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Abstract

Leveraging larger-scale data with higher currency to incrementally update smaller-scale
data, thereby upholding consistency across multiple scale databases, has become a core fo-
cus of contemporary map production tasks centered on data updates. Existing methods rely
on rule-based constraints to extract change information and identify update-required ob-
jects, which have notable limitations in terms of method generalization and constraints on
results. To address the above issues, we propose an intelligent incremental updating method
for different scale building datasets supported by Categorical Boosting (CatBoost). The pro-
posed method forms a general incremental updating framework for buildings through three
steps: change information extraction, change information classification, and change infor-
mation updating. Experiments conducted on different scale datasets from Ningbo, China,
demonstrate that the proposed method can effectively identify update-required objects and
generate more reasonable updated smaller-scale data than the comparative methods.

Keywords: spatial data updating; different scale building data; incremental update;
Categorical Boosting

1. Introduction
Geospatial phenomena or entities manifest distinct spatial forms, structures, and de-

tails at different scales. To address the needs of spatial modeling and analysis at the macro,
meso, and micro scales, researchers have abstracted the spatial morphological structures
of various natural and human-induced phenomena on the Earth’s surface across multiple
scales. This has resulted in the development of a series of topographic maps at diverse
scales [1–3]. Against the backdrop of expanding geographic information application scenar-
ios and accelerating urbanization, ensuring the timely update of multiple scale databases
and the preservation of their consistency is a critical prerequisite for urban sustainable
development. It also serves as the cornerstone for advancing high-cognitive geographic
tasks such as dynamic management of digital cities and intelligent decision-making based
on spatial reasoning [4,5]. Leveraging larger-scale data with higher currency to incre-
mentally update smaller-scale data, thereby upholding consistency across multiple scale
databases, has become a core focus of contemporary map production tasks centered on data
updates [6]. However, multiple scale datasets are often collected independently and dis-
play substantial discrepancies [7,8]. Meanwhile, data update standards vary across scales:
larger-scale data is usually directly derived from field surveys, remote sensing imagery,
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and other sources [9–11], featuring short update cycles and high efficiency. In contrast,
maintaining the currency of smaller-scale data requiring cartographic generalization poses
considerable challenges, which is typically achieved through the incremental update of
larger-scale data.

The primary causes of graphic discrepancies among homonymous entities in different
scale building datasets are twofold. The first is temporal changes: such graphic discrepan-
cies primarily stem from geographic events (e.g., demolition or new construction) involving
real-world building entities, which are not dynamically updated in smaller-scale build-
ing datasets. The second is representation-related changes: such discrepancies generally
arise from inconsistent representational standards for the same geographic feature across
databases of varying scales. The purpose of incremental updating is to rationally propagate
graphic changes caused by temporal variations in larger-scale data to smaller-scale data,
thereby minimizing inconsistencies in existing multiple scale datasets [12,13]. Theoretically,
incremental updates should identify and update homonymous entities exhibiting temporal
changes. Existing methods for incremental updating of change information primarily rely
on rule-based reasoning method. This involves extracting graphic change information of
homonymous entities and establishing a mapping relationship between graphic changes
and update operations based on rule constraints [14,15]. However, existing multiple scale
databases fail to fully comply with unified cartographic generalization rules. Even for data
within the same region that share the same scale change degree, some areas may be over-
generalized or under-generalized [16]. Using temporal changes and representation-related
changes as classification criteria cannot directly guide incremental updates for multiple
scale databases lacking unified standards. Therefore, to maintain consistency in multiple
scale databases, graphic changes should be classified based on the degree of inconsistency
among homonymous entities. Moreover, the inconsistency level of such entities not only
associated with changes in their geometric features but also tied to the geometric character-
istics of the change polygon. Establishing a universally effective evaluation system through
rule-based constraints alone is challenging. More intelligent methods for modeling change
information are needed to achieve efficient classification.

To address the above issues, we propose an intelligent incremental updating method
for different scale building datasets supported by Categorical Boosting (CatBoost). This
method employs matching combinations as the fundamental unit for building change
detection, forming a universal incremental updating framework for buildings through
three steps: change information extraction, change information classification, and change
information updating.

The main contributions of this work can be summarized as follows:

1. We systematically summarized and analyzed the graphical change characteristics
of buildings across multiple scales and time phases, and adopted the inconsistency
degree as the classification criterion for identifying objects requiring incremental
updates. Meanwhile, we proposed a polygon aggregation algorithm based on Alpha-
shape (termed Poly-Alpha) to aggregate homonymous building entities and extract
polygons featuring inconsistent geometric variations, which can effectively filter out
representation-related change of homonymous entities.

2. Geometric features of homonymous entities and change polygons were extracted
to characterize the degree of change in homonymous entities. A CatBoost classifier
was introduced for detecting to-be-updated buildings, which can also enhance the
interpretability of the classification process through the SHAP explanation model.
Furthermore, we analyzed the distribution of SHAP feature values derived from the
dataset to adjust hyperparameters reasonably, thereby boosting the generalization
performance of the model.
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3. Guided by propagation update principles, we designed an incremental update method
that takes matching groups as the fundamental unit for building change detection.
This two-step workflow mitigates spatial conflicts and generates more geometrically
reasonable updating outcomes.

2. Related Work
Maintaining the currency of spatial databases is a key focus in contemporary carto-

graphic production. Its primary tasks include two core aspects: first, updating larger-scale
vector data using multi-source data such as remote sensing imagery and trajectory data;
second, updating smaller-scale data within multiple scale databases using high-currency
larger-scale data.

The former has garnered significant attention in the remote sensing field, with research
focusing on data extraction [17,18], change information extraction [19], and regularization
based on remote sensing imagery [20,21]. In particular, a large number of advanced
change detection methods for geospatial buildings have been proposed in recent years,
which provide important technical support for building vector updating. Representative
studies include high-precision building change detection frameworks based on remote
sensing images [22–24], as well as novel deep learning-based change detection models
for geographic objects [25,26]. These methods also show great potential in the updating
of pre- and post-disaster building vector data, and relevant open datasets can be used
for model validation and experimental verification [27,28]. Additionally, some scholars
have leveraged multimodal models combined with remote sensing imagery to conduct
research on updating historical vector data [29], which has further enhanced the currency of
larger-scale data; however, in contrast, research on linkage-based updates between vector
datasets remains relatively underdeveloped.

The latter concentrates on spatial entity matching [30,31], extraction and integration of
update information [32,33], and detection and resolution of spatial conflicts [34]. Owing to
the complexity of different scale data representation, the latter task has remained one of the
core challenges in cartography.

Regarding the updating of different scale databases, commonly used methods pri-
marily include reduction updating, cascade updating, and incremental updating [35]. The
fundamental concept of reduction-based updating involves downscaling larger-scale maps
using cartographic generalization rules and methods to generate a series of multiple scale
databases. For example, Courtial et al. [36] employ a generative adversarial network (GAN)
to produce a generalized map, and design a workflow of deep models (DeepMapScaler) [37]
to achieve a step-by-step topographic map generalization. However, since map general-
ization is not yet fully automated, full-map generalization entails significant workload
and suffers from low retrospective efficiency. A lot of issues remain to be addressed for
real applications in map generalization utilizing artificial intelligence methods [38,39].
Cascade updates, however, build upon existing multiple scale databases by propagating
updates to smaller-scale data through matching relationships. This approach primarily
relies on event-driven updates: first, real-world events (e.g., demolition, new construction)
trigger updates to larger-scale data; then, the update information is linked to corresponding
entities in smaller-scale databases via matching relationships, and further propagated auto-
matically to smaller-scale databases after cartographic generalization and spatial conflict
resolution [40]. For instance, relevant studies have explored update propagation [41,42],
conflict resolution [43,44], and the integration of map generalization events [45]. However,
current multiple scale databases do not strictly adhere to unified cartographic generaliza-
tion standards, rendering this relationship-driven data update method difficult to apply
in complex multiple scale datasets. In contrast to the previous two approaches, incre-
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mental updating directly generates change information by comparing multiscale data,
focusing research on the synthesis and database integration of this change information [46].
This method offers broader applicability since it does not require multiscale databases to
strictly adhere to unified synthesis standards, but it involves more complex processing of
change information. Graphic changes of homonymous entities are characterized by high
complexity, arising from uncertainties in data production standards [47]. Consequently,
this method is confronted with the challenge of distinguishing temporal changes from
representation-related changes. Furthermore, conflicts between generalized graphic in-
crements and original data, which emerge during change information updates, require
effective resolution.

In summary, incremental updating is more suitable for spatial data updating tasks at
the current stage. This method primarily extracts inconsistent information from multiple
scale data graphic representations and performs incremental generalization. General imple-
mentation steps include change information extraction, change information processing, and
spatial conflict resolution [48,49]. Based on different processing strategies for change infor-
mation, the handling of change information in incremental updating is mainly divided into
two strategies: re-generalization and construction [50]. Re-generalization strategy treats
generalization and updating as two distinct steps: first conducting local generalization of
changed objects in larger-scale data, then updating the generalized results onto smaller-
scale maps [51]. The construction strategy directly merges changed larger-scale objects
into smaller-scale maps while performing local generalization and conflict resolution [52].
Numerous scholars have further refined this process. For instance, some have employed
overlay methods to extract change information from multiple scale data [53,54]. Others
have further refined this approach by categorizing positive and negative update informa-
tion, eliminating updates lacking specific attributes [15]. However, such operations impose
stringent data requirements for change information extraction. Some studies analyze
the distribution of update characteristics across scales and use thresholding to determine
whether change information requires updating, and rarely consider complex graphical
variations caused by diverse polygon matching relationships across different scales. Some
studies have introduced decision tree algorithms to classify change information [55]. Some
scholars have conducted further research on the classification of change information [56,57],
analyzing the impact of different features and their combinations on the classification of
change information.

However, current incremental update methods remain subject to certain limitations.
The first limitation lies in the extraction and classification of change information. Tradi-
tional incremental update approaches based on graphical overlay analysis and rule-based
reasoning place high requirements on multiple scale data quality. On one hand, graphical
change information obtained through overlay analysis struggles to accurately capture the
discrepant changes of actual homonymous entities, due to positional inaccuracies in mul-
tiple scale databases. On the other hand, traditional rule-based classification approaches
have difficulty addressing complex graphical changes in different scale data. These rules
are tightly coupled with specific update operations, leading to complex constraints and
limited generalizability. With advancements in intelligent algorithms such as machine
learning, interpretable models (e.g., ensemble learning) can better tackle multi-feature-
driven decision-making tasks [58,59]. The second limitation lies in the correspondence
between change information and update operations. Existing studies primarily focus on
implementing updates for the changed objects themselves, with insufficient attention paid
to potential spatial conflicts caused by update propagation in such incremental updates.
This overlooks the impact of update propagation from the changed target objects to their
neighboring objects.
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3. Problem Analysis
3.1. Graphic Change Feature Analysis of Multiple Scale Building Data

The objective of intelligent incremental updating for multiple scale buildings is to
rationally propagate up-to-date graphic information from the source dataset to the target
dataset, accurately reflecting real-world geographic events.

As shown in Figure 1B, according to the change results, graphic changes of homony-
mous entities can be classified into positive changes and negative changes.

Figure 1. Schematic diagram of different scale building geometric changes.

Generally, it is necessary to infer the reasons for graphic changes from the positive or
negative change results, and identify homonymous entities that have undergone temporal
changes for incremental updates. However, as smaller-scale data production may not
strictly adhere to unified generalization rules and data production specifications, the causes
of graphic changes of homonymous entities in practical multiple scale databases remain
unclear. Consequently, as shown in Figure 1C, the graphic changes of homonymous entities
in multiple scale building data can be categorized into temporal changes, representation-
related changes, and causes-unclear changes.

However, neither of the aforementioned classification methods can directly inform
incremental updates. As shown in Figure 1C, the U-shaped structure of building ‘c’ is
preserved in the smaller-scale data; yet, such smaller-scale features ought to be simplified
in smaller-scale dataset. Therefore, graphic discrepancies between homonymous entities
caused by inappropriate generalization operations should also be deemed as requiring
updates. Thus, as illustrated in Figure 1D, we classify graphic changes into consistent
changes and inconsistent changes, based on the goal of maintaining consistency via in-
cremental updates. As summarized in Table 1, we have organized the graphic changes
under different classification criteria. Within this framework, the positive and negative
graphic changes of homonymous entities are further categorized by the degree of change.
The causes of representation-related change are refined to the operator level—including
simplification, merging, selection, and displacement operators. Specific causes of temporal
changes encompass demolition, new construction, and expansion. Homonymous entity
changes may have multiple causes: when a change involves both temporal change and
representation-related changes, it is classified as causes-unclear change.
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Table 1. Characteristics and classification of homonymous entity geometric changes (letters in
parentheses denotes the respective buildings in Figure 1).

Graphic Difference Type Change Degree Causes and Examples Consistency Type

Only positive change
distinct new construction (e), expansion

or simplification (c) inconsistent

indistinct new construction or deletion (b) consistent

Only negative change
distinct demolition (a) inconsistent

indistinct demolition (i) inconsistent

Positive and negative
change

Both distinct displacement, expansion, and
demolition (j) inconsistent

Only positive change distinct expansion (g) inconsistent

Only negative change
distinct demolition or aggregation (f) inconsistent

Both indistinct displacement (h), simplification,
expansion or demolition(d) consistent

In summary, we can summarize the characteristics of graphic changes and incremental
updating methods for different scale buildings, which exhibit the following features:

(1) Graphical representations of homonymous entities in different scale dataset exhibit
various mapping relationships, such as 1:1, n:1, and m:n. Field changes of individual
buildings in the source dataset are reflected as feature changes in matched combination
graphics. Therefore, matched combinations should serve as the fundamental unit for
detecting objects requiring updates.

On one hand, buildings within a matching combination that exhibit inconsistent
changes are identified as to-be-updated objects, though the corresponding update opera-
tions may vary. As shown in Figure 1 for combinations ‘f’, the adjacent objects on the right
requiring updates should be aggregated, while the building on the left should undergo
simplification. The original homonymous entity with an n:1 mapping relationship should
be split into two matching combinations, which correspond to a 1:1 and an n:1 mapping
relationship respectively.

On the other hand, update operations for the matching combinations requiring updates
are influenced by neighboring combinations. As shown in Figure 1D, due to its adjacency
to polygon ‘d’, polygon ‘c’ requires be aggregated with polygon ‘d’. In contrast, polygon ‘c’
only requires simple graphic simplification.

(2) The purpose of incremental updates is to maintain consistency across multiple scale
databases. The graphic change degree of homonymous entities serves as the primary
basis for determining the need for updates.

On one hand, positive or negative changes derived from the direct overlay of homony-
mous entities cannot accurately reflect the graphic change degree. As shown in Figure 1D
for combinations ‘f’, although the bridging areas between buildings cover a large area,
they represent representation-related changes arising from aggregation operations. Such
information distorts the evaluation of inconsistency. Therefore, homonymous entities
require preprocessing to extract valid polygons that reflect the degree of inconsistency.

On the other hand, the degree of graphical change relates not only to area but also to
multiple features such as shape and relative area variation. Manually defined rules struggle
to achieve effective detection of inconsistent changes in homonymous entities.
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3.2. Incremental Updates Workflow

Based on the analysis in Section 3.1, we propose an intelligent incremental update
model for different scale buildings, which contains three key stages: change information
extraction, classification, and update. The main algorithmic modules are described in
Figure 2.

 

Figure 2. Workflow of intelligent incremental update for different scale buildings.

The implementation steps for the three stages are as follows:

1. Change information extraction: First, a hierarchical matching method is adopted to
establish correspondence between different scale building data. An improved Alpha-
shape algorithm (Poly-Alpha) is designed for aggregating homonymous entities,
followed by overlay comparison to obtain valid change polygons. The aggregated
results of homonymous entities are subjected to overlay analysis to obtain valid change
polygons, serving as the core change information.

2. Change information classification: We first characterize the change information of
homonymous entities from two aspects: the geometric features of the entities them-
selves and those of change polygons. The CatBoost model is introduced to classify the
change information, identifying matching combinations with inconsistent changes as
update-required objects.

3. Change information update: We first establish adjacency relationships among match-
ing combinations. Considering the impact of update-required objects on neighboring
objects during incremental updates, we merge update-required matching combina-
tions based on these adjacency relationships to form to-be-updated areas. Finally,
based on cluster search results, we derive the update strategy and e obtain the final
update results.

4. Method
In this section, we elaborate on the implementation details of the three steps: change

information extraction, classification, and update.

https://doi.org/10.3390/ijgi15080358

https://doi.org/10.3390/ijgi15080358


ISPRS Int. J. Geo-Inf. 2026, 15, 358 8 of 43

4.1. Change Information Extraction

Change information extraction comprises two steps. The first step is establishing
correspondences between different scale buildings to identify homonymous entities with
matching relationships. The second step extracts change polygon using matching combina-
tions as the unit.

4.1.1. Homonymous Entity Matching

Numerous scholars have conducted research on building matching. Therefore, this pa-
per adopts the method proposed in literature [60], which hierarchically identifies matching
pairs of different scale buildings based on cognitive levels. This approach can effectively
recognize homonymous building entities with non-systematic positional errors and dif-
ferent scales, rendering it highly suitable for matching tasks in different scale building
databases. Its workflow is illustrated in Figure 3.

Figure 3. Workflow of hierarchy matching method for different scale building data.

It is worth noting that this matching method simultaneously aligns homonymous
entities. The coordinate displacement values during alignment are recorded for subse-
quent change features extraction. The hierarchical matching method is adopted only
as an automated preprocessing step in our workflow. Considering that the reliability of
matching results directly determines the performance of subsequent multiscale change
classification and incremental updating, all candidate matching pairs are comprehensively
inspected and manually corrected after automatic matching. Ambiguous cross-scale cor-
respondences (i.e., n:1 and m:n matching relationships), mismatched building pairs, and
omitted matching objects are manually screened and rectified one by one. This strategy
effectively eliminates the propagation of matching errors and guarantees high-quality input
for the subsequent incremental updating module.

4.1.2. Change Polygon Extraction

Based on the analysis in Section 3.1, we can see that complex matching relationships
such as n:1, n:m, and 1: n all involve changes between multiple polygons. Differences
obtained by directly overlaying homonymous entities contain extensive representation-
related changes, which are detrimental to identifying objects requiring updates. Therefore,
we need an aggregation algorithm to process homonymous entities in order to filter out
representation-related changes as much as possible. To better extract effective polygon
changes related to update-required objects, the adopted aggregating algorithm must not
only address the junction areas between multiple polygons but also preserve the contour
feature points of the multiple polygons. Given the above considerations, we designed
an improved Alpha-shape algorithm (denoted as Poly-Alpha) to aggregate matching
combinations. This algorithm converts complex matching relationships (i.e., n:1, 1:n, and
m:n) into 1:1 correspondence. Subsequently, through overlay analysis, we obtain the change
polygons of homonymous entities.

The Alpha-shape algorithm is a method for extracting shape boundaries from discrete
point sets, which employs an adjustable parameter α to regulate the level of detail of the

https://doi.org/10.3390/ijgi15080358

https://doi.org/10.3390/ijgi15080358


ISPRS Int. J. Geo-Inf. 2026, 15, 358 9 of 43

extracted polygons. This parameter α adjusts the level of detail of point set contours by
regulating the radius of virtual circles applied in contour generation. As illustrated in the
Figure 4, different α values yield contours with varying degrees of compactness.

 

Figure 4. Alpha-shape results for different α values.

The vertices of multiple polygons in a matching combination can naturally form
a discrete point set. By setting a suitable α, we can generate the polygon that retains all
original points as aggregation result. To preserve the rectangular characteristics of buildings,
we first refine the boundaries of these polygons, impose specific geometric constraints, and
then regularize the shape result. The specific steps of the Poly-Alpha merging algorithm
are as follows.

Step 1: Extract the multiple polygons point set. Set the sampling distance and α search
range based on the polygon size. The configuration is shown in Table 2. Points cover extent
mean the maximum value of the differences between the x and y coordinates of the points
in the set.

Table 2. The configuration of finding optimal α.

Points Cover
Extent Sampling Distance α Search Area α Search Step

(0, 10] 5 (0.01, 2) 0.01
(10, 100] 20 (0.01, 1) 0.005
(100, ∞] 50 (0.001, 0.1) 0.001

Step 2: Aggregation result generation. We generate Alpha-shapes for the point set
based on the predefined α search range and search step size. A result is deemed valid if and
only if it encompasses all points in the set. We select the valid result with the minimum α

value within the search range as the aggregation result. If no valid Alpha-shape is obtained
within the search range, the algorithm degenerates to generating the convex hull.

Step 3: Outline regularization. We adjust the outline of the aggregated result. The
adjustment approach varies according to the original polygon indices of the outline vertices.
As illustrated in Figure 5, the specific operations are different.

If two outline vertices belong to the same original polygon, we check whether they
align with the outline of the original polygon. If not, additional densification points need
to be inserted between the two vertices.

If the two vertices originate from different original polygons, we calculate the closest
point to the other original polygon for each vertex. We then select the closest point whose
angle is closest to a right angle or a straight line as the new vertex.

The new point must simultaneously satisfy the following conditions: 1. It does not
overlap with existing outline vertex. 2. The polygon result after adding the new point must
cover all original polygons.

https://doi.org/10.3390/ijgi15080358
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Figure 5. Poly-Alpha algorithm process diagram.

Iterate Step 3 until no new points are added, with the maximum iteration count set
to 3.

Step 4: Outline simplification. If the area changes of the polygon after removing an
outline vertex is less than a specified threshold, the vertex is deleted. In this study, the
threshold is empirically set to 0.1%. This simplification is intended to remove redundant
vertices so as to improve the computational efficiency of subsequent steps, and the threshold
can be adjusted according to the characteristics of different datasets.

As illustrated in Figure 6, the Poly-Alpha algorithm can effectively filter out
representation-related of homonymous entities. The changes derived from the overlay
analysis and aggregation results are deemed valid change polygons, which serve as the
primary basis for evaluating the degree of building changes.

Figure 6. Schematic diagram of the change polygon extraction process for homonymous entities.

4.2. Change Information Classification

As analyzed in Section 3.1, regardless of the cause of the change, whenever the
graphical change of homonymous entities reaches a specific threshold, incremental updates
are necessary to ensure consistency across multiple scale building database. Therefore, we
first extracted the change information features of homonymous entities and adopted the
CatBoost algorithm to classify change information, thereby identifying the buildings that
require incremental updates.

4.2.1. Change Features Extraction

The degree of change in homonymous entities is primarily reflected in changes in
their graphical forms across different scales. In addition to the most intuitive changes in
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position and area, it also includes alterations to geometric characteristics such as shape
and orientation. Furthermore, considering that generalization operations (e.g., aggregation
and simplification) can significantly alter the graphical characteristics of homonymous
entities, we introduce two additional features: the area similarity of merged polygons and
the contour simplification level of merged polygons. These features enable us to assess
the necessity of updating homonymous entities from two perspectives: actual graphical
changes and potential changes caused by generalization operations.

Furthermore, the geometric characteristics of change polygons reflect the degree of
discrepancy between homonymous entities. On the one hand, the larger the area of a change
polygon, the higher the likelihood that the corresponding matching combination requires an
update. On the other hand, the shape characteristics of change polygons also significantly
influence the necessity of an update. Misaligned homonymous entities may also produce
large-area yet narrow-change polygons, which should be regarded as consistent changes.
Therefore, we further introduce parameters such as elongation, convexity, compactness,
and triangularity to characterize the shape characteristics of change polygons.

Based on the above analysis, we classify the extracted features into two main categories:
change features of homonymous entities and geometric features of change polygons. Given
the dominant role of area in measuring change magnitude, we only calculate the features of
positive and negative change polygons with the maximum areas. The specific calculation
formulas for each feature are presented in Table 3.

Table 3. The specific calculation formulas for different features.

Feature Type Name Symbol Formula Explanation

change features of
homonymous

entities

Position
similarity Sp

(︂(︁
∆xij

)︁2
+

(︁
∆yij

)︁2
)︂ 1

2
(xi , yi) are the Alpha-shape center

coordinates for building combination i.

Area similarity Sa 1 − |Sialpha−Sjalpha|
max(Sialpha , Sjalpha)

Sialpha is the area of Alpha-shape for
building combination i.

Shape similarity Ss 1 − minθ∈[0,1]
∫︁ 1

0 | Tialpha(l+θ)−Tjalpha(l)| dl

max
(︂∫︁ 1

0 Tialpha(l)dl,
∫︁ 1

0 Tjalpha(l)dl
)︂ Tialpha is the turning function of

Alpha-shape for building combination i.

Orientation
similarity So 1 − ∆Oij

π/2
∆Oij is angle between the minimum

bounding rectangles (MBR) for i and j.

Convex hull
similarity Sc

Soverlap(coni, conj)

max(Sconi , Sconj)

coni is the convex hull for building
combination i.

Simplification
degree Sd min

(︂ Pjalpha
Pialpha

, 1
)︂ Pialpha denotes the number of vertices of

Alpha-shape for building combination i.

geometric features
of change
polygons

Absolute area
difference Raa Sd

The absolute value of the area difference
between building combinations i and j.

Relative area
difference Rra

{︃
Rra_pos = Raa/Sialpha
Rra_neg = Raa/Sjalpha

Building combinations i belongs to the
larger-scale dataset.

Elongation Relo WdR/LdR
WdR and LdR are the width and length of

the building MBR, respectively.

Concavity Rcon Sd/Scond

Sd and Scond denote the area of the change
polygon and the area of its convex hull,

respectively.

Compactness Rcom 4πSd/L2
d

Ld denotes the perimeter of the change
polygon.

Narrowness Rtrih -
The area-weighted average of all triangle

altitudes within the change polygon
(Figure 7b).

Original
geometry
difference

Rti

{︃
pos_Rti = min

(︁
Soverlap

(︁
dpos, {i1 · · · in}

)︁
/Sd, 1

)︁
neg_Rti = min

(︁
Soverlap

(︁
dneg, {j1 · · · jn}

)︁
/Sd, 1

)︁ {i1 · · · in} denotes the larger-scale building
within building combination i.

https://doi.org/10.3390/ijgi15080358

https://doi.org/10.3390/ijgi15080358


ISPRS Int. J. Geo-Inf. 2026, 15, 358 12 of 43

Figure 7. Feature calculation schematic diagram.

4.2.2. Change Information Classification Model

To determine whether homonymous entities require updates, we adopt the CatBoost
classification model to categorize graphical change information. CatBoost is an additive
ensemble learning model based on Gradient Boosting Decision Trees (GBDTs). Through
core strategies—including categorical feature encoding, ordered boosting (training data
ranking), and tree structure optimization—it enables efficient and stable model training [61].
The model effectively mitigates issues inherent in traditional GBDT, such as prediction
drift, overfitting, and the cumbersome processing of categorical features. Additionally,
it is integrated with interpretable frameworks such as Shapley Additive Explanations
(SHAP) [62], which enhances decision-making transparency by quantifying the contribution
of each feature.

The CatBoost classifier training steps are as follows, with the classification process
illustrated in Figure 8:

Step 1: Feature Preprocessing: Numerical feature missing values are filled using the
median. Since all features in this study are numerical, categorical encoding is unnecessary.
The training set is randomly shuffled following the ordered boosting strategy [63] to reduce
prediction bias.

Step 2: Model Initialization: For binary classification tasks, CatBoost initializes
a constant function f0(x) based on global label statistics to minimize initial error. The
f0(x) is calculated using Equation (1), where n denotes the total number of training sam-
ples and yi represents the label value of the sample i.

f0(x) = ln
(︃

∑n
i=1 I(yi = 1)

∑n
i=1 I(yi = 0)

)︃
(1)

Step 3: Iterative Optimization: CatBoost follows an additive ensemble framework.
Each newly trained symmetric decision tree fits the residuals of the previous model to
iteratively reduce prediction loss. The splitting gain is calculated as Equation (2), where L
represents the total loss of samples across all child nodes, k denotes the total number of
samples in the node, and pi stands for the predicted value of sample i.

Gain( f , t) = LParent −
nLe f t

nParent
LLe f t −

nRight

nParent
LRight (2)

L = − 1
n ∑ i∈k[yiln(pi) + (1 − yi)ln(1 − pi)] (3)

In each iteration, sample residuals are computed using Equation (4), where L denotes
the result obtained by Equation (3) when k is set to 1.

rm,i = −∂L(yi, Fm−1(xi))

∂Fm−1(xi)
(4)
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Based on the obtained residuals, a new decision tree Tm(x) is trained and used to
update the ensemble model with a fixed learning rate η:

Fm(x) = Fm−1(x) + η∑M
m=1 Tm(x) (5)

Step 4: Weighted Ensemble Model: The Sigmoid function converts the model output
into a binary classification probability as Equations (6) and (7).

F(x) = f0(x) + η∑M
m=1 Tm (6)

P = σ(F(x)) =
1

1 + e−F(x)
(7)

Figure 8. Training process of CatBoost classification model.

4.3. Change Information Update

In multiple scale databases, the graphical representation of buildings exhibits various
associative relationships. Vertically, there are correspondence relationships between graph-
ics that represent the same geographic entity across different scales. Horizontally, adjacency
relationships prevail between spatially proximate objects at the same scale. Consequentially,
changes made to larger-scale objects simultaneously impact associated objects both at other
scales and within the same scale, which is named chain reaction of propagated updates.

As shown in Figure 9, when building 3 in the source dataset is changed, the update
process entails analyzing its surrounding environment and re-generalizing the related
building to achieve incremental updates. Consequently, building 1 in target dataset requires
an update due to the vertical matching relationship. Simultaneously, buildings 2 and 3 in
target dataset also require updates owing to the horizontal adjacency relationships.
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Figure 9. Schematic diagram of changes in building correspondence relationships before and
after updates.

Therefore, we adopt a partial update strategy to update relevant objects at smaller
scales, which consists of two core steps: to-be-updated area extraction and update operation
execution. The former identifies the associated object set based on the classification result,
while the latter formulates the updating plan for these associated objects.

4.3.1. To-Be-Updated Area Extraction

When a change in a matching combination is classified as an inconsistent change,
the larger-scale buildings within this combination are regarded as needing an update.
According to the chain propagation principle, the neighboring matching combinations of
the identified changed one are affected and should also be treated as objects requiring
update. Concurrently, there are overlaps between the object sets associated with different
matching combinations, which necessitates merging of the sets. Therefore, taking matching
combinations as the basic unit, we determine the to-be-updated area by analyzing the
associative relationships. The detailed implementation steps are presented as follows. The
schematic diagram is shown in Figure 10, and the pseudocode of the proposed method is
listed as Algorithm 1.

 

Figure 10. Process for extracting to-be-updated areas.

Step 1: Matching combination adjacency relationship construction. First, obtain the
matching combinations {T, S} using the method described in Section 4.1.1. By aggregat-
ing the larger-scale buildings within the same matching combination, we calculate their
centroid and generate a Delaunay triangulation. The triangulation is then pruned based
on the minimum distance d1 between connected matching combinations, ultimately estab-
lishing the association relationships between matching combinations, which was saved in
{Near_List}. To avoid spatial conflicts with other features post-update, we eliminate the
association relationships between matching combinations that are connected across roads.

Step 2: Determining initial update candidates and associated objects. Matching
combinations classified as requiring updates in the classification model are designated
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as primary update candidates, marked by their own ID saved in {Mark_List}, and set to
model = 1. Adjacent matching combinations to primary update candidates are designated
as secondary update candidates, marked by primary matching up’s ID, and set to model = 2.
Remaining matching combinations are set to model = 0 (i.e., no update). A single matching
combination may be marked by multiple primary update objects. The final matching
combination information retrieved is {ID, {T, S}, {Near_List}, {Mark_List}, model}.

Step 3: Propagation of update area. Propagate the update area based on matching
combination information by traversing all primary update objects i and analyzing their
adjacent matching combinations j.

When j{Model} = 1, update it to model = 2. Then, traverse the combinations
t within j{Near_List}, update the t{Mark_List} by remove j and add i. Subsequently,
merge i{Near_List} and j{Near_List} to update i{Near_List}; merge i{T, S} and j{T, S}
to update i{T, S}.

When j{Model} = 2, traverse the combinations t within j{Near_List}, update i{T, S}
as i{T, S} ∪ j{T, S}.

Step 4: Identify to-be-updated areas. After propagating updates, all matching combi-
nations i whose model = 1, 2 are treated as area to be updated. i{T, S} denotes the set of
objects to be updated.

Algorithm 1: Change information update method

Input: All matching combinations {ID, {T, S}} from Section 4.1.1, distance threshold d1, road data.
Output: All matching combinations marked with update attributes {ID, {T, S}, {Near_List}, {Mark_List}, model}.
1: Matching combination adjacency relationship construction.

for each matching combination C do:
Aggregate all coarse-scale buildings inside the combination
Compute centroid of aggregated buildings

Generate global Delaunay triangulation using all combination centroids
Prune triangulation edges: remove edges where the nearest distance > d1 or cross road
Store neighbor relations of each combination in C{{Near_List}}
Output: {ID, {T, S}, {Near_List}}

2: Determining initial update candidates and associated objects.
for each matching combination C do:

if classification model predicts C needs update:
C{model} = 1, store C{ID} into C{{Mark_List}} (primary candidate)

else if C is adjacent to any primary candidate D:
C{model} = 2, store D{ID} into C{{Mark_List}} (secondary candidate)

else:
C{model} = 0 (no update)

Output: {ID, {T, S}, {Near_List}, {Mark_List}, model}
Note: One combination may be associated with multiple primary candidates in {Mark_List}

3: Propagation of update area.
for each matching combination i and i{model} = 1 do:

for j ∈ C{{Near_List}} do:
if j{model} == 1:

Set j{model} = 2
Traverse all t ∈ j{{Near_List}}: delete j{ID} from t{{Mark_List}}, add i{ID} to t{{Mark_List}}
Merge j{{Near_List}} into i{{Near_List}} and Update i{T, S} = i{T, S} ∪ j{T, S}

if j{model} == 2:
Traverse all t ∈ j{{Near_List}}: Update i{T, S} = i{T, S} ∪ j{T, S}
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Algorithm 1 Cont.

4: Identify to-be-updated areas.
Return full attribute set {ID, {T, S}, {Near_List}, {Mark_List}, model} of all combinations
Note: All matching combinations satisfying model = 1 and 2 are target update regions
end

4.3.2. Update Operation Execution

After extracting the area to be updated, local generalization of objects within the area
is required to generate new graphics for updating smaller-scale data. To ensure the clarity
and readability of building representations as well as the consistency of their geometric
features during the update process, we utilize deletion, aggregating, and simplification
operators to generalize the objects requiring updates.

Step 1: Delete operator execution. Filter the updated building based on the area
threshold. if the area is less than the threshold, perform the delete operation.

Step 2: Adjacency matrix construction. A Delaunay triangulation is built based on
the geometric centers of buildings within the region, and then pruned by applying the
distance threshold d2. As illustrated in Figure 11a,b, the adjacency matrix of the object set is
established according to the connectivity of the Delaunay network. In this matrix, a value
of 1 in the cell at row i and column j indicates that there is an adjacency association between
object i and object j.

Figure 11. Diagram of the update operation execution process.

Step 3: Update strategies generation. As indicated by the arrowhead in Figure 11b, all
clusters within the adjacency matrix are obtained using breadth-first search (BFS). Objects
within a cluster share direct or indirect associations, while no associations exist between
different clusters. As shown in Figure 11c, when a cluster contains only one object, the
simplification operator is executed. Otherwise, the merge operator is executed.

Step 4: Conflict detection. Detect smaller-scale objects within the update area and
merge those with overlapping spatial relationships.

Step 5: Data update. Remove the original smaller-scale buildings within the to-be-
updated area and incorporate the locally generalized smaller-scale buildings.

5. Experiments and Analysis
To validate the effectiveness and scientific rigor of the proposed method for updating

buildings with different scale and temporal phases, we conducted exemplary validation us-
ing real datasets. Since the proposed method first requires identifying objects to be updated
before implementing the update, we conducted comparative experiments and analyses
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in two separate phases: change information classification experiment and incremental
update experiment.

5.1. Data Introduction and Preprocessing

We selected 1:10,000-scale and 1:50,000-scale datasets from the Ningbo region for the
experiment. The update approach entailed using the larger 1:10,000-scale data to update
the smaller-scale data with lower timeliness. Specifically, we selected study area 1 as both
the training and testing datasets, while study area 2 served as the validation dataset. The
corresponding data overview is illustrated in Figure 12.

 

Figure 12. Different scale building data (1:10,000 and 1:50,000) of Ningbo Dataset 1.

The actual matching status of multiple scale data obtained through manual match-
ing. Simultaneously, seven graduate students specializing in cartography annotated the
updated matching combinations. Matching combinations showing inconsistent changes
were labeled as 1, while those showing consistent changes were labeled as 0. The majority
vote result was adopted as the final label. The labeling outcomes for different experimental
regions are shown in Table 4. Fleiss’ Kappa was used to measure inter-annotator agreement
for multi-annotator scenarios. The full voting records of all annotated samples are attached
in Tables S1–S5. Based on inter-rater reliability calculated with the Fleiss’ Kappa statistic,
the coefficients for datasets of each region all exceed 0.6, which corresponds to substantial
consistency per the Landis–Koch standard. This verifies that annotation bias is effectively
controlled and the labels of our dataset are reliable. Since 1:0 and 0:1 matching relation-
ship are directly determined in accordance with the rules, the total number of matching
combinations here only covers the 1:1, 1:m, m:1, and m:n matching relationships.

All experiments were conducted on a Microsoft Windows 10 64-bit operating sys-
tem. The CatBoost classification model was implemented in Python 3.10 using the Scikit-
learn1.7.0 (Sklearn) ecosystem, with full reproducibility ensured by publicly available code
(DOI: http://doi.org/10.6084/m9.figshare.30911756).
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Table 4. Statistical data of homonymous entities matching relationships for Dataset 1.

Data Area Purpose
Number of

Larger-Scale
Polygons

Number of
Smaller-Scale

Polygons

Number of
Combinations (Number

of Needing Update)

Study area 1 Training and testing 4011 531 524 (82)
Study area 2 Validation 2999 310 304 (42)

5.2. Change Information Classification Experiment

Accurate classification of change information lays the foundation for incremental
updates. This section focuses primarily on the validity of extracted change graph-based
features and the effectiveness of the CatBoost model for classifying change information.
In addition to validating the model via quantitative analysis, we also employ the SHAP
model to conduct feature interpretation and analysis for the trained CatBoost model.

5.2.1. Classification Experiment Results and Analysis

(1) Change information classification results and analysis.

To validate the effectiveness and practicality of the proposed classification method, we
selected nine comparative models: two decision tree-based models (Decision Tree and Ran-
dom Forest), two boosting algorithms (Extreme Gradient Boosting and Adaptive Boosting,
which are abbreviated as XGBoost and AdaBoost respectively), Logistic Regression model
(LR), and Support Vector Machine (SVM). To model the spatial relationships between mul-
tiscale residential buildings, we adopted two graph neural networks that support diverse
edge relation inputs, namely RGCN [64] and EGAT [65], as comparative baselines. Existing
research lacks graph structure modeling dedicated to multiscale data incremental updating
tasks. Inspired by the work in literature [16], we constructed graph structures for various
matching pairs. The node features consist of the area and perimeter of residential building
polygons. Two types of edge relations are defined: intra-layer and cross-layer connections.
The change features extracted in the preceding steps are concatenated as global graph
features, which are then processed through nonlinear transformations to output binary
classification labels. Additionally, a plain Multi-Layer Perceptron (MLP) is included as
a baseline deep learning model for comparison.

During training, to mitigate imbalanced sample distribution, weighted training was
adopted to balance the proportions of positive and negative samples. For the decision
tree-based models, the maximum tree depth was set to 8; for SVM and Logistic Regression,
the regularization parameter c was set to 1.0 to prevent overfitting. For all deep learning
comparison methods, we adopt a unified network architecture with two hidden layers
containing 32 and 16 neurons respectively. The weighted cross-entropy loss weighted by
the label proportion of training samples is utilized as the loss function. The maximum
training epoch is set to 2000, and an early stopping strategy is applied to shorten the
training duration. Furthermore, as the optimization objective of SVM models is to find the
maximum-margin hyperplane, margin calculation is dependent on the numerical scale of
features. Therefore, the input features need to be normalized. The normalization formula
is provided as Equation (8), where d f denotes the truncation threshold. According to the
distinct numerical characteristics of the original features, we set the d f of features Sp, Raa

and Rtrih to 30, 3000 and 50, respectively.

f = min
(︂(︂

f /d f

)︂
, 1
)︂

(8)

Common quantitative evaluation metrics for assessing experimental performance
include accuracy (Acc), recall (Rec), precision (Pre), and F1-score. Their calculation formulas
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are presented in Equations (9)–(12). Here, T, F, P, and N represent true positives, false
positives, predicted positive samples, and predicted negative samples, respectively.

Acc =
TP + TN

TP + TN + FP + FN
× 100% (9)

Rec1 =
TP

TP + FN
× 100% (10)

Pre1 =
TP

TP + FP
× 100% (11)

F1 =
2 ∗ Rec1 ∗ Pre1

Rec1 + Pre1
× 100% (12)

Due to the sample size imbalance between the two label categories in the dataset,
the F1-score for the minority positive class may exhibit significant fluctuations due to
the impact of individual samples. Therefore, we introduce the macro F1-score (F1_m) to
evaluate the overall performance of the model. F1_m extends the standard F1-score by
incorporating the model’s ability to identify the negative class, and it assesses the model’s
overall performance by averaging the F1-scores of the positive and negative classes. Its
specific calculation formula is presented in Equation (13), where F2 denotes the F1-score
calculated after swapping the definitions of positive and negative classes. Evaluating
the average F1-score across the two categories better reflects the model’s performance on
imbalanced classification problems.

F1_m = (F1 + F2)/2 × 100% (13)

The experimental data from study area 1 was subjected to ten random splits, with
an 8:2 training-to-test split ratio. Identical random seeds were configured to ensure consis-
tent dataset partitioning throughout all comparative experiments. The average accuracy
comparison results across the ten partition scenarios are presented in Table 5, where data
in bold red indicates the optimal experimental results and data in bold black denotes the
suboptimal ones.

Compared to decision tree-based models and linear classifiers, boosting-based models
exhibit superior performance, with CatBoost delivering the optimal classification results.
While the experimental metrics on the test set are slightly lower than those on the training
set, CatBoost overall correctly classified most variations of homonymous entities, achieving
an accuracy of 93.14% and an average macro-F1-score of 85% across different test sets.
This demonstrates that CatBoost can more effectively leverage graph-based change feature
information than other machine learning models and possesses strong generalization
capabilities. Among the ten random splits, the grouping where CatBoost attained the best
performance was selected as the final training dataset. The model’s performance results
on this optimal dataset are presented in Table 6. Subscripts 1 and 2 denote two positive
sample settings: update-required objects and non-update objects, respectively.

On the selected optimal dataset, CatBoost exhibits superior performance, yielding
a 2–7% accuracy improvement compared to other methods. Given the small number of
samples requiring updates, this classification task belongs to few-shot classification—where
the classification performance of positive samples more effectively reflects the model’s
practical applicability. As shown in Table 6, the CatBoost classification model achieves
a positive-class F1-score that is 5–21% higher than that of other models.

When comparing results across different classifiers, the adopted graph neural network
baselines (RGCN and EGAT) fail to deliver competitive change detection performance on
the test set. This issue may mainly stem from the severe mismatch between the excessive
model capacity of sophisticated GNN architectures and the inherent drawbacks of our
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dataset, namely limited training sample volume and obvious class imbalance. Although
these intricate graph networks can perfectly fit the limited training samples, they are prone
to memorizing isolated feature patterns and random noise within the training set rather
than learning general geographic change rules, which eventually triggers drastic overfitting
and poor generalization on unseen test data.

Table 5. Average quantitative evaluation metrics of different classification model on the training and
testing dataset (data in bold red indicates the optimal experimental results and data in bold black
denotes the suboptimal ones).

Model Train Dataset Acc Train Dataset F1_m Test Dataset Acc Test Dataset F1_m

SVM 94.32 90.13 91.71 85.64
LR 88.95 82.29 86.76 79.08

Random Forest 100.00 100.00 91.42 79.44
Decision Tree 96.75 94.36 85.33 73.73

XGBoost 100.00 100.00 91.71 83.87
AdaBoost 98.04 96.22 91.33 82.29

MLP 93.53 86.36 91.81 81.99
RGCN 98.74 97.56 78.28 54.97
EGAT 98.21 96.60 77.24 51.71

CatBoost 100.00 100.00 93.14 86.79

Table 6. Quantitative evaluation metrics of different classification model on the optimal dataset
(data in bold red indicates the optimal experimental results and data in bold black denotes the
suboptimal ones).

Model TP TN FP FN Pre1 Rec1 F1 Pre2 Rec2 F2 F1_m Acc

SVM 14 86 3 2 0.82 0.88 0.85 0.98 0.97 0.97 0.91 0.95
LR 14 84 5 2 0.74 0.88 0.80 0.98 0.94 0.96 0.88 0.93

Random Forest 9 89 0 7 1.00 0.56 0.72 0.93 1.00 0.96 0.84 0.93
Decision Tree 12 82 7 4 0.63 0.75 0.69 0.95 0.92 0.94 0.81 0.90

XGBoost 10 88 1 6 0.91 0.63 0.74 0.94 0.99 0.96 0.85 0.93
AdaBoost 10 88 1 6 0.91 0.63 0.74 0.94 0.99 0.96 0.85 0.93

MLP 6 89 0 10 1.00 0.38 0.55 0.90 1.00 0.95 0.75 0.90
RGCN 4 82 7 12 0.36 0.25 0.30 0.87 0.92 0.89 0.60 0.82
EGAT 5 76 13 11 0.31 0.28 0.29 0.85 0.87 0.86 0.58 0.77

CatBoost 13 89 0 3 1.00 0.81 0.90 0.97 1.00 0.98 0.94 0.97

In contrast, CatBoost exhibits distinct advantages under such small-sample conditions.
This lightweight ensemble learning algorithm runs efficiently throughout the training and
inference phases, and it adapts well to the building change detection task characterized by
localized spatial features and scale-dependent geographic attributes. It can effectively exca-
vate discriminative information from insufficient imbalanced samples without requiring
complicated network tuning or heavy computational overhead.

Nevertheless, we emphasize that the performance gap observed herein does not
signify that CatBoost is inherently superior to all deep learning models for building update
tasks. Such superiority is only verified under our specific dataset scale, class distribution
and experimental settings. For future research, expanding the quantity of labeled change
samples is expected to mitigate the overfitting issue of RGCN and EGAT and enable graph
neural networks to exert their inherent modeling strengths on spatial correlation.

Meanwhile, linear models (e.g., SVM and Logistic Regression) perform relatively well
on positive samples. These models have fewer parameters, often maintain simplicity via
regularization, and generally offer better stability than complex models. However, in
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terms of overall evaluation, ensemble models (e.g., XGBoost and AdaBoost) demonstrate
superior comprehensive performance with higher macro-F1-scores. When adjusting train-
ing weights via sample proportion balancing, ensemble models effectively alleviate the
tendency to overprioritize extreme samples during training on imbalanced datasets. This is
achieved through weighted fusion of multiple weak classifiers, thereby avoiding the poor
generalization caused by overfitting to dominant classes in single-model training. Among
these ensemble models, CatBoost employs ordered boosting and automatic feature ranking
during training. This approach effectively reduces over-reliance on majority samples and
addresses key challenges in traditional machine learning, such as “feature information loss”
and “model bias toward majority classes.”

In the above experiments, to ensure the fairness of the comparative experiments, we
set specific values for the hyperparameters of different machine learning algorithms based
on empirical experience. Furthermore, we optimized the hyperparameter settings using the
grid search algorithm. As one of the commonly used methods for hyperparameter tuning,
grid search employs an exhaustive approach to find the hyperparameter combination with
the optimal performance in K-fold cross-validation experiments within a preset hyperpa-
rameter search range. CatBoost is a tree-based Gradient Boosting Decision Tree (GBDT)
algorithm. Its core principle lies in iteratively training multiple decision trees and accumu-
lating their prediction results to improve model performance. Additionally, it is designed
with an ordered boosting mechanism for categorical features, which can effectively reduce
the risk of overfitting and improve classification accuracy. The hyperparameter settings of
CatBoost directly affect the complexity, training efficiency, and generalization ability of the
tree model. Specifically, its main hyperparameters include five types: learning rate, tree
depth, L2 parameter, max iterations, and class weight. According to the meaning of differ-
ent parameters, the search ranges and optimization results of different hyperparameters
we set are shown in Table 7.

Table 7. Hyperparameter search range and results.

Hyperparameter Explanation Search Range Search Result

Learning rate Controls the contribution weight of each tree,
balancing convergence speed and generalization (0.01, 0.05, 0.1, 0.2) 0.2

Tree depth Determines the complexity of a single decision
tree, affecting feature interaction capture (3, 5, 7, 9) 7

L2 parameter Applies L2 penalty to leaf node weights to
suppress overfitting (1, 3, 5, 10) 3

Max iterations Specifies the total number of decision trees
trained, controlling model complexity (50, 100, 200, 300) 50

Class weight Adjusts sample weights across classes to address
data imbalance

(Balanced,
SqrtBalanced, None) Balanced

After evaluating the performance of various classifiers on the training and test sets,
we further deployed the trained models on the independent validation dataset to quantify
their generalization ability. The time consumed for change information extraction and
classification was 382,274 ms and 7 ms, respectively. The average processing time per object
was 1258 ms. It is obvious that the change information extraction module accounts for most
of the total runtime. Spatial partitioning parallel processing can be adopted to boost the
computational efficiency when dealing with large-volume datasets. The corresponding
classification results are presented in Table 8.

The validation set and test set consist of distinct datasets with the same geographic
characteristics, which effectively assesses the model’s generalization performance. Exper-
imental results show that on the validation set, the classification model also accurately
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identifies and classifies the graphical variations of homonymous entities. Consistent with
the trends observed in the test set, as shown in rows 5,6 and 10 of Table 8, ensemble models
exhibit stronger generalization ability, achieving optimal or suboptimal performance across
all evaluation metrics. Among them, CatBoost achieves the best performance across all key
metrics: F1, F2, F1_m and Acc.

Table 8. Quantitative evaluation metrics of different classification model on the validation dataset
(data in bold red indicates the optimal experimental results and data in bold black denotes the
suboptimal ones).

Model TP TN FP FN Pre1 Rec1 F1 Pre2 Rec2 F2 F1_m Acc

SVM 36 250 12 6 0.75 0.86 0.80 0.98 0.95 0.97 0.88 0.94
LR 35 245 17 7 0.67 0.83 0.74 0.97 0.94 0.95 0.85 0.92

Random Forest 16 261 1 26 0.94 0.38 0.54 0.91 1.00 0.95 0.75 0.91
Decision Tree 27 229 33 15 0.45 0.64 0.53 0.94 0.87 0.91 0.72 0.84

XGBoost 34 254 8 8 0.81 0.81 0.81 0.97 0.97 0.97 0.89 0.95
AdaBoost 31 256 6 11 0.84 0.74 0.78 0.96 0.98 0.97 0.88 0.94

MLP 21 256 6 21 0.50 0.78 0.61 0.98 0.92 0.95 0.78 0.91
RGCN 4 232 30 38 0.12 0.10 0.11 0.86 0.89 0.87 0.49 0.78
EGAT 11 230 32 31 0.26 0.26 0.26 0.88 0.88 0.88 0.57 0.79

CatBoost 34 260 2 8 0.94 0.81 0.87 0.97 0.99 0.98 0.93 0.97

(2) Parameter sensitivity analysis of Poly-Alpha algorithm

The Poly-Alpha algorithm serves as a critical step for change information extraction.
Different parameter configurations within this algorithm will alter the merged polygons and
the subsequent calculated values of change features, which may further degrade or improve
the performance of the classification model. To verify the rationality of the Poly-Alpha
algorithm and analyze the sensitivity of the classification model to its hyperparameters,
we conduct evaluations from two perspectives: the α search strategy and the polygon
sampling distance. The impacts of different parameter combinations on classification results
are summarized in Table 9. Furthermore, representative polygons exhibiting significant
discrepancies under diverse parameter settings are selected for visual comparison, and
their polygon merging results are illustrated in Figure 13.

Table 9. Classification performance of different Poly-Alpha hyperparameter settings (data in bold
red indicates the optimal experimental results and data in bold black denotes the suboptimal ones).

α Search Area Sampling
Distance

Average
Processing

Time(s)

Number of
Convex Hull

Points Cover
Extent

Test Dataset
Average F1_m

Validation
Dataset F1_m

(0.01, 2) 5 3.31 92/524 301.41 0.8579 0.8823
(0.01, 2) 20 1.10 40/524 343.62 0.8484 0.8932
(0.01, 2) 50 0.73 36/524 353.14 0.8708 0.9098
(0.01, 2) 100 0.43 144/524 315.40 0.8484 0.8592
(0.01, 1) 5 0.34 71//524 302.10 0.8421 0.8789
(0.01, 1) 20 1.12 19/524 339.13 0.8824 0.9197
(0.01, 1) 50 0.71 12/524 386.64 0.8967 0.9233
(0.01, 1) 100 0.59 74/524 314.31 0.8658 0.8517

(0.001, 0.1) 5 4.11 60/524 290.92 0.8532 0.8655
(0.001, 0.1) 20 0.73 11/524 284.09 0.8830 0.9287
(0.001, 0.1) 50 0.49 0/524 - 0.8907 0.9364
(0.001, 0.1) 100 0.41 1/524 203.59 0.8947 0.9309
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Figure 13. Visual comparison of polygon merging results with different sampling distances and α

search parameters.

Based on the quantitative comparison results presented in Table 9, the average F1_m

on the test set and the validation set are adopted as the core evaluation metrics for model
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classification performance. The influencing rules of different parameter settings on model
classification performance are summarized as follows:

1. Improper parameter configuration of the Poly-Alpha algorithm prevents the model
from fitting and reconstructing reasonable polygon contours, thereby producing
a large number of redundant degenerate convex hulls. The proliferation of such
invalid convex hulls makes the extracted change polygons fail to truly reflect the actual
morphological variations of multiscale vector buildings, which severely degrades the
classification accuracy of change information. Compared with generic convex hull
merging algorithms, the Poly-Alpha algorithm tailored for multiscale matching pairs
delivers substantial improvements in change classification performance.

2. The computational efficiency of feature extraction is jointly governed by the α search
strategy and polygon sampling distance. More iterative rounds of α search and
smaller sampling distances require the algorithm to traverse and interpolate a greater
number of vertices, which significantly increases the time consumption of feature
extraction. Nevertheless, experimental results demonstrate that the computational
complexity of feature extraction is not positively correlated with model classification
performance. Excessively refined parameter settings greatly increase computational
overhead without further optimizing model representation capability, indicating an
obvious diminishing marginal benefit of parameter refinement.

3. Experimental validation shows that the optimal parameter combination for most
polygon combinations in the study area is (0.001, 0.1), and sampling distances of
20 and 50 yield superior performance in polygon merging and change feature extrac-
tion. Comparative visualization results reveal that the sampling distance exerts a
significant influence on polygon merging quality. A small sampling distance pre-
serves fine contour details and refines polygon edges, whereas a moderately increased
sampling distance simplifies polygon contours by eliminating trivial and invalid ver-
tices while retaining critical feature vertices that characterize the core morphology of
building objects. Mechanistically, the effectiveness of the sampling distance is relative
rather than absolute, which is closely related to the overall spatial scale and contour
extension length of polygon combinations. Reasonable sampling distance matching
for polygons with different spatial coverage and scale fundamentally ensures the
morphological authenticity and geometric rationality of merged polygons.

In summary, reasonable configuration of the α search range and sampling distance is
essential for generating high-quality merged polygons and guaranteeing the reliability of
change detection and classification results. The optimal parameter intervals for different
polygons follow distinct regularities, mainly constrained by the spatial extension range
and contour complexity of individual polygons. Adopting the recommended parameter
values in this study can effectively balance extraction accuracy and computational efficiency,
produce morphologically reasonable merged polygons that faithfully reflect real geographic
changes, and ultimately improve the overall performance of incremental updating and
change detection for multiscale vector building datasets.

5.2.2. Model Interpretability Analysis

In the classification model, we employed 20 change features in total. Analyzing the
correlations between these features provides guidance for evaluating feature importance
and interpreting the model.

As an ensemble tree model, CatBoost generates predictions by summing the outputs
of multiple trees, making it difficult to derive explicit rule-based models like traditional
decision trees. However, the emergence of explainable artificial intelligence provides
alternative approaches for analyzing the features and decision-making processes of such
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models. Among these, the SHAP explanation framework offers a model interpretation
method based on game-theoretic Shapley values [66]. This framework assigns a fair and
consistent contribution value (SHAP value) to each feature for each sample, clarifying
the feature’s predictive contribution to the model. For ensemble learning models such as
CatBoost, the Tree Explainer within the SHAP framework leverages the unique structural
properties of tree models to provide an O(TL)-time method for accurately calculating SHAP
values [67]. The specific calculation formula is presented as Equation (14). ϕj,t(x) represents
the local contribution of feature j in the tree t, calculated as the sum of path effects across
all split node samples for that feature. wt denotes the weight of the tree t, which defaults to
1 in the Catboost model.

ϕj(x) = ∑T
t=1 wt · ϕj,t(x) (14)

Based on this computational principle, we can also derive the relationship between
the predicted value of a single sample and the SHAP values of each feature, as shown in
the Equation (15). Here, y0 represents the model baseline prediction, equivalent to f0(x) in
the Equation (1). K denotes the total number of features. yi represents the predicted value
for sample i. After sigmoid transformation, this becomes the probability that the sample
exhibits inconsistent variation.

yi = y0 + ∑K
j=1 ϕj(x) (15)

Therefore, the classification process of a model can be understood from both global
and local perspectives. From the global perspective, the overall importance of features
can be measured by the mean absolute value of SHAP values. A higher mean indicates
that the feature has a greater impact on the model’s overall prediction, making it more
important. From the local perspective, we can analyze the unique contribution of each
feature to the predicted value of a specific sample, thus exploring how individual features
affect the model’s prediction process.

(1) Global Perspective-Based Model Interpretation

The optimal training set was selected and the sum of SHAP values for each feature
was calculated, as shown in Figure 14.

Figure 14a presents the mean absolute SHAP values of twenty features in total, in-
cluding six change features of homonymous entities, seven features for positive change
polygon, and seven features for negative change polygon. Figure 14b displays a scatter
plot of the respective SHAP values for each feature across all samples. Analysis of these
visualizations reveals that:

(i) The top three features that significantly influence the model are Sp, Sc and So. These
three features respectively characterize changes in the position, area, and orientation
of homonymous entities. The position feature Sp exhibits a significant driving effect,
which is directly related to our method for calculating graphical difference features.
Since homonymous entities undergo alignment during matching, consequently, those
with significant graphical differences may exhibit greater positional discrepancies.
Accordingly, the driving effects of the graphical features Sa, Ss and Sd related to
homonymous entities are relatively weaker.

(ii) Among the graphical features of positive and negative change polygons, the ones
exerting the most significant driving effects on the model are Relo, Rcom and Rra. Relo

primarily characterizes the aspect ratio of the minimum bounding rectangle (MBR) of
the change polygon. Rcom mainly quantifies the ovality of the variation polygon. Both
features capture the “narrowness” of the change polygon. As shown in Figure 14b,
a smaller aspect ratio of the change polygon exerts a stronger driving effect on the
model to predict consistent changes. Compared with absolute area differences Raa,
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the relative area difference Rra better characterizes the degree of inconsistent changes
in the polygon, thus rendering it more critical.

Figure 14. SHAP-value-based visual analysis for global model interpretation of Dataset 1.

Furthermore, these three features exert differing influences on positive and negative
change polygons. Smaller-scale buildings are predominantly generated by aggregating
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larger-scale buildings with subsequent simplification and exaggeration. Consequently,
negative change polygons of the same entity typically occur along the edges of the orig-
inal building and exhibit elongated characteristics. These edge-based change polygons
generally result from representation-related changes and belong to consistent changes. In
contrast, positive changes usually originate from simplifying the local convex–concave
structures of larger-scale polygons, and thus such changes typically lack narrowness. Rel-
atively speaking, the area of positive variations more directly influences classification
outcomes. Consequently, neg_Rcom and pos_Rra represent the two most critical features
among graphical features of positive and negative change polygons.

(iii) In Figure 14b, color denotes the numerical magnitude of the sample feature values.
The more distinctly the clusters of points separated from the central axis, the more
effective the feature is in classification tasks. The larger the SHAP value, the greater
the likelihood that a sample will be classified as non-consistent change. Among these,
Sp, Sc, Sa, neg_Relo, pos_Rra and neg_Rti exhibit a relatively distinct separation degree,
rendering them dominant features for distinguishing sample categories. In contrast,
Ss, pos_Rcon, pos_Rti and neg_Rtrih show a weaker separation effect. This may be
attributed to their requirement for interactive collaboration with other features, as
well as the impact of individual outlier samples. These aspects also constitute key
focuses for model learning.

We further calculated the Pearson linear correlation coefficients of original features
and pairwise SHAP interaction values for visualization analysis, as illustrated in Figure 15.

Figure 15a illustrates the Pearson linear correlation matrix of all 20 geometric features.
The Pearson coefficient quantifies linear correlations between raw feature values within the
range of [−1, 1]. Dark red regions denote strong positive linear correlations, while dark blue
regions represent strong negative linear correlations. A high absolute coefficient indicates
inherent information overlap and multicollinearity among geometric indicators. Figure 15b
visualizes the pairwise interaction intensity between different features, which is quantified
by the average absolute SHAP interaction values of all samples in the dataset. The SHAP
interaction value of features i and j for an individual sample is defined as Equation (16).
Here, ϕi,j stands for the total Shapley contribution induced by features i and j acting
simultaneously, whereas ϕ({i}) and ϕ({j}) refer to their respective independent first-order
SHAP contributions. The averaged metric eliminates positive and negative offsets and
reflects the overall degree of joint coupling between feature pairs during model inference.

ϕi,j = ϕ({i, j})− ϕ({i})− ϕ({j}) (16)

Five feature pairs (Sa & Sc, Sa & Sd, Sa & neg_Rra, Sc & neg_Rra, neg_Rcon & neg_Rcom)
have Pearson coefficients |r|> 0.7, revealing strong linear coupling and apparent information
redundancy in raw data. Nevertheless, these pairs exhibit relatively low SHAP interaction
intensities in Figure 15b, indicating weak cooperative effects in model decision-making.

On the one hand, the high correlations among these five feature pairs conform to
the inherent geometric laws of cartographic change analysis. In particular, the area varia-
tion feature Sa naturally presents strong correlations with other morphological variation
indicators, which is an inevitable outcome determined by the geometric characteristics
of polygon entities. In addition, neg_Rcon & neg_Rcom quantify the narrowness of altered
polygons, so they are naturally consistent in numerical variation tendency. Nevertheless,
such numerical consistency does not equate to complete information redundancy. Instead,
the change classification model is required to mine subtle discriminative differences hidden
in these correlated feature groups so as to distinguish various types of geographic poly-
gon variations. On the other hand, CatBoost are inherently robust to mild and moderate
multicollinearity. During training, the model adaptively learns discriminative information
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from one feature and suppresses the weight and predictive contribution of its redundant
counterpart. Accordingly, such feature redundancy exerts limited adverse impacts on
model prediction accuracy and SHAP attribution interpretation.

 

Figure 15. Visualization results of feature interaction analysis.
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(2) Local Perspective-Based Model Interpretation

We selected specific samples to analyze the impact of different features on sample
prediction. The chosen samples encompassed various scenarios within the validation set,
including true positive (TP), true negative (TN), false positive (FP), and false negative (FN).
Waterfall plots and force plot were used to visualize the SHAP values of different features
across samples. Here, we display only the top seven most influential features from the
waterfall plot, grouping the influence of other features as “others” category.

Based on the visualization results shown in Figure 16, we can draw the following
conclusions:

(i) As shown in the feature interpretation visualizations for true positive (TP) and true
negative (TN) samples in Figure 16a,b, Sp exhibits a high SHAP value and serves
as the primary driving factor for sample classification. The greater the positional
difference between homonymous entities, the stronger the positive driving effect of
Sp. Conversely, when positional differences are minimal, Sp exerts a negative driving
effect. The extracted positive and negative difference patterns effectively characterize
the inconsistent changes in homonymous entities, which demonstrates that the Poly-
Alpha algorithm effectively filter representation-related changes, thereby mitigating
the adverse impact of fragmented and complex graphical variations caused by direct
graphical overlay on update decisions.

 

Figure 16. Cont.
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Figure 16. SHAP value based visual analysis for local model interpretation of Dataset 1. (a) Prediction
explanation analysis for True Positive (TP) samples based on SHAP values; (b) Prediction explanation
analysis for True Negative (TN) samples based on SHAP values; (c) Prediction explanation analysis
for False Positive (FP) samples based on SHAP values; (d) Prediction explanation analysis for False
Negative (FN) samples based on SHAP values.

(ii) Based on the visualization results of the TP samples, neg_Relo, neg_Rcom and pos_Rra
exhibit a more pronounced driving effect. Although the size-scale of this matching
combination exhibits high polygon similarity, directional similarity, and simplification
degree as indicated by the three features Sc, So and Sd, its difference graph possesses
substantial circularity and a large positive difference area. Therefore, it should be
determined that inconsistent changes have occurred.

(iii) Based on the visualization results of the TN samples, neg_Relo also exerted a positive
driving effect. However, due to constraints imposed by other features, it was ulti-
mately determined to consistent change. It is noteworthy that in the overall feature
importance assessment, neg_Rti exhibits low importance and lacks discriminative
power. However, in individual samples, it may serve as a primary driving factor.
This feature characterizes the probability of inconsistent change in negative difference
patterns, defined as the area overlap ratio between negative change polygon and the
original smaller-scale building. A higher overlap ratio indicates a greater likelihood
of consistent change resulting from representation-related changes. Thus, the high
overlap ratio in this sample drives the model to predict that updates are unnecessary.
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(iv) Based on the visualization results of the FP samples, the sample exhibits inconsistent
changes driven primarily by the features Sc, Sa and neg_Rra. However, according to the
original graphic representation and scale, the original building is marked as consistent
changes due to its minimal actual graphic variations. On one hand, the labels of
such samples are inherently characterized by a certain degree of ambiguity. Given
the observed displacement and graphic alterations, this sample could alternatively
be classified as an inconsistent change. On the other hand, influenced by multiple
features (e.g., So, Sc, neg_Rra), the model’s predicted value is 0.5002, which is very
close to the classification threshold of 0.5. This predicted value exhibits a certain
degree of consistency with the inherent ambiguity of the sample itself, reflecting the
model’s effective integration of these features. The predicted probability effectively
characterizes the degree of graphic change in the sample.

(v) Based on the visualization results of the FN samples, it was primarily misclassified
due to the influence of features So, Sc and neg_Rra. The primary reason is likely the
similarity captured by the convex hull area feature Sc. the convex hull generated from
the original larger-scale buildings exhibits high overlap with that of smaller-scale
buildings. This leads the model to classify negative change polygon as consistent
changes resulting from simplification. Therefore, comparing the convex hull polygon
(a virtual generalization result of larger-scale buildings) with smaller-scale objects
may introduce discrepancies relative to actual changes. Designing a more appropriate
virtual generalization results tailored to different polygon characteristics for change
detection may help mitigate this limitation.

5.2.3. Model Generalizability Analysis

(1) Model Region Generalizability Analysis

To further evaluate the generalization capability of the model in unseen geographical
areas, we adopt partial vector datasets of Wuhan, China for external validation (Dataset
2), and the basic overview of this dataset is presented in Figure 17. The 1:50,000 data
are produced through cartographic generalization on the basis of 2023 Amap vector
data, whereas the 1:10,000 data are downloaded from Amap in 2025. As reflected in
Figure 17, building footprints within Wuhan dataset display much more distinct rectangu-
lar morphological features.

Similarly, we performed label voting on the change classification of the data, obtaining
292 matching pairs, among which 81 matching pairs require updating. The different pre-
trained models presented in Section 5.2.1 were used to classify the matching pairs in Dataset
2, and the results are shown in Table 10.

Table 10. Quantitative evaluation metrics of different classification models on Dataset 2 (data in bold
red indicates the optimal experimental results and data in bold black denotes the suboptimal ones).

Model TP TN FP FN Pre1 Rec1 F1 Pre2 Rec2 F2 F1_m Acc

SVM 78 161 49 4 0.61 0.95 0.75 0.98 0.77 0.86 0.80 0.82
LR 79 157 53 3 0.60 0.96 0.74 0.98 0.75 0.85 0.79 0.81

Random Forest 42 207 3 40 0.93 0.51 0.66 0.84 0.99 0.91 0.78 0.85
Decision Tree 56 173 37 26 0.60 0.68 0.64 0.87 0.82 0.85 0.74 0.78

XGBoost 64 194 16 18 0.80 0.78 0.79 0.92 0.92 0.92 0.85 0.88
AdaBoost 57 198 12 25 0.83 0.70 0.76 0.89 0.94 0.91 0.83 0.87

MLP 52 198 12 30 0.81 0.63 0.71 0.87 0.94 0.90 0.81 0.86
RGCN 6 200 10 76 0.38 0.07 0.12 0.72 0.95 0.82 0.47 0.71
EGAT 12 198 12 70 0.50 0.15 0.23 0.74 0.94 0.83 0.53 0.72

CatBoost 70 199 11 12 0.86 0.85 0.86 0.94 0.95 0.95 0.90 0.92
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Figure 17. Different scale building data of Wuhan Dataset 2.

As can be seen from the results in Table 10, although the performance of CatBoost de-
creases slightly compared with that on Dataset 1, it still maintains superior accuracy. Com-
pared with other models, it achieves the best performance in multiple metrics. In particular,
the other methods yield poor results with no practical application value across three key
metrics (Pre1, Rec1 and F1). This demonstrates that by adopting the sample-wise ordered
gradient calculation strategy to independently estimate the residual of each sample, Cat-
Boost fundamentally avoids target information leakage, effectively suppresses model over-
fitting, and significantly reduces model bias, thereby exhibiting better generalization ability.

(2) Model Scale Generalizability Analysis

The classification of change information is directly correlated with the degree of scale
variation. Datasets at different scales exhibit distinct cartographic change characteristics,
resulting in inconsistent criteria for change information classification. To test the scale
generalization ability of the model across different scale datasets, we adopt 1:10,000 and
1:25,000 data from another area of Ningbo as Experimental Dataset 3 for validation. The
detailed distribution of the Dataset 3 is shown in Figure 18.

Similarly, we performed label voting on the change classification of the data, obtaining
673 matching pairs, among which 24 matching pairs require updating. The different
pre-trained models presented in Section 5.2.1 were used to classify the matching pairs in
Dataset 3, and the results are shown in Table 11.

As can be seen from the results in Table 11, the CatBoost model shows lower F1 in
scale generalization tasks compared with regional generalization scenarios. Affected by
label imbalance in the samples, the generalization results of Dataset 3 with varying degrees
of scale variation present high overall accuracy but poor generalization performance in
the key metric of F1. To further analyze the specific impact of different scale variations on
classification results, we also select four types of sample cases from Dataset 3 for SHAP
interpretability analysis, and the results are displayed in Figure 19.
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Table 11. Quantitative evaluation metrics of different classification model on Dataset 3 (data in bold
red indicates the optimal experimental results and data in bold black denotes the suboptimal ones).

Model TP TN FP FN Pre1 Rec1 F1 Pre2 Rec2 F2 F1_m Acc

SVM 21 614 35 3 0.38 0.88 0.53 0.99 0.95 0.97 0.75 0.94
LR 19 613 36 5 0.35 0.79 0.48 0.99 0.94 0.97 0.72 0.94

Random Forest 10 645 4 14 0.71 0.42 0.53 0.98 0.99 0.99 0.76 0.97
Decision Tree 11 585 64 13 0.15 0.46 0.22 0.98 0.90 0.94 0.58 0.89

XGBoost 18 630 19 6 0.49 0.75 0.59 0.99 0.97 0.98 0.79 0.96
AdaBoost 15 631 18 9 0.45 0.63 0.53 0.99 0.97 0.98 0.75 0.96

MLP 15 638 11 9 0.62 0.58 0.60 0.98 0.99 0.98 0.79 0.97
RGCN 4 573 76 20 0.05 0.17 0.08 0.97 0.88 0.92 0.50 0.86
EGAT 1 590 59 23 0.02 0.04 0.03 0.96 0.91 0.93 0.48 0.88

CatBoost 19 642 7 5 0.73 0.79 0.76 0.99 0.99 0.99 0.88 0.98

 

Figure 18. Different scale building data (1:10,000 and 1:25,000) of Ningbo Dataset 3.

According to the SHAP visualization analysis of different samples in the figure, the
following can be observed:

On the one hand, the proposed method demonstrates favorable generalization ability
in change information extraction and feature engineering. Compared with Dataset 1, the
1:10,000 and 1:25,000 data in Dataset 3 present a smaller degree of scale variation and
contain more many-to-many relationships. As shown in Sample 6 (TP) of Figure 19, such
many-to-many relationships are usually generated by the typification generalization op-
erator, with obvious changes in individual geometries. However, the change information
extraction method proposed in this paper can aggregate homonymous entities across dif-
ferent scales. It effectively extracts change polygons irrelevant to representational changes,
thereby retrieving real change information with higher accuracy. As can also be seen
from the SHAP visualization results of the four types of samples, the extracted features
can effectively characterize the decision-making process of change information classifica-
tion. Similar to the patterns derived from the analysis in Section 5.2.2, most features (e.g.,
So, Sc, Sp, pos_Relo, neg_Relo, neg_Rcom and neg_Rra) exert a correct and effective promoting
effect in distinguishing the categories of change information.
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Figure 19. SHAP value based visual analysis for local model interpretation of Dataset 3. (a) Prediction
explanation analysis for True Positive (TP) samples based on SHAP values; (b) Prediction explanation
analysis for True Negative (TN) samples based on SHAP values; (c) Prediction explanation analysis
for False Positive (FP) samples based on SHAP values; (d) Prediction explanation analysis for False
Negative (FN) samples based on SHAP values.
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On the other hand, the trained model exhibits scale dependence in judging the bound-
aries of change degrees. As illustrated in Sample 8 (FN) of Figure 19, its negative change
polygon is enclosed within the U-shaped structure of the larger-scale building Poly-Alpha
result. Similar to Sample 2 (TN) in Figure 16, such “closed” change geometries are ac-
ceptable in the geometric change process from 1:10,000 to 1:50,000 scale, and thus tend
to be identified as consistent changes caused by the aggregation operator. Nevertheless,
in 1:25,000 scale data with a higher level of detail, such U-shaped surrounding structures
should be explicitly represented, so such change objects are labeled as “to be updated.” In
summary, for change information classification with a small degree of scale variation, the
criteria for judging the degree of change geometry should be stricter. Meanwhile, as shown
in Sample 3 (FP) of Figure 16 and Sample 7 (FP) of Figure 19, the FP samples frequently
occurring in datasets with different scale variations are all small-area samples. Since such
samples account for a larger proportion in Dataset 2, the error rate has also increased.

In summary, the performance of the change detection model is affected by the geo-
graphical location and scale characteristics of the generalization datasets. Accordingly, this
general framework requires scale- and region-dependent calibration; adaptive classifica-
tion strategies ought to be formulated separately to match the unique regional and scale
attributes of different datasets.

5.3. Incremental Update Experiment

After completing the classification of changes in homonymous entities, update opera-
tions are required. Following the aforementioned workflow supports incremental updates
of smaller-scale data. Accordingly, we adopted the map-algebra-based update method [53]
as the baseline for comparison, and conducted update experiments with a comparative
approach that directly updates matching combinations classified as inconsistent changes
(Classification-based update method). A uniform area threshold method was applied
to simplify the outlines of updated smaller-scale objects, ensuring consistency with the
simplification level of smaller-scale buildings. Partial update results for the experimental
area are shown in Figures 20 and 21.

To verify the effectiveness and rationality of the incremental update strategy proposed
in this paper, we carried out two groups of comparative analyses. First, we compared
the feature distributions of the target dataset before and after updating (denoted as T and
T′, respectively) to examine the consistency of data features between different versions.
Accordingly, three indicators—spatial conflict severity, variation coefficient of contour
smoothness, and number of holes—were adopted to assess the representation consistency
between T and T′. Second, we measured the similarity between the update source dataset
S and the updated target dataset T′ to verify the effectiveness of the updating method.
Four metrics, namely the position similarity, area similarity, area similarity, and building
count ratio, were used to evaluate how effectively the updated data incorporates informa-
tion from the update source. The calculation formulas and meanings of each indicator are
summarized in Table 12, while the evaluation results of different updating methods are
presented in Table 13.

From the visual and quantitative analysis results, it is evident that:

(1) The proposed method effectively extracts objects requiring updates. Unlike the se-
quential steps of the map-algebra-based update method which first integrates positive
information and then negative information, this approach directly extracts the overall
change degree of matching combinations while simultaneously analyzing the graphi-
cal features of both positive and negative change polygons. It then uses the CatBoost
classifier to directly identify the set of objects needing updates. As shown in the black
circular frame in Figures 20 and 21, CatBoost can effectively analyzes the change
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information features of matching combinations and accurately identifies buildings
requiring updates due to inconsistent changes.

(2) The proposed method effectively avoids the formation of unreasonable holes. The map
algebra-based method updates smaller-scale data through the integration of positive
and negative change information. The local results from the fusion of positive change
information resemble those of the proposed method. When fusing negative change
information, it extracts main shape of negative change information to mitigate the
occurrence of narrow polygons. However, owing to the diverse negative incremental
information in cross-scale data resulting from aggregation operations, relying solely
on length constraints fails to avoid irregular holes which are indicated by the red rect-
angles in Figures 20 and 21. These holes correspond to blank areas typically enclosed
by larger-scale polygons. The changes associated with these holes are essentially
consistent that should not serve as the basis for update decisions. As shown in the
second and third columns of Table 11, the baseline method produces abundant interior
holes and causes excessive deviation in contour smoothness between updated results
and the original target dataset, failing to well preserve the contour features matching
the original map scale. In contrast, we employ an aggregation algorithm to process
larger-scale data, extracting only inconsistent change polygons and thereby effectively
mitigating the impact of such blank areas on update results.

(3) The proposed method generates more regular smaller-scale buildings. As indicated
by the red circular frames in Figures 20 and 21, the map algebra-based method
tends to produce narrow polygons along polygon edges. Such narrow polygons
cannot be eliminated even via shape analysis of polygon graphic features, as they are
fundamentally attributed to the lack of constraints on the update result. In contrast,
the proposed method treats matching combinations as the units for change detection.
It conducts local re-generalization on buildings with changes instead of directly
integrating change information. By employing the Poly-Alpha algorithm to aggregate
updated objects, the method generates regular polygons that more closely align
with the target data scale. Quantitatively, our method achieves higher similarity
across multiple evaluation metrics (Ep, Ea and Es), which verifies its capability to fully
integrate up-to-date geographic information from the update source dataset. It also
presents a more reasonable scale difference coefficient Nr. In theory, the quantity ratio
of residential polygons across two scales should approximate the scale transformation
ratio. Visual and statistical results demonstrate that the polygon count ratio derived
from our method is much closer to the ideal theoretical proportion.

(4) Compared with classification-based update method, the proposed approach incor-
porates an additional step of to-be-updated area identification. This enables more
reasonable updates for other objects adjacent to the changed objects. The first col-
umn of Table 11 demonstrates that methods without the update propagation rule
suffer from severe spatial conflicts. As indicated by the purple rectangular box in
Figures 20 and 21, the chained update propagation rule supports the re-generalization
of affected buildings around the updated objects, which effectively minimizes the oc-
currence of spatial conflicts. Furthermore, the rational diffusion of this updated object
set to some extent mitigates the impact of misclassifications in the classification model.
Nevertheless, the proposed method cannot completely eliminate spatial conflicts. This
limitation can be addressed in future work by introducing an independent spatial
conflict detection and processing module to further optimize the updating results.
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Figure 20. Comparison of update results of different methods (part 1). Red dashed boxes show
examples of unreasonably narrow polygons; purple dashed boxes represent updated examples of
spatial conflict resolution, and black markings stand for reasonable updated examples generated by
the proposed method.
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Figure 21. Comparison of update results of different methods (part 2). Red dashed boxes show
examples of unreasonably narrow polygons; purple dashed boxes represent updated examples of
spatial conflict resolution, and black markings stand for reasonable updated examples generated by
the proposed method.

Table 12. The specific calculation formulas for quantitative evaluation metrics of update experiment.

Feature Type Name Symbol Formula Explanation

Consistency
Evaluation

Conflict area Con -

Sum of the intersection areas of fixed
residential building buffers. The buffer
distance is calculated as the product of

0.2 mm (minimum visual discrimination
distance of map symbols) and the map

scale.

Number of
holes Nh - The count of inner holes within residential

polygons.

Contour
smoothness Nh

nT∑
nT′
i=1(4πSd/L2

d)
nT′∑

nT
i=1(4πSd/L2

d)

Ratio of the average compactness of
polygons in Dataset T and Dataset T′. nT
and nT′ represent residential counts of the

two datasets respectively.

Effectiveness
Evaluation

Position
similarity Ep

1
m Σm

1 (∆d)

∆d are the convex hull center distance for
matched polygon combination of dataset

T′ and S. m denote the number of
combinations.

Area similarity Ea
1
m Σm

1 (∆Scon)
∆Scon denotes the average ratio of original

areas for each matched polygon
combination.

Shape similarity Es 1
m Σm

1

(︃
Soverlap

max(Sconi ,Sconj)

)︃ Soverlap denotes the overlapping area of
matched convex hulls Sconi and Sconj

Number ratio Nr
ns

nT′
{i1 · · · in} denotes the larger-scale building

within building combination i.
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Table 13. Quantitative evaluation metrics result of different incremental update method on the study
area 2 dataset.

Method Con Nh Nh Ep Ea Es Nr

Map-algebra-based update method 2586.48 116 0.89 4.98 0.85 0.83 9.54
Classification-based update method 18,568.59 0 0.97 4.51 0.90 0.88 7.96

The proposed method 2001.13 0 0.98 3.71 0.91 0.90 10.5

6. Conclusions
Incremental updating serves as the primary approach for maintaining multiple scale

data consistency. Starting with an analysis of the change characteristics of homonymous
entities in different scale databases, this paper designs an intelligent incremental update
method based on CatBoost classification model. This approach realizes automated in-
cremental updates via the extraction, classification, and update of change information.
The proposed method classifies matching combinations according to the change degree of
homonymous entities in different scale databases into two categories: inconsistent changes
and consistent changes. An extraction framework for change information features is con-
structed, and a CatBoost classification model integrated with the SHAP interpretability
model is employed to detect matching combinations with inconsistent changes. Further-
more, under the guidance of chained propagation rules, a local update implementation
method for changed objects is designed, taking matching combinations as the basic unit.
The effectiveness of the proposed method is verified through classification experiments
and incremental update experiment. On one hand, the designed change information fea-
tures and classification model can effectively identify update-required objects. On the
other hand, the proposed change information update method generates rational updated
smaller-scale data.

In addition, with the development of artificial intelligence, end-to-end deep learn-
ing has shown great potential in the incremental updating of vector-oriented data. This
method can directly take the vector coordinates of homonymous entities as input and
output classification results based on annotated information. It can not only simplify the
design of feature engineering, but also give full play to the advantages of deep learning
to automatically mine vector differences between homonymous entities. However, its
core shortcoming is the lack of model interpretability. Even with higher classification
accuracy, the black-box modeling process still greatly limits its application in practical
engineering. End-to-end deep learning is more suitable for modeling complex nonlinear
problems and can handle complex generative tasks by virtue of the powerful fitting ability
of neural networks [68]. In contrast, the classification of vector change information is
a knowledge-driven decision-making and reasoning problem, and traditional machine
learning methods based on feature engineering are more conducive to clarifying the logic
of classification decisions and producing interpretable results. Therefore, we argue that
end-to-end networks may have more significant application value in generative tasks such
as shape encoding extraction. For instance, efficient shape encoding can support the analy-
sis and understanding of various geographic information processing tasks related to shape
cognition, which has also been verified in many relevant studies [69,70]. For the problem
of change information classification, although neural networks have great potential in
characterizing the degree of change in the shape features of homonymous entities, it is still
necessary to design a reasonable algorithmic process to achieve the effective integration of
artificial intelligence methods and traditional interpretable methods.

Meanwhile, certain issues remain to be addressed in updating building data across
different scales and phases. First, temporal and semantic information has not yet been
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incorporated into the classification process of change information. In our current frame-
work, multi-temporal data is primarily used as a basic criterion for determining whether an
update is required, while time-series features (e.g., change timing, frequency, or duration)
have not been leveraged to enhance change classification robustness. Second, the proposed
framework runs on the premise that corresponding building entities from different datasets
are correctly matched. Such ideal matching conditions are difficult to realize in practical
automatic updating workflows. Future work should introduce targeted optimization strate-
gies to strengthen the robustness of the overall pipeline against erroneous entity matching
pairs. Additionally, although the SHAP model has provided effective interpretability for
our classification results, its application remains confined to the explanatory level. Further
research is needed to explore how SHAP analysis results can be systematically integrated
into the adjustment process during dataset generalization—for instance, by guiding feature
selection, threshold optimization, or model parameter tuning—to improve cross-dataset
and cross-scale adaptability. Finally, during the insertion of incremental updates into the
database, spatial conflicts may arise between the updated data and the original data. These
conflicts must be addressed from two perspectives: resolving conflicts between updated
and unchanged buildings, and resolving spatial conflicts between updated buildings and
other features (e.g., roads). These aspects will be key focuses of our subsequent research.
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