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A B S T R A C T

Under rapid urbanization, traditional single-class LCZ mapping methods fail to represent the coexistence of 
multiple land-cover types within the same block, resulting in blurred boundaries and reduced accuracy for urban 
heat-island modeling. To address this, LCZ mapping is reformulated as a mixed-scene unmixing task and tackled 
with a novel deep-learning framework, MSU-Net. Real street-block morphologies from OpenStreetMap are 
combined with 1 m Google Earth imagery to create multi-scale inputs that preserve both global block layouts and 
local detail. MSU-Net comprises a primary unmixing branch reinforced by two auxiliary guidance branches—one 
driven by purified-image semantic cues, the other by sparse local spatial reconstruction, and a Dual Cross- 
Attention Fusion (DCAF) module that integrates global–local and global–purified features under non- 
negativity and sum-to-one constraints. Two block-level datasets covering Wuhan and Shenzhen were created. 
MSU-Net outperforms existing methods on these datasets, boosting overall accuracy by 15–17 %, reducing mean 
absolute error by over 35 %, and cutting weighted-difference error by around 30 %. Transfer learning further 
confirms its robustness across cities with distinct morphologies.

1. Introduction

Under rapid urbanization, the urban heat island (UHI) effect, in 
which urban temperatures exceed those of surrounding rural areas, has 
intensified, posing serious threats to energy demand, human health, and 
exacerbating air pollution and heat-related risks (Liu et al., 2025). Ac
curate assessment of UHI is essential for designing effective mitigation 
strategies and also contributes to achieving the United Nations’ Sus
tainable Development Goals. (Cao et al., 2023). To provide a scientific 
basis for UHI analysis, (Stewart and Oke, 2012) introduced the Local 
Climate Zone (LCZ) typology, establishing a standardized quantitative 
framework for UHI assessment and urban-form classification that has 
become the international benchmark. LCZs are defined as horizontally 
coherent zones ranging from several hundred meters to a few kilome
ters, characterized by consistent surface cover, structural attributes, 
material properties, and human activity levels (Feng and Liu, 2022). 
They comprise ten built types (LCZ 1–10) and seven natural types (LCZ 

A–G) (Baqa et al., 2025; Xu et al., 2021), effectively capturing urban and 
peri-urban heterogeneity (Fig. 1).

Remote sensing, with its wide-area coverage and consistent obser
vations, has become the primary means for LCZ mapping (Vavassori 
et al., 2024; Zhu et al., 2024). By surveying recent publications on LCZ 
mapping, the current state of research is summarized in Table 1. Spatial 
resolutions of remote sensing imagery have advanced from the hecto
meter to the meter scale, thereby providing a richer and more detailed 
data source for LCZ mapping. As Table 1 shows, medium-resolution 
imagery remains popular in LCZ mapping due to its accessibility and 
broad applicability. Meanwhile, high-resolution imagery, when com
bined with deep-learning–based interpretation, offers markedly superior 
capability to resolve fine-scale spatial structures.

Although LCZ mapping methods have proven effective, they struggle 
to represent increasingly intricate urban forms. LCZs are defined as 
homogeneous zones with consistent structure and function, yet rapid 
urbanization produces areas where contrasting building heights, 
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densities and land uses coexist within the same block(Li et al., 2024; 
Zhao et al., 2023). For example, commercial podiums (LCZ 2) often abut 
residential towers (LCZ 1) in mixed-use districts, while industrial blocks 
(LCZ 8), housing (LCZ 5) and green spaces intermingle along urban 
fringes (Fig. 2). Assigning a single LCZ class to such heterogeneous zones 
leads to confusion and blurred boundaries, reducing the accuracy of 
microclimate simulations and functional zoning(Anjos et al., 2020; 
Quan, 2019). Although introducing subclasses can address local classi
fication issues, an overabundance of tailored categories undermines 
comparability across studies(Stewart and Oke, 2012). A more robust 
solution is to model each location as a mixture of standard LCZ types and 
recover their proportions through an “unmixing/decomposition” 
process. Recent advances in sub-meter remote sensing and deep-learning 
interpretation now make it feasible to identify and quantify these mixed 
scenarios by integrating structural and functional cues into a hybrid 
feature space(Adegun et al., 2023). This mixed-type LCZ mapping 
approach promises to capture urban surface complexity more faithfully 
and to enhance applications in climate analysis, green planning and fine- 
scale governance.

This paper addresses these challenges by introducing a high- 
resolution LCZ mapping approach based on deep mixed-scene decom
position. First, real street-block morphology from OpenStreetMap is 
combined with high-resolution imagery into multi-scale inputs that 
retain both block-level layouts and object-level details. LCZ mapping is 
then reformulated as a mixed-scene unmixing task and addressed using 
the proposed Mixed Scene Unmixing Network (MSU-Net), which in
tegrates a main unmixing branch with two auxiliary branches: one for 
pure-class semantic prediction and the other for sparse local patch 
reconstruction. Finally, a Dual Cross-Attention Fusion (DCAF) module 
further enhances feature integration across semantic and spatial di
mensions, enabling accurate decomposition of mixed LCZ scenes.

The paper is organized as follows. Section 2 introduces the study area 
and dataset. Section 3 outlines the proposed method and novel modules. 
Section 4 presents results, comparisons, and ablations. Section 5 dis
cusses the advantages of high-resolution imagery and cross-city 
transferability.

2. Study areas and data

2.1. Study area

Wuhan (Fig. 3a), the largest city in central China, covers about 8,569 
km2 at the confluence of the Yangtze and Han Rivers. Approximately 
one-quarter of its area is occupied by water bodies, and together with 
flat terrain and a polycentric urban structure, the city exhibits diverse 
forms that are well-suited for mixed-scene decomposition. Shenzhen 
(Fig. 3b), one of China’s first Special Economic Zones, spans 1,997 km2 

on the eastern Pearl River Delta. Although both cities experience a 
subtropical monsoon climate, Wuhan has distinct seasons, whereas 
Shenzhen is marked by abundant rainfall and high humidity.

Over the past two decades, both cities have undergone rapid densi
fication and outward expansion. Wuhan’s built-up area expanded from 
~600 to 1,500 km2, forming a complex polycentric structure, while 
Shenzhen developed high-density, vertical, and mixed-use urban forms 
under land constraints. Both cities exhibit strong structural and func
tional mixing: Wuhan’s older districts combine street-level commerce, 
low-rise housing, and industrial uses, with transitional mixed zones at 
the urban fringes, whereas Shenzhen features integrated complexes of 
high-rise residences, commercial centers, and industrial zones. This 
rapid urbanization has intensified anthropogenic heat emissions, lead
ing to pronounced urban thermal challenges and making both cities 
ideal testbeds for LCZ mapping.

2.2. Data

To accommodate the irregular shapes and spatial characteristics of 
actual LCZ blocks, OpenStreetMap (OSM) road network data were 
combined with high-resolution imagery (Fonte et al., 2019), with indi
vidual street blocks treated as the fundamental mapping unit. High- 
resolution remote sensing images in the RGB spectral bands, with a 
spatial resolution of 1  m, were acquired from the Google Earth platform 
(https://earth.google.com/) for the period 2019–2020, following Goo
gle’s usage guidelines, for non-commercial scientific research. A total of 
635 images covering Wuhan and Shenzhen, each sized 3 500 × 3 500 
pixels, were used in this study.

We manually annotated high-resolution Google images by cutting 
them into block-level patches using the OSM road network, and assigned 

Fig. 1. Local Climate Zone (LCZ) Typology.
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decomposition-level labels based on visual interpretation (Fig. 2). The 
above annotation process was done manually by three experienced 
remote sensing image interpreters. In Wuhan, block areas range from 
71.32 m2 to 10,476,445.94 m2, with a mean of 374,924.53 m2, while in 
Shenzhen they range from 8,003.72 m2 to 27,782,903.75 m2, with a 
mean of 109,964.11 m2. To mitigate class imbalance, data augmentation 
(i.e., rotation, flipping, scaling, and color jittering) was applied to rare 
classes in Shenzhen (LCZ1, LCZ3, LCZF, and LCZG). The class distribu
tions in mixed and pure images for both cities are shown in Fig. 4. 
Wuhan includes 3,409 training and 1,041 testing blocks, while Shenz
hen has 11,753 and 4,799, respectively.

3. Methodology

3.1. Overall structure

This study tiles imagery into block-level units using OSM-derived 
road networks and proposes MSU-Net (Fig. 5) to predict LCZ composi
tion for each block. A multi-scale input strategy is used: globally, each 
irregular block was down-sampled to 256 × 256 pixels to preserve the 
overall urban layout (the “mixed patch” in Fig. 5); locally, high- 
resolution crops are cropped from this global image at 256 × 256 
pixels (the “local patch” in Fig. 5). Patches consisting entirely of back
ground are discarded, and each remaining local patch is paired with its 
corresponding global mixed image to form a global–local input set. This 
design mitigates the high-frequency information loss from resampling 
and enhances the model’s ability to capture complex urban morphology.

Fig. 5 illustrates the architecture of MSU-Net, which comprises a 
primary unmixing branch (center row) and two auxiliary branches (top 
and bottom rows). The primary branch receives a global block repre
sentation from a shared-weight encoder (in this study, a Swin Trans
former) and incorporates local detail features from the upper auxiliary 
branch and endmember semantic features from the lower auxiliary 
branch via the Dual Cross-Attention Fusion (DCAF) module (Section 
3.2). Finally, ReLU and Softmax enforce non-negativity and sum-to-one 
constraints for physically consistent decomposition.

Inspired by hyperspectral unmixing, where a few pure endmembers 
enhance decomposition (Hong et al., 2022), a limited set of pure LCZ 
blocks is introduced to reinforce the unmixing branch. A global Purified- 
image Semantic Guidance (PSG) branch is proposed, extracting semantic 
cues from pure block classifications to guide mixed-scene decomposi
tion. This high level semantic guidance from scene-based classification 
bridges low-level features and high-level semantics (Wang et al., 2024). 
As shown in the top row of Fig. 5, this branch includes a shared-weight 
encoder followed by a full constraint module.

Furthermore, it has been noted that built-up classes LCZ1 to LCZ6 are 
often confused because their key local spatial cues are not adequately 
captured (Zonato et al., 2020). To address this, local spatial guidance 

Table 1 
Comparison of LCZ interpretation methods at different scales.

Pixel-level Object-level Scene-level

Primary Input 
Data

Medium- 
resolution 
imagery (10–30 
m; e.g., Landsat/ 
Sentinel-2)(
Ching et al., 
2018)

High-resolution 
imagery (e.g., 
Pleiades, SPOT-6)(La 
et al., 2020; Ma et al., 
2021a)

High-resolution 
imagery with 
extended scene 
context(Bechtel 
et al., 2019; 
Manyanya et al., 
2022)

Features Primarily 
spectral features, 
fused with 
spatial/ 
temporal/radar 
cues 
(Demuzere et al., 
2019; Zhang 
et al., 2021)

Object-scale spatial 
pattens and spectral 
features(Dos Anjos 
et al., 2017; Ma et al., 
2021b)

Multi-scale spatial 
features, often 
fused with 
temporal/spectral 
cues(Huang et al., 
2021; Yu et al., 
2022; Zhang et al., 
2022)

Interpretation 
Unit

Regular grid cells 
(e.g., 100 m) (
Shih et al., 2020; 
Verdonck et al., 
2017)

Irregular object 
segment (Collins and 
Dronova, 2019; Ma 
et al., 2021b; Yoo 
et al., 2019)

Sliding-window 
grids with 
majority-voting 
(e.g., 100–640 m). 
(Kim et al., 2021; 
Rosentreter et al., 
2020)

Method Supervised 
classifiers (e.g., 
Random Forest, 
RF) on 
handcrafted 
features(Liang 
et al., 2021; 
Wang et al., 
2021)

Image segment first, 
then classify the 
object (RF/CNN) (Liu 
et al., 2019)

Grid-based CNNs(
Liu et al., 2023; 
Taubenböck et al., 
2020)

Output Pixel-level LCZ 
labels, 
aggregated to 
coarser grids 
(Anjos et al., 
2020; Vandamme 
et al., 2019)

Object-level LCZ 
assignments, 
mosaicked spatially(
Simanjuntak et al., 
2019)

Scene-level LCZ 
maps per grid(
Gawlikowski 
et al., 2020; Yoo 
et al., 2020)

Advantages Well-established 
workflow; 
leverages open- 
source data (
Aslam et al., 
2021; Ching 
et al., 2018)

Better spatial 
segmentation; 
preserves object 
integrity(Zhou et al., 
2021)

Captures high- 
level semantics; 
flexible scale(
Feng et al., 2020; 
Zhao et al., 2020)

Limitations Heavily spectral- 
driven; limited 
spatial context(
Wang et al., 
2024)

Computationally 
intensive; fails to 
extract semantically 
coherent objects 
across varied scales 
(e.g., LCZ8 vs. LCZ6) (
Wang et al., 2024)

Sliding windows 
may sacrifice fine 
detail for 
efficiency(Liu and 
Shi, 2020; Wang 
et al., 2024)

Fig. 2. The “transition zone” in a single block with mixed industrial buildings (LCZ 8), residences (LCZ 5) and green spaces (LCZ B). The street-block boundaries from 
OSM were overlaid on high-resolution imagery to illustrate typical mixed scenarios. When the LCZ mixing ratios were manually annotated, the proportion of each 
pure LCZ class within the entire block was recorded as that class’s mixing ratio (i.e., abundance); for example, LCZ B, LCZ 8 and LCZ 5 occupies 10%, 70%, and 20% 
of the block area, respectively. Image data © Google. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of 
this article.)

J. Li et al.                                                                                                                                                                                                                                         International Journal of Applied Earth Observation and Geoinformation 145 (2025) 104999 

3 



(LSG) is provided for LCZ scene unmixing by utilizing fine spatial details 
extracted from local image patches. An autoencoder-based branch was 
constructed for this purpose. Local patches are encoded by the 
shared-weight encoder, and a full-constraint module in combination 
with a pooling feature pyramid is employed to derive multi-scale spatial 
features. Because local decomposition results are highly sparse, an L1/2 
sparsity constraint (Xu et al., 2010) is incorporated to generate more 
effective local spatial guidance.

3.2. Dual Cross-Attention Fusion (DCAF)

The DCAF module integrates features along two complementary 

dimensions. The first dimension fuses global and local representations 
via a cross-attention mechanism to balance spatial context. Small blocks 
(smaller than 100 m × 100 m) provide rich local cues (e.g., textures) but 
lack the wider context needed to distinguish classes with similar tex
tures. For example, LCZ3 and LCZ6 exhibit nearly identical local textures 
and can only be differentiated by their overall spatial arrangement. 
Large blocks (larger than 500 m × 500 m) preserve global layout but lose 
fine details when down-sampled. To reconcile this, query vectors from 
global features attend to local keys, aggregating local values into the 
global space. This enhances long-range dependency modeling and pro
duces coherent embeddings that capture both contextual layout and 
fine-scale detail.

Fig. 3. The study areas and their corresponding OSM derived street scene boundaries. Image data © Google.

Fig. 4. The distribution of each LCZ category in the study areas. For a mixed scene, the quantity refers to the ratio of a certain type of LCZ pixels in the entire block.
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Fig. 6 illustrates how global and local features are fused by 
computing attention affinities between the global feature Fglobal and the 
local feature Flocal. First, both features are flattened along their spatial 
dimensions. Each flattened feature is then projected into its own sub
space: the global feature is linearly transformed by Wl

Q to produce the 

query vector Ql, while the local feature is transformed by Wl
K and Wl

V to 
produce the key vector Kl and the value vector Vl, respectively. These 
projections are defined as follows: 

Ql = FglobalWQ
l ,Kl = FlocalWK

l ,Vl = FlocalWV
l (1) 

Fig. 5. The framework of MSU-Net. Global (down-sampled block image) and local (high-resolution crop) inputs are encoded in parallel. A primary unmixing branch 
then fuses the global feature with local detail cues and semantic endmember cues via the Dual Cross-Attention Fusion (DCAF) module. Finally, ReLU and SoftMax 
activations enforce non-negativity and sum-to-one constraints for proportional LCZ decomposition. The “ratio” refers to the proportion of a specific pure LCZ type 
within the entire block area. Image data © Google.

Fig. 6. Similarity-guided dual cross-attention fusion module (DCAF).
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The similarity between Ql and Kl is then calculated to generate a spatial 
correspondence map linking global and local features. Peaks in this 
correspondence map indicate critical alignment points between the two 
feature sets. Softmax-normalized similarity scores weight the value 
vectors Vl. This weighting performs a soft selection in feature space, 
amplifying strongly responding vectors and suppressing redundant in
formation. To preserve the original global context, a residual connection 
is added to maintain the initial feature distribution. The resulting locally 
enhanced global feature F’global is therefore given by: 

Fʹ
global = Fglobal + r⋅Conv

(
Ṽ
)
, Ṽ = Softmax(

QlKT
l̅̅̅

d
√ )⋅Vl (2) 

where r dynamically adjusts the intensity of cross-layer information 
flow, and d scales channel dimensions to stabilize gradients. The 
incorporation of the purified LCZ feature Fpure as a semantic prior en
hances the model’s capacity to resolve fragmented semantic cues within 
mixed scenes. A semantic similarity matrix S is computed between the 
global feature Fglobal and the purified feature Fpure to quantify inter-class 
association strengths. This computation is given by: 

S = Softmax(
Fpure⋅Fglobal⃦

⃦Fpure
⃦
⃦

2⋅
⃦
⃦Fglobal

⃦
⃦

2

) (3) 

Subsequently, the spatially enhanced global feature is fused with the 
high-purity semantic prior through a cross-attention mechanism to 
achieve complementary refinement. First, both the enhanced global 
feature F’global and the purified feature Fpure are flattened along their 
spatial dimensions. Each flattened feature is then projected into its own 
subspace: the enhanced global feature is linearly transformed by Wp

Q to 
produce the query vector Qp, while the purified feature is transformed by 
Wp

Kand Wp
V to produce the key vector Kp and the value vector Vp 

respectively. These projections are defined as: 

Qp = Fʹ
globalW

Q
p ,Kp = FpureWK

p ,Vp = FpureWV
p (4) 

The similarity between Qp and Kp is then calculated to produce a spatial 
correspondence map between the enhanced global feature and the pu
rified semantic prior: 

watten = Softmax((QpKT
p )/

̅̅̅
d

√
)) (5) 

where watten are the cross-attention weights. The resulting cross- 
attention weights, denoted watten, are refined by element-wise multipli
cation with the semantic similarity matrix S. This refinement ensures 
that only global responses with strong alignment to the purified se
mantics are retained. To preserve the original global context and 
maintain stable gradient flow, a residual connection is added to the 
initial global feature: 

Fʹ́
global = Fglobal +(watten × S) × watten.Vp (6) 

3.3. Model training

3.3.1. Multi-task learning
MSU-Net is trained on three complementary sub-tasks: global mixed- 

scene decomposition, sparse-scene decomposition, and purified-image 
classification. Cross-entropy loss is employed for the global decompo
sition and the purified-image classification, while the local branch uses 
an L1/2 sparsity-regularized reconstruction loss. Task weights are auto
matically balanced using the GradNorm strategy (Chen et al., 2018), 
which scales each task’s gradients so that all tasks contribute equally to 
the overall gradient magnitude. Optimization is performed using the 
Adam algorithm with an initial learning rate of 1 × 1e− 4, β1 = 0.9, β2 =

0.999, a weight-decay factor of 1 × 1e− 2, and a batch size of 20. A 
learning-rate warmup is implemented via timm’s CosineLRScheduler 
(Oba et al., 2025) to prevent early gradient explosion. The model was 
implemented in Python 3.7 using PyTorch 1.11 on a Windows 10 sys
tem, with computations accelerated on a CUDA 11.6 platform.

We further evaluated the efficiency of MSU-Net. Training one epoch 
on the Wuhan dataset took approximately 1,898 s, while training on the 
Shenzhen dataset took about 4,504 s. During inference, processing a 
single sample required approximately 0.30 s.

3.3.2. Accuracy assessment
MSU-Net’s performance is evaluated from two complementary per

spectives. In purified-scene evaluation, Overall Accuracy (OA) and 
Overall Precision (OP) follow standard LCZ classification protocols (Liu 
and Shi, 2020; Qiu et al., 2018). Each pure-class scene is processed by 
MSU-Net, and the class with the highest predicted proportion is 
compared to the reference label (Zhang and Du, 2015), with matches 
counted as correct. In mixed-scene decomposition evaluation, the model 
produced proportional shares for every LCZ class within each scene. 
Accuracy is measured by four metrics: Mean Absolute Error (MAE), 
defined as the average absolute difference between predicted and true 
class proportions; Weighted Difference (WD), calculated as the propor
tionally weighted average of these absolute errors to reduce the impact 
of outlier classes; Built-up MAE (MAEB) and Natural MAE (MAEN) 
measure detailed assessment of built-up and natural classes. All metrics 
are defined in Table 2.

4. Result

4.1. General result

4.1.1. LCZ mapping accuracy using MSU-Net
Table 3 shows that OA and OP exceed 0.8 in both Wuhan and 

Shenzhen, demonstrating MSU-Net’s effectiveness in purified-scene 
classification. MAE remains below 0.07, indicating accurate LCZ block 
decomposition. MAEB and MAEN show that errors in built-up classes are 
slightly greater in Wuhan, whereas errors in natural classes are mark
edly higher in Shenzhen (0.0217 versus 0.0049). The differences in 
MAEN between Shenzhen and Wuhan likely stem from urban 
morphology and landscape composition. Wuhan’s extensive water 
bodies and vegetation create more homogeneous natural patches, 
whereas Shenzhen’s dense, fragmented natural areas are harder to 
classify. Despite different overall MAE, the WD are nearly identical 

Table 2 
Definition for every evaluation metric.

Type Metrics Formulation

Purified-scene Over Accuracy (OA) ∑M
i=1(TPi + TNi)

∑M
i=1(TPi + TNi + FPi+FNi)

Over Precision, (OP) ∑M
i=1TPi

∑M
i=1(TPi + FPi)

Mixed-scene Mean Absolute Error, (MAE) 1
M
∑M

i=1
|p(i)true − p(i)pred|

Weighted Difference, (WD) 1
M
∑M

i=1
p(i)true |p

(i)
true − p(i)pred|

Natural MAE, (MAEN) MAEN =
1

MN

∑MN

i=1
|p(i)N,true − p(i)N,pred|

Built-up MAE, (MAEB) MAEB =
1

MB

∑MB

i=1
|p(i)B,true − p(i)B,pred|

Notes: M denotes the total number of LCZ mapping classes, MN denotes the total 
number of natural classes (LCZ A–G); MB denotes the total number of built-up 
classes (LCZ 1–10); TP, TN, FP, and FN denote true positives, true negatives, 
false positives, and false negatives, respectively; p indicates the proportion.

Table 3 
Prediction accuracies of MSU-Net in two study areas.

Study area OA OP MAE WD MAEB MAEN

Wuhan 0.835 0.852 0.0544 0.0187 0.0890 0.0049
Shenzhen 0.800 0.808 0.0655 0.0182 0.0733 0.0217
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(Wuhan: 0.0182; Shenzhen: 0.0187). This finding indicates that pre
dictive errors are more tightly clustered in Shenzhen, while larger de
viations occur in specific LCZ categories in Wuhan, necessitating 
detailed per-class investigation.

4.1.2. Visual LCZ mapping result by MSU-Net
Figs. 7–10 illustrate LCZ maps of built-up and natural classes in 

Shenzhen and Wuhan. Color intensity indicates class proportion within 
each block, while the original block boundaries and geographic loca
tions are retained. Detailed insets of two local regions in Shenzhen 

Fig. 7. Shenzhen’s built-type LCZ classes as decomposed by MSU-Net. The “ratio” refers to the proportion of a specific pure LCZ type within the entire block area. A 
darker color indicates a higher ratio.
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(Figs. 11–12) and Wuhan (Figs. 13–14) are provided, where color 
saturation encodes class proportion and distinct hues represent LCZ 
categories.

In both cities, the mixed-scene decomposition reveals characteristic 
spatial patterns of built-up classes. In Shenzhen, LCZ 1–2 (Figs. 7a and 
7b) cluster in core functional zones like central business district and 
technology park while LCZ 3(Fig. 7a) occur as scattered patches (0.5–0.8 
proportion) in old districts and urban villages. Overall, a concentric 
development pattern emerges with a high-rise core surrounded by pro
gressively lower-rise zones, confirming the ring-layered expansion 
typical of high-density cities. In Wuhan, a multi-core structure appears. 
LCZ 1 (Fig. 9a) predominates in core business districts and along major 
riverside development axes such as the “Two Rivers, Four Banks” 
corridor, where its share often exceeds 0.7. LCZ 3 (Fig. 9c) across the 

downtown and historic preservation zones; areas with proportions of 0.8 
to 1.0 correspond closely to officially protected sites. LCZ 1–3 (Fig. 9a–c) 
reaches 63 % in the high-density interval of 0.5 to 0.8, which is 22 % 
higher than LCZ 4–6 (Fig. 9d–f), characterizing Wuhan’s infill-oriented 
spatial form. LCZ 8 (Fig. 9h, 0.6–0.9 in industrial parks and 0.2 to 0.4 in 
logistics areas) display a bimodal distribution, indicating MSU-Net’s 
ability to distinguish between production-oriented and storage-oriented 
building typologies.

Natural classes show pronounced spatial distinctions. In Shenzhen, 
LCZ A (Fig. 8a) and LCZ B (Fig. 8b) cluster in hilly suburbs. LCZ D 
(Fig. 8c) and LCZ F (Fig. 8e) occur along coastal zones and developing 
districts, indicating construction sites or awaiting development. LCZ E 
(Fig. 8d) aligns with eastern volcanic belts, while LCZ G (Fig. 8f) form 
high-proportion corridors (0.41–1.00) along rivers and reservoirs.

Fig. 8. Shenzhen’s natural LCZ classes as decomposed by MSU-Net. The “ratio” refers to the proportion of a specific pure LCZ type within the entire block area. A 
darker color indicates a higher ratio.
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Fig. 9. Wuhan’s built-type LCZ classes as decomposed by MSU-Net. The “ratio” refers to the proportion of a specific pure LCZ type within the entire block area. A 
darker color indicates a higher ratio.
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Fig. 10. Wuhan’s natural LCZ classes as decomposed by MSU-Net. The “ratio” refers to the proportion of a specific pure LCZ type within the entire block area. A 
darker color indicates a higher ratio.
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Fig. 11. Visualization of unmixing results for region 1 in Shenzhen. Numeric labels are shown to three decimal places, with values below 0.001 omitted. All values 
are multiplied by 1000 for integer presentation. Image data © Google.
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Fig. 12. Visualization of unmixing results for region 2 in Shenzhen. Numeric labels are shown to three decimal places, with values below 0.001 omitted. All values 
are multiplied by 1000 for integer presentation. Image data © Google.
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Fig. 13. Visualization of unmixing results for region 1 in Wuhan. Numeric labels are shown to three decimal places, with values below 0.001 omitted. All values are 
multiplied by 1000 for integer presentation. Image data © Google.
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Fig. 14. Visualization of unmixing results for region 2 in Wuhan. Numeric labels are shown to three decimal places, with values below 0.001 omitted. All values are 
multiplied by 1000 for integer presentation. Image data © Google.
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In Wuhan, LCZ A (Fig. 10a) concentrate in the east. LCZ B (Fig. 10b) 
form continuous ecological transition belts along the urban-fringe and 
Third Ring Road. LCZ D (Fig. 10c) is more prevalent in the west and 
south. LCZ E (Fig. 10d) matches 91 % of highest-value hilly exposures 
(value over 0.9). LCZ G (Fig. 10f) align into high-proportion belts 
(0.8–1.0) along major waterways, with surrounding lakes exhibiting 
gradual decay, illustrating the organizing influence of water systems on 
urban form.

As highlighted in the local visualization, the model achieves high 
accuracy in capturing diverse building morphologies and natural fea
tures across both cities. The unmixing results faithfully represent spatial 
overlaps and transitions among LCZ types, providing a detailed basis for 
fine-scale urban morphology analysis. Nevertheless, a few failure modes 
remain: in mixed building blocks the model can confuse high-, mid-, and 
low-rise classes (Fig. 11); in areas where low vegetation borders water, 
small water patches may be missed (Fig. 12); along low-vegeta
tion–bare-soil interfaces, the estimated fractions can be biased (Fig. 13); 
and in areas where compact and open buildings coexist, the model oc
casionally blends the two classes (Fig. 14).

In summary, Shenzhen follows a concentric pattern of mid- to high- 
rise aggregation surrounded by a low-rise gradient, whereas Wuhan 
exhibits a multi-core concentric pattern in which built form and natural 
land cover coexist. The mixed-scene decomposition network accurately 
unmixes complex scenarios such as interleaved LCZ 3 and LCZ D 
(Figs. 7c and 9c), providing precise, fine-scale data for high-resolution 
urban climate research.

4.2. Comparing with current LCZ methods

Given the absence of methods specifically designed for large-scale 
decomposing mixed LCZ blocks, five representative LCZ mapping algo
rithms are selected as benchmarks: WUDAPT (Ching et al., 2018), LCZ- 
Net(Liu and Shi, 2020), LCZ-CNN(Huang et al., 2021), Sen2LCZ-Net 
(Qiu et al., 2020), and MCFUNet-LCZ (Ji et al., 2023). WUDAPT is a 
pixel-level approach, averaging spectral features within blocks and 
classifying them via random forest. LCZ-Net adopts a thirteen-layer 
convolutional backbone with residual blocks (He et al., 2016) and 
squeeze-and-excitation modules (Hu et al., 2020), using global average 
pooling with channel weighting to reinforce spatial detail. Sen2LCZ-Net 
extracts multi-level features through four convolutional layers, fuses 
them in a dense layer, and outputs class scores via a fully connected 
layer. LCZ-CNN replaces its final fully connected layer with global 
average pooling after three convolutional stages to produce class prob
abilities. MCFUNet-LCZ proposed a multiscale feature fusion 

architecture composed of three modules, namely dual-pooling fusion, 
coding-decoding fusion, and global probability fusion, to enhance 
feature representation and improve LCZ classification accuracy.

To ensure fairness, all methods use the same OSM-derived block- 
level dataset. In WUDAPT, block-wise mean spectral features are clas
sified via random forest. Other deep-learning methods directly input 
block images for mixed-scene decomposition. As no dedicated unmixing 
methods currently exist for LCZ mapping, existing classification models 
are repurposed as decomposition backbones, with SoftMax outputs 
interpreted as class proportions.

As shown in Table 4, performance in Shenzhen varies significantly. 
WUDAPT performs worst (OA = 0.683, MAE = 0.1042, MAEB =

0.1434), indicating RF’s limitations for mixed-scene decomposition in 
high-density urban blocks. Three deep-learning methods (LCZ-Net, 
Sen2LCZ-Net, LCZ-CNN) improve OA by average 11.7 % and reduce 
MAEB by average 37.8 %, highlighting their superior spatial modeling. 
MSU-Net achieves the best results in the core metrics (OA = 0.800, MAE 
= 0.0655, WD = 0.0182), and reduces MAEN by 66.7 % relative to 
WUDAPT (0.0217), validating its strength in natural class decomposi
tion. For built-up classes, MSU-Net also outperforms all other methods.

Table 5 shows similar trends in Wuhan, with some regional variation. 
WUDAPT’s built-up MAE further increases to 0.1526, confirming that 
traditional classifiers struggle with the irregular building layouts of 
older urban districts. In Wuhan, MSU-Net attains an OA of 0.835, which 
is 4.4 % higher than its Shenzhen result, and MAEN (MAEN = 0.0049) 
achieves a highly accurate decomposition of natural LCZ types.

Mixed-scene decomposition results for Wuhan (Figs. 15 and 16) 
show that MSU-Net demonstrates superior performance.

MSU-Net clearly outlines high-proportion built-up classes (LCZ 2–6) 
with preserved block structure and boundaries, while enhancing natural 
class (LCZ D and E) discrimination and ensuring smooth transitions 
without overestimation or misclassification. In contrast, WUDAPT yields 
coarse and low-detail results. LCZ-Net and LCZ-CNN perform moder
ately in mid-proportion regions but under-respond in high-proportion 
zones. Sen2LCZ-Net detects some high-proportion regions but in
troduces many false positives. Overall, MSU-Net outperforms all 
methods in spatial accuracy, class fidelity, and mixed-scene represen
tation, proving most effective for mapping urban surface-cover 
proportions.

4.3. Ablation studies

An ablation study on the Wuhan dataset evaluates the contributions 
of the Purified-image Semantic Guidance (PSG) branch, Local Spatial 
Guidance (LSG) branch, and Dual Cross-Attention Fusion (DCAF) mod
ule (Table 6). Adding the PSG branch alone raises OA from 0.803 to 
0.825, showing global priors aid fragmented detection. Including the 
LSG branch further reduces MAE by 17.38 % and built-up MAE by 15.96 
%, indicating local spatial features improve boundary delineation. 
Integrating DCAF lowers the weighted difference to 0.0187, i.e., a 7.88 
% drop versus simple concatenation of all three branches, confirming 
that the dual attention mechanism strengthens spatial coherence and 
semantic alignment. Together, these modules improve mixed-scene 
unmixing via global-semantic guidance, local refinement, and focused 
attention.

To further illustrate the effectiveness of the DCAF module, Fig. 17
compares the CAM responses and classification results with and without 
DCAF. Fig. 17 shows that, without the DCAF module, the model gen
erates highly similar CAM responses for LCZ2, LCZ3, LCZ5, and LCZ6, 
revealing limited discriminative capability among these classes. After 
incorporating the DCAF module, the activation maps exhibit greater 
differentiation among LCZ categories. The results clearly demonstrate 
that incorporating DCAF significantly improves the model’s ability to 
decompose mixed scenes and to distinguish between different LCZ 
categories.

Table 4 
Comparative evaluation of LCZ mapping methods on Shenzhen.

Method OA OP MAE WD MAEB MAEN

WUDAPT 0.683 0.685 0.1042 0.0435 0.1434 0.0652
LCZ-Net 0.775 0.771 0.0821 0.0265 0.0896 0.0219
Sen2lcz-Net 0.763 0.751 0.0882 0.0278 0.0894 0.0412
LCZ-CNN 0.756 0.762 0.0845 0.0314 0.0935 0.0476
MCFUNet-LCZ 0.723 0.751 0.0700 0.0206 0.0657 0.0751
MSU-Net 0.800 0.808 0.0655 0.0182 0.0733 0.0217

Table 5 
Comparative evaluation of LCZ mapping methods on Wuhan.

Method OA OP MAE WD MAEB MAEN

WUDAPT 0.692 0.685 0.1042 0.0422 0.1526 0.0569
LCZ-Net 0.798 0.796 0.0746 0.0271 0.1032 0.0265
LCZ-CNN 0.758 0.761 0.0810 0.0336 0.1245 0.0357
Sen2lcz-Net 0.789 0.782 0.0782 0.0282 0.1112 0.0208
MCFUNet-LCZ 0.766 0.751 0.0656 0.0191 0.0584 0.0741
MSU-Net 0.835 0.852 0.0544 0.0187 0.0890 0.0049
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5. Discussion

5.1. Impact of high-resolution and multi-spectral imagery on LCZ 
mapping

Previous studies typically use medium- and low-resolution imagery 
(e.g., Landsat 30  m, Sentinel-2 10  m) for LCZ mapping, as LCZ zones 
span several hundred meters to a few kilometers. For example, WUDAPT 
resamples 30  m Landsat data to 100  m and performs pixel-wise clas
sification. In this study, the impact of both spatial resolution and spectral 
richness is assessed via mixed-scene decomposition experiments on the 
Wuhan dataset. Five resolutions and spectral configurations are tested: 
30  m (Landsat), 10  m with 3 bands (Sentinel-2 RGB), 10  m with 10 
bands (the 10 m and 20 m Sentinel-2 bands), 5  m (resampled Google 
Earth), and 1  m (this study’s source data). Results (Table 7) indicate 
that: 

1. When resolution is increased from 30 m to 1 m within the WUDAPT 
framework, OA rises from 0.546 to 0.683 (+25.1 %) and MAE falls 
from 0.1254 to 0.1042 (–16.9 %). MAEB decreases by 48 %, from 
0.2759 to 0.1434, demonstrating that high-resolution imagery en
ables more precise delineation of complex building outlines

2. With 1 m inputs, MSU-Net yields an OA of 0.800, i.e., a further 11.3 
% gain over 30 m inputs, and reduces MAEN from 0.0677 to 0.0217 
(–68 %), showing that deep learning fully exploits the textural 
richness of high-resolution data to enhance LCZ mapping accuracy

3. For both WUDAPT and our model, including 10 Sentinel-2 bands 
notably improves accuracy, as richer spectral information enhances 
the model’s ability to estimate building fractions more precisely

5.2. Visualization of LCZ decomposition in urban blocks

Fig. 18 presents three representative examples. The first example 
depicts a block where compact and open buildings are interwoven. The 
model successfully distinguishes between these two urban forms, 

Fig. 15. Comparative visualization of built-type LCZ decomposition in Wuhan using various methods.
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although slight deviations remain in the estimated proportions. The 
second example shows an area combining high-rise, mid-rise, and low- 
rise buildings. The model accurately identifies the dominant building 
categories, while minor inaccuracies persist in their fractional decom
position. The third example corresponds to a scene where impervious 
surfaces are mixed with LCZB. The model demonstrates strong 
discriminative capability between these two classes, though a very small 
fraction of LCZB is misclassified as LCZD.

5.3. Generalization performance analysis

Given regional variation in urban morphology, transfer learning is 
essential for adapting LCZ models to new cities. To evaluate MSU-Net’s 

generalization, Shenzhen is used as the source domain and Wuhan as the 
target. Two baseline scenarios are defined: direct inference on Wuhan 
(Table 8, first row), direct inference on Shenzhen (Table 8, second row). 
The experimental scenario involves fine-tuning the Shenzhen-trained 
model on limited Wuhan samples before inference (Table 8, last row).

Applying the Shenzhen-trained model to Wuhan directly yields only 
slight accuracy drops, with MAEN within 0.01 and MAEB differing by 
0.03–0.05. Fine-tuning on Wuhan samples boosts OA to 0.831, reduces 
MAEB by 38.3 % relative to direct Shenzhen inference, and lowers WD 
by 45.1 %. These findings confirm MSU-Net’s strong cross-city robust
ness, particularly for natural land-cover identification.

6. Conclusion

This study improves LCZ mapping under urban heat-island condi
tions by overcoming the classification accuracy and cross-city trans
ferability limitations of traditional methods. An innovative solution has 
been proposed that integrates high-resolution remote sensing imagery 
with deep learning techniques. For the first time, the concept of “mixed- 
scene decomposition” has been introduced, in which the irregular block 
morphology from OSM data and the rich spatial detail of imagery are 
combined to construct an application-oriented, high-resolution LCZ 
mapping pipeline.

Fig. 16. Comparative visualization of natural LCZ decomposition in Wuhan using various methods.

Table 6 
Ablation experiments on Wuhan.

OA OP MAE WD MAEB MAEN

Baseline 0.803 0.812 0.0725 0.0254 0.1103 0.0146
+ PSG 0.825 0.835 0.0721 0.0232 0.1101 0.0090
+ PSG + LSG 0.831 0.848 0.0599 0.0203 0.0927 0.0067
+ PSG + LSG +

DCAF
0.835 0.852 0.0544 0.0187 0.0890 0.0049
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To improve recognition in heterogeneous urban blocks, MSU-Net 
introduces a dual semantic–spatial guidance mechanism that enhances 
unmixing precision and stability. The DCAF module enables effective 
interaction and reinforcement between global–local and mixed–purified 
feature, boosting model expressiveness in complex scenes.

To validate the method, the first annotated dataset for mixed LCZ 
unmixing was constructed, and systematic experiments in Shenzhen and 
Wuhan confirmed the superiority of the proposed approach in accuracy, 
adaptability, and decomposition capability. Additional tests across 30  m 
to 1  m imagery and across cities with distinct spatial layouts confirmed 
its robustness to resolution and urban form. These results highlight its 
strong generalization and practical value, offering more interpretable, 
application-ready LCZ data to support urban climate modeling, green 
planning, and fine-scale governance.

However, this study has several limitations. First, in highly mixed 
and complex blocks, dense building distributions and shadows from tall 
buildings may interfere with the model, leading to potential confusion in 
building type identification. In future work, we plan to introduce multi- 
temporal imagery to reduce shadow effects and improve robustness 
under changing illumination. Second, the study relies on OSM data to 
provide realistic, irregular LCZ block morphologies. However, as OSM is 
crowdsourced and lacks standardized data quality control, some accu
racy loss may occur. To overcome this, we intend to employ automatic 

road-network semantic segmentation to generate block boundaries, and 
integrate these boundary cues into a multi-task end-to-end network 
alongside classification, ensuring that boundary generation and LCZ 
classification mutually assist each other. Despite these limitations, the 
study provides a valuable framework for LCZ mapping and lays the 
groundwork for future improvements.
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Fig. 17. Comparison of model results and corresponding CAM visualizations with and without the DCAF module.

Table 7 
Comparison between different image sources using WUDAPT and MSU-Net on Wuhan.

Method Spatial resolution (image source) OA OP MAE WD MAEB MAEN

WUDAPT 30 m(Landsat) 0.546 0.578 0.1254 0.0692 0.2759 0.0989
10 m(Sentinel-2) 0.637 0.632 0.1187 0.0578 0.2165 0.0848
10 m(Sentinel-2 10bands) 0.736 0.737 0.0743 0.0218 0.0812 0.0662
5 m(Google earth) 0.677 0.681 0.1064 0.0576 0.1823 0.0712
1 m (Google earth) 0.683 0.685 0.1042 0.0435 0.1434 0.0652

MSU-Net 30 m(Landsat) 0.719 0.723 0.0942 0.0359 0.1753 0.0677
10 m(Sentinel-2) 0.755 0.764 0.0903 0.0345 0.1376 0.0629
10 m(Sentinel-2 10bands) 0.806 0.793 0.0714 0.0216 0.0639 0.0778
5 m (Google earth) 0.788 0.774 0.0899 0.0255 0.1123 0.0486
1 m (Google earth) 0.800 0.808 0.0655 0.0182 0.0733 0.0217
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