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Abstract

:

The size, volume, variety, and velocity of geospatial data collected by geo-sensors, people, and organizations are increasing rapidly. Spatial Data Infrastructures (SDIs) are ongoing to facilitate the sharing of stored data in a distributed and homogeneous environment. Extracting high-level information and knowledge from such datasets to support decision making undoubtedly requires a relatively sophisticated methodology to achieve the desired results. A variety of spatial data mining techniques have been developed to extract knowledge from spatial data, which work well on centralized systems. However, applying them to distributed data in SDI to extract knowledge has remained a challenge. This paper proposes a creative solution, based on distributed computing and geospatial web service technologies for knowledge extraction in an SDI environment. The proposed approach is called Knowledge Discovery Web Service (KDWS), which can be used as a layer on top of SDIs to provide spatial data users and decision makers with the possibility of extracting knowledge from massive heterogeneous spatial data in SDIs. By proposing and testing a system architecture for KDWS, this study contributes to perform spatial data mining techniques as a service-oriented framework on top of SDIs for knowledge discovery. We implemented and tested spatial clustering, classification, and association rule mining in an interoperable environment. In addition to interface implementation, a prototype web-based system was designed for extracting knowledge from real geodemographic data in the city of Tehran. The proposed solution allows a dynamic, easier, and much faster procedure to extract knowledge from spatial data.
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1. Introduction


The availability of Spatial Data Infrastructures (SDIs) and interoperable services provide an opportunity to establish a society that is empowered by data-driven innovation. Currently, more than 150 thousand datasets are available just in the INSPIRE infrastructure [1]. Recent developments in technologies such as smartphones and geo-sensors, in addition to paradigms such as Volunteered Geographic Information (VGI), citizen-centric data, geo-crowdsourcing information, and open-source communities increase the availability of data in our society [2,3,4]. In this context, the European Union (EU) encourages people, businesses, and organizations to keep and publish their data openly and freely for making better decisions in various domains. In light of the benefits, there is an urgent need for addressing the knowledge extraction problem from these voluminous data [5,6,7]. Within this ideal situation, spatial data remain critically significant for many businesses, and applications [8].



There has been an increasing interest in Spatial Data Mining (SDM) methods [9,10]. SDM is the process of discovering interesting and previously unknown but potentially useful insight from large geospatial data. Recently, considerable literature has focused on methods, algorithms, tools, and frameworks related to SDM. Mining patterns [11,12], classification [13], outlier detection [14], clustering [15], regression [16], association and prediction [17,18] are the most widely used techniques that have been applied for extracting knowledge from spatial data.



Despite significant efforts in SDM techniques and efficient algorithms, the critical challenge is the distributed nature of spatial data. In a distributed environment, relevant data often reside in separate physical machines. This means that to perform SDM methods, all the required data typically need to be traditionally collected in a data repository [6]. However, this is a time-consuming process that requires reliable, scalable, interoperable, and distributed big data processing frameworks.



Although numerous Spatial Web Services (SWSs) have been developed for the collection, storage, updating, mapping, and processing of geospatial data, far too little attention has been paid to the SDM methods using standard Service-oriented architecture (SOA). Extracting knowledge from distributed geospatial data based on SWSs provides a foundation for distributed SDM in an SDI environment. SWS is a collection of software components designed based on SOA to support interoperable machine-to-machine interaction for managing spatial data over a network. The general idea for spatial knowledge extraction is to use interoperable SWS on top of a big spatial data platform. Fortunately, with the advent of modern big data frameworks, performance restrictions of traditional processing systems have been improved. Apache Hadoop and Spark are two frameworks that can integrate with web services for distributed knowledge extraction from spatial data [19].



To extract knowledge from distributed spatial data in the SDIs, in this paper, a solution based on SWS is proposed. We call our solution Knowledge Discovery Web Service (KDWS), which can be used as a layer on top of the SDIs to provide spatial data users and decision-makers with the possibility of extracting knowledge from massive heterogeneous spatial data in SDIs. By proposing and utilizing a system architecture for KDWS, this study contributes to performing spatial data mining techniques as a service-oriented framework on top of SDIs. It provides the opportunity to focus on what we typically want from the data instead of focusing on how to run SDM algorithms.



The rest of the study is organized as follows: First, the background dimensions of the research including big data processing frameworks, SDM, and SWS are addressed (See Section 2). In Section 3, components employed for the proposed solution are described. In Section 4, the implementation steps of the proposed framework are outlined. Finally, in Section 5, properties of the developed framework are discussed, and conclusions are provided.




2. Background


The growing availability of spatial data from different sources offers great possibilities for discovering valuable knowledge. Although SDI is well suited for distributed data-driven processes and sharing spatial data, it is not yet adapted for knowledge extraction in an interoperable environment [20]. It has been confirmed that retrieving knowledge from the massive, heterogeneous, and distributed spatial data requires a unique software foundation and architecture ecosystem [19]. However, some restrictions and difficulties such as conventional data storage, computing technologies, heterogeneity, and interoperability concerns of spatial data led to a delay in the development of such an architecture ecosystem. A more comprehensive description of these challenges can be found in the study conducted by [21].



Recent studies (See [19,22,23]) have showed that distributed and parallel processing frameworks make it possible to meet performance requirements for handling large-scale big spatial data. In this context, Apache Hadoop, an open-source framework for reliable, scalable, and distributed computing has emerged as powerful platforms adapted to tackle the big data challenges (https://hadoop.apache.org/). Hadoop is capable of storing and managing large volumes of data efficiently, across clusters of computers by using simple programming models. It is designed to scale up from single servers to thousands of machines, each offering local computation and storage. The main concept of the framework is isolated into two parts, the Hadoop Distributed File System (HDFS) for storing data and the MapReduce programming model for the process of data usually stored on HDFS [24]. Apache Spark, an in-memory distributed computing is another framework that provides a novel data abstraction called Resilient Distributed Datasets (RDDs). The RDDs are collections of objects partitioned across a cluster of machines (https://spark.apache.org/). To date, several studies have investigated that Hadoop and Spark frameworks provide high-performance computing for retrieving patterns and knowledge from a massive volume of spatial data. Park, Ko, and Song (2019) [25] proposed a method to ingest big spatial data using a parallel technique in a cluster environment. S. Li et al. (2016) [26] introduced an HDFS-based framework with native support for spatio-temporal data types and operations named ST-Hadoop. Apache Sedona (Formerly GeoSpark) is another cluster-computing framework for processing large-scale spatial data (http://sedona.apache.org/). Sedona extends Apache Spark and SparkSQL with a set of Spatial RDDs and SpatialSQL that efficiently load, process, and analyze large-scale spatial data across machines [27]. It provides functionalities including spatial data partitioning, spatial indexing, and spatial join with several APIs, which allow users to read heterogeneous spatial objects from various data formats. GeoMesa is also a Spark-based open-source suite that enables large-scale geospatial querying and analytics on distributed computing systems (https://www.geomesa.org/). It provides NoSQL databases for massive storage of point, line, and polygon data. Through GeoServer, it also facilitates integration with a wide range of existing OGC standards such as Web Map Service (WMS) and Web Feature Service (WFS).



Advances in SOA have provided a bright vision for managing distributed and heterogeneous spatial data [28,29,30,31,32]. SOA is defined as software architecture style, concept, or paradigm that involves principles such as loose coupling, reusability, interoperability, scalability, agility, flexibility, and technology-independent by using standardized and modular components called as service [33,34]. Generally, the functionality and behavior of service design are implemented based on interface specification. Data types, operations, transport protocol binding, and the network location of service are the most important characteristics that describe interface specification. To date, to better manage geospatial data based on SOA, a collection of standards has been developed by OGC. These standards, known as OGC Web Services (OWS), can be categorized into different groups such as data models, encoding, searching, storing, processing, mapping, and publishing geospatial data [28,29,32]. In addition, a set of SWS has been developed every year, being reviewed by OGC working groups. It can be expected that in the coming years, SWS will consider various aspects of spatial data management, and the SOA paradigm will be used increasingly in geospatial science, systems, and societies [20,35,36]. In the review of mash-up GIS services, Chow (2011) [35] highlighted the paradigm shift of GIS “from an isolated architecture to an interoperable framework, from a standalone solution to a distributed approach, from individual proprietary data formats to open specification exchange of data, from a desktop platform to an Internet environment”. Based on previous studies and the recent trend in technologies, it seems that a paradigm shift will happen from GI-systems to GI-Services. GI-Services may also become more important than GI-systems in academic, industrial, and business communities in recent years (Figure 1).



Web service-based spatial knowledge discovery can be used for handling interoperability issues of spatial knowledge discovery in an SDI environment. A number of studies [37,38,39,40,41,42] have proposed the use of SOA for data mining, Machine Learning (ML), Business Intelligence (BI), and On-Line Analytical Processing (OLAP). Zorrilla and García-Saiz (2013) [42] described an SOA-based software architecture to extract useful and novel knowledge using data mining techniques in order to obtain patterns that can be used in the decision-making process. The architecture was presented in 5 layers including the data layer, enterprise component, services, business process, and presentation layer. The service layer is offered as a web service, which makes it easily accessible from any client application. Its main characteristic is that it is based on the use of templates that answer certain previously defined questions. These templates gather the tasks of the Knowledge Discovery in Databases (KDD) process to be carried out on the data set, which is sent by the end-user. Medvedev et al. (2017) [43] implemented a number of data mining methods as WS and used them in a web-based data mining tool. The main idea of the research is to provide scientific workflows to extract useful patterns from large data sets based on the service component. Here, the scientific workflows allow composing the convenient model of the data mining process covering a number of different methods. By using Apache Hadoop, Kusumakumari, Sherigar, Chandran, and Patil (2017) [44] propose a time-efficient algorithm for mining frequent item sets in real-time streaming data. They observe that the Hadoop works well for mining frequently occurring patterns. They concluded that using the same proposed method in a MapReduce framework significantly lowers the execution time taken. Omidipoor et al. (2018) [20] demonstrated that a set of Web service-based SDM methods is necessary to respond to the GIS community requirements. To facilitate distributed SDM methods, they (See [20]) proposed a general Spatial Knowledge Infrastructure (SKI) in which SWS has a pivotal role in their study.



Although extensive research has been carried out on integrating DM techniques based on SOA, far too little attention has been paid to the use of SDM methods as an interoperable WS procedure. It is now well established from a variety of studies that in recent years, significant progress in parallel and distributed GIS systems occurred. The question that can be addressed is how to extract useful knowledge from heterogeneous and distributed spatial data using interoperable and standard services. As [21] mentioned, heterogeneity requires interoperability and standards among the data processing tools. A new approach is, therefore, needed for spatial knowledge discovery that tackles interoperability challenges.




3. The Proposed Solution


The proposed solution integrates the capabilities of SOA and SDM techniques in an interoperable and parallel computing engine to facilitate the knowledge extraction process from SDIs. Figure 2 presents the general architecture of the proposed solution. The architecture contains four major layers to provide desirable functionalities and capabilities: (1) the SDI layer is responsible for the integration of distributed and heterogeneous data from different SDIs, using modern big data storage technologies; (2) a knowledge discovery engine layer supports high-performance spatial data mining techniques across clusters of computers named processing workers; (3,4) seamless and interoperable interaction between clients and bottom layers provided by the KDWS. In the following sections, a detailed description of the architecture components is described.



3.1. SDIs Layer Component


The SDIs layer component is the core component for spatial data integration. The component allows the integration of data from different SDIs to extract, transform, and load (ETL) in a modern big data storage system. Specifically, the component is responsible for loading various sources of data into an HDFS cluster. HDFS is designed to support extremely large files (terabytes), and it is well satisfied for applications that follow “write-once-read-many” semantics and require that these are ”read” to be satisfied at streaming speeds. This is consistent with the goals of data mining in SDIs. An HDFS cluster primarily consists of a NameNode that manages the file system metadata and DataNodes that store the actual data (master/slave architecture). Internally, a file is split into one or more blocks, and these blocks are stored in a set of DataNodes. To provide reliability, it maintains each file as a sequence of blocks. The NameNode and DataNodes have built-in web servers that make it easy to monitor the status of the cluster. A comprehensive description of HDFS architecture can be found in Hadoop HDFS architecture available on the official website.



In the proposed solution, the mentioned process is managed by a storage management utility. It delivers a wide range of spatial data formats including XML-based, JSONbased, CSV, and other traditional vector formats into an HDFS. Currently, it is possible to handle efficiently massive amounts of data by using in-memory ETL tools. It should be noted that metadata-driven spatial ETL can be used for the integration of SDI data sources in HDFS by utilizing OGC Web services.




3.2. Knowledge Discovery Engine


The knowledge discovery engine is a core-processing component for extracting knowledge from a big spatial data platform. To prevent low time latency, the layer uses parallel or cluster computing solutions. This layer also allows users to read the heterogeneous spatial objects from various data formats and running parallel spatial processing tasks. In this regard, innovative open-source parallel computing frameworks such as GeoSpark can be used. The main components of GeoSpark provide a set of spatial RDDs (SRDDs), which is a read-only collection of data that can be partitioned across a subset of Spark cluster machines. In the proposed solution, each partition assigns to a processing worker. Although data mining techniques are very diverse, the most common and most widely used techniques are reviewed based on [6,9,10] and [45] are implemented in the proposed solution. Techniques or algorithms considered in the knowledge discovery engine are described in the following sections. In addition to general data mining methods, efforts have been made for implementing spatial explicit data mining methods.



3.2.1. Spatial Clustering


Spatial clustering algorithms are among the most widely used groups of SDM methods. The core idea of spatial clustering is to summarize geospatial objects into K categories such that the intra-cluster and between-cluster similarity is maximized and minimized, respectively [14,46,47]. Several partitioning, hierarchical and density-based clustering algorithms are supported by the knowledge discovery engine component (See Table 1). Since these algorithms only deal with attribute similarity, the spatial explicit clustering method developed by [46] has been implemented. In addition to grouping geospatial objects, hot and cold spots as well as a spatial outlier can be identified by using this method.




3.2.2. Spatial Classification


Spatial classification is a data mining method used for finding a model that describes and assigns a class label for geographic objects based on spatial relationships [54,55]. Depending on the purpose, context, and data availability, this process can be done using either supervised or unsupervised algorithms [56]. Supervised classification performs in two steps, learning and testing [57,58]. In the first step, some portions of the dataset are selected as training datasets, and then different algorithms are used to build a classifier. In the testing step, the classifier is used to predict class labels and test the model. A rule derived from a set of training data can be evaluated using two criteria: coverage and accuracy. Although in most algorithms, spatial relationships are not considered, some researchers have also proposed algorithms to consider spatial relationships [54,55]. Classification algorithms are supported by the knowledge discovery engine component presented in Table 2.




3.2.3. Spatial Association Rule Mining


Spatial association rule mining is among the most interesting methods used in the SDM [9,18,26]. This technique is a kind of mining process that is used for discovering useful relations, associations, or patterns that are not explicitly stored in spatial databases. A spatial association rule can be defined as X→Y, in which the representation of X and Y shows the predicate set [17,18]. There are two main steps to finding useful rules. First, all combinations of geographic objects that occur with a specified minimum frequency should be found. Then, based on recognized frequent item sets, rules are evaluated. The Apriori is the most widely used association rule-mining algorithm for finding frequent item sets. Since the number of possible identified rules is usually too high, a threshold value is given by the user to determine the importance of identified spatial association rules (strong rules). There are three common methods used to evaluate the importance of identified rules: support, confidence, and lift [9,17].





3.3. Services Layer


To make a seamless and interoperable interaction between end-users and the knowledge extraction engine component, a web service called KDWS was developed. From an operational point of view, a client delegates a series of parameters to his/her request and assigns an SDM task to the knowledge extraction engine. Then, the knowledge extraction engine presents the extracted spatial knowledge to the user based on the parameters received by the user. In this context, spatial knowledge refers to the interoperable output of SDM techniques, provided by the KDWS.



The most important concepts used in the KDWS are service, interface, and operation. Service is a set of interfaces provided by an entity. Different services have different functions that are independent and separable. For example, different services, such as retrieving, mapping, and processing, are considered as separate services. In order to execute a process (here, knowledge extraction from spatial data), the method of referring requests to an object (here, the server means) is specified by an interface. In the simplest case, the KDWS interface describes the name of the operation, list of parameters, and the values allowed to extract knowledge from a database. In connection with the KDWS, various operations are expected, which are defined by the service interface. The KDWS service interface depicted in Figure 3 is based on Unified Modeling Language (UML).



The class diagram shows that KDWS inherits GetCapabilities operation from the OWS interface and adds three operations named GetInsight, GetSpatialClusters, GetSpatialClassification, and GetSpatialAssociationRules. It should be noted that OGC /ISO standards related to UML notation have been used to define interface specifications of KDWS. Given the wide variety of SDM techniques, it is very difficult, if not impossible, to create a single schema that can provide different structures and parameters as an interface. Therefore, each data mining algorithm is defined as a separate interface. Although the proposed service operations are different from other OGC services, such as Web Processing Service (WPS), Web Coverage Service (WCS), and WFS, there are many similarities with common interfaces. Therefore, since OWSs use a standard called Common Implementation Specification in shared implementations, this specification is used in this study [60]. Request operation in the KDWS is implemented based on OGC 05-008 standard. Therefore, the request can be made based on an HTTP GET, KVP coding, or based on HTTP POST. In the service, according to parameters specified by the user’s request, interoperable and standard output is provided.



To extract knowledge from spatial data, different operations are supported in the KDWS described in the following sections.



3.3.1. GetCapabilities Operation


In order to understand how to use the KDWS, a series of metadata information in the form of an interoperable format (i.e., XML document) is required. The document not only contains valid KDWS requests, but it also refers to the service providers, and other service components, such as operations descriptions, supported SDM algorithms, parameters, access levels, header information, and available dataset. While a web server receives a request from the client, this metadata information is sent to the client in an interoperable format. Figure 4 shows the GetCapabilities UML class diagram.



As shown in the above interface, in addition to inheriting OGC-based classes, the KDWS metadata has added new classes to describe and provide metadata related to GetCapabilities operation.




3.3.2. GetInsight Operation


The GetInsight operation provides an overview of geographic data. Here, insight can be summarization, distribution, and the relation between variables. Generally, the client wants to have a summary of the geographic data in different formats such as image, JSON, and XML. Quantifiers such as mean, median, as well as measures of variability are the most important benchmarks that are emphasized in the operation. Data distribution and communication between variables are also expected in the GetInsight operation. Summarization, relations, and distribution are the most important insight types that have been implemented in the GetInsight operation. Figure 5 shows the GetInsight operation class diagram.




3.3.3. GetSpatialClusters Operation


In the GetSpatialClusters, the client chooses the algorithm, data set, related variables, and response format. In the GetSpatialClusters request, the output of the algorithm is presented in JSON format by default, so it can be reused and shared. It is possible to obtain the output as XML or GML. The GetSpatialClusters operation class diagram is depicted in Figure 6.




3.3.4. GetSpatialClassification Operation


Implementing spatial classification algorithms in the form of web services is more complex than other SDM algorithms. The reason should be founded in the separate training and testing steps. To handle this complexity in the KDWS service interface, it is possible to consider a part of the data set for testing and learning of the model. For example, 20 percent of the dataset can be randomly considered as test data, and the model can be calculated after the execution of the algorithm. The number of mandatory and optional parameters varies depending on the algorithm used. Unsupervised algorithms in the GetSpatialClassification operation are also supported. The GetSpatialClassification operation class diagram is depicted in Figure 7.




3.3.5. GetSpatialAssociationRules Operation


Among the most interesting operations supported in the KDWS is GetSpatialAssociationRules. It identifies hidden rules in a set of spatial datasets. Usually, many of the identified rules may not be very important, so the proposed service provides the extracted rules with two important evaluation criteria: support and confidence. Therefore, in all extracted rules, the value and criterion of acceptance of association rules will be defined. Like mentioned operations, the output of the knowledge extracted in the above request can be received in a different interoperable format, so it can be reused and shared. Figure 8 shows a class diagram of the GetSpatialAssociationRules operation.





3.4. Applications Layer


This is the topmost layer of the proposed architecture. The utilization of KDWS provides usable and interoperable knowledge that can be used in various applications. Generally, many organizations, markets, and industry decisions require spatial knowledge; therefore, the proposed solution can provide a soft spatial knowledge infrastructure in an interoperable and participatory environment. For example, some organizations could participate together to share knowledge extracted by their KDWS services, and generate a collaborative environment during spatial decision-making processes. In addition to exchange service outputs, some organizations may also share their service itself with others. In this situation, relevant organizations can use service capabilities according to their needs. In such cases, a service registry can provide a description of the KDWS and available spatial data and algorithms. Then, spatial knowledge discovery algorithms are utilized as an executable workflow. Finally, a KDWS service chain can then be created to bind the extracted spatial knowledge to generate high-level knowledge.





4. Implementation and Results


To examine the capabilities of the framework, a scenario is defined and the capabilities of the proposed solution are determined. In the scenario, information related to geodemographic data published as standard web services in different local SDIs. The goal is to extract useful knowledge from these datasets through the proposed solution. In this scenario, spatial knowledge refers to the output of SDM techniques, provided by the KDWS.



A case-study approach was adopted to gain a detailed understanding of the proposed framework. The dataset used is related to three districts of Tehran, Iran (Districts: 3, 6, and 11). These regions are representative of different quality of life levels, which are located in the northern, central, and southern parts of the city (See Figure 9). From socio-economic vision, different social classes live in the city, including the affluent class (upper) in the northern part, semi affluent in the central parts (middle), and deprived class (lower) in the southern parts.



Figure 9 shows the location of the selected districts, and population density at the census blocks. These blocks contain 3184 units. Socio-economic and geodemographic indicators related to these blocks are stored in a distributed network, published by different authorities. The indicators are shown in Table 3.



4.1. Implementation Workflow


This section describes the implementation steps for extracting knowledge from distributed spatial data. As shown in Figure 10, the implementation workflow contains three major phases as follows:



4.1.1. Data Ingestion


In this phase, spatial data from different SDIs are loaded and integrated into the HDFS-based data storage systems. Here, it is very important to understand how data, metadata, and geospatial services available in different SDIs are organized in the solution. To simulate such an environment, Oracle VirtualBox, a cross-platform virtualization software (https://www.virtualbox.org/), was used for creating three virtualized machines. For each machine, resource allocation, database server (here, PostgreSQL), GIS server (here, Geoserver), and network-related settings are configured. GeoNode (http://geonode.org/), a geospatial content management system, was used for easy-to-use managing data, metadata, and publishing different OGC services including WMS, WFS, and Catalogue Service for the Web (CSW). After publishing data as OGC services, the data should be stored in the desired HDFS provided by the Hadoop framework. By using GeoKettle, a metadata-driven spatial ETL tool geodemographic data stored in the desired HDFS.




4.1.2. Distributed Computing Management


In this stage, all required data are properly stored in the form of local HDFS files. To efficiently utilize the capabilities of parallel processing, it is necessary to partition data across separate machines. Moreover, the required processing for knowledge extraction should break down into different computing units (worker node). There are some challenges in partitioning and parallel processing management. Unfortunately, native Hadoop storage utilities split data into multiple partitions without properly considering spatial characteristics (i.e., data types, spatial indexes, and geometrical operations). For partitioning necessary data based on spatial characteristics, GeoSpark (http://sedona.apache.org/), a cluster computing system for processing large-scale spatial data, was used. It extends the RDD, the core data structure in Apache Spark, to accommodate big geospatial data in a distinct cluster. Data in SRDDs are partitioned according to the spatial data distribution, and nearby spatial objects are very likely to be put into the same partition. Managing partitioned data location (the corresponding path of data) and different computation (tasks) across multiple machines is another challenge. For carefully keeping track of where the data are stored across the distributed HDFS, a utility named “Cluster management” was used. By using a mapper function, it integrates distributed competitions on the nodes where the partitioned data are located.



Python libraries such as PyClustering [61], PySAL [62], and Scikit-Learn [63] are used for implementing spatial data mining tasks. Additionally, The GeoPandas, an open-source python project that supports geospatial data types (https://geopandas.org/), was used for the implementation of classification algorithms. In addition to the mentioned libraries, a pure Python implementation was used for spatial association rule mining and other functionalities.




4.1.3. KDWS


Seamless and interoperable interaction between clients and distributed knowledge discovery tasks are provided by the KDWS. The capabilities achieved by the KDWS were mentioned before (See Section 3.3).



The Django web development framework was used in the implemented process of the prototype web framework (https://www.djangoproject.com/). This allows the integration of system modules based on a loosely coupled approach [64].



As shown in Figure 11, different capabilities of the proposed solution are implemented in a web-based system prototype. These capabilities are achieved by the KDWS operations mentioned before.





4.2. Results


The HTTP request–response protocol allows clients to communicate with the implemented prototype. The client submits an HTTP request message to the server based on HTTP GET or HTTP POST. A series of metadata information contains valid KDWS requests/response parameters provided by the GetCapabilities operation (See Section 3.3.1). Based on required knowledge discovery tasks, the client chooses the algorithm, data set, related variables, and response format. In the following, a sample KVP request is shown.



http://127.0.0.1:8000/KDWS?service=KDWS&version=1.0.0&request=getSpatialclusters&algorithm=k-means&dataset=geodemographic&variables=literacy,income&outputformat=application/json.



Results of GetSpatialClusters for the data set used in the study area are shown in Figure 9. As shown in Figure 12, homogeneous statistical blocks of the study area based on different variables including income, employment, divorce rate, and literacy rate were identified as different spatial clusters. In the figure, green and blue regions are clusters as well as red, and purple is the outliers.



Figure 13 shows the results of the GetSpatialClassification operation applied to the geodemographic data of the study area. The aim is to classify statistical blocks into separate classes based on social and economic indicators. Due to the lack of training data, the K-NN classification algorithm was used. As a result, the most similar spatial features were separated from other features in the form of classes and are presented in Figure 13.



By applying the GetAssociationRules operation, the relationships between the various variables are presented as a set of association rules. The following examples are such rules for which the support and confidence are provided for evaluation.



Rule 1: Literacy rate=’(0.96-1]’ Computer and Car=’(0.71-0.85]’ Family size=’(2.9-3.5]’ Dependency burden=’(0.2-0.4]’ 398 ==> Annual income (M Iranian Rial)=’(153 -171)’ 376 <supp:(0.125) conf:(0.94)>



Rule 2: Divorce rate=’(0-0.052]’ Annual income (M Iranian Rial) =’(153-171]’ Computer and Car=’(0.72-0.86]’ Dependency burden=’(0.2-0.4]’ 478 ==> Literacy rate=’(0.96-inf)’ 435 <supp:(0.15) conf:(0.91)>



In the first rule, if the literacy rate is more than 96%, 71–85% of households have a computer and personal car, the family size is between 2.9 and 3.5, and the dependency burden is between 0.2–0.4, then the average annual income of households living in these blocks will be between 153 and 171 million Iranian Rials. The support and confidence values for this rule were 0.125 and 0.94, respectively.



Figure 14 shows the side effects of the components (conditions) in the second rule, respectively. According to this rule, census blocks with less than 5.2% divorce rate and annual income between 153 and 171 million Iranian Rials and households having a computer and personal car between 71 and 85% and burden of responsibility between 0.2 and 0.4 have people with a literacy rate of more than 96%.





5. Discussion and Conclusions


The purpose of the current study was to propose a framework for extracting knowledge from distributed spatial data on top of SDIs. The framework integrates SOA and SDM techniques to enable spatial knowledge extraction processes. In this context, we introduced an architecture that contains four major layers. The data layer is used for the integration of distributed and heterogeneous spatial data. The knowledge discovery engine layer supports high-performance spatial data mining techniques across clusters of computers, and the KDWS layer provides interoperability for applications. Accordingly, a web service is implemented that supports SDM techniques in modern data storage and a parallel computing platform named KDWS. The KDWS interfaces are implemented based on interoperability standards that support the most important SDM techniques include spatial clustering, classification, and association rule mining. In addition to the interface implementation, the procedures of this study were executed for extracting useful knowledge from part of the Tehran geodemographic data. Integrating SDM techniques based on SOA and distributed computing provides high performance and interoperable spatial web services that can be used in many applications.



The findings should make an important contribution to geospatial web service, SDI, and geographic knowledge discovery (GKD) fields. Compared to traditional SDM procedures, the proposed solution allows a dynamic, easier, and much faster practice to perform the SDM technique. Due to the interoperable components of the proposed framework, this method is particularly useful in spatial knowledge sharing. This means that a decision-maker can use a combination of KDWS operations to answer unstructured questions, also hoping for service orchestration or composition to obtain more valuable knowledge. The findings of this study suggest that web service-based SDM techniques can be used for geographic knowledge discovery.



Although the proposed framework provides advantages for GIS societies, it also includes certain limitations. In this study, loading SDIs data to HDFS applied by ETL tools as well as multiple manual coding and scripts was used. However, the repetition of such manual operations is a time-consuming process, especially when hundreds or thousands of clusters exist. In this regard, the automation of such manual operations is an essential mechanism. Automation data integration and ETL process through workflows or a user-friendly graphical interface can solve this problem. Moreover, geographic data especially in the environmental field are inherently stored in the raster data model, but this type of data model is neglected in the developed service. Strategies to enhance the performance of the methodology should be involved in future studies. The proposed solution can be extended to support other spatial mining techniques. Additionally, while this study focuses more on the feasibility of extracting knowledge from SDIs using interoperable services, the speed and performance of this kind of service could be tackled when the voluminous dataset is used (gigabytes or terabytes of a spatial dataset). More broadly, research is also needed to determine the semantic problems of spatial data in the proposed solution. To integrate heterogeneous and distributed spatial data in different contexts, the framework can be by considered geo-ontologies to describe semantic relations of big spatial data.



In future work, utilization of the proposed solution from different visions includes knowledge extraction, sharing, and the composition can be implemented or evaluated in a geoportal. A greater focus on procedures to integrate or the composition of various KDWS services could produce interesting findings, which could be very important in the future. The question raised by this study is how to combine web service-based SDM techniques and gain more important knowledge (knowledge about knowledge). Another possible area of future research would be to investigate a web service-based SDM solution for a raster-based data model.
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Figure 1. A paradigm shift from Geographic Information (GI)-systems to GI-Services. 
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Figure 2. Proposed framework for extracting knowledge from spatial data. 
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Figure 3. Class diagram of the Knowledge Discovery Web Service (KDWS). 
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Figure 4. Interface of the GetCapabilities operation. 
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Figure 5. Interface of the GetInsight operation. 
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Figure 6. The interface of the GetSpatialClusters operation. 






Figure 6. The interface of the GetSpatialClusters operation.



[image: Ijgi 10 00012 g006]







[image: Ijgi 10 00012 g007 550] 





Figure 7. The interface of the GetSpatialClassification operation. 
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Figure 8. The class diagram of the GetAssociationRules operation. 
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Figure 9. Location of the study area. (a) Iran, (b) Tehran province, (c) Tehran city, and (d) Districts 3, 6 and 11. 
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Figure 10. The implementation workflow of the proposed solution. 
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Figure 11. A prototype system developed to use the KDWS. 
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Figure 12. An example of the GetSpatialClusters operation output applied to geodemographic data of Tehran: (a) annual income, (b) employment rate, (c) divorce rate, and (d) literacy rate. 
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Figure 13. The output of GetSpatialClassification operations applied to study area. 
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Figure 14. The output of GetSpatialAssociationRules operation applies to geodemographic data. (a) Divorce rate, (b) annual income, (c) computer and car, (d) dependency burden, and (e) literacy rate. 
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Table 1. Clustering algorithms supported by the knowledge discovery engine component.
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	Algorithm
	Use Case





	Anselin cluster and outlier [46]
	Spatial explicit cluster with outlier expected



	K-Means [48]
	General-purpose



	Birch [49]
	The data volume is large



	Spectral [50]
	Few clusters expected



	Ward [51]
	Many clusters expected



	OPTICS [52]
	Many clusters and connectivity constraints expected



	DBSCAN [53]
	Density estimation
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Table 2. Classification algorithms supported by the knowledge discovery engine component.
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	Algorithm
	Use Case





	K-nearest neighbors [58]
	A non-parametric method, the decision boundary is very irregular



	Decision trees [55]
	Handling both numerical and categorical data



	Support vector machines [56]
	Binary classification problems



	Random forests [59]
	High computational complexity



	Logistic regression [56]
	Input variables have a Gaussian distribution
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Table 3. The most important geodemographic indicators used for testing of the proposed methodology.






Table 3. The most important geodemographic indicators used for testing of the proposed methodology.





	Indicator
	Description





	Employment ratio
	The ratio of employed people to the active population



	Income
	The average income of individuals from different job groups in each block.



	Literacy
	A combination of three parameters: literate over 6 years old, students and university graduates



	Welfare amenities
	Having basic services (water, electricity, gas and telephone), personal car and computer



	Single and divorced
	Combination of divorce rate and percentage of people never married (more than 50 years)



	Population aging
	The ratio of people over 65 years to the total population



	Youth population
	The ratio of age groups from zero to 14 years to the total population



	Dependency ratio
	The population of 0-14 and >65 age groups to a population of 15 to 65 years



	Gender ratio
	Number of men for every 100 females
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