yet been defined in the ontology; or (ii) could not
be applicable for word correction.

B. CAPABILITY OF CLASSIFICATION ALGORITHMS

The second set of experiments evaluated the capability of
existing classification algorithms in learning the proposed
features. Logistic regression [17], random forest [ 18], support
vector machine [19] and naive bayes [20] were chosen for
such evaluation. Here, a set of place data from TanRabad
database was selected. The poor data set was next filtered
out, resulting in a cleaned data set. The experts were then
asked to validate this cleaned data set and manually label
their place types. The feature extraction module next took
each place data in the cleaned data set as input and produced
as output its corresponding features. Finally, the selected

0.9 1 T
. 08 T T T
E = T
T &
& €L T
= 06
: L
2
0.5 1 -
04 - l
doc.01 dpc.02 dpc03  dpe04  dpc05  dpc0B  dpcd7  dpc.ds dpc.09 doc 10 doc 11 doc.12 dpc-13
public health regions
FIGURE 15. The place type quality by public health regions.
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FIGURE 16. The place type quality at provincial level.

classification algorithms were trained upon features extracted
from the cleaned data set. In particular, the binary classifi-
cation with the balanced data set and cross validation of 10
were performed. Interestingly, all classification algorithms
equivalently performed.

C. EFFICIENCY OF PLACE TYPE QUALITY ASSESSMENT
The third set of experiments assessed the quality of unseen
data. Here, the unseen data set (287 place data records) from
TanRabad database was randomly selected. The experts
were then asked to label the quality of place types: low,
ambiguous and high. The pAssessor system next ran this
unseen data set using the boosted value w of 5 (see Equa-
tion (5)) and the threshold A of 0.75 (see Equation (9)).
Finally, the results of pAssessor was compared against
what experts had labeled.
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Figure 12 depicts the efficiency of place type quality
assessment via boosted features. The x-axis has the place type
quality and the y-axis is the efficient value with 1.0 represent-
ing 100%. Here, the assessment of high quality performed the
best with 90% accuracy. The low quality assessment was next
performed with 85% accuracy. Unfortunately, the ambiguous
quality was poorly evaluated. This is mainly due to the fact
that two more more building semantics with too small number
of their occurrences were detected as per a place.

In addition, the current and modified versions of ontologies
were accompanied — the more coverage ontology, the more
efficiency of overall assessment. Figure 13 depicts the overall
efficiency of place type quality assessment. The x-axis has
the versions of ontology and the y-axis is efficient value
with 1.0 representing 100%. Here, the efficient value had an
improvement from 87.5% to 92.7% when accompanying the
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modified version of ontology. Expectedly, this is because the
modified version has captured better conceptual knowledge.

D. APPLICABILITY OF BOOSTED FEATURES
The forth set of experiments evaluated the applicability of
boosted features. Here, this experiment relied on the previous
unseen data set labeled by experts. The pAssessor system
separately ran this unseen data set using boosted and non-
boosted features. Essentially, the non-boosted features reflect
the pure number of occurrences of objects employed by
existing place recognitions. The results via boosted features
were compared against the return using non-boosted features.
Figure 14 depicts the efficiency of place type quality
assessment via boosted features against non-boosted features.
The x-axis has the place type quality and the y-axis is the
efficient value with 1.0 representing 100%. Here, the assess-
ment of high and low quality using boosted and non-boosted
features equivalently performed. The ambiguous quality was
poorly evaluated. However, the boosted features was capable
of improving the ambiguous assessment performance, from
0.46% to 0.63%.

VI. DISCUSSION

There are 13 public health regions (or dpc) under DDC. Each
of which is responsible for the disease prevention and control
in the assigned provinces. As for the Aedes-borne diseases,
each region has employed TanRabad SURVEY for the
visual larval survey data collection. Beside this, each region
has conducted a local training of TanRabad SURVEY to
provincial public health offices underneath for the procure-
ment of rich larval indices. Due to the engagement of various
users and the poor results rendered via TanRabad system,
DDC and these regions have now recognized the significance
of data quality.

Accordingly, the pAssessor was run with all place data
set from TanRabad database. Places whose types were
assessed with high quality were selected. Their place types
were then compared against the user-defined place types.
Their matches were finally measured to reflect the quality
of user-defined place types. Figure 15 illustrates the place
type quality classified by 13 public health regions. The x-axis
has the public health regions and the y-axis is place type
quality value with 1.0 representing 100%. Here, the region
9 performed the best with an average above 80%, while the
rest regions poorly performed with an average ranging from
52% to 79%. Clearly, all regions must regularly review the
larval survey guideline and conduct an effective training to
improve the place type quality.

Figure 16 depicts the place type quality classified by public
health regions at provincial level. Here, only 11 provinces out
of 77 have good place type quality with an average above
80%, while the rest provinces must be seriously taken into
account.

VII. CONCLUSION
This paper presents the pAssessor, a novel and com-
prehensive place type quality assessment technique, with
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respect to buildings textually and variously defined for places.
In particular, pAssessor relies on (i) the building-place
ontology — to enable the semantic detection; (ii) the building
semantic selection algorithm — to enable the selection of the
most applicable building semantic among different potential
semantics; (iii) the boosted feature extraction — to promote the
visibility of places as buildings; (iv) the supervised-learning
algorithm — to learn the building-place relations and hence
perform place classification; and finally (v) the assessment
algorithm — to evaluate the quality of place types and classify
such quality into 3 categories: high, ambiguous and low qual-
ity. The experimental results showed that the efficiency of
TanRabad in assessing the quality of place types is greater
than 87.5%.

Future works focus on (i) improving the ambiguous place
type quality assessment; (ii) embedding pAssessor as part
of TanRabad QUALITY to notify the poorness of place
types; and (iii) providing effective trainings and guidelines
for all public health officials (users) to achieve the place type
quality improvement.
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