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The abstract presents a new hybrid approach for automatically extracting spatial
information from Arabic text documents in geographic information systems. The main
objective is to automate and enhance the performance of GIS systems by making certain
tasks explicit and improving the resources for Arabic Natural Language Processing
(ANLP). The first step of the study involves the construction of a spatial ontology to index,
annotate and extract spatial information from Arabic texts. In the subsequent step, JAPE
rules are developed and employed to disambiguate and classify different types of spatial
information. The evaluation of the proposed system demonstrates promising performance,
with a precision rate of 93.8% and a recall rate of 95.2%. Overall, this hybrid approach
presents a significant contribution to automating spatial information extraction from Arabic
texts, enhancing GIS systems, and improving ANLP resources. The positive experimental
results highlight its potential for various practical applications in geographic information

retrieval and natural language processing.

1. INTRODUCTION

In recent years, the rapid growth of digital information has
highlighted the need for efficient information processing
systems, especially for languages that are rich in vocabulary
and complex in structure, such as Arabic [1]. Extracting spatial
information from raw text has become a crucial research topic
in various fields such as Automatic Natural Language
Processing (NLP), Information Extraction (IE), Information
Retrieval (IR) and Geographic Information Systems (GIS).

Spatial information extraction offers many advantages and
can be applied to a variety of domains. It improves the
accuracy and relevance of search results, optimises geographic
information systems (GIS) [2], enriches geospatial databases,
and enhances location-based services (LBS) [3]. It also
facilitates decision-making in areas such as urban planning,
natural resource management and disaster response. The
information extraction process transforms unstructured textual
data into structured output by identifying and extracting
entities, relationships, semantic roles and events [4].

Due to its complex semantic and morphological features,
the Arabic language faces significant challenges in the field of
information extraction and retrieval, particularly for spatial
information. Existing methods often prove ineffective in
meeting these challenges [5, 6]. It is therefore necessary to
develop a new approach to improve the accuracy and
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efficiency of this extraction.

Ontologies appear as an important solution to building a
shared and reusable body of knowledge that support human-
machine interaction and understanding [7]. They play a crucial
role in knowledge representation and contribute to the
development of the Semantic Web [8]. However, the
exploitation of ontologies for the automatic indexing, retrieval,
extraction and annotation of Arabic texts is still little explored.
In the context of information extraction and search, the
ontology is exploited to: 1) index entities or concepts of a
specific domain and their diversities; 2) a hierarchical design
to generate retrieval rules by the IE system; 3) the properties
of concepts and the relations between these properties that
guide the information extraction process; 4) The relationships
with the concepts and their properties. The result of the
information extraction process should be an updated/improved
semantic annotation, model or ontology [9]. In this context,
our study aims to answer the question of how to satisfy the
needs of users of an Arabic GIS and which techniques to adopt
to extract relevant spatial information from Arabic texts. To
address these challenges, we propose a hybrid approach
combining rule-based and ontology-based methodologies.
This approach draws on the strengths of both techniques to
deal with the linguistic complexities of Arabic, such as its
morphological richness and semantic ambiguities.

The objectives of this study are as follows:
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* Develop a hybrid approach that integrates rule-based and
ontology-based methodologies
information from Arabic text.

* To construct the Arabic Spatial Toponym Ontology
(ASTO) to aid in accurate indexing, annotation, and extraction
of spatial data.

* To employ JAPE rules for precise disambiguation and
classification of spatial information.

* To evaluate the effectiveness of the proposed approach
through rigorous testing and demonstrate its potential to

for

extracting  spatial

improve GIS application performance.

The remainder of this paper is organized as follows: Section
2 reviews related work. Section 3 presents the hybrid approach
and describes the main components of the proposed system.
Section 4 discusses the experiments and results. Finally,
Section 5 provides the conclusion and perspectives for future
work.

2. RELATED WORK

Table 1. Summary of related works

Authors Input Data Output Data Discussion Year
[10] Online texts (posts, Populated Terror Beliefs -Detection and identification of online posts and personae 2024
articles, social media ). Ontology (TBO) that espouse radical ideologies.
Ontology of car Qamage -The system uses an ontology based on expert knowledge to
Insurance reports populated with . . .
[11] o . . . model car damage and extracts information from insurance 2023
describing vehicle damage  information extracted from
. reports.
the insurance reports
-OntoHuman is an application that automatically extracts
key-value-unit tuples from PDF documents based on
Updated Ontology, ontologies. Allow users to update and enhance the
[12] Text pdf Ontology Graphic results ontologies used. It is designed for use with engineering- 2022
related documents and offers an intuitive and collaborative
approach to working with ontologies for users.
-This study aims to acquire, store, and provide information
[13] Domain Information / Domain Ontology and on organic farming. To achieve this, Information Extraction 2021
Organic Farming information (IE) techniques and ontology development are used to
create an organic farming extraction system (OBIESOF).
-The proposed system involves a combination of IE and
[14] Medical reports/ Clinical Ontology creating of an ontology to facilitate the process of extracting 2020
and visualizing clinical information.
Technical documents pdf This approach presents an ontology-based method for
[15] or html and Generic Table extraction PpIC P £y 2018
extracting relevant tables from PDF documents.
Ontology
-This approach begins with a domain-specific ontology
created by human experts. It then employs techniques to
[16] Text and domain ontology Update ontology identify and apply heuristics for extracting information from 2013
unstructured text, subsequently adding it as structured
information to the chosen ontology.
Message twitter and _ . -This system integrates Named Entity Recc_)gmtlon (NE_R)
[17] ) Information extraction along with a disambiguation module that utilizes syntactical 2012
DBpedia Ontology
context and a knowledge base such as Freebase
The main ideas of this approach are the "information
Text input and ontology . . extractors," which are components of an IE system that
[18] predefined/ Information extraction promote the reusability of predefined ontologies, and the 2010
"extraction platforms."
-SOBA is a system that performs OBIE from football-
related web pages. The purpose of this system is to
Extracts information automatically populate an expertise base that can be used
[19] Text and Web pages . ? for domain-specific query answering. SOBA can lie in its 2006
expertise base, o . .
ability to establish a seamless connection between the
ontology, expertise base, and the data extraction
component.
-KIM framework offers knowledge and information
Annotated documents management services, enabling automatic semantic
[20] Semantic Web RDFs Ontology,Information annotation, indexing, and document retrieval. This 2004

extraction

approach aims to ensure efficiency, facilitate metadata
ontology sharing, and promote reusability

Within the semantic-based approach, there are six core

techniques: model-driven approach, code-level approach,
middleware solution, message interception, rule-based
reasoning, and ontology-based solution [21]. In the field of
information extraction, various approaches exist in the state of
the art, namely: rule-based approaches [22]; learning-based
approaches [23]; hybrid approaches that combine these two

previous approaches [24]; and ontology-based information
extraction (OBIE) [25]. In the following, we will mention
some related works in Table 1.

Ontology-Based Information Extraction (OBIE) is a
relatively new research area within information extraction,
focusing on using ontologies to process semi-structured or
unstructured text and extract specific types of information. In
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OBIE, the input information can be a document (PDF, text,
HTML, XML), an ontology, or a corpus of documents. These
inputs are processed using natural language processing (NLP)
algorithms and methods, including tokenization, sentence
splitting, and part-of-speech (POS) tagging. The use of
ontologies in the information extraction process allows for the
detection of synonyms, co-references, and relationships
between concepts and properties. The output of such a system
can be represented as knowledge in various formats, such as
RDF (Resource Description Framework), XML, or semantic
annotations [26]. Typically, this knowledge representation is
organized as an ontology, contributing to the development of
the Semantic Web.

Ontology-based named entity extraction, annotation, and
information extraction are successfully applied in various
domains, including relevant concept extraction. Several
related works are based on OBIE, showcasing its potential and
applicability.

3. THE PROPOSED APPROACH

In the scientific community, geographic information is
defined as a composition of three concepts: spatial, temporal,
and thematic information. The main idea is that the
combination of these three types of information allows for
describing an event that is occurring or has occurred at a
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specific location and time. Among these components, this
paper focuses on the processing of spatial information.

Currently, the integration of ontologies and rules has
garnered significant attention in research related to ontologies
and the semantic web [5]. The rise of ontologies is noteworthy
as they can represent knowledge across various domains. This
knowledge aids in semantic search by enhancing accuracy
through understanding the purpose and contextual meaning of
terms as they appear within the data space. The proposed
approach consists of two main parts: first, the construction of
the Arabic Spatial Toponym Ontology (ASTO), which
represents spatial entities and relations; and second, an
automatic information extraction system that leverages the
built ontology along with natural language processing
techniques and JAPE rules in GATE [27].

The general architecture of the proposed approach (see
Figure 1) comprises four phases. In the first phase (Ontology
Creation) (Figure 2), concepts are collected, and classes
(representing Arabic spatial entities and relations) (Figure 3)
are created for use in the text-matching steps. The second
phase (Text Processing) applies various modules to annotate
named entities within the text. The third phase (Combination
and Extraction) utilizes the ontology to match classes,
subclasses, or instances with the text (Figure 4). The fourth
phase (Disambiguation and Classification) employs JAPE
rules, which consist of algorithms developed and implemented
in Java (Figure 5).

1- Ontology

al \ Extraction Creation
Sentence Splitter ‘
2
allny | 7 Y
|‘/I Post Tagger ‘ | Annotated Arabic |
\ J Text (combination
and Extraction
( Analyser ) Spatial Entities and
=7 __ Morphological | \_Spatial Relations |
2- Text Processing | | I i-l
Annotated Arabic Text |

(Disambiguation and :
Classification Spatial <—,— Ontological
Entities and Spatial

Relations

JAPE Rules

4- Disambiguation
and Classification

Figure 1. Phases of proposed approach
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3.1 Ontology creation (ASTO: Arabic spatial toponym
ontology)

Ontologies serve as a crucial solution for developing a set
of shared and reusable knowledge that facilitates interaction
[28], enabling interoperability and integration of various
systems. Automatic extraction of ontological relations from
texts is vital for representing documents and their content in a
computerized and machine-readable format [29]. Ontology,
from a philosophical point of view, is a discipline that deals
with the nature and organization of being. With the
development of information technology, ontology receives a
new definition an Ontology is a formal specification of a
shared conceptualization of a domain, it represents concepts
using a human-understandable and machine-readable format
and it consists of entities, values, relations and axioms [30].

As a conceptual model used for description at the semantic

OBIE Domam

]

and knowledge levels, ontology is applied across many
information processing domains, including knowledge
engineering, digital libraries, software reuse, information
extraction, and the semantic web [19].

When constructing the ASTO ontology, we follow the
methodology outlined by Noy and McGuinness [31], which
involves eight stages. The first stage is to define the domain.
The next three stages are for constructing the taxonomy and
the ontology and providing a formal description. The
subsequent four steps include creating classes, conducting the
reasoning process, performing a consistency check, and
generating the result set (see Figure 2).

The development of an ontology involves iterative
refinement: an initial version is constructed, evaluated through
applications or expert review, and then refined until a
functional ontology is achieved.
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Figure 2. A general procedure of an ontology construction [31]
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Figure 3. Conceptual Ontology (ASTO) model

1.Input: TextRa¥ T, Ontology Ont, Sentence S,¥ord ¥,
2.0utput: Annotated-and-Extracted-Text CorpusT;

3. Begin

4.Parse T, Read words ¥ from the text;

For each sentence S in T do
For each word ¥ in S do
For each Class in Onto

Endif
End while
Endi f
If (Ont.Class
Yhile {Ont.
If (¥

Endif
End while
Endi f
EndFor
EndFor
28. EndFor
29. End

== Onto.

do

If Ont.Class == Spatial-Object Then
Yhile (Ont.Spatial-Object.SubClass <> vide) do
If (¥==0nt.Spatial-Object.SubClass. inst) Then
Annotate (¥, Spatial-Object ,CorpusT);
Extract—in (¥,CorpusT , Class—Spatial-Object) ;
Onto. Subclass=0nto. Subclass+1;

== Spatial-Location ) Then

Spatial-location. SubClass <> vide) do
spatial-Location. SubClass. inst) Then
Annotate (¥,Spatial-Locaion ,CorpusT)
Extract—in (¥,CorpusT, Class—-spatial-Location);
Onto. Subclass

= Onto. Subclass+1

Figure 4. Pseudo-code for algorithm extraction spatial entities

Initially, as detailed by Konys [25], the process of building
an ontology begins with a thorough domain analysis. This
involves selecting an appropriate combination of OBIE
approaches. Based on this analysis, a final set of characteristics
and sub-characteristics is determined, followed by the
formation of a class hierarchy. This hierarchy forms the
general foundation for constructing taxonomies in existing
OBIE systems and tools. During this process, various criteria
and sub-criteria are established, and elements such as concepts,
relationships, and attributes are integrated from disparate
sources into the classification model [32].

Therefore, the taxonomy is based on the construction of the
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ontology. To implement the ontology, the Web Ontology
Language (OWL) is used. OWL provides a formal and
structured method for collecting, organizing, and sharing data,
along with numerous features for efficient ontology
management. The consistency of the created ontology is
verified by defining a set of classes and using a reasoning
mechanism to validate them and the entire ontology. The
accuracy of the results obtained from this process confirms the
ontology's overall consistency and coherence. It is important
to mention that we have tested this process using various
validation queries.



// Classification_Spatial_object

Phase: OntoNatching_Spatial_Object

Input: Lookup
Options: control = appelt
Rule: Lookup

(
{Lookup. class == spatial_object}): Objectl
>
: Objectl. Spatial_Object = {class =: Objctl.Lookup. class,

inst =: Objctl.Lookup. inst}

/f Classification_Spatial_Location

Phase: OntoNatching_Spatial_Location

Input: Lookup
Options: control = appelt
Rule: Lookup

(

{Lookup. class == spatial_location}): Locationl

—>

: Locationl. Spatial_Location = {class =: Locationl.Lookup. class,
inst =: Locationl.Lookup. inst}

Figure 5. Example of rules JAPE for extraction spatial location and spatial object

3.1.1 Geographic object (spatial entity)

In our model, geographic objects are defined as spatial
entities, which can be categorized into multiple geographic
types to reflect their physical and natural attributes. Each
geographic feature can have multiple names. During the
development of the ASTO ontology, several iterations were
required for the following reasons: initially, it was unclear
whether the collected terms were sufficient to fulfill the
ontology's purpose. New terms were added as needed, while
unnecessary terms were removed.

As shown in Figure 3, the conceptual model of the Arabic
Spatial Toponym Ontology consists of various classes and
subclasses, with each subclass containing a set of instances
and properties (see Table 2).

3.1.2 Spatial relations

In the presented approach, we focus on spatial relationships.
Identifying these relationships is crucial for various tasks, such
as reducing ambiguity, enhancing geographic information
extraction, optimizing navigation systems, managing traffic,
spatial reasoning, and responding to queries.

The identification of spatial relationships is a key element
in the development of a new spatial information system. In
ontology studies, we define relationships between geographic
entities considering topological, orientation, distance, and
directional relations, as shown in Table 2. We have developed
a spatial ontology tailored to the Arabic language to account
for the extensive range of terms and meanings, which
improves the efficiency of spatial information extraction and
adds originality to the work presented in this research.

3.2 Data sources and preprocessing techniques

To build our corpus of Arabic text, we follow rigorous
selection criteria to ensure diversity, relevance, and quality.

We selected articles from Arabic newspapers based on the
diversity of media sources, the relevance of the content to
spatial information, and the publication date to ensure the
temporal relevance of the data. The newspapers were also
chosen from among the most readable, well-known, and
widely followed.

Articles were manually collected from four major Arabic

information  sources (see Figure 6): Echourouk
(https://www.echoroukonline.com) News, Elkhaber
(https://www.elkhabar.com) News, Ennahar

(https://www.ennaharonline.com) News, and Elmihwer
(http://elmihwar.dz/ar) News. The final corpus covers various
domains such as human disasters (e.g., accidents, fires),
natural disasters (e.g., floods), and technological events.
Overall, the corpus totals approximately 9,000 tokens,
manually collected from the mentioned websites [33].

Total

Elmihwer

Ennaher
3r2e

Echorouk

1984

Elkhaber

2000

Total Words

Spatial Information

Figure 6. Percentage of spatial information extraction



Table 2. Example of class and instance of ASTO

Class Subclass Subclass Instance
Spatial Spatial Object Natural Object e e ol dule el A Jua
Entity Mountain, plateau, beach, forest, valley, sea, desert, river,
Building Object Grohall Aol 25 ol J jial) aaciall 3 jleall ALl JaSdial) G yaal)
School, hospital, building, architecture, mosque, home, state, municipality, Road....
Spatial Location Country 5 oo o8 Al pallall Al Alae Jas, 5 52l
Algeria, Jijel, Mila, Bejaia, Taher, Milia, Ferdjioua,.....
Spatial Topological Inclusion SR g G g da amy Ria e
Relations Relations On the bank, some, part, a few, between, middle, inside, in,...
Support osma e s s e e
on, on a level, on an axis,...
Direction Cardinal e G el e 30 g Sl
Relations North, south, east, west, northeast,....
Path s (YA e e dal Gigea oladly | g
Towards, In the direction of, Towards, Intending to, Across, Through, Until ...
Distance Quantitative 2f e Aili
Relations distance, at a distance, move away
Qualitative YL QN B SR
Near , approach, close up,...
Orientation Horizontal i Sl cpan ey s J s L
Relations Before, behind, before, behind, after, right, left, vs.
Vertical Jad Jef s 558

Above ,under ,up ,down.

The preprocessing techniques applied to our corpus of
Arabic texts include several crucial steps. We began with data
cleaning, removing extra spaces and formatting elements to
obtain raw text. Next, the typographical errors were then
corrected using both automated and manual tools, followed by
text normalization, including removing diacritics, normalizing
spaces, and punctuation. Finally, we performed manual
tokenization, in which texts were manually divided into
meaningful units (sentences or phrases) to ensure accuracy and
appropriateness for subsequent analysis.

These cleaning and normalization operations are vital to
ensure the texts are properly prepared for thorough and
effective analysis.

3.3 Text processing

General Architecture for Text Engineering (GATE) is
known for its popularity in text analysis and automatic natural
language processing. It has been widely utilized in various
projects, including information extraction (IE) in different
languages. The main advantage of GATE lies in its
extensibility, as it allows the addition of new components or
applications to its existing standard components, thereby
enabling the expansion of analysis and text processing
capabilities. The primary focus of GATE is document
annotation, which can be achieved through three methods:
fully automatic using applications, manual annotation by users,
and semi-automatic annotation through a combination of
corpus processing and manual correction or addition of new
annotations [34].

GATE offers a range of specialized modules for textual
analysis, accessible through a system of plugins. Some of the
commonly used modules include tokenizers (segmenters) for
breaking text into smaller units, Part of Speech Taggers
(morpho-syntactic taggers) for categorizing words, Gazetteers
(lexicons) for identifying specific terms, and transducers
(JAPE) for pattern-based matching. The named entities
extracted by GATE encompass various types such as places,
organizations, people, and dates, among others. With GATE,
users can create new annotations by loading additional
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resources like corpora, documents, and texts, as well as
incorporating new plug-in. It allows for the combination and
parameterization of these resources within the same
processing chain [35]. As an open-source Java platform
dedicated to text engineering, GATE is well-suited for the
development of systems that require natural language
processing and information extraction capabilities.

3.3.1 Sentence splitter

In Natural Language Processing (NLP), dividing a text into
sentences is a crucial step to extract more meaningful
information from it. Each sentence is delimited by identifiers,
such as punctuation marks like periods, exclamation marks, or
question marks. Initially, a sentence is considered a unit of
discourse that is acceptable to the application or NLP system
being used. Segmenting a text into sentences allows NLP
systems to process and analyze smaller chunks of text at a time,
making it easier to understand the context and extract relevant
information. By breaking the text into sentences, NLP models
can focus on the relationships between words within each
sentence, which helps with tasks such as named entity
recognition, part-of-speech tagging, sentiment analysis, and
other language understanding tasks. Sentence segmentation is
an essential preprocessing step in many NLP applications, as
it lays the foundation for further analysis and enables the
extraction of meaningful insights from a given text.

3.3.2 Arabic tokenizer

The tokenizer is an essential component used to divide text
into words, numbers, symbols, spaces, and punctuation marks.
Each of these units is referred to as a token, representing a
distinct syntactic element, which can be a complete word, part
of a word, a multi-word phrase, or a punctuation mark. The
tokenizer relies on a predefined list of word delimiters, such as
whitespace and punctuation marks, and considers the nuances
of tokens within words, especially when dealing with word
stems and clitics. In this research, complete words, including
stems with or without clitics, as well as numbers, are referred
to as main tokens. These main tokens are delimited by
whitespace or punctuation marks. Additionally, full-form



words can be divided into sub-tokens by separating clitics
from stems [35].

3.3.3 POS tagging

POS tagging is an important step in the process before
extraction and recognition of named entities. It identifies and
adds tags to the tokenized text model, i.e., identifying nouns,
verbs, adjectives and other parts of speech for each token. The
POS tagger used in this study with GATE is the Hepple tagger
[36].

3.3.4 Analysis morphological

Morphology [36], in linguistics, is the study of the internal
structure and composition of words and their formation. A
morpheme is defined as the shortest meaningful unit of
language, which cannot be divided down into shorter parts.
The morphological analyzer helps to group words that express
similar concepts. The role of the morphological analyzer in
Arabic is to identify the morphemes of a word (stem): the
affixes (prefix, infix, and suffix) and the root.

3.4 Combination and extraction

Our hybrid spatial OBIE approach is a contribution to the
field of information extraction based on the OBIE ontology.
Additionally, ontologies allow formal and declarative
descriptions of common terms and support automatic or semi-
automatic reasoning about shared data in a domain. The main
idea is related to the search and retrieval of spatial information.

The process starts with loading the ontology into GATE as
an OWL ontology resource and provides facilities for loading
corpora from a URL or file to the Pipeline application. The
system in this step matches concepts, instances and relations
between them of the ontology with an input Arabic text for
extraction and annotation of spatial information. Consequently,
if the system detects an identical word in the input text that is
a class or instance in the ontology, it annotates it. The result
obtained at this stage is an annotated corpus containing the set

of annotated words (spatial information) with an ambiguity
(see Figure 7), we cannot determine the spatial entities, spatial
relations, or classes of each entity.

3.5 Disambiguation and classification

JAPE rules [37], consist of a sequence of phases, each
consisting of a sequence of model/action rules. Each phase
executes sequentially and is a series of state transducers
finished as annotations. The rules consist of two sections: the
left-hand section (LHS), which describes an annotation model,
and the right-hand section (RHS), which consists of annotation
manipulation instructions. The corresponding annotations on
the left side of a rule can be identified on the right side by
means of labels linked to the model elements.

The main functions of the JAPE transducer [37, 38] in this
step are to combine and extract the spatial entities, relations
and their classes of the ASTO ontology with input corpus.
Then, the system searches into the Ontology rules whether the
annotated word is contained (as subclass or instance) in the
class matched the LHS part of the JAPE rule and if it found,
the system classifies the annotated word in this class.

The following algorithm (Figure 4) shows the extraction of
the spatial entities (Object and Location):

3.5.1 Detailed algorithm for algorithm extraction spatial
entities

Inputs: T: Text row to analyze, Ont: Ontology containing
classes and subclasses, S: Sentence extracted from the text, W
Word extracted from the sentence.

Output: CorpusT: Annotated and classified text corpus

Detailed Explanation of Steps
Initialization:

e The text T is parsed to extract individual words W. This

is a preprocessing step that prepares the text for further
analysis.
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Figure 7. Extraction based Ontology without the use of JAPE rules
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Sentence Processing:
« Each sentence S in the text is processed individually.

Word Processing: Each word W in the sentence is
examined to determine if it matches a class in the ontology
Ont.

Spatial Object Classes:

« If the current class in the ontology is an object (spatial-

Object), the algorithm checks each subclass to see if the word
W is an instance of that subclass.

« If a match is found, the word W is annotated and extracted

as a spatial object in the output corpus CorpusT. The subclass
index is then incremented to continue checking other
subclasses.

Spatial Location Classes:

» Similarly, if the current class is a location (spatial-

Location), the algorithm checks each class to see if the word
W is an instance of that class.

« If a match is found, the word W is annotated and extracted

as a spatial location in the output corpus CorpusT. The class
index is then incremented to continue checking other classes.
End of Algorithm:

o The algorithm continues until all the words in all the

sentences have been processed and extracted according to the
ontology classes Ont. We employed the same algorithm for
annotating and extracting each spatial relation (topological,
distance, orientation, direction).

For example, the spatial entities transducer employs an
explicitly defined JAPE rule that is able to match the object
entity (Natural/Building) and location entity models which are
listed in the following (Figure 5).

We use JAPE rules for disambiguation and classification of
spatial entities and spatial relations in our text corpus. Figure

Arnotation Sets Annotations List Annotations Stack  Co-reference Editor OAT RAT-C RAT-I Text \.‘

5 illustrates two distinct phases, each aimed at optimizing the
annotation and classification of spatial data.

OntoMatching_Spatial_Object Phase: This first phase
focuses on the annotation of spatial objects. The applied JAPE
rules check if an annotation matches the spatial object class
defined in our ontology. When this match is found, the
annotation is enriched with detailed information, including the
class and instance of the object. This process ensures not only
precise identification of spatial objects but also effective
disambiguation by associating each entity with a clear
ontological definition.

OntoMatching_Spatial Location Phase: The second
phase follows a similar process for spatial locations. The JAPE
rules check for correspondence with the spatial location class
and enrich the relevant annotations accordingly. This
treatment improves the accuracy of spatial locations and
ensures coherent and informed annotation.

These two phases enable automated identification and
enriched classification of spatial entities, based on a well-
defined ontology. We used the same JAPE rules for the
classification and disambiguation of each spatial relation
(topological, distance, orientation, direction).

4. RESULTS AND EVALUATION

In this section, we outline the experiments conducted to
validate the system's effectiveness. We introduce a hybrid
automatic ontology-based retrieval method that involves the
creation of a new spatial ontology containing various Arabic
spatial knowledge elements such as concepts, instances, and
relations. Additionally, ontological rules derived from the
JAPE grammar are employed to extract spatial entities and
spatial relations by matching the ontology concepts with the
document corpora.
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Figure 8. Extraction based Ontology and JAPE rules

Table 3. Number of spatial entity extraction

Table 4. Results of extraction spatial information

Newspaper Spatial Information Total Newspaper Spatial Spatial Spatial
Words Information Entity Relations
Elkhaber 216 2072 Elkhaber 216 134 82
Echorouk 261 2553 Echorouk 261 190 71
Ennaher 244 2280 Ennaher 244 182 62
Elmihwer 240 2103 Elmihwer 260 165 95
Total 961 9008 Total 981 671 310
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For the initial test, we selected Arabic newspaper texts and
compiled a corpus of 9,008 tokens. Within this corpus, 981
words were annotated with spatial information, and 671 spatial
entities were identified. In Addition, 310 spatial relations were
specifically annotated. Notably, 68.4% of the annotated words
with spatial information are spatial entities, and 31.6% of these
annotated words actually represent spatial relations. These
statistics highlight the richness and diversity of spatial
annotations within the corpus, underscoring the complex
interconnections between spatial entities and relations. This
detailed analysis lays the groundwork for evaluating the
effectiveness of the proposed approach in capturing and
understanding spatial information in Arabic texts. Details of
the corpus annotations are provided in Tables 3 and 4.

The purpose of these experiments was to demonstrate the
system's capability to effectively extract spatial information
from Arabic texts using the hybrid approach, thus showcasing
its potential in information retrieval and natural language
processing tasks related to geographic information systems.

As shown in (Figure 8), the annotated words are, for the
most part, rich in detailed content of spatial entities or
relationships.

4.1 Analysis

This research is a significant contribution to enriching the
Arabic language in the domains of digitization, media,
information technology, and communication. It aims to
enhance the Arabic language's capabilities in automatic
natural language processing, particularly in geographic
information systems, which have become increasingly
essential and widely used across various domains. The
majority of events or information nowadays are related to
geographical or spatial information, highlighting the
significance of this research.

Through the initial experiment involving the processing of
our corpus, spatial information was found to constitute (see
Figure 9) approximately 10% of the total information. Within
the spatial entities, place names and other spatial objects were
distributed nearly equally at 33% and 36%, respectively.

Regarding spatial relationships, they were distributed as
follows: 15% for direction relations, 9% for orientation, 5%
for topology, and 3% for distance relations. These findings
shed light on the prevalence and importance of spatial
information in Arabic texts and emphasize the potential for
further advancements in the field of automatic natural
language processing, especially in the context of geographic
information systems.

To our experience from the set of processed corpora in
Arabic text, the distribution or dispersion of entities and spatial
relations is represented in the following Table 5 and in Figure
9 and Figure 10.

Table S. Results of distribution the spatial information

News Paper _ Spatial Entity Spatial Relations
LOC OBJ DIR ORI TOP DIS
El khaber 56 78 43 15 16 08
Echorouk 104 86 34 10 25 02
Ennaher 78 104 28 15 14 05
Elmihwer 83 82 40 13 33 09
Total 321 350 145 53 88 25

To evaluate and compare our proposed hybrid approach, we
will use the metrics of precision, recall, and F-measure.
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Precision indicates the correctness of the extraction, while
recall indicates completeness. The F-measure provides the
harmonic means between precision and recall [39].

As stated by Maynard and Peters [40], precision is defined
as the ratio of valid annotations to the total number of
identified annotations. This can be formally expressed as
follows:

(True Positives)

Precision = (1)

(True Positives + False Positives)

Recall is defined as the ratio of valid annotations relative to
the total number of annotations. Formally, it is expressed as:

(True Positives)
Recall =

)

(True Positives + False Negatives)

The F-measure is calculated as the harmonic mean of
precision and recall. It is formally expressed as:

2 = Precision * Recall

F — mesure = 3)

(Precision + Recall)

The results and evaluation of spatial information are
presented in Tables 6 and 7. Table 6 provides a detailed
analysis of performance in terms of correct, incorrect, and
missing results. In contrast, Table 7 offers an evaluation of
different methods using precision, recall, and F-measure
metrics.

Figure 11 presents the results and evaluation of precision,
recall, and F-measure scores obtained for each newspaper,
namely Ennahar, Echourouk, El Khabar, and El Mihwar.

The results obtained in this study are highly satisfactory, as
demonstrated by the high Precision and Recall rates (refer to
Table 6 and Table 7). However, it is worth mentioning that
some errors in Precision are mainly attributed to wrong
annotations associated with specific words like " e a3 o
ds~ 4" in English "between, under, on, in, around"(see the
example in Table 8). These words have multiple meanings,
sometimes indicating spatial relationships and other times
depending on the sentence context. This ambiguity poses
challenges for the extraction system.

On the other hand, the extraction of spatial entities did not
face such ambiguity, and the results were accurate. It is
important to consider that the quality of spatial relation
extraction can be influenced by errors in semantic analysis and
syntactic parsing.

Total 4

Elmihwer -

Ennaher 4

Echorouk 4

Elkhaber -

Total

Spatial Entity Spatial Relations

Figure 9. Panoramic information spatial in Arabic



4.2 Comparison and discussion

104,0
T'otal 4

The following Table (Table 9) presents the results obtained
by other authors for comparison, alongside our own results.

84.80

Elmihwer This comparison highlights the differences and improvements
5580 achieved by our approach.

Ennaher Subsequently, we will compare these results (see Figure 12)

a0 to highlight the strengths and limitations of our method

Fehorouk relative to existing approaches.

720
Table 9. Our approach evaluation
Elkhaber A

8,000

Precision Recall F-mesure

LOC OBJ DIR ORI TOP DIS Our Approach 0.93 0.95 0.94

[5] 0.80 0.91 0.85

. o . . [6] 0.88 0.76 0.82
Figure 10. Distribution of spatial information by category [41] 0.64 0.80 071
[42] 0.97 0.96 0.97

[43] 0.62 0.59 0.61

Total [44] 0.83 0.86 0.84

03526

Elmihwer 05700

0,452

Ennaher 08840

09378

0,8180
Echorouk

09304

0,7420

Elkhaber

09230

0,6660

Precision Recall F-mesure

0,5900

. . . . . Approach
Figure 11. Evaluation of extraction Arabic spatial pproas

information

Precision Recall F-mesure

Table 6. Results and evaluation of spatial information Figure 12. Evaluation of our system with other systems

]; iv:}slel:;igs Cozrzrg ot Inc(;grect Mlsgs = In the study of Feriel and Kholladi [5], the author presents:

EchoroukNews 229 19 13 A method based on a corpus and rules for extracting spatio-

ElkhaberNews 191 14 11 temporal information in Arabic, which achieves good results

ElmihwerNews 235 15 10 but is still inferior to our approach, highlighting the

Total 875 63 43 effectiveness of our spatial ontology.

-According to the study by Vasilopoulos et al. [6]:

Table 7. Results and evaluation of spatial information "Automatic text extraction from Arabic newspapers" also

focuses on Arabic but shows lower recall and F-measure

News Paper  Precision Recall F-mesure performance, suggesting that the integration of JAPE rules in
EnnaherNews 0.936 0.960 0.947 our approach helps better manage linguistic ambiguities.

EchoroukNews  0.923 0.946 0.934 -As is shown by Haris et al. [41]: This English-based

ElkhaberNews 0.931 0.945 0.937
ElmihwerNews 0.940 0.959 0.949
Total 0.938 0.952 0.941

method, which relies on co-occurrence for extracting spatial
information from travel narratives, shows inferior results,
underscoring the robustness of our hybrid method.

-Reported by Li et al. [42]: Although very effective for
Chinese texts, this method is not directly comparable due to

Table 8. Error syntaxic and semantic

linguistic differences.

. . - Lar.i |\
Semantic  Related to time. i35 5 20 Ml s el -From the study by Shin et al. [43]: "BERT-based spatial

Error Their ages range between 20 . X .

and 35 years information extraction" shows acceptable results, even though
Relation spatial ~ Jaes s Aay ¥ s [ 2olad a5 BERT-based models are generally powerful.
The accident occurred between -In the study of Zenasni et al. [44], it is demonstrated: This
the states of Bejaia and Jijel method for extracting spatial information from short messages
Syntax Verb s af Cualal - in English achieves good results but remains inferior to our
Error T}}e accident left fot}r Victims approach.
Adverb L e - (it & Our hybrid approach demonstrates robust and balanced
(Relation The hospital is located behind performance in extracting spatial information from Arabic
spatial) the city mosque

texts. The combination of a spatial ontology and rules
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effectively addresses the linguistic and semantic complexities
of Arabic, offering a promising solution for applications in
GIS and natural language processing.

5. CONCLUSIONS

This study introduces an innovative hybrid approach for the
automatic extraction of spatial information from Arabic text
documents, combining ontology and JAPE rules to enhance
Geographic Information Systems (GIS) and Arabic Natural
Language Processing (ANLP) resources. The development of
the Arabic Spatial Toponym Ontology (ASTO) represents a
significant advancement by structuring and formalizing spatial
entities and relationships specific to Arabic, thus facilitating
the indexing, annotation, and extraction of spatial data. The
integration of JAPE rules has enabled effective
disambiguation and classification, significantly improving the
management of ambiguities and linguistic variations. The
experimental results confirmed the effectiveness of this hybrid
method, demonstrating its potential to optimize GIS systems
and enhance the information retrival in Arabic.

The primary contributions of our work include the creation
of ASTO, which structures Arabic spatial information, and the
use of JAPE rules to enhance the accuracy of data extraction
and classification. These contributions not only optimize GIS
systems but also strengthen ANLP resources. Future work
should focus on extending ASTO to cover additional
geographic and semantic aspects, adapting the methodologies
to other languages with complex structures, and exploring
applications in complementary fields, such as social science
text analysis and crisis management. Furthermore, ongoing
refinement of the JAPE rules and JAPE algorithms is crucial
to handle more complex cases and subtle linguistic variations,
thus strengthening the robustness and reliability of
information extraction systems. In summary, this research
makes a significant contribution to the advancement of spatial
information extraction technologies in Arabic and opens
promising avenues for the future development of ANLP and
GIS.
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