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Abstract

Using urban center point data from northwestern China for 1820, 1911, 1970, and 2020, this study proposes an
integrated framework for cross-period historical toponym linkage and urban center displacement visualization. The
method combines standardized preprocessing, candidate generation, online retrieval of historical evidence, and Claude
Opus 4.6-based structured extraction, semantic scoring, and credibility assessment within a unified scoring framework
constrained by spatial consistency. 1o reveal subtle displacement patterns that are difficult to detect at small map
scales, Voronoi units and HSV color encoding are used to regionalize the direction and intensity of urban center
migration. The method generated 1,487 candidate linkage decisions, identified 117 four-period connected components,
and linked 767 urban nodes. The results show that urban center migration became more pronounced after 1911 and
displayed clear directional continuity. This study provides a practical approach for the continuous identification of
historical urban entities and the analysis of long-term urban spatial change.
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INTRODUCTION

The long-term evolution of historical cities is reflected not only in changes in administrative divisions and place-name
succession, but also in the continued shift of urban centers and the reorganization of spatial structure (Rose-Redwood,
Alderman, and Azaryahu 2010). The continuous identification and comparison of urban entities across historical periods
provide an important basis for understanding the evolution of regional urban systems, changes in administrative
governance, and the restructuring of spatial patterns. With the development of historical geospatial infrastructures,
semantic annotation, relational organization, and cross-platform interoperability of historical places have been steadily
improved, providing important support for cross-period comparative research (Berman 2005). However, existing studies
have focused mainly on historical toponym resource construction, knowledge organization, and place-based services,
while relatively limited attention has been paid to the automated linkage of point-based urban data across periods (Simon
et al. 2017). Although toponym matching methods have gradually evolved from rule-based approaches to those
emphasizing semantic representation and contextual assistance, stable cross-period matching remains difficult in
historical settings, where variant names, obsolete names, transliteration differences, and ambiguous spatial references are
common. At the same time, historical spatial visualization has shifted from the display of static patterns to the
representation of dynamic processes. Yet when the analytical focus moves from tracing individual trajectories to
identifying directional structures at the regional scale, simple trajectory overlays often fail to clearly reveal subtle
displacements and their spatial variation at small map scales.

Against this background, this study draws on urban center point data from northwestern China for 1820, 1911, 1970, and
2020 to integrate cross-period historical toponym linkage and urban center displacement visualization within a single
analytical framework. Specifically, initial matching candidates are first constructed through standardized preprocessing
and candidate generation. Online search is then used to supplement historical evidence, and Claude Opus 4.6 is employed
to perform structured extraction, semantic scoring, and credibility assessment of the retrieved results. These are further
integrated with spatial consistency in a unified scoring framework to improve the reliability and interpretability of cross-
period toponym linkage under complex historical succession. In addition, Voronoi units and HSV color encoding are used
to provide a regionalized representation of the direction and intensity of urban center displacement that is difficult to
discern directly at small map scales, thereby improving the readability of migration patterns. By combining cross-period
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identification with spatial representation, this study aims to develop a method for the continuous identification of historical
urban entities that incorporates name information, spatial constraints, and external historical evidence, and to explore a
directional representation approach suitable for small-scale displacement objects, thereby providing a more continuous
and interpretable analytical framework for research on the long-term evolution of historical cities.

LITERATURE REVIEW
Cross-period historical toponym matching

Cross-period historical toponym matching builds on the development of historical geospatial infrastructures and place-
name knowledge organization. Platforms such as CHGIS, Recogito, and the World Historical Gazetteer have laid an
important foundation for cross-period comparison by enabling the semantic annotation, linking, and interoperability of
historical places (Simon et al. 2017). However, these efforts have focused mainly on resource integration and knowledge
services, with relatively limited attention to the automated linkage of point-based urban data across periods.

In response, research has increasingly turned to methods for toponym matching and disambiguation. These methods have
evolved from gazetteer- and rule-based approaches toward those emphasizing semantic representation and contextual
information. Existing studies show that textual context provides important cues for toponym identification, while deep
semantic representations further improve the accuracy and robustness of toponym resolution (DeLozier, Baldridge, and
London 2015; Cardoso, Martins, and Estima 2021). In historical settings, where variant names, obsolete names, and
ambiguous spatial references are common, reliable matching requires not only name similarity but also the combined use
of contextual information, geographic attributes, and spatial relations (Ardanuy and Sporleder 2017; Ardanuy et al. 2022;
Moncla et al. 2019).

More recently, retrieval augmentation and large language models (LLM) have introduced new possibilities for historical
toponym matching. External retrieval can supplement historical documents and toponymic succession materials, while
large models can extract structured evidence such as aliases, administrative seats, affiliations, and relocation processes
from unstructured text (Xu et al. 2024; Dagdelen et al. 2024; Lewis et al. 2020). Nevertheless, the direct linkage of cross-
period urban point data remains underexplored, particularly with respect to the combined use of distance constraints, text
similarity, and retrieval-enhanced evidence. This study addresses this gap by developing a unified method for cross-period
toponym linkage.

Visualization of spatiotemporal displacement of urban centers

Research on the visualization of spatiotemporal displacement has largely developed within historical GIS and
geovisualization. Historical GIS supports not only the organization of historical spatial data but also the analysis of spatial
relations, processes, and their evolution, which has extended historical spatial visualization from static pattern display to
the representation of migration processes and spatial reorganization (White, Richard 2010; Gregory and Ell 2007). Within
this tradition, the Space-Time Cube has become a classic framework for representing locational change by organizing
positions as three-dimensional trajectories in space and time, and has been widely used to depict migration paths and
temporal continuity in studies of historical spatial change (Kraak 2003; Bogucka and Jahnke 2018). However, such
approaches are mainly oriented toward individual trajectories or sequential paths. When the analytical interest shifts from
tracing movement processes to identifying broader spatial structures, simple trajectory overlays become less effective,
especially at small map scales.

This limitation is particularly evident in the visualization of historical urban center migration. In this context, the objective
is not only to trace movement paths, but also to reveal regional directional structures and their spatial differentiation. At
small map scales, subtle displacement directions and local differences are often difficult to discern from overlaid
trajectories alone. Research on visual encoding further suggests that cartographic design should be aligned with specific
analytical tasks in order to improve the readability of multidimensional information (Bae and Dodge 2023). Although
existing studies have provided useful methodological foundations for trajectory representation and directional
visualization, relatively little attention has been paid to the regional expression of directional change in small-scale
displacement objects, especially in cases such as historical urban center migration, which combines temporal layering
with spatial continuity. Against this background, this study explores a regionalized directional representation of historical
urban center migration patterns.



STUDY AREA AND DATA DESCRIPTION
Study area

This study focuses on five provincial-level regions in northwestern China, namely Shaanxi, Ningxia, Qinghai, Gansu, and
Xinjiang, and constructs a sample of historical cities based on urban center point data from four benchmark years: 1820,
1911, 1970, and 2020. The region occupies an important position in the history of multi-ethnic interaction and frontier
governance in China. Over the long term, urban development in this area has been jointly shaped by administrative
reorganization, the relocation of administrative seats, military defense, the evolution of transport corridors, and
environmental constraints, giving rise to a high degree of historical complexity and making the region particularly
representative of long-term spatial change. Compared with eastern China, the urban system of northwestern China exhibits
more pronounced patterns of administrative turnover, place-name change, and urban site relocation in historical periods.
Since the modern era, cities in the region have also shown marked differences in expansion rate, spatial form, and
continuity of urban centers. These characteristics, combining historical continuity, complex historical evolution, and
modern spatial differentiation, make northwestern China an appropriate case area for examining cross-period toponym
linkage, the continuous identification of historical urban entities, and methods for visualizing changes in urban centers.
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Figure 1. Study area and urban center point data for the four periods. (a) Study area; (b) 1820; (c) 1911; (d) 1970; (e)
2020.

Data description

The core dataset of this study consists of urban center points for four periods (Figure 1(b)—(e)), corresponding to 1820,
1911, 1970, and 2020, and is used to characterize the long-term spatial evolution of urban centers in northwestern China.
These four benchmark years represent the mid-Qing period, the transitional period from the late Qing to the early
Republic, the stage prior to large-scale modern urban expansion, and the contemporary period, respectively. Together,
they capture key moments in the transformation of historical cities from traditional administrative seats to modern forms
of urban spatial organization. The data sources and numbers of urban center points for each period are summarized in
Table 1. The 1820 and 1911 point data are mainly derived from CHGIS V6 and include the Chinese and English names
of cities as well as their administrative affiliations, providing a relatively consistent basis for identifying urban centers in
historical periods. The 1970 point data were extracted from CORONA imagery through image mosaicking,
georeferencing, and visual interpretation, and are used to represent the spatial configuration of urban centers prior to
large-scale modern urban expansion. The 2020 point data were compiled primarily from the Tianditu platform in
combination with relevant information from civil affairs authorities, and reflect the distribution of contemporary
administrative seats and urban centers. It should be noted that the number of points differs across periods, owing to factors
such as administrative boundary adjustment, changes in urban establishment, data availability, and the interpretability of
historical imagery.



Table 1. Data sources and numbers of urban center points for the four periods

Year Data source Description Number of points
1820 China Historical Geographic Point data including Chinese and English 179
Information System (CHGIS) V6 city names and administrative affiliations
1911 China Historical Geographic Point data including Chinese and English 247
Information System (CHGIS) V6 city names and administrative affiliations
. Urban center points extracted from
1970 CORONA imagery CORONA imagery 234
2020 Tianditu platform and relevant Compiled points of contemporary 369
information from civil affairs authorities administrative seats and urban centers
METHODOLOGY

Cross-temporal toponym matching method

The methodological framework of this study consists of two components: historical toponym matching and spatial
displacement visualization. The overall workflow of the historical toponym matching component is shown in Figure 2.
To improve the comparability of place-name records across different historical periods, the original point data were first
standardized with respect to name form, administrative level, temporal label, and spatial representation. Name
standardization included the unification of simplified and traditional Chinese characters, the normalization of variant
characters, the separation of administrative suffixes, and the generation of pinyin fields. Administrative semantic
standardization further unified the coding of administrative type, superior affiliation, and central-place attributes.

At the candidate generation stage, candidate pairs were identified through a three-step process. Standardized place names
were first compared using edit distance, pinyin similarity, and suffix consistency to generate initial matches. A geographic
distance threshold was then applied to exclude spatially implausible pairs. Finally, administrative compatibility was
checked to further improve the reliability of candidate selection.

For candidate toponym pairs with substantial name variation, or for cases that could not be reliably determined by rule-
based matching alone, an evidence-enhancement procedure was further introduced. Specifically, retrieval queries were
automatically generated from the candidate place names together with their period, administrative type, and superior
affiliation. External historical evidence was then collected through SerpAPI, and the retrieved results were subjected to
structured analysis using Claude Opus 4.6. This process extracted aliases, administrative characteristics, and historical
succession clues, while also producing a semantic matching score and a decision result for each candidate pair.

On this basis, semantic matching, evidence credibility, and spatial consistency were integrated into a unified scoring
framework:

Sinal = 0455, + 0.35S, + 0.205; €)

where S; denotes the semantic matching score derived from retrieval results and LLM analysis, S, denotes the credibility
score of external evidence, and S3; denotes the spatial consistency score of the candidate pair. The key contribution of this
method lies in combining external historical materials obtained through search engines with the semantic interpretation
capability of LLM. As a result, cross-period toponym matching is no longer limited to surface-level comparisons of name
similarity and spatial distance, but can explicitly incorporate historical semantic information such as aliases, renaming,
relocation of administrative seats, and administrative translation, thereby improving the interpretability and robustness of
matching results under complex historical succession conditions.
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Figure 2. Cross-period historical toponym matching framework.

Spatial displacement visualization

To represent the direction and intensity of small-scale displacement at the regional scale, this study developed an HSV
color-encoding method based on Voronoi units. First, the original displacement samples were aggregated into Voronoi
units, and the direction angle 8; and weight w; of each sample were recorded. On this basis, the dominant direction of
each unit was calculated using a weighted circular mean: cos 6; and sin 8; were summed separately with weights, and the
mean direction angle was then derived using the atan2 function and normalized to the range of 0 — 360°. The resulting
direction angle was subsequently mapped to a 360° cyclic color wheel, with hue in the HSV model used to represent the
dominant migration direction within each unit. Because hue is cyclic, it preserves the continuity and periodicity of
directional variables and is therefore suitable for representing orientation in spatial displacement.

On this basis, displacement intensity was represented by the mean sample weight within each unit and normalized using
the minimum and maximum values across all units to obtain a relative intensity level. The normalized intensity value was
further mapped to saturation in the HSV model to represent displacement magnitude while avoiding interference from
brightness variation in directional recognition. As a result, the final color of each Voronoi unit was determined by hue for
dominant direction and saturation for displacement intensity, allowing the directional structure and intensity differences
of regional migration to be expressed simultaneously in a single layer. Units lacking valid samples or stable directional
estimates were assigned a no-data color to distinguish them from valid units.



RESULTS
Toponym matching results

A total of 1,487 candidate link decisions were generated from urban nodes across the four periods. The connection rates
for 1820, 1911, 1970, and 2020 were 0.80, 0.77, 0.95, and 0.47, respectively (Table 2). These results suggest that the
candidate generation stage achieved relatively high coverage from 1820 to 1970, whereas coverage for 2020 was markedly
lower. This lower rate is likely because some urban nodes in northwestern China emerged relatively late and therefore do
not have stable counterparts in earlier periods. In total, 117 four-period connected components were identified, indicating
that the method supports not only pairwise matching between adjacent periods but also the reconstruction of longer-term
administrative evolution chains.

Table 2. Multi-period place name matching results

Year Total nodes number Nodes successfully connected Connection rate
1820 179 144 0.80
1911 242 186 0.77
1970 234 222 0.95
2020 369 174 0.47

Among the 1,024 urban nodes, 767 were covered by the final links, leaving 257 unmatched nodes, accounting for 25.1%
of the total. The primary cause of unmatched cases was insufficient name matching, which affected 200 nodes, or 77.8%
of all unmatched nodes, and was mainly associated with historical-modern name variation, transliteration differences, and
low name similarity. Spatial constraints were the second most important factor, affecting 54 nodes, or 21.0%, and were
mainly related to excessive distance or inconsistencies between modern anchor boundaries and center locations. By
contrast, administrative type incompatibility and candidate ranking truncation had only limited influence, affecting 2 and
1 nodes, respectively. In terms of temporal distribution, unmatched nodes were concentrated mainly in 2020 and 1911,
with 155 and 56 nodes, respectively. Among them, unmatched cases in 2020 were dominated by name-related blocking,
whereas those in 1911 were more strongly affected by spatial constraints. Overall, the main bottlenecks in the current
linkage results lie in insufficient cross-period name mapping and limited spatial anchoring quality for some nodes, which
also represent the main priorities for further improvement.

Displacement visualization

To examine the stage-specific migration characteristics of urban centers in northwestern China, trajectory changes during
the three periods 1820-1911, 1911-1970, and 1970-2020 were visualized (Figure 3). In the figure, color indicates
trajectory direction, while color saturation represents trajectory length, with more saturated colors indicating greater
displacement distance. Overall, urban center migration differed markedly across periods. During 1820-1911, change was
generally weak, and only a limited number of areas showed noticeable displacement. This pattern is related to the fact
that both datasets were derived from CHGIS, whose point locations were largely retained during processing and were not
further adjusted according to subsequent urban expansion. In addition, urban form remained relatively stable during this
period, resulting in limited center displacement. By contrast, changes became much more pronounced during 1911-1970
(Figure 3b). In the western part of the study area, many units are shown in blue-green, indicating a predominant
northwestward shift of urban centers. In the central area, red and pink units dominate, reflecting a tendency toward
eastward migration. In parts of the western region, blue-purple units are more common, indicating more frequent
southwestward movement. Rose-diagram statistics further show that urban center migration during this period was
generally organized along a southwest—northeast axis. During 1970-2020, urban center migration became even stronger
(Figure 3c), with green, pink, and purple units more widely distributed. The rose diagram indicates that northwestward
movement was the most common, followed by southeastward and southwestward movement, while northeastward
migration was relatively limited.
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Figure 3. Urban center migration across three periods. (a) 1820-1911, (b) 1911-1970, (c) 1970-2020.



Further visualization of the migration trajectories across all four periods and their total lengths is shown in Figure 4. The
results indicate that trajectory length does not display a clear spatial clustering pattern: short trajectories are also found in
the western region, while long trajectories occur in the eastern region, suggesting that migration distance does not exhibit
a clear east-west differentiation. Enlarged views of trajectory-dense areas further show a degree of directional continuity
in urban center migration, with displacement across successive periods generally tending to follow similar directions,
whereas marked reversals in migration direction between adjacent periods are relatively uncommon.

Legend /
- 2 e W @I
Trajectory length . ¥

170 - 1800

1900 - 5500
I 5600 - 14000
I 15000 - 23000
I 24000 - 42000

0~ 250 500

1,000
Kilometers

0 50 100

Kilometers

(@)

(b)

Figure 4. Total trajectory length and individual trajectories: (a) total trajectory length, (b) individual trajectories.

DISCUSSION AND CONCLUSION

This study combines cross-period historical toponym matching with urban center displacement visualization to support
the long-term tracking and comparison of historical urban entities. The results show that urban center migration in
northwestern China exhibits clear stage-specific and directional characteristics. Changes were relatively limited during
1820-1911, whereas migration became much more pronounced during 1911-1970 and 1970-2020, with the latter two
periods showing strong directional continuity. These findings suggest that the evolution of historical urban centers was
shaped not only by institutional factors such as administrative reorganization and the relocation of administrative seats,
but also by processes of urban expansion and spatial restructuring in the modern period.

Methodologically, this study developed a cross-period toponym linkage workflow consisting of standardized
preprocessing, candidate generation, evidence enhancement, and unified scoring. By integrating name similarity,
administrative semantics, spatial constraints, and external historical evidence, the method improves matching quality
under complex conditions of historical succession. The results show that 1,487 candidate link decisions were generated,
forming 117 four-period connected components; among 1,024 urban nodes, 767 were ultimately covered by the final
links. At the same time, the displacement visualization method based on Voronoi units and HSV color encoding
transforms subtle displacements that are difficult to discern at small map scales into comparable regional directional
structures, thereby providing a clearer basis for analyzing urban center migration patterns.

This study still has several limitations. Unmatched nodes account for 25.1% of all nodes, and insufficient name matching
remains the main bottleneck, indicating that existing alias dictionaries and toponymic succession relations are still
incomplete. Some nodes are also affected by spatial constraints, suggesting that the quality of modern anchors continues
to influence cross-period matching results. In addition, the 1820 and 1911 point data are mainly derived from CHGIS,
and the reuse of original point locations may have weakened the observed magnitude of early urban center displacement
to some extent. Future research could further improve historical alias dictionaries and toponymic succession knowledge,
optimize modern anchor construction and distance-based constraints, and incorporate more intermediate periods to
enhance both matching coverage and trajectory continuity. Overall, the method presented here provides practical technical
support for the continuous identification of historical urban entities and the analysis of urban center evolution.
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