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Fig. 2 The actual land use situation in the study area
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Table 3 Meaning of indicators
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(Normalized Difference Vegetation Index)
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(Normalized Difference Water Index )
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(Normalized Difference Built—up Index)
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(Fractional Vegetation Cover)
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(Morphological Building Index)
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Fig. 5 Overview diagram of the relationships among commercial service facility land categories, ontological primitives, and data
characteristics. (The white ellipses represent the disassembled ontology primitives , the columns represent the data features and
indices corresponding to the primitives, the dashed arrows indicate the correspondence between the ontology primitives and the land
use categories, and the green solid lines represent the correspondence between the crowdsource data types selected by the LUA

module when making density maps and the ontology primitives )
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Fig. 6 Ontology construction framework (The black solid arrow

indicates the transformation of data information to the ontology,

while the dashed arrow represents the rule constraint relationship )
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Fig. 8 Comparison of results from different segmentation methods for local areas within the test zone
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FT10 FHRIEFIAEHEIES KL REEIER

Table 10 Confusion matrix of knowledge—driven ontology reasoning classification results

S EAN fEEf  EsiA  AMEESA RS I AR A FIREM HORE
2 2286 26 47 83 229 150 81.04%
22 3 32 i FH 36 2626 20 61 71 3 93.22%
NS NS5 FH Hb 220 86 3416 73 319 17 82.69%
FRIR b 11 0 60 1626 0 0 95.82%
A 72 35 247 30 2359 20 85.38%
T i 0 1 0 0 0 536 99.81%
Tl R i 87.09% 94.66% 90.13% 86.81% 79.21% 73.83% —
ARG R 87.02%
Kappa #%1 0.84
F11 ETFHRESVM KL RBEER
Table 11 Confusion matrix of object—based SVM classification results
B S fEEf  sGmEm AL AEES AR M Rk RSN RN PSR
72 Fi 2900 280 282 210 918 286 59.47%
2232 K Hb 200 3468 87 40 388 32 82.28%
LA L SN SR S5 T b 381 297 4358 84 159 8 82.43%
TR F 0 14 225 1908 0 0 88.87%
TRA I 330 281 292 104 2988 31 74.22%
T R FH 0 0 0 0 6 688 99.14%
il R 12 76.10% 79.80% 83.10% 81.33% 67.01% 65.84% —
AR R 76.75%
Kappa Z 4L 0.71
£12 HT X5 B MobileNet 9 245 5 iR % 46 %
Table 12 Confusion matrix of object—based MobileNet classification results
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SRS g 57.05%
Kappa Z 4L 0.47
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Abstract: Land use represents one of the most intensive forms of human modification of the Earth's surface. It has both economic and
natural attributes, and future populations are expected to become increasingly concentrated in urban areas. In the context of rapid
urbanization and diversified functional demands, automatic and efficient acquisition of urban land use information is essential for the design,
construction, and management of sustainable urban environments. Traditional data-driven algorithms are limited by “black-box™ opacity,
strong dependence on training data, and difficulty incorporating prior knowledge and semantic information. Reliance on remote sensing data
alone also makes accurate land use identification difficult. In addition, existing studies of urban land use often neglect the explicit
representation of category semantics, and inconsistencies in semantic representation across classification systems can create a semantic gap
between data users and data producers. To obtain precise urban land use information, this study proposes a semantic-guided ontology
knowledge-driven urban land use classification.

To address these issues, this study develops a semantic-guided ontological knowledge-driven approach that mitigates the limitations of
purely data-driven methods. The method integrates multi-source data and products, including remote sensing imagery, POI, AOI, OSM,
LCZ, and WSF data. First, land use types are semantically reconstructed using the EAGLE matrix, and land use semantics are decomposed
into ontological primitives. Next, crowdsourced-data features, remote sensing indices, and morphological characteristics are extracted to
match the attribute features of the primitives, and an ontological model is constructed from these primitives. A segmentation strategy that
integrates spectral information and road network structure is then used to generate homogeneous parcels as instances for ontological
reasoning. During ontological model construction, constraint rules are established by defining relationships between primitives and data
features, enabling land use types for each parcel to be determined through rule-based reasoning. To validate the method, the highly complex
downtown area of Toronto, Canada, is selected as the study area. Land use classification is performed according to the “Current Land Use
Classification” (GB/T 21010-2017), with an additional “mixed-use” category introduced for practical application.

The experimental results validate the effectiveness of the proposed knowledge-driven framework. The method achieves an overall
classification accuracy of 87.02% and a Kappa coefficient of 0.84, representing a substantial improvement over two baseline data-driven
approaches: support vector machine (SVM) and the MobileNet deep learning network. A major advantage of the proposed method is its
strong interpretability, which derives from the transparent reasoning process. In addition, the EAGLE matrix helps bridge the semantic gap
between users’ conceptualization of land use and its representation in data products. The proposed fusion segmentation strategy, which
integrates spectral and road network information, delineates urban land use boundaries that are more consistent with physical reality and
functional units.

The knowledge-driven approach proposed in this study mitigates key limitations of data-driven methods in urban land use
classification, including weak interpretability, limited accuracy, and semantic ambiguity. By integrating multi-source data, the EAGLE
matrix, and ontology, the framework provides a reliable solution for representing the complex characteristics of urban environments. This
research establishes a foundation for future studies that aim to improve the intelligence and sustainability of urban planning and
management.

Key words: Knowledge-driven, semantic information, EAGLE matrix, multi-source data, urban land use
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