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Abstract: The increasing deterioration of aquatic environments has attracted more attention to water
quality monitoring techniques, with most researchers focusing on the acquisition and assessment of
water quality data, but seldom on the discovery and tracing of pollution sources. In this study, a
semantic-enhanced modeling method for ontology modeling and rules building is proposed, which
can be used for river water quality monitoring and relevant data observation processing. The
observational process ontology (OPO) method can describe the semantic properties of water
resources and observation data. In addition, it can provide the semantic relevance among the
different concepts involved in the observational process of water quality monitoring. A pollution
alert can be achieved using the reasoning rules for the water quality monitoring stations. In this
study, a case is made for the usability testing of the OPO models and reasoning rules by utilizing a
water quality monitoring system. The system contributes to the water quality observational
monitoring process and traces the source of pollutants using sensors, observation data, process
models, and observation products that users can access in a timely manner.

Keywords: observational process ontology; water quality monitoring; water pollution alert;
semantic discovery

1. Introduction

Water quality monitoring using in-situ environmental sensors presents many challenges for data
discovery, particularly for the warning and querying of water pollution. The growth in freshwater
demand has forced water managers and decision makers to contemplate comprehensive strategies
for water quality monitoring [1]. Different large sensory data collection methods have the problems
of too much data but not enough useful information, a lack of integration of different database
sources, and poor interoperability between these resources [2].

Moreover, monitoring practices are further complicated due to the increasing variety of sensors
and multiple user needs. It is therefore important to consider approaches for using ontology in
combination with rules to enhance the discovery of pollution events using water quality monitoring
[3]. Semantic technology has already been identified as a challenging research topic for various
disciplinary and domain applications [4]. Sheth and Sahoo proposed the semantic sensor web (SSW)
[5]. Related sensor ontology models describe sensors and their observations, the studied features of
interest, the observed properties, as well as actuators [6,7].

Semantic techniques could enhance the quantity and quality of information available for water
quality management [8-10]. The use of semantics in sensor networks enables the discovery and
analysis of sensor data based on spatial, temporal, and thematic information [11]. To enable the
encoding of semantics using the observation data in the Sensor Web, well-known technologies, such
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as web ontology language (OWL) [12] and semantic web rule language (SWRL) [13], have been used.
The OWL is an ontological language for the semantic web with formally defined meanings that
provide the description of classes, properties, individuals, and data values, and these are stored as
Semantic Web documents. SWRL includes a high-level abstract syntax for rules in both the OWL DL
and OWL Lite sublanguages of OWL.

These tools provide two promising areas for water quality monitoring research: (a) the semantic
modeling of water observation data and (b) how to use the semantic information of observation data
in a water quality monitoring system.

(a) With regard to the first research area, the ontology models can be used for the description of
water environmental resources. A hydrological sensor web ontology based on the Semantic
Sensor Network (SSN) ontology has been proposed to describe the heterogeneous hydrological
sensor web resources [14]. An ontology model has been specially designed for river water
quality monitoring [15]. The related ontology primarily focuses on sensor devices and
observation data for water management, but it lacks a description of the observational process
and models. It has been increasingly applied to observational resources from various sensors to
provide data management and query capabilities [10].

(b) The second research area, smart water quality monitoring, which is regarded as the future of
water quality monitoring technology, promotes progress in data collection capabilities,
communication, data analysis, and early warning strategies [16]. Ontology and rules have been
applied to manage water sources. For example, lake water quality monitoring is based on an
integration of a semantic framework [17]. Mihaela et al. [18] a knowledge modeling framework
for intelligent environmental decision support systems integrated an ontological approach and
data analysis approach. This was then applied for the generation of a knowledge base for
decision making.

In summary, there has been a growing awareness that ontology and rules should be utilized.
However, there exist two limitations in the related work: (1) Only using the observation data values
from one type of monitoring station could easily cause an initial warning misjudgment. (2) The results
of the query focus on observation data, and lacks a complete display of observational process. For
example, only the data value of the water quality at the location where the accident occurred is shown
on the map. This method cannot trace the data and models associated with water pollution.

Successful water quality monitoring requires an understanding of the observational processes
of sensors, as well as understanding of the pollution warning process. In this study, the objective is
to is to achieve a semantic modeling of the observational process in Sensor Web by integrating water
quality monitoring and alerts. To achieve this goal, an observational process ontology modeling
method is described, which consists of observation acquisition, observation data, observation
processing, and observation products. In addition, some rules are defined that can be used in
combination for tracing the entire process of pollution events.

This study is organized as follows: In Section 2, a brief overview of study area is presented. In
Section 3, an ontology of the water quality observational process and the reasoning rules for the
discovery of water quality are described. The discovery service performed and discussions are
described in Section 4. Finally, Section 5 outlines the conclusions and directions for future work.

2. Study Area

Qingyi River passes through the city center of Xuchang and has a drainage area of 2362 km?in
the Henan Province of China. The total length of the Qingyi River is 149 km, and it empties into the
Ying River. The river basin has a warm temperate humid monsoon climate, four distinct seasons, rich
heat energy, concentrated rainfall, and abundant sunshine.

The Qing Yi River is an important water body for flood control and pollution prevention for the
region and the landscape of Xuchang City. Hence, the water quality is of great significance for the
people and to provide healthy urban development. The primary pollution source of the Qingyi Basin
pollutant emissions originates from the leather, wig products, and paper industries in the area.
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Xuchang is China’s largest hair products distribution center and export production base. The export
value of hair products accounts for 49% of China’s exports of similar goods. Xuchang City’s COD
and NH3 emissions from wig products, papermaking, and leather industries accounted for more than
80% of the total industrial COD emissions in the basin, respectively [19]. Therefore, it is important to
improve water quality monitoring (especially COD and NH3N monitoring) to reduce industrial
effluent pollution.

This study utilized two types of monitoring stations: 16 fixed monitoring stations (the red points
in Figure 1) and 21 monitoring stations near the polluting enterprises (the blue points in Figure 1).
Various sensors were deployed on these monitoring stations, and the observations made by these
sensors were utilized as data. The observational parameters that were acquired by these sensors
included the chemical oxygen demand (COD), NHs-N, and other water quality factors of the Qingyi
River Basin (see Section 3.1.3 for details). Data from the Qingyi River were collected from 1 June 2017
to 31 December 2019. The data were acquired using in-situ sensors located in the Qingyi River. The
data of NH3N, COD, P, N, PH, DO, and turbidity come from sensors produced by the Beijing SDL
Technology Co., Ltd. (Beijing, China). The manufacturers of sensors for TOC and BOD5 are the
Beijing Security Control Technology Co., Ltd. (Beijing, China) and the Shanghai Kelan Instrument
Technology Co., Ltd., (Shanghai, China) respectively.
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Figure 1. The Qingyi River study area.

3. Ontology and Rules

The procedure used for the ontology modeling demonstrated how to describe the observational
process of observations for water quality monitoring (see Section 3.1). Based on the proposed
ontology, the rules enable the development of a water quality early warning solution that could be
adapted to different river sections (see Section 3.2).

3.1. The proposed Observational Process Ontology

The construction of the ontology follows seven steps: (1) Determine the domain and scope of the
ontology; (2) consider reusing existing ontologies ; (3) enumerate important terms in the ontology
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(core classes); (4) define the classes and the class hierarchy; (5) define the properties of classes—slots;
(6) define the facets of the slots; and (7) create instances (take COD and NH3N as examples). For steps
1,2, and 3, see Section 3.1.1. For steps 4-6, see Section 3.1.2. For the last step, see Section 3.1.3.

3.1.1. The Core Classes

The ontology revolves around the central pattern of the observational process. Several
conceptual modules have been built on patterns that contain observational process concepts. The
ontology modelling method refers to the Descriptive Ontology for Linguistic and Cognitive
Engineering (DOLCE) Ultra-Light foundational ontology to assist users in understanding the
proposed ontology. The DOLCE Ultra-Light (DUL) ontology is the most utilized ontology in the
engineering cognitive domain and in linguistics, which defines 29 classes and 43 properties, including
the Object, Region, Quality, and InformationEntity [20].

The observational process ontology (OPO) of water quality based on the DOLCE has the
following features: (1) The general top-level definition concepts of DOLCE can be used to ensure
interoperability with other resources. (2) It can implement the reuse of the existing ontology. For
example, the concepts in the existing ontology can be mapped to the top-level ontology, which can
then realize the integration of the domain ontology. (3) The shared terminology and definitions of the
DOLECE enable the interoperability of the OPO.

Therefore, the developed ontology uses similar design patterns to those of the DUL ontology;
and hence focuses on the quality (DUL:Qaulity) and the object (DUL:Object) of the entity, as well as
the region (DUL:region) of the entity and, in particular, their resulting event (DUL:Event). Figure 2
shows the DUL core classes, relations, and the ontological modules.

The majority of the ontology is hence an extension of these classes with subclasses and additional
properties, although concepts related to water quality features were also added. The OPO of the
water quality modeled the concepts, relationships, properties, datatypes, and restrictions of the water
quality of a river using OWL constructs.

This approach was grounded in a view of the observational process consisting of four main
observational phases: observation acquisition, observation data (acquired directly by sensors),
observation processing (used to describe the model), and the processed observation products. The
ontology therefore captured the domain knowledge from these four core classes and across each of
these four perspectives.
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Figure 2. Core classes of the Observational Process Ontology (OPO) and DUL ontology. The top of

the figure shows the upper level ontology (DUL ontology). The sub-class relationships between DUL
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classes are indicated by the solid arrows. The dashed arrows represent the subclass relationships
between the OPO classes. The object properties of OPO are expressed by the annotated solid arrows.

3.1.2. The Core Modules

The view of the ontology presented in Figure 3 describes the following:
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Figure 3. Core modules of the Observational Process Ontology (OPO). The classes and properties of
OPO are described using four core classes (Observation Acquisition, Observation Data, Observation
Processing, and Observation Product) and the Sensor class. It shows the links involved during each
stage of the observational process.

5 of 19

Ontology classes from the ‘Observation Acquisition” perspective

Water quality changes during different periods. Therefore, there are two important classes
(opo:AcquisitionStartTime and opo:AcquisitionEndTime) of the observation acquisition for water quality
monitoring. The opo:ResponseTime class expresses the time between a change in the value of an
observed property and when the sensor ‘settles’ on an observed value.

Additionally, the following are the seven classes that describe the measurement capability of the
observation acquisition.

The opo:Position class is used to describe the corresponding river section from where the
observation data were obtained.

The closeness of agreement between the result of an observation and the true value of the
observed property under the defined conditions is described using the opo:Accuracy class.
The opo:Precision class represents a measure of a sensor’s ability to consistently reproduce
an observation of an unchanged or similar quality value.

The opo:Frequency class denotes the smallest possible time between one observation or
sampling and the next.

The opo:MeasurementRange class is used to describe the set of values that the sensor can
return as the result of an observation using the defined sensor device properties.

The opo:AcquisitionType class is used to distinguish the equipped platform, for example, in-
situ, UAV, satellite.

The opo:AcquisitionSubtype class describes the means of acquisition, for example,
electromagnetic, ultrasonic, laser, visual, pressure, and other methods.

Ontology classes from the ‘observation data’ perspective
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Large amounts of data are collected by the sensing device and are processed and transmitted.
The temporal characteristics of the observation data are described using two classes:

e  The opo:SamplingTime class records when the observation data was retrieved from the
observed property.

e  The opo:CatelogueCreationDate class is used to describe the creation date for the metadata
item. The creationdate is the date when the metadata item was inserted for the first time in
the catalogue.

The key features of observation data are the observation parameter and the ID, which are
described using four classes:

e The opo:ObservationParameter class can describe a single phenomenon, a constrained
phenomenon, or composite phenomenon, such as height, radiance bands, or several
discrete phenomena.

e The opo:ParameterUnitOfMeasure class denotes units of measurements for the observed
phenomenon.

o The opo:Parentldentifier class represents the collection identifier of observed data.

e The opo:Metadataldentifier class records the identifier for metadata item.

Ontology classes from the ‘observation processing’ perspective
There are eight classes related to observation processing. Each class is defined as follows.

e The opo:ProcessingDate class is used to describe the date time of processing.

e  The processor software name and version are represented using the opo:ProcessingName and
opo:ProcessingVersion class separately.

e The opo:DataProcessMethod class represents the method used to compute the datalayer.

e  The opo:DataProcessMethodVersion class describes the version of the method.

e The processing center code is expressed using the opo:ProcessingCenter class.

e The opo:ProcessingLevel class denotes the processing level applied to the product.

e The opo:ProcessingMode class records the processing mode taken from the mission specific
code list.

Ontology classes from the ‘observation product’ perspective
The ‘observation product’ perspective includes five aspects.

e The opo:ProductDoi class is used to describe the digital object identifier of the product.

e The opo:ProductFileName class represents the reference to the file.

e  The version of the product is described using the opo:ProductVersion class.

e The opo:ProductSize class denotes the product size (bytes), allowing the user to realize how
long a download is likely to take.

e The opo:ProductSatus class refers to the product status, for example, archived, acquired,
cancelled, failed, planned, potential, or rejected.

Properties of the OPO

The properties include object properties and data properties. The data properties include the
‘opo:hasDataValue’ property (which expresses the result of an observation or actuation); the
‘opo:hasSectionValue’ property (which expresses the section number of the river); and the
‘opo:hasProductValue’ property (which expresses the value through the observation products). The
object properties in the OPO link classes/individuals to class/individuals. The object properties can
be divided into six categories:

e The subclass property: The relationships between the classes of the upper level ontology
and OPO classes can be described by the opo:subClass property. The Subtype class is
subclass of type class, for example, the ‘AcquisitionSubtype’ class is subclass of
’AcquisitionType’ class.
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e  The identifier properties: The identifier properties include two types; one of which is the
"hasDatalD’, ‘hasMetadatalD’, and ‘hasProductID’ properties; the other is the
"hasProcessingName’ and ‘hasProductName’ properties.

° The time properties: The related properties refer to the “hasStartTime’, ‘hasEndTime’, and
‘hasSamplingTime’ properties.

e The position properties: The ‘hasPosition” property represents the position of the
observation acquisition.

e The classification property: the ‘isClassifiedBy’ property that describes the type of
observation acquisition.

e  The domain-specific properties: Other properties are related to specific attributes during
the observational process; for example, the ‘hasAccuracy’, ‘hasPrecision’, ‘hasFrequency’,
‘hasProcessinglevel’, and ‘hasProcessMethod’ properties.

3.1.3. Ontological Implementation

The OPO based on the ontological structure described in Sections 3.1.1 and 3.1.2 was created
using Protégé [21]. The individuals of the ‘opo:ObservedParameter’ class in the ontology correspond to
water quality indicators. The water quality indicators, include conductivity, chlorophyll content,
dissolved oxygen, dissolved organic matter, pH, permanganate index, turbidity, total nitrogen, and
water temperature [22]. There are nine types of indicator (NHsN, COD, TOC, BODs, P, N, DO, PH,
and turbidity) obtained by the fixed monitoring stations and six types of water indicators (NH3N,
COD, TOC, BODs, P, and N) acquired by the monitoring stations of polluting enterprises. These
factors can be defined in the ontology individuals and applied to the formulation of subsequent rules.

The time series of COD and NH3N in the Qingying River Basin are more complete than other
indicators; hence, these two indicators were used as examples to set the ontology individuals and to
describe the rule examples. The primary water quality monitoring-related individuals contain the
‘COD’ and ‘NHsN’ individuals of the ‘opo:ObservedParameter’ class; the ‘FixedMonitoring’, and the
‘PollutionEnterprise” individuals of the ‘opo:StationType’ class; the ‘CODprocessmethod’, and the
‘NHsNprocessmethod” individuals of the ‘opo:DataProcessMethod’ class. The properties are the most
important elements and build the connection between the heterogeneous observational resources.
The primary classes and properties in the proposed ontology are shown in Figure 4.
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Figure 4. shows the schematic structure of the OPO in protégé. The first portion on the left side shows
the subclass relationship between the classes. The third portion on the right side represents the object
properties between the classes, which are shown in second portion in the middle of the figure.
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3.2. Reasoning Rules

A water quality query is a complex task that requires intelligent inference based on specific rules.
Owing to this requirement, with ontology used in memory, additional rules have been developed to
extend the information inferred by the semantic framework.

SWRL can be used to write rules to reason about OWL individuals and to infer new knowledge
about those individuals. Rules are in the form of an implication between an antecedent (body) and a
consequent (head), that is, antecedent — consequent. The intended meaning of a rule is: if the
antecedent holds (i.e.,, “true”), then the consequent must also hold. Both the antecedent and
consequent of a rule are conjunctions of atoms. The syntax in SWRL can be used to express the
judgment of water quality monitoring. The antecedent of the rule described by SWRL includes the
statement of classes and properties, as well as judgment of the conditions, while the consequent
represents inferred properties. The classes, object properties, and data properties of rules come from
the observational process ontology. The judgment of rule is described in built-ins for comparisons
(e.g., swrlb:equal, swrlb:greaterThan) and strings.

According to the types of monitoring stations, this study defines the rules for fixed monitoring
stations (the blue points in Figure 1) and sewage outlets of the polluting enterprises (the red points
in Figure 1) based on SWRL, which are implemented in SWRLTab of protege. The design of the rules
considers the following two points: (1) Different types of monitoring stations cannot be defined
uniformly, so the rules are described in Sections 3.2.1 and 3.2.2 separately. (2) The rules of fixed
monitoring stations are suitable for judging a certain parameter value at a fixed monitoring position.
The rules of enterprise sewage outlets could be used to determine the values after the pollution has
spread.

For the Qingyi River, the upper limit of the water quality factors was determined by the Chinese
GB3838 regulation, socio-economic, industrial and mining enterprises, population distribution,
agricultural production, pollution capacity, and water quality status along the river. In this section,
the river basin was divided into 11 river sections, which are shown in Figure 1. By using COD and
NHB3N as examples, the upper limit values for each river section are shown in Table 1, which were
used as the alert maximum values in the rules.

Table 1. The upper limit of COD and NH:N for each section of the Qingyi River Basin. The section
number corresponds to the legend in Figure 1.

Section Number Upper Limit of COD (mg/L) Upper Limit of NHsN (mg/L)

1,2,3,11 40 2
4,5,6,7,9,10 30 1.5
8 20 1

3.2.1. The Rules for Fixed Monitoring Stations

As Shown in Figure 5, Rule 1 (Rule hasFixed AlertMaxValue) sets the water quality alert maximum
values according to river sections. Rule 2 (Rule hasFixedAlert) determines whether an alert of a fixed
monitoring station is active. The sensor descriptions, observation data descriptions, alert descriptions,
asset descriptions, and dynamic data are all semantically related in Rule 2. The key benefit of the
knowledge base of this inference approach is that it is possible to directly infer whether or not an
observation data reading from a sensor equipped at a fixed monitoring station should trigger an alert.
If the reading is greater than the allowable maximum, the alarm would be triggered. The allowable
maximum depends on the type of water quality indicators, which are described by the observational
parameter in the OPO models.
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Figure 5. The definition and implementation of rules for fixed monitoring stations for water quality
monitoring and warning. The COD element is used as an example, so Rule 1 could obtain the
allowable maximum value according to the value of the river monitoring section, which corresponds
to the data in Table 1. Suppose that the value of section reaches 4, then the maximum value of COD
would be 30 mg/L. Then, the value of observation data would be greater than 30, and Rule 2 would
be triggered.

3.2.2. The rules for Monitoring Stations of Polluting Enterprises

Rule 3, Rule 4, Rule 5, and Rule 6 describe the pollution alert for monitoring stations of the
polluting enterprises, which can infer the pollution type, the process output, and determine if an alert
is triggered. Examples of the four rules are illustrated in Figure 6.

When the data value of the observation data acquired by a sensor is greater than the maximum
acceptable value, the relationship of ‘hasPollutionType’ between the observation data and the
observation parameter is inferred and built. According to the type of observation data and the
situation of the watershed, the rule sets the maximum acceptable value. In addition, the position of
related sensor can be acquired. This capability is provided by Rule 3 (Rule hasPollutionType).

If the data has the relationship of “hasPollutionType’, which is activated by Rule 3, then Rule 4
(Rule DataProcessOutput) is required for data processing. In order to present the processing method
and the processed results, it is useful to infer the link between the data method and the observation
products. This is accomplished using Rule 4.

The Qingyi River is a small river with a relatively slow flow velocity, and the discharged
pollutants can be uniformly mixed in the entire cross section in a short time. The one-dimensional
water quality model is more suitable to describe the pollution spread for the Qingyi River basin. The
model corresponds to ‘opo:DataProcessMethod’ class in the ontology and rules. Therefore, the
equations of process method for COD and NHsN are described as follows:

KL

Ce = Coexp (= 555050) @
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where Co (mg/L) is the concentration of pollutants from the monitoring station, K represents the
pollutant degradation coefficient, and it is a constant, L (m) is the longitudinal distance along the
stream, and V (m/s) is the velocity.

Rule 5 (Rule hasAlertMaxValue) has the same function as Rule 1, which can acquire the allowable
maximum. The Rule 6 (Rule isActivePollutionAlert) relates an alert to a Boolean literal, which is
different from Rule 2 (Rule hasFixed Alert). The Rule 6 works with the output results from Rule 4 and
Rule 5. This can occur if the reading is greater than the maximum.
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Figure 6. Rules for monitoring stations of the polluting enterprises. The rules in Figure 6 differ from
the rules in Figure 5 for the fixed monitoring stations in that the alert for the polluting enterprises
outlet require the prediction of pollutants (Rule 3) and the calculation of the pollution diffusion
concentration (Rule 4). The warning is a judgment on the value of the observation products generated
after diffusion. The position and sampling time of the observation data can be obtained according to
Rules 3 and 4, which facilitate the traceability of pollution sources for the discovery service.
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4. Deployment of the Proposed Approach and Discussion

The OPO and rules are used to deploy the semantic-enhanced discovery system. The data of
observational process is mapped to the OPO for polluter tracing through logical inference rules. In
addition, according to the proposed approach, the three aspects of modeling methods, rules, and
discovery service are discussed.

4.1. Demonstration Using a Case Scenario

The semantic-enhanced discovery system for water quality monitoring that was designed and
developed is shown in Figure 7. The function of water quality discovery is to provide a quick
operation of user query requests. Users can obtain observation data from the station type of sensors,
the station list, and the time-required. Then, data processing of the observation data can be performed
by setting the diffusion distance and flow velocity. The service also includes other functional modules,
such as the data management functions, map layers, and other GIS functions.

Once there is a pollutant concentration that exceeds the limitation value, the system will
automatically alert with the experiential and mechanistic processing. Then, when it is judged that
there is alert information according the rules in Section 3.2, the warning content will be displayed on
the interface. Figure 7 shows the query of a fixed monitoring station and the alert results for water
pollution. As can be seen in the query results, the semantic reasoning and querying can arrive at the
expected observation product and judge whether to publish an alert.

Semantic-Enhanced Discovery Service for Water Quality monitoring of the Qingyl River basin
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Figure 7. Semantic-enhanced discovery interface of the software system. The discovery service
includes monitoring station information, observation data, the observation products, and warning
based on Rule 1 and Rule 2.

4.2. Discussion

The observational process ontology (OPO) proposed in this study is able to describe the
observational process for water quality monitoring and support the observational resource discovery
(see Section 3.1). Water quality early warning information can be deduced through the definition of
the rules, which make conditional judgments of classes and attributes from the OPO (see Section 3.2).
The semantic-enhanced discovery service for alerting for water pollution uses the proposed ontology
and rules (see Section 4.1). Therefore, this section makes a comparison using the three aspects of
modeling methods, rules, and discovery services.
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4.2.1. Comparison with Other Related Modeling Methods
(1) Comparison with non-semantic models

Over the past decade, there has been a drastic increase in the use of decision support systems. A
decision support system has been developed to address water resource problems, including water
allocation, water use management and water supply management. Many researchers have been
working on the development of various models and decision support tools to address the complexity
in the management of water resources by integrating utilization models and tools for water
environmental decision support [23-26]. The models used in these decision support systems are
defined as non-semantic models, which lack the observational process description.

Among these models, the typical model is WaterML 2.0 [27], which is being used in the
representation of water observation data and water quality monitoring. The WaterML standard
describes a time series that results from direct observations and processed data for encoding water
observations data for exchange, such as forecasts and derived results. The WaterML 2.0 defines five
primary components that describe water observations: time series, observation specializations,
procedures, observation metadata, and the location description. The observation resources in the
above model are described separately, which cannot meet the requirements for expression of the
water quality monitoring process comprehensively and dynamically. The proposed ontology based
on the DOLCE ontology has comprehensive descriptions of the observational process, including
observation acquisition, observation data, observation processing, observation product, and other
factors, as shown in Figure 8. In addition, the proposed ontology makes it possible to obtain more
observational resources collaboratively.

| hasData ObservationData isProcessedBy
; Diverse o

Sensor | N Sensor ( ) ™
i

: |
| | ObservationAcquisition
1 (Tmmeliness)

isAcq}medBy (Heterogeneous) | ObservationProcessing |\
|

(complex)

~
procducts

Observation
MetaData

Observation
= — Product

: ; ()hscn’cd(,r)bj ect o (Visibility)
Location ; (Dynamic) £

Description | ‘

—

The related work

(independent T N -
desription) > The proposed ontology (the description of observational process)

hasObjecb fInterest

Figure 8. Characteristics of the Observational Process Ontology. The description of the ontological
structure in Section 3.1 corresponds to each stage of the observational process in the real world. The
proposed method can not only visualize the results to users, but also help users trace information
regarding pollution sources.

(2) Comparison with other ontologies

The difference between the proposed ontology and other ontologies is the key concepts. For
example, Elag and Goodall [28] proposed a water resources component (WRC) ontology for water
resource model components, which describes core concepts (symbol, equation, and mathematical
classification) and relationships using the OWL. An ontology [29] based on the SSN was proposed to
describe the time series and assess the reliability of a hydrological sensor network. Liu et al. [30]
presented a WaterML and SSN-based ontology framework that represented information from
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sensors, observation values, and timeseries for a distributed water information system. In summary,
most related studies have been based on the SSN ontology, and the following is a comparison of the
SSN ontology with the proposed ontology.

The sensor and sensor network ontology (SSN Ontology), developed by W3C [6,7], aims to
improve sensing applications. It contains a comprehensive representation of information. A
comparison between the SSN ontology and the proposed ontology (OPO) is shown in Table 2. Some
of the differences are as follows: (1) the SSN has more comprehensive concepts of sensor metadata
than the OPO, while the OPO describes more detailed observational processes. (2) The SSN and OPO
can be used for in-situ sensors, and the OPO also defines descriptions related to water quality
monitoring and pollution alerting.

Table 2. Comparison between the SSN and OPO ontologies.

Semantic Sensor Network Ontology

Features Observational Process Ontology (OPO) (SSN)

A semantic description of the
Target observational process for better
discovery

Development of ontologies for
describing sensors

Sensors, observation acquisition,
Key concepts  observation data, observation
processing, observation product

Sensors, system, actuations,
observation

Range of

) Moderately broad Comprehensive
subject matter

Adoption Water quality monitoring and pollution =~ Numbers of examples, such as

alerting weather stations
Supports the description of Interoperability and broader
Best features PP . P . P . y
observational processes applicability
.. . Lack of observational process
Weakest Insufficient description of sensor P

features metadata descriptions, especially for water
quality monitoring

In addition, there are some ontology modeling methods that have been applied to water resource
management, but their application fields are slightly different from the proposed method. For
example, Klien et al. presented [31] an application in disaster management that examined to what
extent ontology-based service discovery can solve these semantic heterogeneity problems for storm
hazards. An ontology engineering method [32] was applied for the description of the
Water—Energy—Food nexus domain for enhancing the compatibility of qualitative descriptions
logically or objectively. The ontology includes the concepts and relationships of ‘precipitation” and
‘fish’. Future research in the proposed ontology will add a description of aquatic ecology based on
the observational process for more efficient water resource management.

4.2.2. Comparison with Pollution Alert Rules

With the rapid development of semantics into the sensor web, more rules are being defined for
water pollution early-warning. As well as promoting semantic interoperability, inference represents
a key advantage of ontological modeling. Earlier studies of water pollution alert rules focused on the
inference of one type from a monitoring station. For example, Shu et al. [33] defined an ontology for
the water data transfer format and validated data with respect to constraints through a query
technique using OWL and SWRL. Additionally, the key factors of the rules would be modified
according the river situation. The proposed rules in this paper describe the pollution type, the
position, the sampling time, the observation product, and the pollution alert. However, Howell et al.
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[34] described the rules of water alert that affected the entity of the water utility decision support by
leveraging the semantic web to address the heterogeneity of web resources.

It is significant to define suitable factors of water quality monitoring into the rules. However,
the selection of pollution alert factors in the rules is relatively simple. For example, the reasoning
rules of an emergency response system for water pollution accidents was proposed by Meng et al.
[35]. This study used the GB3838 standard: “The standard value of the Category 3 functional water
is the allowable maximum”, to verify the usability of ontology models based on reasoning. The
maximum value of the COD was 20, and the maximum valued of NH3N was 1.0, according to the
Chinese regulation GB3838.

However, the mode of setting a uniform value is not applicable in the case of the Qingying River
Basin, and this article sets a maximum value for each river section. Figure 9 shows the influencing
factors of the allowable maximum. According to the location of the river sections, the maximum alert
value of the pollutants was selected for the proposed rules. In addition, this study defined the
pollution alert process for two types of water quality monitoring stations. The results of the
experiment indicated that the OPO with rules could be a very useful methodology for quality
assurance with complex data processing.

| 4
| _ | Pollution enterprise |- _
The allowable ! = ‘\ P ] -
maximum i[ ;Zf:tlitt';: — Water quality \I
AN j status
i r J
COD: 20mg/L | It /~~ Status of Qingyi ™ \
i 1 o= . 1
! \ | ; !
NH3N: l.Omg/L 3 ‘f Agricultural | e *'T-‘ 3
i L production -
| J Uz
i T pollution capacity L»/"
GB3838 standard The decisive factors of allowable maximum
The related work :": The proposed rules

Figure 9. A comparison of the maximum selection methods. The setting of the allowable maximum
value refers to Figure 1 and Table 1.

4.2.3. Comparison to Query Results Based on the OPO

Related research has focused on the visualization of data by using GIS analysis. For example,
Xia et al. [36] presented a generic framework and the development steps of a decision tool prototype
that used a geographic information systems (GIS)-based decision support system for the diagnosis of
river health. Zhang et al. [37] proposed the development and application of an integrated
environmental decision support system for water pollution control. The system included relations
and links between various environmental simulation models, model integration, visualization, and
real-time simulation methods. Horsburgh et al. [1] described the observations data model (ODM)
Python tools allow users to query and export, visualize, and perform quality control post processing
on time series of environmental observation data. Compared with the above systems, the proposed
system in this study lacks professional data analysis, but it is characterized by enhancing the
semantics of the observational process for tracing pollution sources.

In addition, compared with other semantic query services (for example, a given SPARQL query
was proposed in [38]), the proposed system provides a richer visual representation. A query for a
pollution enterprise was conducted that used “Data Acquired Start Time = 2019-09-02T5:27:51” and
“Data Acquired End Time = 2019-09-02T20:00:00”. Figure 10 shows the result of the search request.
The observation data were targeted from the constructed ontology library. Using the observation
data, the observation processing module calculated the pollutant diffusion. Then, the rules of
pollution alert were judged based on the calculated results (observation products). In the discovery
service, the observation information representation assisted in (1) browsing the enriched
observational metadata properties of all the retrieved results in a table, (2) viewing the observation
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processing related to the data, and (3) viewing the observation products information and pollution
alert. The realization of water polluter tracing is attributed the proposed ontology and rules that
describe the observational process. Users can directly obtain the polluting sources that caused the
water pollution, as shown in Figure 10b. The proposed method is generally applicable for other
applications, such as precision agriculture, air pollution monitoring, and surface monitoring, which
requires damage traceability.

A pollutant source tracing example is shown in Figure 10 to realize and verify the observation
data processing. It obtained the suspicious source of pollution, where the pollution came from the
nearest upstream sewage outlet. In the semantic-enhanced discovery service, all aspects of the
observational process are displayed on the operation interface. For example, Figure 10 shows that the
aspects that include the observation products, observation data, and related sensors. These aspects
of observational process are then mapped to the OPO when executing the reasoning for pollutant
source tracing.

Semantic-Enhanced Discovery Service for Water Quality monitoring of the Qingyi River basin
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Figure 10. Query results of the sewage outlet alert. The discovery service included the monitoring
station information, observation data, observation processing, observation products, and pollution
alert using four rules which are defined in Section 3.2.2.

5. Conclusions

In this study, an ontology for water quality monitoring that is used for water pollution alerts
was proposed. This ontology was developed by constructing the subclasses of the DOLCE ontology.
This work provided semantic-enhanced pollution alert inference rules for the integration of
heterogeneous water quality sensors and the mining of deep knowledge from observational
resources. The water pollution early-warning and water pollution-processed models were able to be
used for water pollution alerts using the rules. The proposed OPO and rules can also be developed
for other application domains.

In addition, more classes, object properties, and data properties can be used in the discovery
service to adapt the ontology to other purposes. The feasibility and usability of the proposed ontology
were demonstrated using semantic discovery. The proposed ontology and reasoning rules allow the
integration of query results in the system of observation data, observation product, sensors, and
model of water quality warning. The proposed system primarily used data specifications from the
Qingyi River to illustrate and describe details regarding water quality monitoring and pollution alerts
for pollutant tracing. This paper proposes the adoption a semantic-driven combination of
observational processes for water pollution accidents.

The following research directions will be studied more and refined in the future. More instances
and rules will be described for acquiring more observational resources and for the mining of more
useful knowledge. The system still needs to be able to use reasoning from external semantic sensor
web services.
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