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Abstract. Spatial activities are described and linked to the identified place or loca-
tion. In the age of the Internet of Things (IoT), a vast collection of spatial datasets 
is emerging. The introduction of GeoAI into spatial data analytics is changing the 
scope and perspective of analytical capabilities in many ways. Since GeoAI is the 
merging application of spatial data science, artificial intelligence, and geospatial 
information science, and is the highest and most advanced application of geo-
enrichment, intensive heterogeneous data sources have been used. Due to the ex-
tensive open data sources generated by mobile devices, sensor data streams from 
static or moving sensors, satellites, the availability and sharing of data via standard 
APIs have now increased immensely. In this article, a graph database approach is 
intensively emphasized to develop an object oriented based explainable GeoAI data 
model in its various applications. In addition to the available data sources, large 
amounts of data are currently being generated by various institutions. The issue of 
sharing and reusing data between institutions is receiving more and more attention 
for various reasons. Linking datasets between different platforms creates ambigui-
ties for both machine and human. In this article, the research mainly analysis the 
problems in real-time generated data management of heterogeneous spatial data in 
the application of GeoAI and provided recommendations. 
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1. Literature Review
In the era of geospatial “Big Data” [1], up to 80% of big data is “spatial” with loca-
tional components attached [2]. With the advanced development in remote sen-
sors, GPS-enabled applications and the popularity of mobile devices, as well as 
increasingly affordable data storage and computational technologies, geospatial big 
data are produced from a wide range of disciplines from commercial business to 
scientific research and engineering at a very fine spatial, temporal and spectral 
resolutions[3][4][5]. Such geotagged data in large volume, high velocity, and 
abundant variety that exceed the capacity of current common spatial computing 
platforms are defined as spatial big data [5]. The recent breakthrough in machine 
learning, or more generally AI and more specifically deep learning, enables a new 
research paradigm of data-driven science to analyses, mine, and visualize massive 
spatial big data (SBD) that are difficult to handle using traditional spatial analysis 
methods [5]. 
An increased availability of geospatial big data and real time generated dataset, the 
advancement of artificial intelligence (AI) and the availability of high computing 
power have created a momentum for the digital exploitation of geospatial big data 
real time analysis and in turn combines discipline in spatial science, artificial intel-
ligence methods in machine learning (e.g. deep learning), data mining to extract 
knowledge from spatial big data. This all together emerge the new scientific disci-
pline called Geospatial Artificial Intelligence (GeoAI) [6] [7]. 
The emergence of GeoAI has a significant role by developing conventional technol-
ogies AI and innovating new technologies to use the high potential geospatial big 
data to address ever developing new complex challenges faced in our day to day 
activities [6]. As the main component of the GeoAI infrastructure, an appropriated 
technologies can be applied to improve certain steps in the heterogeneous data 
management and intern maximizing the return on geospatial big datasets [6].Even 
though a drastic improvement have been achieved in geospatial big data analysis 
and geospatial artificial intelligence both in practical implementation and hypothe-
sis analysis, the lack of high trained and labelled quality data and appropriate data 
management is remain the main challenge for GeoAI [17] [8]. 
The key challenge in GeoAI applications is scaling the integrated system to com-
plex data scenarios. Even though GeoAI in its first inception certainly apply the AI 
technologies, especially those based on Deep Learning, i.e. usually require huge 
collections of layered and training data, GeoAI is an ideal opportunities in spatial 
based research challenge solutions [6]. Based on the fact that an explainable model 
could be the crucial variable in a predictive model, data structure is an essential 
factor in developing an explainable GeoAI model [6] [9] [10]. 
In line with the increasing use of computer analysis in artificial intelligence, more 
and more humans and integrated machines will work together to improve our un-
derstanding of spatial Big Data [6]. Since the biggest challenge in this emerging 
field of science is reliability and robustness, the degree of difficulty in model inter-
pretability must be emphasized [6] [9] [10] [17]. 
To process the ever-increasing large heterogeneous open-source geospatial da-
tasets, an advanced digital infrastructure that enables highly scalable data pro-
cessing is required to provide a standardized, time-appropriate solution technology 
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for real time heterogeneous, computationally intensive geospatial data problems 
[10] [11]. 
 
 
 

 
 
 
 
 
 

 
 
 
 
 
 

 
 
 
 
 
 

 
 

 
                          Figure 1. Three main components of GeoAI. (Source [3]) 
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2. Objective

• Study on  real time moving objects  spatio temporal data management
• How efficient graph database  for explainable GeoAI application
• Verify and explain the integration  capabilities of graph database applica-

tions of  GeoAI

3. Research Question
• How is data about moving objects represented in real time?
• Is explainable GeoAI better in graph database technology than in other da-

tabase technologies?
• How easily is a non-spatial dataset discoverable?
• Can researchers determine and analyze the appropriate database technolo-

gy for explainable GeoAI?
• How can data interoperability and automated routing be verified in a graph

data model?

4. Challenges in explainable GeoAI application

In the era of geospatial big data and digital worlds, datasets from multisource de-
vices for machine-to-machine communication are expected. How efficient in terms 
of computing capability, prediction model, and analysis is the key challenge when 
it comes to explainableGeoAI.The heterogeneity of the dataset from sensors and 
devices has to be edge computing capability. In this case, integrations and infor-
mation exchange in the data exchange layer are traceable and identifiable [11] [13] 
[16].  
The dataset that is currently collected and analyzed is mainly compiled in the 
framework of a relational database. However, the dataset that requires specifically 
the application of GeoAI is large-scale spatiotemporal data. A fixed data structure 
as a relational database for these types of datasets is challenging. A large, hetero-
geneous, and scalable data source is not efficient in data manipulation and analysis 
[12].The data management and their structure in the application of GeoAI for all 
kind of database illustrated that the difficulty and challenges can be easily identi-
fied. In the subsequent part of this article, a detailed practical example identified. 
Efficiency, memory usage, and energy consumption could also be an extension of 
this article in a separate research project task. However, the challenge in explaina-
ble GeoAI is mainly the heterogeneity of the data source, data integration, and 
model accuracy. In the following unit, the comparisons among various types of 
databases are described based on scalability and performance [6] [7]. 
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5. Database comparisons

Different types of database technologies are developed for specific and general 
purposes. The main database types used in research data management and analysis 
are relational/SQL databases, time series databases, and NoSQL databases. Even 
though each database is designed for its subsequent operation and goal, whether 
they are open or commercial tools, users and various industry and research pro-
jects have preferred their best interest and suitability for the purposes desired. The 
selection of a suitable database type in terms of analysis capability, computation 
time, scalability and integrability is distinguished in Table 1. Managing heteroge-
neous large spatio-temporal real time data with the appropriate application of Ge-
oAI the outer most achievement and goal [7] [14] [15].  To give an overall view, the 
following table summarizes the most important comparison criteria. 

Comparison Criteria Relational 
/SQL Database 

NoSQL Graph 
Database 

Scalability rigid Flexible 
Performance (Transaction) good good 
Performance 
(Deep analytics) 

poor excellent 

Table 1. Database type and comparison criteria (source [14]) 

As big geospatial datasets are generated from heterogeneous data sources such as 
mobile devices, social networks, and the Internet of Things (IoT), the memory is 
flooded with data at every moment of collections. As the cornerstone of this study, 
a real-time unstructured Big Data database and graph technology are explored to 
improve the applicability of GeoAI. NoSQL unstructured database is more weight 
than relational database in its characteristics such as flexibility, dynamism, agility, 
and explicitly integrate with hetrogenopues data source without significantly 
changing the whole designed setup  and data integrations[13] [14]. 

6. Methodology
The application of explainable GeoAI was identified with respect to the geospatial 
research and development activities of the Leibniz Center for Agricultural Land-
scape Research (ZALF) and the Ethiopian Construction Design & Supervision 
Works Corporation (ECDSWCo). Both institutions rely mainly on spatial Big Data 
sources. In particular, the real-time geospatial data requirement plays a key role in 
crop yield prediction, soil moisture, flowering stage detection, flood forecasting, 
and real-time data monitoring. In this paper, we focus on case studies of soil mois-
ture and flood prediction and monitoring. One of the goals of this research project 
is to develop a graph database to manage real-time spatio-temporal data on mov-
ing objects for selected projects. 
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6.1. Distributed Spatiotemporal Graph Database 

The use of big data is the cornerstone of GeoAI. The design of the model and the 
implementation of the framework are the focus of this paper. This section makes 
the largest contribution to the development of handling heterogeneous datasets for 
explainable GeoAI [1] [15] [16]. 
In the GeoAI data platform, the data sets are mainly unstructured and come from 
different sources. The ideal database platform that can handle unstructured and 
heterogeneous data sources is NoSQL graph database. This type of database is not 
only characterized by its flexibility and scalability, but also allows linking non-
spatial and spatial dataset features [1] [15] [16]. 
Currently, unstructured and semi-structured data are becoming the mainstream of 
advanced spatio-temporal data management. Several institutions use observations 
and measurements from various sensors, such as geospatial data from location-
based services (LBS) and social networks, which can be stored in semi-structured 
and unstructured databases. NoSQL databases provide a highly accessible and 
scalable way to efficiently manage semi-structured or unstructured geospatial data. 
Therefore, the concept and framework focused on establishing a distributed spatio-
temporal graph database [1] [13] [16] [17]. 

Figure 2. Distributed Graph Database and GeoAI digital Infrastructure 

6.2. Data preparation 

Real-time heterogeneous data management is implemented to justify the hypothe-
sis based on the designed system selection matrix index. Therefore, the study 
mainly focused on soil moisture monitoring and flood forecasting. Meanwhile, da-
tasets of any subject can be integrated and used for the demonstrable ability of 
handling heterogeneous data types and real-time spatio-temporal data manage-
ment. Data sets from sensors and mobile devices required for soil moisture moni-
toring are modeled in a graph database structure. Devices such as radiometers, 
spectrometers, spectroradiometers, and soil moisture sensors are the main source 
of sensor data sets [15]. 

The data from moving objects, and UAVs produced large sets of information in 
crop yield prediction and blooming stage prediction. Variables of time-location 
paired knowledge stored and ready to use from graph database. These datasets 

LBS 2023

Page 129



require highly computing devices for processing. The volume and velocity of these 
big datasets are considered the scalable and integrable features of graph databases 
[3] [6].
Data from moving objects and UAVs provided large amounts of information for 
crop yield and flowering stage prediction. The variables of time-location paired 
knowledge data are stored in a graph database and can be used immediately. These 
datasets require high computational power for processing. The volume and speed 
of these large datasets are the characteristics of graph databases such as scalability 
and integrability, which can facilitate the storage and processing of large real-time 
datasets [3] [6]. 

6.3. Explainable GeoAI Analysis – real time spatio temporal data 

Geospatial features of collected datasets are processed to instantiate the integra-
tion between non-spatial datasets for their maximum traceability and queriability 
[11]. The graph database design for explainable GeoAI is sympathetic for prediction 
and simulation model task. An explainable model can provide the capability to re-
viled the key variables and minimize ambiguity in the outcome. Connected features 
improve traceability and are interlinked with other features. From the geospatial 
data point of view, some variables could not be interlinked in the relational data-
base. The major drawback of a relational database in explainable GeoAI application 
is that non-spatial data could not solely be retrieved and ready for analysis [3]  [6] 
[10]. As depicted in the previous chapter, the usage of big data is the pillar of Ge-
oAI .Large-size real-time dataset data cleaning, retrieving, and processing are high-
ly efficient in graph database design. 
To achieve and present AI explainability, explainable data in graph databases im-
prove the knowledge of the data to be trained for a selected model. In addition, 
explainable data support the model with reasoning. We can generalize and con-
clude that the graph database for automated real-time ETL (extract, transform, and 
load) data pipeline can support data cleaning, quality detection, and data pro-
cessing tasks. As shown in Figure 2, the main task of this tool is also data integra-
tion and quality control. The basic ETL pipeline is developed using the Python pro-
gramming language to automate data collection from heterogeneous sources. A 
case study of flood prediction and soil moisture content determination of large ge-
ospatial data is used to develop the real-time ETL pipeline [19]. 
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Figure 3. Real time ETL pipeline basic process 
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7. Conclusion
Heterogeneous data source object can be linked with each other. Knowledge de-
rived from the large collection of the dataset discovered in support of one another. 
As explainable GeoAI consumes large dataset in a several layered feature, can sup-
port and provide well understandable answer to complex search queries. In the 
production of live stream data analysis output with an efficient performance, a dis-
tributed spatio temporal graph database set up a prominent digital real time spatio 
temporal infrastructure for the application of Explainable GeoAI. In the meantime, 
a standard data access API is maintained through the developed infrastructure and 
strengthen institutional inter cooperation. At the global level, where the data 
source in some application generated and collected worldwide, prepare a basis for 
the standard OGC moving features [18]. 

Note: 
Since this project is an ongoing research project, the design of the graph database 
and the analysis of the real data are still in progress. The project encompasses a 
somewhat broader concept. The full version of the project will be available by the 
end of December 2023. 

For your comment and feedback, Abraham.tula@zalf.de 
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Abbreviations 

No. Acronym Description 

1 GeoAI geospatial artificial intelligence 
2 ZALF Leibniz Centre for Agricultural Landscape Research 
3 ECDSWCo Ethiopian Construction Design and Supervision Works 

Corporation

4 SBD spatial big data 
5 LBS Location Based Service 

6 GPS Global Positioning System 
7 AI Artificial Intelligence 

8 NOSQL not only SQL 
9 UAV An unmanned aerial vehicle 
10 IoT Internet of Things 
11 OGC Open Geospatial Consortium 

12 ETL Extract, Transform and Load 
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