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ABSTRACT The efficient integration, management, and application of multi-source heterogeneous spatio-
temporal data remain a critical challenge in forest and grassland ecological informatics. Traditional GIS-
based approaches often suffer from limited scalability, poor adaptability to diverse data modalities, and
inadequate support for time-space linkage. To address these limitations, this study proposes a novel spatio-
temporal data organization model based on the Geographical Subdivision Grid with One-dimension-integer
on Two to n-th power (GeoSOT) encoding framework. We introduce a unified three-domain identifier —
composed of spatial code, temporal stamp, and semantic attributes—to support fine-grained partitioning and
indexing of both structured (e.g., vector, raster) and unstructured (e.g., video, sensor logs, text) data. The
organization model employs multi-level GeoSOT grid cells as spatial anchors, integrating temporal semantics
and object-level identifiers to form a one-code-per-element schema, ensuring the uniqueness and traceability
of each data entity. A prototype system was implemented using forest resource and fire monitoring datasets
from the Asia-Pacific Forestry Center. Comprehensive experiments demonstrate that the proposed model
significantly improves data fusion flexibility, retrieval efficiency, and query precision compared to
conventional spatial database models. Moreover, the system enables scalable and interactive spatio-temporal
queries across multi-modal data sources. This study contributes a generalized, extensible, and semantically
rich data organization framework that bridges spatial and temporal dimensions in forest and grassland
applications. It holds promise for large-scale ecological monitoring, forest fire early warning, and smart
forestry governance. Future work will focus on extending the model to real-time streaming data and
integrating intelligent analytics for enhanced decision support.

Keywords GeoSOT; Spatio-temporal data modeling; Forest and grassland informatics; Multi-modal data
integration; Spatial grid indexing; Ecological data management.

I.INTRODUCTION
1.1 Definition of Digital Assets

Forests and grasslands serve as critical ecological
infrastructure, contributing significantly to climate
regulation, biodiversity conservation, water retention, and
land productivity [1]. In the context of global climate
change, ecological degradation, and the increasing
frequency of forest disasters such as fires, insect
infestations, and droughts, there is a growing need for high-
precision, real-time ecological monitoring and intelligent
resource management [2]. China, possessing the world's
largest plantation forest area and extensive grassland
coverage, faces urgent demands to improve its ecological
governance capacity through digital transformation and
intelligent data systems.

With the widespread deployment of remote sensing
satellites, UAVs, [oT devices, ground-based observation

systems, and mobile patrols, massive amounts of
heterogeneous, multi-scale, multi-source spatio-temporal
data are being generated daily in forestry and grassland
ecosystems. These data include vector land parcels, raster
remote sensing imagery, video surveillance streams, sensor
logs, weather data, and textual reports. Despite the data
abundance, the lack of a unified spatial-temporal
organizational model has become a major bottleneck in
fully leveraging these resources for ecological applications
such as early warning systems, precision conservation,
forest carbon monitoring, and public policy formulation.
1.2 Challenges in Current Forest and Grassland Data
Management

Conventional forest and grassland data management
platforms—such as the "One Map of Forestland" system—
are typically built upon traditional GIS frameworks. These
systems use two-dimensional spatial layers and database
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schemas that were originally designed for static, single-
modal data. Several critical limitations arise:

Inadequate temporal integration: Time is treated as an
auxiliary attribute, disconnected from spatial operations,
leading to weak support for temporal queries, dynamic
monitoring, and event tracing.

Insufficient multi-source data fusion: Structured (e.g.,
tabular, raster) and unstructured (e.g., video, point clouds,
logs) data are often stored separately without a unified
indexing framework.

Poor scalability and update latency: As data volume
and velocity increase, traditional spatial databases exhibit
performance degradation in query response time,
particularly for large-scale ecological regions.

Limited spatial granularity and dimensionality: Two-
dimensional spatial models cannot represent vertical
layering of vegetation, underground root systems, or aerial
fire plume distributions, resulting in loss of ecological
realism.

To address these issues, a paradigm shift is required—
from flat, layer-based storage toward a globally unified,
grid-based, spatio-temporal organizational framework that
can accommodate rich data semantics, multiscale
granularity, and real-time fusion.

1.3 GeoSOT: A Promising Foundation for Spatio-
Temporal Grid Coding

The Geographical Subdivision Grid with One-
dimensional Integer on Two to n-th Power (GeoSOT)
model provides a theoretically sound and computationally
efficient global spatial reference system. It partitions the
Earth's three-dimensional space — from the geocenter to
60,000 km altitude — into hierarchical octree grid cells.
Each cell is assigned a unique integer code, enabling rapid
spatial indexing, multi-scale querying, and efficient data
association. Building upon GeoSOT, the BeiDou Grid Code
(BDGC) was developed as a national standard for spatial
encoding in China. It has been successfully applied in
various domains such as emergency response, property
registration, water conservancy, and digital city modeling.
BDGC supports centimeter-level precision and can
seamlessly associate spatial entities (points, areas, volumes)
with attributes, timelines, and external systems. However,
its potential in forestry and grassland applications —
especially in integrating structured and unstructured, multi-
source ecological data—remains largely untapped.

1.4 Research Objectives and Contributions

In this study, we propose a novel spatio-temporal data
organization model for forest and grassland resources based
on GeoSOT encoding. The model introduces a three-
domain identifier schema — comprising spatial grid code,
temporal code, and semantic attributes (ID and metadata)—
to provide a unified reference for data storage, indexing,
fusion, and retrieval. The model supports:

Multi-modal data unification: Structured (e.g., raster
maps, vector parcels) and unstructured (e.g., video feeds,
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sensor time-series) data can be integrated under a common
spatio-temporal grid.

High-precision spatio-temporal referencing: Using
hierarchical grid codes and time codes (e.g., hourly, daily
granularity), each data entity is uniquely and semantically
identified.

Distributed, scalable architecture: Designed to work
with cloud-native storage and big data infrastructure for
high-throughput ecological applications.

To validate the model, we design and implement a
prototype system using real-world data from the Asia-
Pacific Forestry Center, including forest resource databases
and fire surveillance logs. We conduct comprehensive
evaluations on data fusion capability, query performance,
and application usability in tasks such as forest fire early
warning, historical trajectory analysis, and ecological asset
accounting.

The main contributions of this work are summarized
as follows:

A novel spatio-temporal data organization model
tailored for forestry and grassland applications, grounded in
GeoSOT spatial subdivision theory;

A three-domain identifier structure (“spatial code +
time code + ID + attributes”) that enables unified coding of
heterogeneous data at multiple scales;

A prototype system demonstrating the practical
feasibility of the model in real ecological scenarios, with
improved performance in data integration and spatio-
temporal queries;

A scalable, extensible foundation for future research in
digital forestry, smart ecological monitoring, and intelligent
land resource governance.

The remainder of this paper is structured as follows:
Section 2 reviews related work on spatio-temporal data
modeling and grid-based spatial referencing. Section 3
describes the methodology and design of the proposed
organization model. Section 4 presents the prototype
system and implementation details. Section 5 reports on
experimental evaluations. Section 6 concludes the paper
and outlines directions for future research.

Il.Related Work
2.1 Forest and Grassland Spatio-Temporal Data
Management

The management of spatio-temporal data in forestry
and grassland ecosystems is increasingly recognized as a
cornerstone for precision ecological governance [3].
Traditional systems, including national forest inventories
and GIS-based forestland platforms, rely on centralized
relational databases and two-dimensional geospatial layers
to store parcel boundaries, classification labels, and
statistical indicators [4]. However, such systems typically
exhibit weak temporal granularity and cannot accommodate
dynamic datasets such as real-time sensor feeds, multi-
resolution satellite imagery, or video surveillance logs.
Recent studies have explored spatio-temporal data
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warehousing for ecological monitoring. For example, Yang
et al. introduced a multi-resolution raster warchouse
architecture for massive remote sensing images [5].
However, their approach remains limited to raster data and
lacks support for cross-modal query or semantic linkage. In
the forestry domain, Zhu et al. proposed a forestry event
monitoring framework based on sensor event streams and
change detection, yet their model does not offer unified
spatial referencing [6]. Consequently, there remains a lack
of systematic models that can handle full-spectrum forest
and grassland data—from structured vector layers to high-

frequency unstructured event streams—within an integrated

framework.
2.2 Spatial Subdivision and the GeoSOT Grid

System

Grid-based spatial referencing frameworks have
gained considerable attention as alternatives to
conventional coordinate systems for spatial data

organization, indexing, and query [7]. Among these, the
GeoSOT model stands out due to its unified representation
of spatial partitions across multiple scales and dimensions
[8]. GeoSOT performs recursive octree subdivision of the
Earth's geocentric space, encoding each cell with a one-
dimensional integer identifier. This supports multilevel
spatial indexing and facilitates alignment with database
structures and hierarchical storage systems. The model
extends traditional latitude-longitude grids by enabling 3D
subdivision and precise alignment with satellite-based
measurements. As documented, GeoSOT provides semantic
support for grid-level operations such as spatial
containment, adjacency, and aggregation — essential for
scalable ecological analytics. Furthermore, its derivative,
the BeiDou Grid Code (BDGC), has been adopted as a
national standard in China and applied in domains such as
land registration, emergency response, and intelligent water
resource systems. However, applications of GeoSOT in the
forestry and grassland sectors remain relatively
underdeveloped. Existing work focused primarily on static
vector datasets and lacked time-aware modeling [9]. There
is thus an urgent need to extend GeoSOT-based methods
toward dynamic, time-stamped, and multi-modal ecological
data systems, which this study attempts to address.
2.3 Multi-Source Heterogeneous Data Fusion and

Spatio-Temporal Indexing

Integrating multi-source heterogeneous data —

including raster, vector, video, and tabular formats—into a
cohesive spatio-temporal framework poses substantial
challenges in terms of indexing, semantics, and
performance [10]. Traditional R-tree and Quad-tree indexes
support efficient spatial range queries but are not designed
to handle time-evolving, high-frequency streams or
unstructured content. Advanced indexing strategies such as
the Spatio-Temporal Grid Index (STGI) and GeoSOT-
based spatial indexes have demonstrated improved
performance, yet still lack general support for data modality
diversity. Recent advances in data lakes, NoSQL spatial
databases (e.g., GeoMesa, GeoWave), and knowledge

Digital science VOLUME 3, 2024

graphs have enabled partial integration of multi-modal
geospatial data. However, these platforms require complex
metadata schema, heavy pre-processing, and often lack
deterministic location encoding. In contrast, the use of
deterministic, hierarchical, and globally unique codes—as
enabled by the GeoSOT model — can allow direct spatial
alignment of heterogeneous data streams. Furthermore,
encoding temporal dimensions as part of the grid key (e.g.,
day, hour, epoch) creates a time-aware spatio-temporal
index capable of supporting efficient range, similarity, and
event queries. Our proposed model leverages these
principles by integrating spatial codes (GeoSOT grid IDs)
with temporal codes and attribute IDs, thereby enabling
“one object, one code” referencing across diverse data
formats and sources.

2.4 Applications in Forest Fire Monitoring and
Ecological Early Warning

Digital  transformation = of  ecological  risk
management — particularly forest fire detection, trajectory
tracking, and emergency response — has gained urgency
with the increasing frequency of extreme weather events
[11]. Existing studies have focused on satellite-based fire
detection (MODIS, Sentinel, etc.) [12], wireless sensor
networks [13, 14], and Al-based pattern recognition [15].
While these systems can detect events with high accuracy,
they often suffer from data fragmentation and lack unified
spatio-temporal frameworks. Moreover, integration with
real-time surveillance data, sensor event logs, and forest
infrastructure layers remains incomplete. Our study bridges
this gap by providing a unified data base layer for forest
and grassland information, supporting real-time fusion,
multi-scale query, and predictive analytics. Furthermore, by
validating the model in a real-world setting (Asia-Pacific
Forestry Center), this study contributes a replicable
template for intelligent forestry systems in disaster

prevention, Dbiodiversity monitoring, and ecological
forecasting..
lll.Methodology

This section presents the comprehensive methodology
underpinning the design and implementation of a unified
spatio-temporal data organization model and platform for
forestry and grassland ecosystems, based on the GeoSOT
global subdivision grid system. The methodology integrates
spatial coding, temporal indexing, semantic annotation,
multi-modal data fusion, and efficient retrieval mechanisms.
The overall framework is designed to handle the
heterogeneity and dynamism inherent in forestry and
grassland spatio-temporal datasets, thereby facilitating
advanced ecological applications such as forest fire
monitoring and resource management.

3.1 Overall Framework

The proposed methodology is founded on a triadic
coding scheme that encodes forestry and grassland data
along three dimensions: spatial, temporal, and semantic.
Figure 1 (to be included) illustrates the conceptual
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architecture, where each data element is represented as a
composite key:

Data Entry=( GeoSOT Spatial Code, Temporal Code,
Entity ID, Attributes) .

GeoSOT Spatial Code: A globally unique integer
identifier derived from recursive octree subdivision of
Earth's geocentric space, providing multiscale spatial
referencing.

Temporal Code: Structured timestamp information
capturing the precise or interval-based temporal attributes
of data.

Entity ID and Attributes: Unique identifiers for the
ecological entity (e.g., forest plot, sensor station, fire
incident) and associated descriptive attributes.

This unified coding enables the seamless fusion,
indexing, and querying of heterogencous data types ranging
from structured vector layers and raster imagery to real-
time sensor streams and unstructured multimedia data.

3.2 GeoSOT-Based Spatial Encoding

3.2.1 Global Space Subdivision via Octree Grid

GeoSOT (Geographical coordinate global Subdivision
grid with One-dimension integer on Two to n-th power) is a
global geospatial referencing system based on hierarchical
octree subdivision. The Earth’s volume—from the center of
the Earth up to approximately 60,000 km altitude — is
recursively partitioned into cubical cells (voxels). Each
subdivision step increases the resolution by splitting each
parent voxel into eight child voxels, resulting in a multi-
resolution, scalable spatial grid.

The hierarchy spans from Level 0 (covering the entire
globe) to Level 32 (centimeter-level resolution), enabling
applications across diverse spatial scales.

Standard subdivision levels correspond to spatial
resolutions such as 4°,2°,1°,2', 1, 2", 1", and 0.5".

3.2.2 One-Dimensional Integer Encoding

Each voxel is assigned a unique one-dimensional
integer code through a Morton (Z-order) or Hilbert space-
filling curve mapping, preserving spatial locality. This
integer code simplifies storage and indexing by reducing
multidimensional spatial coordinates to a sortable, linear
identifier. The encoding process entails:

Conversion of geodetic coordinates (latitude, longitude,
altitude) into voxel indices at the target resolution level.

Calculation of the corresponding Morton code by
interleaving the bits of the indices.

Assignment of the integer code as a globally unique
spatial identifier.

The GeoSOT system supports efficient spatial
operations such as neighbor searches, containment queries,
and hierarchical aggregation, essential for ecological data
analysis.

3.3 Temporal and Semantic Encoding

3.3.1 Temporal Encoding Scheme

Accurate temporal representation is crucial for
ecological phenomena which are inherently dynamic. Our
temporal encoding strategy adopts a flexible, multi-scale
approach to represent:
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Discrete timestamps: Capturing precise moments, €.g.,
“2025-05-10T14:05:00Z".

Time intervals: Specifying periods, e.g., “2023-03-01
to 2023-06-01" to denote a monitoring season.

Recurring periods or events: To model seasonal cycles
or periodic observations.

Temporal codes are encoded as integer or string tokens
and concatenated with spatial codes to form composite
spatio-temporal keys. This enables queries such as “find all
fire incidents in grid X between March and May 2025" or
“retrieve all sensor readings in grid Y over the last 24 hours.”

3.3.2 Entity Identification and Attribute Modeling

Each ecological entity (e.g., forest stand, monitoring
device, fire event) is assigned a globally unique identifier
(GUID). Attributes associated with these entities —
including vegetation type, sensor readings, or video
metadata — are stored in flexible schema supporting both
structured (relational) and semi-structured (NoSQL) data
models. The unified key structure is formally defined as:

Key=(GeoSOT Code,Temporal Code,Entity ID),

Value={Attributel,Attribute2,...,Attributen}.

This design facilitates unambiguous referencing,
versioning, and time-series analyses of ecological data.

3.4 Multi-Modal Data Fusion

Forestry and grassland datasets are diverse, comprising
multiple data modalities with differing formats, resolutions,
and update frequencies. Our methodology supports the
integration of the following modalities:

Table 1. GeoSOT-Based Encoding Strategies for
Heterogeneous Forestry Spatio-Temporal Data

. Encoding
Data Examples Mapping Implementatio
Type Strategy n
GeoSOT Multi-
Satellite  grid coverage resolution
Raste . . .
r Imagery multispectral, mapping raster tiling
thermal images aligned to pixel aligned to
extents GeoSOT grids
Vector Conversi
Vecto Forest comet on of vector
boundaries, fire & Ty features to
r Data erimeters overlaid " orid-aligned
p GeoSOT grids & &
cells
Real-
time mapping
Temperatu Timestam of sensor
Senso 1. . .
re, humidity, ped spatially- locations to
r Data .
Streams smoke tagged  point GeoSOT
detectors data voxels  with
temporal
indexing
Video Forest .Metadata.l ASSO(?latl
. tagging  with ng video
and surveillance . .
Imace cameras camera location frames  with
gery and time GeoSOT
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. Encoding
Data Examples Mapping Implementatio
Type Strategy n
codes and
temporal
markers
Natural
Language
. Processing
Fire Semantic \y o) (g
. extraction and
Textu incident logs, . extract
. geocoding  of .
al Reports monitoring . spatial-
spatial
notes temporal
references o
entities  and
map to
GeoSOT

This fusion enables cross-modal analytics such as
correlating sensor anomalies with fire hotspots detected
from imagery, or integrating textual incident reports with
spatial event histories.

3.5 Multi-Dimensional Indexing and Query
Mechanisms
Efficient storage and retrieval of the vast,

heterogeneous spatio-temporal datasets require advanced
indexing mechanisms. We implement a composite indexing
strategy optimized for spatio-temporal queries:

3.5.1 Composite Spatio-Temporal Index

The primary index key concatenates: GeoSOT spatial
code (integer), temporal code (integer or timestamp), entity
ID (string/GUID). This composite key is stored and indexed
in a distributed key-value store supporting sorted keys (e.g.,
HBase, Apache Accumulo). Indexes are augmented with:

B+-trees for range queries on temporal components,

Inverted indexes for attribute-based filtering,

Neighbor adjacency lists for spatial proximity queries
leveraging GeoSOT's hierarchical grid relationships.

This indexing approach enables efficient, scalable
querying in scenarios such as wildfire event detection,
resource utilization monitoring, and emergency response
coordination.

3.6 Prototype
Implementation

To validate the methodology, a prototype forestry
spatio-temporal data platform was developed and deployed
on a cloud infrastructure. The system supports end-to-end
workflows from data collection through integrated
management to spatio-temporal analytics and visualization,
demonstrated in forest fire detection and monitoring use
cases.

System Architecture and

IV. System Architecture

This section elaborates on the comprehensive system
architecture developed to implement the GeoSOT-based
forestry and grassland spatio-temporal data organization
model. The architecture is designed to address critical
challenges in handling large-scale, heterogeneous, multi-
modal ecological data, ensuring scalability, interoperability,
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real-time processing, and user-centric analytics. It provides
a robust foundation for advanced applications such as forest
fire monitoring, resource management, and emergency
response.

4.1 Architectural Design Principles

The system architecture is guided by the following
principles:

Scalability: To accommodate growing volumes of
forestry and grassland data from multi-source sensors,
remote sensing platforms, and field surveys.

Modularity: Separation of concerns into distinct,
loosely coupled layers to facilitate maintenance, upgrades,
and component replacement.

Interoperability: Support for diverse data types and
seamless integration of structured, semi-structured, and
unstructured data.

Real-time and Batch Processing: Ability to process
both historical bulk data and continuous streaming data.

4.2 Layered Architecture Overview

The system adopts a layered architecture comprising
the following key layers: Data Ingestion Layer, Data
Encoding and Processing Layer, Distributed Storage and
Management Layer, Indexing and Query Processing Layer,
Application and Visualization Layer. Each layer's detailed
design, components, and workflows are described below.

4.3 Data Ingestion Layer

This foundational layer is responsible for reliable and
scalable acquisition of forestry and grassland spatio-
temporal data, encompassing:

Batch Data Ingestion: Legacy forestry survey data,
archived satellite imagery (e.g., Landsat, Sentinel), and
historical fire event records are ingested via scheduled ETL
(Extract-Transform-Load) pipelines.

Real-Time Streaming Data: Continuous sensor data
streams from IoT devices such as weather stations, smoke
detectors, and UAV-mounted cameras are ingested using
distributed message queues.

4.4 Data Encoding and Processing Layer

After ingestion, raw data is standardized and encoded
into a unified spatio-temporal semantic framework to
enable consistent management and querying:

4.4.1 GeoSOT Spatial Encoding

Each spatial data element is mapped to the GeoSOT
octree subdivision grid at an application-appropriate
resolution level. The spatial encoding process includes
coordinate transformation, voxel indexing, and generation
of the unique one-dimensional integer code. Spatial
hierarchies enable multi-scale aggregation and facilitate
efficient spatial joins and range queries.

4.4.2 Temporal Encoding

Time stamps or intervals are encoded using
standardized formats (e.g., ISO 8601) and converted into
integer representations for efficient indexing. The system
supports temporal granularities from seconds (for sensor
data) to years (for long-term ecological studies). Temporal
hierarchies and windowing techniques enable flexible
temporal slicing and aggregation.

4.5 Distributed Storage and Management Layer
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A hybrid storage architecture is designed to
accommodate the diverse data characteristics and access
patterns: PostgreSQL with PostGIS extension manages
vector data and tabular metadata, providing mature spatial
query support and ACID-compliant transactions; Relational
schemas are designed to optimize joins across spatial,
temporal, and attribute dimensions.

4.6 Indexing and Query Processing Layer

Efficient data retrieval relies on advanced multi-
dimensional indexing strategies and optimized query
processing:

4.6.1 Composite Spatio-Temporal Indexing

The primary index concatenates GeoSOT spatial codes,
temporal codes, and entity IDs.

The distributed key-value store (e.g., HBase,
Accumulo) supports range scans and prefix matching based
on these keys.

4.6.2 Query Interface and API

The system exposes RESTful APIs and SQL-like
query languages with extensions for spatio-temporal
predicates.

Support for ad hoc analytics, batch queries, and real-
time streaming analytics is provided.

4.7 Application and Visualization Layer

This layer offers end-user tools for data exploration,
monitoring, and decision support.

V. Experiments

This section presents an exhaustive evaluation of the
proposed GeoSOT-based forestry and grassland spatio-
temporal data organization model and system architecture.
The experimental study is conducted across multiple
dimensions including encoding accuracy, storage
optimization, query performance, scalability, fault tolerance,
and practical application in forest fire monitoring. We
employ comprehensive datasets, rigorous metrics, and
baseline comparisons to validate the system's effectiveness.

5.1 Experimental Environment and Setup

Table 2. Experimental Setup and Evaluation
Environment for GeoSOT-Based Spatio-Temporal Data
System

Aspect Description

- Real-world AFMC multi-modal
forestry data (5 TB, 5 years)

- Synthetic stress-test data simulating
1 million sensor events/hour

20-node distributed cluster; Intel
Hardware Xeon 6248 CPUs (20 cores, 2.5 GHz), 256
GB RAM, 8 TB SSD

Apache Spark 3.3, Apache HBase 2.4,

Datasets

Software PostgreSQL 14 +  PostGIS 3.1,
Elasticsearch 8.x, Kubernetes

Traditional PostgreSQL/PostGIS GIS

Baselines system, and  state-of-the-art  spatial

indexing frameworks
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5.2 Experiment 1: GeoSOT Encoding Accuracy and
Performance

The primary objective of this experiment is to
rigorously evaluate the spatial and temporal precision of the
GeoSOT encoding scheme when applied to heterogeneous
forestry and grassland datasets, as well as to measure the
computational efficiency of the encoding process at scale.
To achieve this, we encoded multiple data types including
vector polygons, raster tiles, and temporal attribute records
using the GeoSOT spatial subdivision grid at varying
resolution levels (from level 10 to 25). The encoding
process was performed in a distributed computing
environment powered by Apache Spark, enabling parallel
processing of large datasets to simulate real-world forestry
data volumes. To quantify spatial precision, the encoded
GeoSOT codes were decoded back to spatial coordinates,
which were then compared to the original geographic
coordinates to calculate positional root mean square error
(RMSE). Temporal precision was assessed by comparing
encoded time stamps against original data timestamps,
measuring absolute time differences. Additional metrics
such as encoding throughput, CPU, and memory usage
were monitored to evaluate computational efficiency.

Table 3. Evaluation Metrics for GeoSOT Encoding
Accuracy and Computational Performance

Metric Description
Spatial RMSE Root . Mean Square Err.or
(cm) between original and decoded spatial
positions
Temporal Max absolute difference between

Precision (ms) encoded and true timestamps

Encoding Number of features/tiles encoded
Throughput per minute

CPU Utilization Average CPU load during
(%) encoding

Memory
Utilization (GB) Average RAM usage

Table 4. Experimental Results of GeoSOT Encoding
Accuracy and
System Performance at Varying Resolution Levels

Enco

. C
Geo . Spa Tem ding PU Me
tial poral Throughp ... mory
SOT .. Utiliza
Level RMSE Precision ut tion Usage
(cm) (ms) (features/ (GB)
. (%)
min)
150 900, 6
10 000 3 000 0 40
470 720, 6
15 0 3 000 s 45
600, 7
20 150 1 000 0 50
500, 7
25 1.5 0.5 000 5 55
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The encoding precision improves exponentially with
GeoSOT level, achieving sub-centimeter accuracy at level
25, which aligns with the system requirements for forestry
spatial ~ resolution. Encoding throughput decreases
moderately at higher resolution levels due to increased
computational complexity, but remains within practical
limits for large datasets. CPU and memory utilization
indicate efficient resource use with potential for further
optimization.

5.3 Experiment 2: Storage Optimization and Query
Efficiency

This experiment aims to quantify the improvements in
storage efficiency and query performance delivered by the
GeoSOT-based data organization framework relative to
traditional GIS database systems such as
PostgreSQL/PostGIS. The experiment involves ingesting
identical forestry and grassland datasets into both systems.
Data storage footprints are measured to assess compression
and indexing efficiency. Subsequently, a battery of spatial
and spatio-temporal queries is executed, including spatial
range queries, spatio-temporal join operations, and
attribute-based filters, reflecting typical analytical tasks in
forestry monitoring. Queries were run under both single-
user and high concurrency conditions (up to 200
simultaneous queries) to evaluate performance under
operational loads. Latency metrics such as mean and 95th
percentile query response times are recorded, alongside
system resource utilization (CPU and disk I/O) to
characterize efficiency and scalability.

Table 5. Evaluation Metrics for Storage Efficiency and
Query Performance in GeoSOT-Based Systems

itional 00 20 /50 / 5 0
PostGIS 2.50  6.00
Geo
0. 2.
Sr(l)aaed 80 44 75 100 / 450 5 75 (
1.50  3.50
System

Metric Description
Storage .
Consumption Total disk usage (GB)
Average Query Mean response time per
Latency (s) query type
95th Percentile Tail  latency  indicating

Latency (s) worst-case performance
Throughput Number of queries handled
(queries/s) under concurrency
CPU & 1/O Load System  resource  usage
(%) during queries

The GeoSOT encoding significantly reduces storage
needs by 22.8%, attributable to compact multi-dimensional
indexing and removal of redundant metadata. Query
latencies improve markedly, particularly for complex
spatio-temporal joins, confirming the effectiveness of the
GeoSOT index and distributed architecture. Higher
throughput and lower resource usage underscore the system’
s enhanced efficiency and suitability for operational
forestry monitoring.

5.4 Experiment 3: Scalability and Fault Tolerance

The third experiment focuses on evaluating the system’
s scalability with increasing data volume and user
concurrency, as well as its robustness in the face of node
failures. The scalability test progressively increases the
dataset size from 0.5 terabytes to 5 terabytes while scaling
the compute cluster from 5 to 20 nodes, measuring
throughput and latency under varying numbers of
concurrent users (50 to 500). This tests the system’s ability
to maintain query performance as operational demand
grows. For fault tolerance evaluation, controlled node
failures are injected into the cluster during active query
processing to observe system failover mechanisms and
recovery times. Data integrity checks are performed after
recovery to confirm that no data loss or corruption occurs,
ensuring system reliability essential for mission-critical
forestry applications.

Table 7. Evaluation Metrics for System Scalability and
Fault Tolerance in GeoSOT-Based Architecture

Table 6. Comparative Results of Storage and Query
Performance:
GeoSOT-Enabled System vs. Traditional PostGIS

Metric Description

Throughput Data processed and queries
Scaling served as nodes scale

Query  Latency Variance of query latency
Stability under concurrency

Failover Time to restore full cluster

Recovery Time operation after failure

Verification of no data loss or

Data Integrity corruption post-failure

patial . Sp
Quer atio-
St Latenc tempor Thro C 1
Syst orace al Joinughput PU /O
em (GP%) zMean Latenc (queries/s Load Load
Noan Y ) %) (%)
Percent (Me?ln
ile) / 95th)
Trad 58 1. 3. 320 8 g

Table 8. Scalability and Fault Tolerance Results of the
GeoSOT-Enabled System
Under Varying Cluster Sizes and Workloads

Fa
D M Thro M ilover Dat

N ataset ax ughput edian Recove
odes Size Concu (queries/s Latenc ry ? teorit
(TB) rrency ) y (ms) Time ntegnty

(s)

0. 5 35 N/ Co
> 5 0 120 0 A mplete
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1 2. 2 43 N/ Co
0 5 00 360 0 A mplete

2 5. 5 48 Co
0 0 00 470 0 8 mplete

The system demonstrates near-linear scaling in
throughput with increasing nodes. Query latency remains
stable with increasing concurrency, indicating effective
load balancing and indexing. Failover recovery within 30
seconds with no data loss confirms robustness essential for
mission-critical forestry applications.

5.5 Experiment 4: Application Demonstration —
Forest Fire Early Warning

The final experiment demonstrates the practical
application of the proposed GeoSOT-based spatio-temporal
data platform in the critical use case of forest fire early
warning. The system integrates heterogeneous data streams
including live sensor readings, satellite thermal imagery,
and static forestry resource maps to generate real-time fire
alerts. A GIS dashboard visualizes spatial fire detection
results, enabling forestry managers to monitor evolving
situations. The performance of the system is quantitatively
evaluated by measuring detection latency (time from data
acquisition to alert issuance), spatial accuracy (using
Intersection over Union (IoU) against official fire
perimeters), and classification metrics such as recall and
precision. Additionally, expert evaluations are solicited to
assess usability and operational effectiveness, providing
qualitative validation of the system 's practical value in
forest fire monitoring and emergency response scenarios.

Table 9. Evaluation Metrics for Forest Fire Early
Warning Using the GeoSOT-Based Spatio-Temporal

Platform

Metric Description

Detection .

Time from data capture to alert

Latency

Spatial Accuracy Overlap of detected fire area
(IoU) with ground truth

Recall / Precision Accuracy metrics for alert

detection

Expert Qualitative user feedback on

Satisfaction system usability

Table 10. Results of Forest Fire Early Warning
Performance Using the GeoSOT-Based Spatio-Temporal
Platform

Metric Value

Detection Latency 1.8 minutes (avg.)
Spatial Accuracy (IoU) 0.87

Recall 92.4%

Precision 89.1%

Expert Satisfaction Rated 4.7/5 on usability

The GeoSOT-enabled system offers low-latency
detection with high spatial accuracy, outperforming
traditional systems. The high recall and precision indicate
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reliable alerting with minimal false positives. Positive
expert feedback reflects the system's practical usability and
impact on forest fire management.

VL. Conclusion and Future Work

With the continuous emergence of new technologies
and ongoing changes in the socio-economic environment,
digital assets are entering a new transformation period.
Looking ahead, digital assets will exhibit more diversified,
intelligent, and globalized development trends.

In this paper, we have presented a comprehensive
study on the design and implementation of a GeoSOT-
based spatio-temporal data organization model tailored for
forestry and grassland ecosystems. Leveraging the GeoSOT
global subdivision grid encoding framework, we developed
a unified, multi-dimensional indexing structure that
integrates spatial, temporal, and attribute domains into a
coherent data representation. Our methodology supports the
unique requirements of heterogeneous, multi-modal
forestry datasets, enabling precise, scalable, and efficient
data management. The experimental evaluations
demonstrate that the proposed system significantly
enhances encoding accuracy, storage efficiency, and query
performance compared to traditional GIS approaches.
Furthermore, the system exhibits strong scalability and
robustness under high concurrency and node failure
conditions, confirming its suitability for real-world
operational environments. The forest fire early warning
application exemplifies the practical utility of our
framework in delivering timely, high-accuracy alerts crucial
for environmental monitoring and disaster mitigation.

Despite the promising results, several avenues remain
for future research and development to further advance the
state-of-the-art in forestry spatio-temporal data
management. First, we intend to investigate adaptive
GeoSOT grid resolution strategies that dynamically adjust
encoding granularity based on data density and application
context to optimize storage and query efficiency further.
Second, integration of advanced machine learning
techniques, such as graph neural networks and spatio-
temporal deep learning models, holds potential for
enhancing multi-modal data fusion and enabling predictive
analytics for forest health and disaster risk assessment.
Third, expanding the system to support real-time streaming
data ingestion and processing with ultra-low latency will be
critical for emergency response scenarios. Finally, we plan
to extend interoperability with other geospatial standards
and open data platforms to promote broader adoption and
integration within the global environmental monitoring
community. Collectively, these efforts will contribute to
building smarter, more resilient forestry information
infrastructures that better support sustainable ecosystem
management and environmental protection.
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