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Highlights

What are the main findings?

• SFA-Mask R-CNN achieves over 91% functional zone classification accuracy across
three cities by integrating CBAM, SA-FPN, and ASPP modules.

• Wuhan’s transitional-stage model demonstrates the strongest cross-city transferability
(85.37% in Chengdu), while the tested gradient reversal layer-based adversarial do-
main adaptation strategy fails to outperform direct transfer under the experimental
conditions of this study.

What are the implications of the main findings?

• Cities at intermediate developmental stages provide the most generalizable training
data, enabling efficient “train once, apply to multiple cities” large-scale mapping.

• Urban developmental stage is a key factor governing model transferability, offering
new guidance for cross-city functional zone identification.

Abstract

Accurate identification of urban functional zones is critically important for urban plan-
ning and sustainable development. However, existing deep learning methods exhibit
limited cross-city generalization capabilities, rendering them inadequate for large-scale
automated mapping applications. To address this challenge, this study proposes a cross-
city identification framework based on SFA-Mask R-CNN (Scale-Aware Feature-enhanced
Attention Mask R-CNN), which achieves precise segmentation and classification of func-
tional zones by integrating three complementary feature enhancement mechanisms: a
Convolutional Block Attention Module (CBAM) for discriminative feature recalibration, a
novel Scale-Aware FPN (SA-FPN) that dynamically adjusts feature pyramid layer weights
according to the scale distribution of input imagery to improve cross-city transferability,
and an ASPP (Atrous Spatial Pyramid Pooling) module for multi-scale contextual feature
extraction, combined with multi-source data fusion. Using three cities along the Yangtze
River Economic Belt—Chengdu, Wuhan, and Shanghai—as study areas, we systematically
evaluated the model’s cross-city generalization performance. The results show that the
Wuhan model exhibits the strongest cross-city transferability, achieving 85.37% accuracy
in Chengdu, suggesting that models trained on cities at transitional development stages
possess superior generalizability. In contrast, the gradient reversal layer-based domain
adaptation approach tested in this study failed to effectively enhance model performance.
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This study provides a practical technical pathway for “train once, apply to multiple cities”
large-scale functional zone mapping and offers new perspectives for research on regional
disparities in urban development.

Keywords: urban functional zone identification; Mask R-CNN; cross-city generalization;
domain adaptation; multi-source data fusion

1. Introduction
Urban functional zones, as fundamental constituent units of urban spatial structure,

reflect the spatial configuration and functional differentiation of urban land use. Accurate
identification and analysis of these zones are critical for urban planning, optimization
of resource allocation, and sustainable development. With the rapid advancement of
China’s urbanization process, cities at different developmental stages exhibit markedly
distinct spatial patterns of functional zones. These variations pose new challenges for the
automated identification of urban functional zones.

Early urban functional zone identification relied primarily on questionnaire surveys
conducted among the public and experts, enabling delineation of functional zones based
on public preferences [1]. With advances in geographic information technology, geometric
algorithm-based methods using cadastral data gradually emerged. By combining Delaunay
triangulation with the Graham algorithm, automated functional zone classification was
implemented on NET and Geomedia platforms [2]. However, traditional approaches
to urban functional zone identification largely depend on manual surveys and expert
knowledge, resulting in low efficiency, strong subjectivity, and difficulty in updating, which
renders them inadequate for the dynamic monitoring demands of rapidly urbanizing
cities [3].

The introduction of remote sensing technology has provided new technical pathways
for urban functional zone identification. Remote sensing imagery offers rich information
on urban physical characteristics, and by analyzing images acquired at different time
periods, dynamic monitoring of urban land use changes can be achieved [4]. During this
stage, object-based image analysis became the mainstream approach; through multi-scale
segmentation and hierarchical strategies, researchers were able to extract urban land-use
information from high-resolution remote sensing imagery, detect urban land-use changes,
and classify urban areas based on visually interpreted functional characteristics [5].

However, because remote sensing imagery primarily reflects physical characteristics
such as urban texture and cannot fully capture urban social-semantic attributes, researchers
have gradually incorporated urban static data (e.g., road networks and points of interest
POIs) into functional zone classification frameworks. Early POI density-based scoring
methods enabled quantitative analysis by calculating POI densities within grid cells, allow-
ing intuitive descriptions of mixed functional zones [6]. Subsequently, the quadrat density
method was introduced, using frequency density and type proportion as indicators for
refined identification of single and mixed functional zones [7]. Building on this foundation,
weighted scoring approaches established links between facility distribution and functional
attributes by assigning different weights to POIs across categories and hierarchical levels,
thereby determining functional zone types through composite density scores [8].

However, simple density statistics overlook spatial distribution characteristics. To
address this limitation, methods incorporating kernel density estimation (KDE) were
developed to account for POI spatial autocorrelation, effectively reducing point-data dis-
cretization and producing smoother, more continuous functional identification results [9].
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Principal Component Analysis (PCA) further simplified multidimensional data complexity
by reducing standardized block-level POI density data to extract composite indicators
representing functional zones [10]. In addition, weighted frequency density ratio meth-
ods refined traditional approaches by using building-scale POI ratios within buffer zones
to achieve automated classification of building functional types [11]. Collectively, these
methods overcome the limitations of simple density statistics and provide more precise
and diverse technical pathways for urban functional zone identification.

Furthermore, unsupervised identification methods based on clustering have been
introduced into functional zone analysis, enabling automated delineation of functional
zones by extracting features from urban data according to regional functional characteristics
or the spatiotemporal patterns of human mobility. The K-means algorithm, owing to its
computational simplicity, efficiency, and effective clustering performance, has become the
most widely used method for urban functional zone identification. It has been extensively
applied using multi-source data such as mobile phone data [12], taxi GPS data [13], check-in
data [14], and POI data. However, K-means requires manual specification of the number of
clusters, and its results are sensitive to the initialization of cluster centers.

To address these limitations, the fuzzy c-means clustering algorithm was introduced,
enabling automatic discovery of functional patterns from the multidimensional feature
space of POI data and successfully achieving automated delineation and functional interpre-
tation of urban areas [15]. In addition, Gaussian Mixture Models (GMM) offer stronger de-
scriptive capability than K-means by capturing complex data distributions. By integrating
dynamic data such as GPS movement trajectories with unsupervised learning approaches,
researchers have further improved the accuracy of functional zone identification [16]. More-
over, enhanced methods based on Dynamic Time Warping (DTW) distance k-medoids [17],
multi-feature weighted decision algorithms [18], and related approaches have been suc-
cessively proposed, continuously enriching clustering-based methodologies for urban
functional zone identification.

In recent years, the rapid development of deep learning technology has brought new
technical breakthroughs to urban functional zone identification. Convolutional Neural
Networks (CNN), with their powerful image feature extraction capabilities, can automati-
cally learn hierarchical semantic features from remote sensing imagery. End-to-end deep
learning architectures have increasingly been applied to functional zone identification. By
constructing multi-scale semantic feature extraction networks and directly learning the
spatial distribution and texture patterns of functional zones from high-resolution remote
sensing imagery, fine-grained functional zone delineation has been achieved, significantly
outperforming traditional handcrafted feature-based methods [19].

To fully leverage the complementary advantages of multi-source data, multi-modal
deep fusion methods have emerged as a major research focus. By separately construct-
ing feature extraction branches for remote sensing imagery and rasterized POI data, and
introducing attention mechanisms in the fusion layer to dynamically adjust the contri-
bution weights of different modalities, these approaches successfully integrate physical
morphological features with social functional semantics, achieving notable advances in
high-precision functional zone identification, such as in Ningbo [20]. Hybrid modeling
strategies further enrich the methodological framework. Through spatial unit construction
based on Minimum Identification Units (MIU), combined with Deep Embedded Clustering
(DEC) models, street-block-level functional zone segmentation has been achieved [21].
Alternatively, by proposing the SALT feature system—which integrates building morphol-
ogy, population activity dynamics, and high-resolution imagery texture information—and
combining it with ensemble learning frameworks, excellent classification performance has
been demonstrated in single-city applications [22].
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However, existing research still faces numerous challenges in cross-city applications.
First, most deep learning models are trained on single-city datasets and therefore exhibit
limited cross-city generalization capability. This limitation primarily arises from substantial
differences in spatial characteristics among cities at different stages of development. Mature
cities tend to feature high-density, small-scale, finely delineated functional zones with clear
boundaries, whereas emerging cities are characterized by low-density, large-scale, and
more extensive spatial layouts with pronounced transitional zones. When models trained
on a single city are applied to cities with different development levels and spatial patterns,
recognition accuracy declines markedly.

This performance degradation results from several compounding factors: (1) Scale
mismatch: model parameters such as receptive field size and feature pyramid levels
optimized for one city do not transfer effectively, leading to boundary omission in large-
scale functional zones or over-segmentation of small-scale zones; (2) Feature overfitting:
models tend to overfit city-specific spatial morphological features—such as building density,
road network configuration, and greenspace distribution—while failing to capture more
universal semantic associations relevant to functional zone identification; (3) Category
imbalance: substantial differences in the frequency and mixing degree of functional zone
types across cities introduce category bias or confusion when models are applied to new
cities, particularly resulting in poor identification performance for functional zone types
that are underrepresented in the training data.

Second, there is a lack of systematic comparative analysis targeting different urban de-
velopment characteristics, making it difficult to uncover the underlying causes of model per-
formance differences. Existing research primarily focuses on method optimization within
single cities and lacks horizontal comparative experimental designs across cities at different
developmental stages. As a result, it remains challenging to quantify the specific mecha-
nisms through which urban characteristics—such as urbanization level, spatial morpholog-
ical complexity, and the degree of functional zone mixing—influence model performance.
This research gap prevents researchers from identifying which types of cities provide
more representative training data with stronger generalization potential and fails to offer
theoretical guidance for constructing universally applicable identification frameworks.

To address these issues, this study selected three representative cities along the Yangtze
River Economic Belt—Chengdu, Wuhan, and Shanghai—as research cases, and proposed
a cross-city urban functional zone identification framework based on SFA-Mask R-CNN
(Scale-Aware Feature-enhanced Attention Mask R-CNN). Through targeted optimization
of the classic Mask R-CNN architecture, including the introduction of the SA-FPN (Scale-
Aware Feature Pyramid Network) to replace the standard FPN and dynamically adjust
feature pyramid layer weights according to the scale distribution of input imagery, the
introduction of the CBAM (Convolutional Block Attention Module) at the feature extraction
stage for discriminative feature recalibration, and the integration of an ASPP (Atrous Spatial
Pyramid Pooling) module for multi-scale contextual feature extraction—the challenges of
identifying functional zones at different spatial scales were effectively addressed. SA-FPN
enables the model to adapt its feature fusion to the scale characteristics of each target city
without requiring city-level annotations. CBAM enables the model to adaptively focus
on salient functional zone features through the cascading of channel and spatial attention.
ASPP extracts features in parallel using multiple atrous convolutions with different dilation
rates, enhancing the model’s ability to perceive functional zone boundaries across scales.
Combined with multi-source geographic data fusion, a comprehensive functional zone
classification system was constructed. More importantly, by designing comparative experi-
ments involving single-city modeling and domain-adaptive joint modeling, the cross-city
generalization performance of the model was systematically evaluated, providing a scien-
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tific basis for deeper understanding of functional zone identification patterns across cities
at different stages of development.

The main contributions of this study include: (1) Proposing the SFA-Mask R-CNN
architecture, which integrates three complementary modules addressing distinct and non-
redundant challenges in cross-city functional zone identification. While the individual
building blocks—CBAM [23], ASPP [24], and feature pyramid networks [25]—have been
introduced in prior work, their specific integration and the proposed SA-FPN constitute a
targeted design for the cross-city scenario. Unlike existing adaptive pyramid architectures
such as PANet and BiFPN, which focus on cross-level feature flow aggregation or fixed
learned weighting, the proposed SA-FPN introduces a dynamic layer-level weighting mech-
anism that estimates FPN level importance from the scale distribution of each input image
at inference time, without city-level annotations or manual reconfiguration—directly ad-
dressing the inter-city scale heterogeneity arising from differences in urban developmental
stages. CBAM resolves what features to attend to through channel and spatial recalibration,
and ASPP resolves how wide the receptive field should be through parallel atrous con-
volutions. This tri-level design is validated through systematic ablation experiments and
cross-city generalization tests; (2) Revealing the influence of urban developmental stages
on model generalization capability, demonstrating that the Wuhan model—representing a
transitional stage characterized by both rapid development and structural optimization—
exhibits the strongest cross-city adaptability, thereby providing a feasible technical pathway
for “train once, apply to multiple cities” large-scale functional zone mapping; (3) Based
on empirical analysis of three representative cities along the Yangtze River Economic Belt,
quantitatively elucidating the mechanisms by which urban developmental stages affect
functional zone identification accuracy, offering new technical approaches and analytical
perspectives for research on regional disparities in urban development.

2. Study Area and Data
2.1. Study Area Selection

This study selected Chengdu, Wuhan, and Shanghai as research areas based on their
typicality and representativeness of urban development along the Yangtze River Economic
Belt (Figure 1). The Yangtze River Economic Belt spans eastern, central, and western China,
covering 11 provinces and municipalities, and is one of the country’s most economically
dynamic regions. Urban development levels within this region exhibit pronounced gradient
differences, providing ideal experimental conditions for examining the adaptability and
generalization capability of cross-city urban functional zone identification methods.

The three study cities represent typical development models across the eastern, central,
and western regions of the Yangtze River Economic Belt. Shanghai, as the leading city of the
Yangtze River Economic Belt and China’s economic center, exemplifies the developmental
characteristics of mature eastern cities. Its built-up area covers approximately 1400 square
kilometers, with a high level of urbanization, clearly delineated functional zones, and
a relatively stable spatial structure, forming a multi-center development pattern with
the Lujiazui Financial Center as the core. Wuhan, located in the middle reaches of the
Yangtze River, is a key node city in central China and represents rapidly developing central
cities. Its built-up area spans approximately 800 km2 and is currently undergoing rapid
urbanization and industrial upgrading. The distinctive geographical configuration of
“two rivers and four banks” has shaped a relatively clear functional zone distribution, with
zones exhibiting dynamic change. Chengdu, as the core city of western China, represents
the development model of emerging western cities. Its built-up area covers approximately
900 km2 and has experienced rapid urban expansion and functional zone restructuring in
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recent years, characterized by fast-growing urban space and the coexistence of old and new
functional zones.

Figure 1. Overview of the study area.

The substantial differences among the three cities in urban scale, developmental stage,
spatial morphology, and functional zone characteristics result in markedly distinct spatial
patterns of urban functional zones. These differences not only reflect the regional gradient
characteristics of urban development in China but also provide ideal experimental scenarios
for validating the generalization capability of cross-city functional zone identification
methods, thereby helping to elucidate the mechanisms through which urban developmental
stages influence functional zone identification accuracy.

2.2. Data Sources and Acquisition

This study adopted a multi-source heterogeneous data fusion strategy to fully exploit
the complementary advantages of different data sources. High-resolution remote sensing
imagery was obtained from the Google Earth platform, acquiring RGB images of the
three study cities in 2024 with a spatial resolution of 1 m. These images cover the main
built-up areas of each city, with a total coverage exceeding 3000 km2, providing a solid
data foundation for precise instance segmentation of urban functional zones. Google
Earth imagery offers advantages such as high image quality, frequent updates, and global
coverage, enabling clear representation of urban elements including building morphology,
road networks, and greenspace distribution.

Nighttime light data were derived from the NPP/VIIRS (Suomi National Polar-
orbiting Partnership Visible Infrared Imaging Radiometer Suite) product, with a spatial res-
olution of 500 m and using monthly composite data for 2024 [26]. Nighttime light intensity
effectively reflects the spatial distribution of human activity intensity and economic vitality,
providing important socioeconomic information for functional zone classification. Com-
pared with traditional DMSP/OLS data, NPP/VIIRS offers higher spatial and radiometric
resolution, enabling more precise capture of intra-urban variations in activity intensity.

To address the spatial resolution mismatch between the 1 m remote sensing imagery
and the 500 m VIIRS nighttime light data, multi-source feature extraction was conducted
at the functional zone instance level rather than at the pixel level. For each functional
zone polygon delineated by SFA-Mask R-CNN, zonal statistics (mean and standard de-
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viation of VIIRS digital number values) were computed within the instance boundary,
effectively reconciling the resolution disparity through instance-level aggregation. The
annual mean composite of monthly VIIRS products for 2024 was adopted to minimize
seasonal fluctuations and temporal noise. For POI data, kernel density estimation (KDE)
with bandwidth determined by least-squares cross-validation was applied to generate con-
tinuous density surfaces for each of the 20 major Amap POI categories, from which mean
density values within each instance boundary were extracted; point-in-polygon counting
was additionally used to obtain absolute category counts and proportional composition
per instance. All three data sources were targeted at the 2024 reference year, and the use
of annual composites for nighttime light data ensured temporal consistency adequate for
land-use classification purposes.

POI (Points of Interest) data were obtained from the Amap open platform, providing
POI records for the three study cities in 2024 and covering more than 20 major categories,
including commercial services, education and research, medical and health facilities, trans-
portation infrastructure, and government institutions [27]. The POI data were subjected
to refined classification and coordinate correction. After removing duplicate records and
data points with low positional accuracy, we retained more than 500,000 valid POI records.
POI data directly reflect actual land-use functions and service types within urban areas,
providing a critical semantic basis for functional zone classification.

The data preprocessing workflow included geometric correction, projection transfor-
mation, and spatial registration. All datasets were standardized to the WGS84 coordinate
system with a UTM projection to ensure spatial consistency across data sources. Remote
sensing imagery underwent atmospheric correction and radiometric calibration, nighttime
light data were processed to remove outliers and noise, and POI data were subjected to
geocoding and attribute standardization. Establishing a unified spatial data framework
provided a solid foundation for subsequent multi-source data fusion analysis.

3. Methodology
This study develops a cross-city urban functional zone identification framework based

on deep learning and multi-source data fusion. The framework (Figure 2) employs the
SFA-Mask R-CNN (Scale-Aware Feature-enhanced Attention Mask R-CNN) architecture to
perform instance segmentation of functional zones from high-resolution remote sensing
imagery, yielding precise boundary delineations. These segmentation results are subse-
quently integrated with nighttime light and POI data to construct a multidimensional
feature system, within which a random forest classifier achieves semantic functional zone
classification. Three comparative experimental settings—single-city independent mod-
eling, cross-city direct transfer, and domain-adaptive joint modeling—were designed to
systematically evaluate the model’s adaptability and generalization across cities at different
developmental stages.

3.1. SFA-Mask R-CNN Instance Segmentation

The proposed SFA-Mask R-CNN architecture builds upon the Mask R-CNN frame-
work [28] and introduces three targeted enhancements to address the core challenges of
urban functional zone identification: large-scale spatial variation and blurred inter-zone
boundaries (Figure 3). It is important to note that SFA-Mask R-CNN is trained as a binary
instance segmentation model: the network learns to distinguish foreground (urban func-
tional zone instances) from background, without predicting any semantic category label
such as residential, industrial, or commercial. The output of SFA-Mask R-CNN is therefore
a set of instance-level polygonal masks, each delineating the precise spatial boundary of one
detected functional zone unit, accompanied only by a binary foreground confidence score.
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Semantic classification of these delineated instances—into categories such as residential,
industrial, office, entertainment, and transportation—is subsequently performed by the
random forest classifier described in Section 3.2, which operates on a multi-dimensional
feature vector extracted for each instance. This two-stage design is intentionally adopted
to separate spatial morphology recognition, at which deep learning excels, from seman-
tic functional zone categorization, which requires heterogeneous multi-modal attributes
(spectral indices, POI density, nighttime light intensity) more effectively handled by feature-
based machine learning. It also enhances cross-city transferability, as the morphological
segmentation model can be directly applied to new cities without re-annotating semantic
categories. The backbone network employs ResNet50 [29] to extract hierarchical deep fea-
tures through residual learning, and a CBAM (Convolutional Block Attention Module) [23]
is embedded after each residual stage to adaptively recalibrate feature responses across
both channel and spatial dimensions, suppressing irrelevant background interference. The
central architectural innovation of this study is the proposed SA-FPN (Scale-Aware Feature
Pyramid Network), which replaces the standard FPN [25] and constitutes the primary
contribution of the SFA-Mask R-CNN framework.

Figure 2. Technical framework.

Standard FPN constructs multi-scale feature pyramids through lateral connections
and a top-down pathway, merging adjacent feature levels by direct element-wise addition.
While effective for single-city scenarios, this fixed aggregation strategy assigns equal
importance to all pyramid levels regardless of the scale distribution of functional zones
in the input image. In cross-city applications, cities at different developmental stages
exhibit substantially different functional zone scale distributions. Emerging cities such
as Chengdu are dominated by large-scale, low-density functional zones, which require
stronger contributions from low-resolution, semantically rich pyramid levels. Mature cities
such as Shanghai contain dense, fine-grained zones that depend more on high-resolution
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levels for boundary delineation. A fixed-weight FPN cannot adapt to these inter-city
differences, limiting cross-city transferability.

Figure 3. Model architecture.

The proposed SA-FPN addresses this limitation by introducing a dynamic layer-level
weighting mechanism that estimates the relative importance of each FPN level from the
scale characteristics of the input image. After the standard top-down pathway produces
feature maps {F2, F3, F4, F5} at pyramid levels l ∈ {2, 3, 4, 5}, global average pooling is
applied to each level to produce a compact scale descriptor:

gl = GAP(Fl), glϵRC (1)

The level-wise descriptors are then concatenated into a unified scale representation:

g =
[

g2
⊕

g3
⊕

g4
⊕

g5

]
(2)

This representation is passed through a two-layer fully connected network with
ReLU activation and Softmax normalization to produce a set of dynamic level weights
ω = {ω2, ω3, ω4, ω5}:

ω = So f tmax(W2·ReLU(W1·g)) (3)

where W1 and W2 are learnable weight matrices. Each scalar weight ωl reflects the estimated
importance of pyramid level l given the scale distribution of the current input image. The
SA-FPN output at each level is computed as:

Pl = ωl ·Fl (4)

Let C = 256 denote the uniform channel dimension at all FPN levels. Global average
pooling applied to Fl ∈ R{Hl × Wl × C} produces gl ∈ RC. These are concatenated into
g ∈ R{4C}. The two-layer MLP maps g through W1 ∈ R{H × 4C} (H = 256) with ReLU
activation, yielding an intermediate hidden representation z = ReLU(W1·g) ∈ RH , then
through W2 ∈ R{4 × H} followed by Softmax, yielding dynamic level weights ω ∈ R4.
Critically, these weights are computed independently for each input image at inference
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time: while W1 and W2 are learned parameters, the output ω_l varies with each forward
pass, allowing the model to automatically adapt its pyramid-level weighting to the scale
distribution of the specific input image without any manual configuration.

Because the weights are derived directly from the input features at inference time, the
model automatically increases the contribution of higher-resolution levels for inputs domi-
nated by small-scale functional zones, and of lower-resolution levels for inputs containing
large-scale zones. Critically, this mechanism requires no city-level annotations and no
manual reconfiguration when applied to a new city, making SA-FPN inherently adaptive
to inter-city scale differences. In the context of urban functional zone identification—
where functional zones range from compact commercial street blocks to large industrial
parks, and where scale distributions vary markedly across cities at different developmental
stages—this layer-level dynamic weighting provides a structurally motivated advantage
over fixed-weight feature aggregation.

Following SA-FPN, an ASPP (Atrous Spatial Pyramid Pooling) module [24] is ap-
pended to further enrich multi-scale contextual representations. The ASPP module adopts
a parallel multi-branch architecture comprising a 1 × 1 convolution, three 3 × 3 atrous
convolutions with dilation rates of 6, 12, and 18, and a global average pooling branch. The
outputs are concatenated and fused via a 1 × 1 convolution, providing enriched contextual
information for the downstream Region Proposal Network (RPN) and ROI heads. While
SA-FPN governs adaptive weighting across pyramid levels according to input-image scale
distribution, ASPP expands the effective receptive field within each level without increasing
parameter count, enabling the model to simultaneously perceive context at multiple granu-
larities. The synergy between these two modules—SA-FPN for input-adaptive cross-level
contribution adjustment and ASPP for within-scale contextual expansion—equips SFA-
Mask R-CNN with robust capability to handle the full spectrum of spatial scale variation
encountered across cities at different developmental stages.

The detection and segmentation heads were additionally enhanced: the mask pre-
diction branch employs an improved MaskRCNNPredictor with intermediate feature
dimensions expanded to 1024 channels, and an adaptive detection threshold mechanism
was implemented in the ROI head to dynamically adjust confidence thresholds according
to functional zone density characteristics in each city. Model training adopted stochastic
gradient descent with momentum (lr = 0.005, momentum = 0.9, weight decay = 0.0005).
The composite loss function weighted classification, bounding box regression, and mask
prediction losses at 1.0, 1.0, and 2.0, respectively, to emphasize segmentation boundary ac-
curacy. Data augmentation including random horizontal flipping, random rotation (±15◦),
and color jittering was applied throughout training to improve generalization.

3.2. Multi-Source Data Fusion for Functional Zone Classification

The multi-source feature fusion strategy adopted in this study is a late fusion (decision-
level fusion) approach. Features are independently extracted from each data source at
the functional zone instance level and subsequently concatenated into a 42-dimensional
feature vector for input to the random forest classifier. This design was deliberately cho-
sen to accommodate the heterogeneity in spatial resolution, data modality, and semantic
granularity among the three sources, avoiding the cross-scale misalignment that would
arise with early fusion at the pixel or patch level. The complete feature vector comprises
three groups: (1) 18 remote sensing features, including spectral indices (NDVI and NDBI
mean and standard deviation), eight gray-level co-occurrence matrix (GLCM) texture de-
scriptors (contrast, correlation, energy, homogeneity, entropy, variance, dissimilarity, and
angular second moment), and four geometric shape descriptors (area, perimeter-to-area
ratio, compactness, and elongation); (2) two nighttime light features (mean and standard
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deviation of VIIRS digital number values within the instance boundary); and (3) 22 POI
features (KDE-derived density statistics for each of the 20 major Amap POI categories,
dominant category proportion, and Shannon entropy of the categorical POI composition).
This feature set provides a three-dimensional representation spanning physical morphology,
socioeconomic activity intensity, and functional semantic attributes. These three dimen-
sions are conceptually non-equivalent and do not always co-vary uniformly—for example,
residential and commercial zones may exhibit similar built-up morphology and nighttime
activity intensity yet differ fundamentally in functional type, and POI records may reflect
registered rather than actual usage patterns. The two-stage design of this framework
partially addresses this heterogeneity by confining Stage 1 (SFA-Mask R-CNN) to physical-
morphological boundary delineation and reserving multi-dimensional feature integration
for Stage 2, thereby avoiding conflation of these dimensions in the spatial delineation
process [30].

Functional zone classification was performed using the random forest algorithm,
which exhibits stable performance when handling multidimensional heterogeneous fea-
tures and offers strong capabilities for feature importance evaluation and resistance to over-
fitting [31,32]. Random forest operates by constructing multiple decision trees and applying
a voting mechanism, effectively addressing scale differences and noise across diverse data
sources. The model training process comprised three stages: feature importance analysis,
parameter optimization, and cross-validation. Optimal values for key parameters, includ-
ing the number of trees and maximum tree depth, were determined through grid search,
with five-fold cross-validation used to assess the model’s generalization performance.

3.3. Cross-City Model Generalization Experimental Design

To systematically evaluate the adaptability and transferability of deep learning models
across cities at different developmental stages, this study designed three sets of comparative
experiments focusing on the cross-city application potential of single-city models (Figure 4).
The experimental design first assesses the performance of single-city models tailored to
specific urban characteristics, then evaluates their direct cross-city transfer capability, and
finally introduces domain adaptation techniques to explore potential pathways for enhanc-
ing cross-city generalizability. Through comparative analysis of these three experimental
settings, cross-city adaptability patterns in urban functional zone identification can be
comprehensively revealed, providing scientific basis for constructing scalable automated
identification systems.

Figure 4. Experimental design for cross-city generalization.
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3.3.1. Single-City Independent Modeling and Cross-City Direct Transfer Experiments

The single-city independent modeling experiment aimed to construct optimal func-
tional zone identification models for each city, serving as baselines for evaluating cross-city
performance. SFA-Mask R-CNN models were trained independently using data from
Chengdu, Wuhan, and Shanghai, with each city providing approximately 150–200 anno-
tated samples of 1024 × 1024 pixels. While the per-city sample count of 150–200 images may
appear modest by conventional deep learning benchmarks, we note that each 1024 × 1024
pixel image at 1 m resolution covers approximately 1.05 km2 of urban area and contains
on average 80 annotated functional zone instances. Combined with ImageNet/COCO
pre-trained backbone initialization, extensive data augmentation, and the spatially large
and morphologically consistent nature of the segmentation targets, this training regime
effectively mitigates overfitting and achieves high generalization, as evidenced by the
strong single-city accuracy and competitive cross-city transfer performance reported in
Section 4.

The training and test sets comprised 70% and 30% of the samples, respectively, with
complete spatial separation ensured between them. During model training, targeted param-
eter adjustments and structural fine-tuning were conducted to accommodate the distinct
functional zone characteristics of each city. Specifically, for Chengdu, which features larger-
scale functional zones, the SA-FPN module’s dynamic scale-aware weighting naturally
adapts to the scale distribution of each input image, reducing the need for manual feature-
level tuning. In addition, the RPN anchor scales were enlarged to better match the size
distribution of Chengdu’s larger functional zone instances. For Shanghai, characterized
by high functional zone density, the IoU threshold for non-maximum suppression (NMS)
was reduced to minimize missed detections in dense areas. For Wuhan, which exhibits
diverse characteristics, standard configurations were maintained to balance identification
of functional zones across different scales and densities. These city-specific optimization
strategies fully exploited the potential of single-city data, thereby providing high-quality
baseline models for subsequent cross-city comparisons.

The cross-city direct transfer experiment evaluated model performance when single-city
models were applied directly to other cities without any adaptation. The optimal model
trained for each city was deployed to the other two cities for functional zone segmentation and
classification, yielding nine transfer scenarios (three source cities × three target cities). During
transfer, all parameters and configurations of the source-city models were kept unchanged,
and inference was performed directly on the target-city test sets. This experimental design
enables a pure assessment of the generalizability of the learned feature representations,
thereby revealing how urban development characteristics influence model transferability.
This experiment constitutes the core of the study, as its results directly address the key
scientific question of whether a model trained in one city can be effectively transferred to
other cities, thus reducing annotation and training costs for large-scale functional zone
mapping. By comparing performance across different transfer directions, the training data
sources with the strongest cross-city adaptability can be identified, providing a basis for
selecting technical strategies in practical applications.

3.3.2. Domain Adaptation Joint Modeling Experiment

The domain adaptation joint modeling experiment explored the potential for en-
hancing cross-city model generalizability through domain adaptation techniques [33].
This experiment integrated training data from the three cities and introduced a domain-
adversarial training mechanism to reduce feature distribution discrepancies across cities.
The domain adaptation framework comprises three core components: a feature extractor, a
functional zone segmentor, and a domain discriminator. The feature extractor, built upon
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the SFA-Mask R-CNN backbone, extracts deep feature representations of functional zones.
The functional zone segmentor performs instance segmentation based on the extracted
features. The domain discriminator attempts to identify the city of origin for each sample
using its feature representations.

The training process adopted an adversarial learning strategy, optimizing model
parameters by minimizing segmentation loss while maximizing domain confusion. Specifi-
cally, the feature extractor generates domain-invariant feature representations to “deceive”
the domain discriminator while simultaneously optimizing functional zone segmentation
performance, thereby preventing accurate identification of sample city origins. Meanwhile,
the domain discriminator continuously improves its ability to distinguish samples from
different cities. This adversarial interaction encourages the model to learn universal func-
tional zone features shared across cities while suppressing city-specific bias features. The
training loss function is designed as:

Ltotal = Lseg + λLdomain (5)

where Lseg is segmentation loss (including classification loss, bounding box regression
loss, and mask loss), Ldomain is domain adversarial loss (implemented based on gradient
reversal layer), and λ is a balance coefficient, with optimal values selected from [0.1, 0.5, 1.0]
through grid search.

During joint training, a data balancing strategy was adopted to ensure that samples
from different cities were represented in similar proportions within each training batch
(approximately 33% per city) through resampling, thereby avoiding bias toward cities with
larger datasets. To further enhance the effectiveness of domain adaptation, city-level batch
normalization mechanisms were introduced. These mechanisms maintain independent
normalization statistics for each city, enabling adaptation to city-specific data distribution
characteristics while preserving shared feature extraction capability. It should be noted that
this experiment was designed to explore the application potential of domain adaptation
techniques in cross-city urban functional zone identification, providing technical references
for the development of more universally applicable cross-city identification methods in
future research.

3.3.3. Experimental Result Evaluation

Experimental evaluation and comparative analysis employed a multi-level indica-
tor system to comprehensively assess segmentation accuracy and classification perfor-
mance [34]. Instance segmentation performance was evaluated using both pixel-level and
object-level metrics. Pixel-level metrics included overall accuracy (OA) and the F1 score,
with OA reflecting pixel-wise classification correctness and the F1 score representing the
harmonic mean of precision and recall. Object-level metrics included recall and precision,
which assess the model’s ability to detect all true functional zones and the accuracy of
predicted zones, respectively. Functional zone classification performance was evaluated
using overall accuracy, the Kappa coefficient, and the F1 score, enabling analysis of identi-
fication accuracy and confusion among different functional zone types [35]. In addition,
user’s accuracy and producer’s accuracy were calculated for each functional zone cate-
gory to identify the model’s strengths and weaknesses in recognizing specific functional
zone types.

Precision =
TP

TP + FP
(6)

Recall =
TP

TP + FN
(7)
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F1Score = 2 × Precision × Recall
Precision + Recall

(8)

Overall Accuracy =
TP + TN

TP + TN + FP + FN
(9)

The comparative analysis was conducted across three dimensions: First, single-city
model performance was compared to evaluate the effectiveness of customized optimization
for different urban characteristics. Second, cross-city transfer performance was analyzed to
identify the most representative source cities and the most challenging transfer directions.
Third, the effectiveness of domain adaptation was evaluated by quantifying performance
improvements achieved through domain-adversarial training relative to direct transfer and
simple data integration. Through this systematic comparative framework, cross-city adapt-
ability patterns of urban functional zone identification methods can be comprehensively
revealed, providing a quantitative basis for selecting technical approaches in large-scale
automated urban functional zone mapping.

The data partitioning strategy was critical for ensuring result reliability. For each city,
datasets were divided into 70% training and 30% testing sets, with complete spatial separa-
tion enforced to avoid performance overestimation caused by spatial autocorrelation. In
domain-adaptive joint modeling, training data from all cities were used for model optimiza-
tion, while testing strictly relied on independent test sets for each city, ensuring objective
evaluation. All experiments employed the same test sets for performance assessment,
allowing direct comparison of results across different modeling strategies.

4. Results
4.1. Ablation Study

To validate the individual contribution of each proposed module, ablation experiments
were conducted using the Wuhan dataset. Starting from the standard Mask R-CNN as
the baseline, each enhancement module was incrementally added: the Convolutional
Block Attention Module (CBAM), the Atrous Spatial Pyramid Pooling module (ASPP),
and the Scale-Aware Feature Pyramid Network (SA-FPN). The fully integrated model
incorporating all three modules is referred to as SFA-Mask R-CNN. All variants were
trained and evaluated under identical experimental settings. Results are reported in Table 1
across four metrics: Overall Accuracy (OA), F1 score, Recall, and Precision.

Table 1. Ablation study results on the Wuhan dataset.

Model Variant OA (%) F1 (%) Recall (%) Precision (%)

Baseline 65.95 73.43 63.95 58.20
HTC 74.21 84.10 72.97 60.00

Mask2Former 76.23 85.14 81.08 65.21
w/CBAM 72.80 79.15 67.10 61.07
w/ASPP 75.65 79.82 71.80 68.90

w/SA-FPN 77.88 82.06 75.39 72.80
Proposed Model 85.03 89.00 85.54 86.18

The baseline Mask R-CNN achieved an OA of 65.95% and an F1 score of 73.43%,
with relatively low Recall (63.95%) and Precision (58.20%), indicating limited capability in
detecting and localizing functional zone instances. Adding CBAM improved OA to 72.80%
and F1 to 79.15%, with moderate gains in both Recall and Precision. This improvement
demonstrates that channel and spatial attention recalibration effectively suppresses irrele-
vant background information and enhances discriminative feature learning. Adding ASPP
alone yielded an OA of 75.65% and F1 of 79.82%, with Recall increasing to 71.80% and
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Precision to 68.90%. The multi-scale contextual representations provided by ASPP’s parallel
atrous convolutions improve the model’s ability to perceive functional zones of varying
spatial extents. Among the three modules evaluated individually, SA-FPN produced the
largest performance gain, achieving an OA of 77.88%, F1 of 82.06%, Recall of 75.39%, and
Precision of 72.80%. This result confirms that dynamically adjusting the contribution of
each pyramid level according to the scale distribution of the input image is particularly
beneficial for functional zone segmentation, where target objects span a wide range of
spatial scales. By up-weighting the pyramid levels most relevant to the dominant functional
zone scales in the input, SA-FPN enables more effective cross-scale feature aggregation
than the fixed-weight fusion used in standard FPN.

The complete SFA-Mask R-CNN model, which integrates all three modules, achieved
an OA of 85.03%, F1 of 89.00%, Recall of 85.54%, and Precision of 86.18%, substantially
outperforming all partial configurations. Notably, the performance gain from the full
model exceeds the sum of individual improvements, suggesting that the three modules
are complementary rather than redundant. CBAM enhances feature discriminability, SA-
FPN enables adaptive cross-scale fusion, and ASPP expands the effective receptive field—
together forming a coherent and mutually reinforcing architecture. These results validate
the design rationale of SFA-Mask R-CNN and justify the inclusion of all three modules.

To further validate the superiority of SFA-Mask R-CNN over existing state-of-the-art
instance segmentation models, we additionally compared our method against HTC (Hybrid
Task Cascade) and Mask2Former under identical training/testing conditions on the Wuhan
dataset. As shown in Table 1, SFA-Mask R-CNN outperforms both methods across all
metrics, exceeding HTC by 10.82% in OA and Mask2Former by 8.80% in OA. The particu-
larly large margins in Precision (+26.18% over HTC, +20.97% over Mask2Former) indicate
that general-purpose segmentation frameworks struggle with the boundary localization
demands of urban functional zone identification, a limitation that the proposed SA-FPN’s
dynamic scale-aware weighting mechanism specifically addresses.

4.2. SFA-Mask R-CNN Segmentation Performance Evaluation

This study independently constructed SFA-Mask R-CNN instance segmentation mod-
els using training data from Shanghai, Wuhan, and Chengdu and evaluated their per-
formance on the corresponding city-specific test sets. Both pixel-level metrics—overall
accuracy (OA) and F1 score—and object-level metrics—recall and precision—were em-
ployed for comprehensive performance assessment (Figure 5). Pixel-level metrics reflect the
accuracy of pixel-wise classification, whereas object-level indicators evaluate the model’s
capability to detect and localize complete functional zone instances.

From the pixel-level perspective, the Chengdu model achieved the best performance
on its local test set, with an overall accuracy of 85.36% and an F1 score of 89.91%. The
Wuhan model showed comparable performance, with an overall accuracy of 85.03% and
an F1 score of 89.00%. In contrast, the Shanghai model performed relatively weaker on
its local test set, with an overall accuracy of 83.51% and an F1 score of 85.55%, ranking
lowest among the three cities. These results indicate that the functional zone characteristics
of Chengdu and Wuhan exhibit strong learnability for deep learning models in pixel-
level classification tasks. In contrast, certain characteristics of Shanghai’s functional zones
increase the complexity of pixel-level classification.

Object-level indicators exhibited patterns that were not entirely consistent with pixel-
level results. The Shanghai model achieved the highest recall at 89.81%, substantially
exceeding that of Chengdu (77.53%) and Wuhan (85.54%), indicating a strong capability to
detect complete functional zone instances and effectively avoid omissions. Although the
Chengdu model attained the highest F1 score, its relatively low recall suggests limitations in
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identifying all functional zone instances, with some being only partially detected or missed.
The Wuhan model demonstrated more balanced performance across object-level metrics,
with recall of 85.54% and precision of 86.18%, reflecting stable segmentation capability.
In terms of precision, the Wuhan model (86.18%) and the Shanghai model (87.35%) both
outperformed the Chengdu model (81.88%), indicating that the Wuhan and Shanghai
models achieved more accurate boundary localization with fewer false detections.

Figure 5. Accuracy of single-city independent models.

The performance differences among the local models of the three cities provide an
important foundation for subsequent analysis of cross-city generalizability. The pixel-level
accuracy advantages of the Chengdu and Wuhan models, together with the Shanghai
model’s strong object-level recall performance, reflect the distinct influences of city-specific
functional zone characteristics on deep learning model learning processes. These differences
are manifested not only in overall performance levels but also in the trade-offs between
pixel-level and object-level tasks, thereby establishing a data-driven basis for understanding
model transfer performance across cities (Figure 6).

4.3. Cross-City Model Generalization Performance Comparison
4.3.1. Single-City Model Cross-City Transfer Performance

The single-city independent modeling cross-city application experiment systematically
evaluated model generalization capability through nine cross-city scenarios (three source
cities × three target cities). The results show that models trained on different cities exhibit
pronounced performance differences and clear asymmetries when applied to other cities
(Figure 7).

The Wuhan model demonstrated the strongest generalization capability in cross-city
transfer. When applied to Chengdu, the Wuhan model achieved an overall accuracy of
85.37% and an F1 score of 89.44%. This performance is comparable to the Wuhan model’s
local results (OA = 85.03%, F1 = 89.00%) and even slightly exceeds the performance of the
Chengdu model on its own test data (OA = 85.36%, F1 = 89.91%). At the object level, the
Wuhan model achieved a recall of 87.53% and a precision of 91.70% in Chengdu, indicating
a well-balanced detection performance. When transferred to Shanghai, the Wuhan model
achieved an overall accuracy of 80.43% and an F1 score of 85.42%. Although these values
are lower than those obtained in Chengdu, they remain relatively high. Notably, the Wuhan
model’s object-level precision in Shanghai reached 91.43%, comparable to that of the locally
trained Shanghai local model, demonstrating strong transferability in functional zone
boundary localization accuracy.
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Figure 6. Instance segmentation results for each city ((a,d,g) are true-color images; (b,e,h) are
EULUC-China segmentation results; (c,f,i) are instance segmentation results of this study).

Figure 7. Comparison of cross-city transfer performance of single-city models (Model_SH represents the
single-city model generated using Shanghai data; Model_WH represents the single-city model generated
using Wuhan data; Model_CD represents the single-city model generated using Chengdu data).
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The Shanghai model also demonstrated strong cross-city adaptability. When applied
to Wuhan, the Shanghai model achieved overall accuracy of 80.53%, an F1 score of 88.52%,
and a recall of 87.57%. When transferred to Chengdu, it attained an overall accuracy of
83.46% and an F1 score of 87.88%, indicating stable performance. Notably, bidirectional
transfer between the Shanghai and Wuhan models exhibited nearly symmetric performance
characteristics (Figure 8). The Wuhan model achieved an overall accuracy of 80.43% in
Shanghai, while the Shanghai model achieved 80.53% in Wuhan, indicating minimal perfor-
mance difference. This symmetry suggests that functional zones of Wuhan and Shanghai
may share a degree of similarity or complementarity in their spatial characteristics.

Figure 8. Overall accuracy of single-city models in different transfer directions. (The dashed line
represents 80%).

The Chengdu model exhibited notably poor cross-city transfer performance, with the
most pronounced performance degradation across all transfer scenarios. When applied
to Wuhan, overall accuracy declined to 73.85% and the F1 score to 78.37%, representing a
substantial drop relative to the Chengdu model’s local performance. More critically, the
Chengdu model’s object-level recall in Wuhan was only 61.64%, the lowest value among all
test scenarios, indicating severe functional zone omission, with many instances failing to
be effectively detected. When applied to Shanghai, the Chengdu model’s overall accuracy
increased slightly to 76.90% and the F1 score to 78.47%; however, overall performance
remained weak. Although recall improved to 80.56% and precision to 79.60%—both
higher than in Wuhan—these values still lagged considerably behind the cross-city transfer
performance of the other models.

From the directional perspective of cross-city transfer, the experimental results exhibit
clear asymmetries. Transfer between Wuhan and Chengdu shows strong unidirectional
effectiveness: the Wuhan model achieved an overall accuracy of 85.37% when transferred
to Chengdu, whereas the Chengdu model achieved only 73.85% when transferred to
Wuhan, a difference of 11.52%. A similar asymmetry is observed between Shanghai
and Chengdu, with the Shanghai model achieving an overall accuracy of 83.46% when
transferred to Chengdu, compared with 76.90% for the Chengdu model transferred to
Shanghai, a difference of 6.56%. In contrast, bidirectional transfer between Wuhan and
Shanghai exhibited much greater symmetry, with an overall accuracy difference of only
0.10%, representing the most balanced transfer performance among all cross-city scenarios.
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4.3.2. Domain Adaptation Joint Model Performance

The domain adaptation joint modeling strategy integrated training data from the three
cities with the aim of enhancing cross-city generalization by increasing training sample
diversity. During data preparation, a balancing strategy was applied to ensure that samples
from each city contributed similar proportions to the training set (approximately 33%
per city) through resampling, thereby preventing bias toward cities with larger datasets.
However, the experimental results indicate that the joint model did not achieve the expected
performance gains (Figure 9). Specifically, it failed to outperform either the best single-city
models or the direct cross-city transfer models when evaluated across all three cities.

Figure 9. Accuracy comparison between single-city independent modeling and domain adaptation
joint modeling.

The joint model achieved an overall accuracy of 82.79% and an F1 score of 89.42%
on the Wuhan test set. While this performance exceeded that of most cross-city transfer
scenarios, it remained inferior to the locally trained Wuhan model (OA = 85.03%). At
the object level, the joint model achieved a recall of 81.69% and a precision of 90.20%.
Although precision remained high, the reduced recall compared with the Wuhan local
model’s 85.54% indicates that the joint model compromised its ability to detect complete
functional zone instances.

On the Chengdu test set, the joint model achieved an overall accuracy of 80.78% and
an F1 score of 84.77%, which were clearly lower than those of the Chengdu local model
(OA = 85.36%) and substantially lower than the Wuhan model’s transfer performance
in Chengdu (OA = 85.37%). Object-level recall and precision were 82.02% and 81.34%,
respectively, with both metrics failing to match the performance of either the Chengdu local
model or the best cross-city transfer model. These results indicate that the joint training
strategy had a negative effect in Chengdu. Despite increased data diversity, the approach
did not improve the model’s ability to learn the specific functional zone characteristics
of Chengdu.

The joint model performed worst in Shanghai among the three cities, achieving an
overall accuracy of only 74.01% and an F1 score of 82.19%. Compared with the Shanghai
local model (OA = 83.51%), performance declined by 9.50 percentage points, representing
the largest reduction relative to single-city optimal models. Although object-level recall
remained high at 89.81%, comparable to the Shanghai local model, overall segmentation
quality was substantially inferior to that of single-city models. Precision reached 85.99%,
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which is within an acceptable range; however, the pronounced decline in overall perfor-
mance indicates that the joint model was ineffective in capturing the complex characteristics
of Shanghai’s functional zones.

Comparisons between the joint model and single-city local models reveal performance
declines across all cities. In Wuhan, the joint model showed a decrease of 2.24% relative to
the local model; in Chengdu, the decline was 4.58%; and in Shanghai, the reduction was
largest at 9.50%. This overall degradation indicates that simple domain adaptation-based
joint training strategies failed to effectively enhance model generalization and may even
impair performance in individual cities due to training data heterogeneity. Further compari-
son with the optimal cross-city transfer models (e.g., the Wuhan model applied to Chengdu
and Shanghai) shows that the joint model also failed to demonstrate any advantage. These
results suggest that, under the current experimental settings, carefully selecting represen-
tative source cities for model training can yield better cross-city application performance
than simply merging data from multiple cities.

4.4. Functional Zone Classification and Spatial Pattern Analysis

Based on the functional zone instance boundaries obtained from SFA-Mask R-CNN,
this study integrated remote sensing imagery features, nighttime light data, and POI data,
and applied a random forest algorithm to achieve intelligent functional zone classification
for the three cities. Classification accuracy evaluation results indicate that Wuhan achieved
the highest classification performance, with an overall accuracy of 93.42% and a Kappa
coefficient of 0.895. Shanghai achieved an overall accuracy of 91.97% with a Kappa co-
efficient of 0.860, while Chengdu achieved an overall accuracy of 91.21% with a Kappa
coefficient of 0.851. All three cities exhibited high classification accuracy; however, the
observed differences reflect the significant influence of urban developmental stages and
spatial patterns on functional zone identification performance.

The spatial distribution of functional zones in the three cities exhibits pronounced
regional differences (Figure 10). Shanghai demonstrates a typical mature metropolitan
multi-center network pattern, forming an interconnected system of specialized functional
centers such as Lujiazui, Zhangjiang, and Hongqiao. Residential areas display a concen-
tric distribution pattern, while industrial functional zones are primarily concentrated in
suburban areas beyond the outer ring. Wuhan’s functional zone distribution presents a
prominent riverine axial development model. The Yangtze River and Han River natu-
rally divide the city into three major sections, each forming relatively independent yet
interconnected functional clusters, fully reflecting the strong influence of the “two rivers
and four banks” geographical setting on urban functional layout. Chengdu’s functional
zone distribution exhibits a clear radial expansion pattern centered on Tianfu Square, with
functional zones expanding outward along major transportation corridors to form a “one
center, multiple axes” spatial structure. Rapid urban spatial expansion has resulted in
extensive urban-rural transition zones, characterized by mixed residential, industrial, and
agricultural land-use features.

Compared with the EULUC-China dataset, which reports a Level I overall accuracy of
61.2% across Chinese cities (approximately 45% in Chengdu, 75% in Shanghai, and 80%
in Wuhan), the proposed framework achieved substantially higher classification accuracy
in all three study cities. Specifically, the improvements over EULUC Level I accuracy
were +46.21 percentage points in Chengdu (91.21% vs. ~45%), +16.97 percentage points in
Shanghai (91.97% vs. ~75%), and +13.42 percentage points in Wuhan (93.42% vs. ~80%).
Notably, the most pronounced improvement was observed in Chengdu, a city in a rapid
expansion stage where EULUC’s performance was relatively weak, suggesting that the
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proposed framework’s SA-FPN and multi-source data fusion strategy are particularly
effective for emerging western cities with large-scale, heterogeneous functional zones.

Figure 10. Functional zone classification results of core urban areas in the three cities (core urban area
data sourced from [36]).

5. Discussion
5.1. Coupling Mechanism Between Urban Developmental Stages and Model
Generalization Capability

Cross-city model generalizability experiments revealed the profound impact of urban
developmental stages on deep learning model performance. This influence affects not only
local recognition accuracy but, more importantly, determines cross-city adaptability. The
results show that the Wuhan model exhibits the strongest cross-city transfer capability,
indicating the feasibility of using a single model to achieve large-scale, multi-city automated
functional zone mapping.

The Wuhan model’s strong generalization capability stems from the unique represen-
tativeness of its training data [37]. As a core city in the middle reaches of the Yangtze River,
Wuhan is in a transitional stage where rapid development and structural optimization co-
exist, with functional zone characteristics combining the standardization of mature eastern
cities and the dynamism of emerging western cities. This characteristic allows Wuhan’s
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functional zones to encompass a wide range of spatial morphology types, including highly
concentrated core commercial areas alongside large-scale industrial parks and dispersed
residential areas, as well as traditionally well-defined functional zones alongside emerging
zones with blurred boundaries. Experimental results validate this advantage: the Wuhan
model achieved an overall accuracy of 85.37% when applied to Chengdu, slightly outper-
forming the Chengdu local model (85.36%), and maintained an overall accuracy of 80.43%
when applied to Shanghai, which is essentially symmetric with the Shanghai-to-Wuhan
transfer performance (80.53%).

More importantly, the internal spatial heterogeneity resulting from Wuhan’s “two
rivers and four banks” geographical configuration plays a key role in enhancing gener-
alization capability. Wuhan’s intermediate position on both scale (mean zone area: 0.059
km2) and density (16.96 instances/km2) metrics, combined with the highest within-city CV
(2.11) among the three cities, quantitatively grounds this representativeness argument. This
characteristic—where a single city encompasses multiple development states—endows the
Wuhan model with bidirectional transferability, allowing downward compatibility with
emerging cities and upward adaptability to mature cities.

In contrast, the Chengdu and Shanghai models exhibit clear stage-specific limitations.
To operationalize these stage designations, we computed three morphological character-
ization metrics from the instance segmentation outputs: mean functional zone instance
area, spatial density (instances per km2), and within-city coefficient of variation of instance
area. Chengdu exhibits the largest mean zone area (0.072 km2) at the lowest spatial density
(13.88 instances/km2), quantitatively confirming its large-scale, low-density morpholog-
ical profile; these characteristics learned during its rapid expansion stage show strong
regional specificity. When applied to other cities, performance declined markedly, with
overall accuracy dropping to 73.85% in Wuhan and object-level recall decreasing to as
low as 61.64%. The Shanghai model, meanwhile, faces challenges associated with mature
urban complexity: functional zone boundaries often exhibit gradual transitions, substantial
internal heterogeneity, and prevalent vertical functional stacking. These characteristics
result in relatively lower pixel-level accuracy for the Shanghai local model (83.51%) but
excellent object-level recall (89.81%), reflecting the stability and completeness of functional
zone spatial patterns in mature cities.

From a regional development perspective, the functional zone pattern differences
among the three cities vividly reflect the gradient development characteristics of the
Yangtze River Economic Belt. Shanghai’s high degree of specialization and intensification,
Wuhan’s cluster-based diversification, and Chengdu’s rapid expansion together constitute
the comprehensive spectrum of China’s urbanization process. The strong generalizability
demonstrated by the Wuhan model in this study indicates that selecting cities in interme-
diate developmental states that encompass transitional features as training data sources
enables models to capture a broader range of developmental stages, thereby achieving an
efficient technical pathway of “train once, apply to multiple cities” [38].

The underperformance of domain adaptation can be attributed to three compounding
mechanisms. First, the scale differences among the three cities are structural and geometric
rather than merely statistical: Chengdu is dominated by large-scale, low-density func-
tional zones, while Shanghai contains dense, fine-grained zones at substantially smaller
scales. Domain-adversarial training can reduce statistical feature distribution discrepancies
across domains, but cannot resolve geometric scale gaps that operate at the level of spatial
structure and object size. Second, jointly training on cities with such contrasting scale
characteristics introduces conflicting learning objectives—Chengdu’s large-scale zones
require broad contextual and low-frequency spatial representations, whereas Shanghai’s
fine-grained zones demand high-frequency, boundary-sensitive features. Forcing a single
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domain-invariant representation under these conflicting requirements produces a subop-
timal feature space for both domains, a classic manifestation of negative transfer. Third,
the domain discriminator operates on globally pooled backbone features without distin-
guishing between functional zone categories, resulting in coarse-grained alignment that
cannot address category-specific distribution differences across cities (e.g., industrial zones
in Chengdu exhibit fundamentally different morphological signatures from those in Shang-
hai). It should be noted that a grid search over λ ∈ {0.1, 0.5, 1.0} was performed and no
setting yielded improvement over direct transfer, suggesting that the failure is attributable
primarily to structural scale heterogeneity rather than to implementation-specific factors.
Future work should explore category-conditional domain adversarial training, where do-
main alignment is enforced separately for each functional zone type, as well as scale-aware
adaptation strategies, to better address these structural inter-city differences.

5.2. Method Advantages and Technical Merits

This study adopted a two-stage strategy of “instance segmentation—intelligent clas-
sification,” which offers significant technical advantages over end-to-end deep learning
approaches. This decoupled design allows deep learning to focus on its strength in spatial
morphology recognition—accurately extracting functional zone boundaries through the
SFA-Mask R-CNN architecture—while traditional machine learning is responsible for se-
mantic classification based on heterogeneous multi-source data. This clear division of labor
avoids feature conflicts that can arise when end-to-end methods simultaneously address
morphological identification and semantic understanding, enabling each stage to achieve
optimal performance.

The improvements to the SFA-Mask R-CNN architecture constitute the core innova-
tion of this study. Three complementary modules—CBAM, SA-FPN, and ASPP—were
introduced to address the key technical challenges of spatial scale variation and blurred
boundaries in urban functional zone identification. CBAM enables adaptive focus on
salient functional zone features through the cascading of channel and spatial attention,
suppressing interference from irrelevant background information. SA-FPN replaces the
standard FPN and introduces a dynamic layer-level weighting mechanism that estimates
the importance of each pyramid level from the scale characteristics of the input image.
By adaptively adjusting the contribution of each FPN level at inference time, the model
naturally emphasizes the pyramid levels most relevant to the functional zone scales present
in the target city, without requiring any city-level annotations or manual reconfiguration.
This design is particularly important for cross-city generalization, as it allows the model
to accommodate the different scale distributions of functional zones across cities at differ-
ent developmental stages. The ASPP module employs parallel atrous convolutions with
different dilation rates to expand the receptive field without increasing parameter count,
allowing the model to simultaneously perceive functional zones at multiple scales, from
small commercial street blocks to large industrial parks. Experimental results demonstrate
that these enhancements enabled the model to achieve pixel-level accuracy exceeding 83%
in single-city scenarios while maintaining recognition accuracy above 80% in cross-city
transfer scenarios.

The multi-source data fusion strategy further enhanced classification performance.
The two-stage framework fully exploits the complementary strengths of different data
sources by flexibly integrating physical morphological features from remote sensing im-
agery, functional semantic attributes from POI data, and activity intensity information
from nighttime lights in the second stage, thereby achieving a three-dimensional feature
representation encompassing “physical—social—functional” dimensions. The random
forest algorithm effectively handles scale differences and noise inherent in heterogeneous
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data, enabling robust functional zone classification with overall accuracy exceeding 91%,
which is substantially higher than results obtained using single data sources. Benchmark-
ing against EULUC-China (Level I overall accuracy: 61.2%), the proposed framework
achieved improvements of approximately +13, +17, and +46 percentage points in Wuhan,
Shanghai, and Chengdu, respectively, further confirming the effectiveness of the instance
segmentation paradigm and multi-source fusion strategy over existing large-scale mapping
products.

In addition, the two-stage strategy demonstrates stronger transferability in cross-
city applications. Because the spatial morphological characteristics of functional zone
boundaries are relatively stable across cities, trained segmentation models can be directly
transferred to target cities, requiring only adaptation of the classification model to local
characteristics. This substantially reduces annotation costs and computational overhead
for large-scale cross-city functional zone mapping.

5.3. Technical Limitations and Future Prospects

This study’s methodology still has technical limitations that warrant improvement.
First, the approach exhibits a strong dependence on high-quality annotated data. Training
SFA-Mask R-CNN requires precise annotations of functional zone boundaries, with each
city needing approximately 150–200 annotated samples. The annotation process is not
only time-consuming but also requires substantial domain expertise. Although the Wuhan
model demonstrated strong cross-city transfer capability, cities with unique geographical
environments or distinctive development patterns may still require supplementary local
samples for model fine-tuning.

Second, the improved network architecture increases computational complexity. The
introduction of CBAM, SA-FPN, and ASPP modules raises the number of model parameters
and computational cost, resulting in high processing demands when applied to large-scale
urban areas. Recognition accuracy in highly mixed functional zones also remains limited.
This limitation is particularly evident in mature cities such as Shanghai, where vertical func-
tional stacking modes—such as ground-floor commercial, mid-floor office, and high-floor
residential uses—are prevalent. Remote sensing data primarily capture two-dimensional
surface information, certain biases in functional zone classification are unavoidable.

Multi-source data fusion processes also face numerous challenges. Significant differ-
ences exist in spatial and temporal resolution, update frequency, and data quality among
the various data sources. POI data suffer from issues such as location drift and inconsistent
category annotation. The 500 m spatial resolution of nighttime light data limits its ability
to represent fine-scale functional zones. These data quality issues, along with uncertainty
propagation during the fusion process, may affect the final classification accuracy.

The application effectiveness of domain adaptation techniques fell short of expecta-
tions, revealing deeper challenges in cross-city functional zone identification [39]. The high
heterogeneity of urban functional zone features—such as Chengdu’s large-scale patterns
versus Shanghai’s small-scale patterns, and Wuhan’s cluster-based structure versus Shang-
hai’s networked structure—imposes greater demands on domain adaptation methods.
Future research should explore a broader range of adaptation strategies, such as target-
city fine-tuning with limited labeled samples and MMD-based feature alignment as an
alternative to adversarial training, to better address structural differences among cities and
enhance methodological universality in large-scale, multi-city applications.

6. Conclusions
To address key challenges in cross-city urban functional zone identification—including

scale differences, boundary ambiguity, and limited generalization capability—this study
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proposes the SFA-Mask R-CNN (Scale-Aware Feature-enhanced Attention Mask R-CNN)
architecture and constructs a cross-city identification framework integrated with multi-
source data fusion. Using three representative cities along the Yangtze River Economic
Belt—Chengdu, Wuhan, and Shanghai—as empirical cases, we systematically evaluated
the adaptability of deep learning methods across cities at different developmental stages.
The SFA-Mask R-CNN architecture effectively overcomes the technical challenges of large
spatial scale variation and blurred functional zone boundaries by incorporating three
modules: the CBAM attention mechanism for discriminative feature recalibration, the
SA-FPN for scale-aware cross-scale feature fusion, and the ASPP module for multi-scale
contextual feature extraction. Local models for the three cities achieved high segmentation
accuracy on their respective test sets, with pixel-level overall accuracy ranging from 83%
to 85% and F1 scores between 85% and 90%, thereby validating the effectiveness of the
improved architecture. Furthermore, the two-stage strategy of “instance segmentation—
intelligent classification” fully exploits the strengths of deep learning in spatial morphology
extraction and multi-source data fusion in semantic classification, resulting in functional
zone classification accuracy exceeding 91%.

Cross-city model generalizability experiments revealed the significant impact of ur-
ban developmental stages on model adaptability. The Wuhan model demonstrated the
strongest cross-city transfer capability, achieving an overall accuracy of 85.37% when
applied to Chengdu and maintaining 80.43% accuracy when applied to Shanghai. This
indicates that cities in transitional stages—characterized by the coexistence of rapid devel-
opment and optimization adjustment—possess functional zone characteristics that span
a broader spectrum of types. Consequently, models trained on such cities exhibit both
downward compatibility with emerging cities and upward adaptability to mature cities. In
contrast, the Chengdu model showed markedly weaker cross-city transfer performance,
with overall accuracy declining to 73–77% when applied to other cities, reflecting the stage-
specific and regional limitations associated with large-scale, low-density characteristics
during rapid expansion phases. Domain adaptation joint modeling experiments further re-
vealed that simple multi-city data integration strategies failed to effectively enhance model
generalization, suggesting that more sophisticated adaptation techniques are required. The
spatial pattern differences in functional zones among the three cities strongly reflect the
gradient development characteristics of the Yangtze River Economic Belt. These differences
not only affect functional zone identification accuracy but, more importantly, substantially
influence model transferability.
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