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Abstract—Accurate fine-grained geospatial scene classification
using remote sensing imagery is essential for a wide range of
applications. However, existing approaches often rely on manu-
ally zooming remote sensing images at different scales to create
typical scene samples. This approach fails to adequately support
the fixed-resolution image interpretation requirements in real-
world scenarios. To address this limitation, we introduce the mil-
lion-scale fine-grained geospatial scene classification dataset
(MEET), which contains over 1.03 million zoom-free remote sens-
ing scene samples, manually annotated into 80 fine-grained cate-
gories. In MEET, each scene sample follows a scene-in-scene lay-
out, where the central scene serves as the reference, and auxiliary
scenes provide crucial spatial context for fine-grained classifica-
tion. Moreover, to tackle the emerging challenge of scene-in-scene
classification, we present the context-aware transformer (CAT), a
model specifically designed for this task, which adaptively fuses
spatial context to accurately classify the scene samples. CAT
adaptively fuses spatial context to accurately classify the scene
samples by learning attentional features that capture the rela-
tionships between the center and auxiliary scenes. Based on
MEET, we establish a comprehensive benchmark for fine-grained
geospatial scene classification, evaluating CAT against 11 com-
petitive baselines. The results demonstrate that CAT significantly
outperforms these baselines, achieving a 1.88% higher balanced
accuracy (BA) with the Swin-Large backbone, and a notable
7.87% improvement with the Swin-Huge backbone. Further
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experiments validate the effectiveness of each module in CAT and
show the practical applicability of CAT in the urban functional
zone mapping. The source code and dataset will be publicly avail-
able at https://jerrywyn.github.io/project/ MEET.html.

Index Terms—Fine-grained geospatial scene classification (FGSC),
million-scale dataset, remote sensing imagery (RSI), scene-in-scene,
transformer.

I. INTRODUCTION

INE-GRAINED geospatial scene classification (FGSC)

with remote sensing imagery (RSI) aims to categorize
scene samples into fine-grained geospatial scene categories.
Compared to coarse-grained remote sensing scene classifica-
tion [1]-[4], FGSC presents greater challenges but offers sig-
nificant utility in various applications, such as water resource
management [5], [6], urban planning [7], habitat conservation
[8]-[10], etc. Along with increasing high-resolution RSI [11],
[12] and powerful deep learning models [13], [14] available,
FGSC holds substantial promise and has become a focal point
of research [15].

To pursue FGSC, existing research [15]-[17] manually
zoom RSI with different rates to form typical scene samples
(e.g., the samples from Fig. 1(a)), which are further utilized to
train FGSC models. However, in practical applications
[18]—[22], the input RSI to be classified is often with fixed-
resolution. In this situation, the trained FGSC model with
zooming samples may perform poorly. Without no doubt,
manual zooming intervention of the input imagery may
improve the scene classification performance but inevitably
harm automatic process. With this consideration, this paper
tries to leverage the fixed-resolution RSI without zooming to
form scene samples. However, the zoom-free solution may
raise another issue (e.g., the samples from Fig. 1(b)) that
fixed-resolution samples presents inter-class and intra-class
confusion, especially for fine-grained categories. To address
this issue, we introduce scene-in-scene layout to form the
scene sample. As shown in Fig. 2, the center scene is the basic
unit for classification, while the surrounding scene and global
scene serve as auxiliary contexts. Only focusing on center
scene leads to confusion between river and lake categories,
while this issue can be addressed by introducing auxiliary
scenes. In summary, as shown in Table I, existing scene clas-
sification datasets have the following issues: 1) Manually
zooming scene samples with different rates results in a gap
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(b) Samples from our MEET dataset

Fig. 1.
MEET dataset. (a) shows that the existing FGSC dataset forms typical scene
samples by manually zooming remote sensing images at different rates. In (b),

Illustration of the zoom-free and fine-grained characteristics of our

the center scene outlined in red, is the basic unit for classification, while the
surrounding scene outlined in green and global scene outlined in blue serve as
auxiliary contextual images. With zoom-free samples and auxiliary scenes,
MEET addresses inter-class and intra-class confusion in zoom-free image
samples.

with fixed-resulotion image interpretation in real-world appli-
cation; 2) Insufficient sample quantity and limited category
coverage restrict the effectiveness of the dataset.

To address the above challenges, we introduce a million-
scale fine-grained geospatial scene classification dataset
(MEET). In terms of sample size and category coverage,
MEET contains 1.03 million samples across 80 geospatial
scene categories, surpassing existing datasets [4], [15]-[17],
[23]-[39] in sample quantity, diversity, and fine granularity.
This initiative is designed to provide a robust foundation for
advancing scene classification methods and enhancing practi-
cal land-cover applications. To address the challenge of avoid-
ing zoomed scene samples, we incorporate surrounding and
global scenes as essential auxiliary context, enriching the clas-
sification process. Each sample includes the image to be clas-
sified, along with two ranges of surrounding images captured
from different field-of-views. Grouping these surrounding and
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with the scene-in-scene layout. The sample labeled as an airport shows the

Superiority illustration of the remote sensing image scene sample

case that models can successfully infer the fine-grained scene category using
only the center scene and the auxiliary scenes may benefit improving the clas-
sification performance. For the samples from first row and second row, mod-
els fail to predict the fine-grained scene category using only the center scene
but has a great potential to obtain the right fine-grained scene category using
both the center scene and the auxiliary scenes.

global scenes together provides the necessary contextual
information for accurate classification of the center scene.
Furthermore, this organization offers scalability, enabling
adaptive context fusion for varying classification tasks that
require different ranges of context. As illustrated in Fig. 2, the
center scene serves as the core unit for classification, but
focusing solely on it can lead to confusion between categories,
such as rivers and lakes. By incorporating auxiliary scenes,
this issue can be resolved. The need for additional context
depends on the specific classification task. For instance, in the
airport category, the model can easily identify the salient
object (i.e., an airplane) from the center scene, so no addi-
tional context is necessary. However, for categories like rivers
and lakes, the introduction of auxiliary scenes becomes essen-
tial. These scenes provide a broader field-of-view, allowing
the model to better discern features such as riverbanks and
water bodies, which helps reduce both inter-class and intra-
class confusion.

To advance the research on fundamental and practical
issues, we propose a new challenging yet meaningful task:
FGSC with zoom-free RSI. By contrast to existing FGSC
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TABLE I

COMPARISON AMONG OPEN-SOURCE RSI SCENE CLASSIFICATION DATASETS FINE-GRAINED CHARACTERISTIC REFERS TO A DATASET THAT
CONTAINS MORE THAN 30 CATEGORIES. “*” INDICATES THE STATISTIC OF THE PUBLICLY RELEASED PART FROM THE WHOLE DATASET

Dataset Number of categories Number of samples  Spatial resolution (m) Image size Fine-grained Zoom-free
UC-Merced [23] 21 2100 0.3 256%256 x v
WHU-RS19 [24] 19 1013 up to 0.5 600x600 X X

RSSCNT7 [4] 7 2800 - 400%400 x -
SAT-4 [25] 4 500 000 1-6 28x28 x x
SAT-6 [25] 6 405 000 1-6 28x%28 x x
BCS [26] 2 2876 - - x -
RSC11 [27] 11 1232 0.2 512x512 x v
SIRI-WHU [28] 12 2400 2 200%200 x v
NWPU [16] 45 31500 0.2-30 256%256 v x
AID [17] 30 10 000 0.5-8 600x600 v x
RSD46-WHU [29] 46 117 000 0.5-2 256%256 v X
EuroSAT [30] 10 27 000 10 64x64 x v
PatternNet [31] 38 30 400 0.06-4.7 256256 v x
OPTIMAL-31 [32] 31 1860 - 256%256 v -
BigEarthNet [33] 43 590 326 10, 20, 60 [20%20, 120x120] v x
RSI-CB256 [34] 35 24 000 0.3-3 256%256 v x
RSI-CB128 [34] 45 36 000 0.3-3 128%128 v X
MLRSN [35] 46 109 161 0.1-10 256%256 v x
CLRS [36] 25 15 000 0.26-8.85 256256 X x
Million-AID* [15] 51 10 000 0.5-153 [256%256, 512x512] v X
SR-RSKG [37] 70 56 000 - 256%256 v x
Multiscene [38] 36 100 000 0.3-0.6 512x512 v x
WH-MAVS [39] 14 47137 1.2 200%200 x v
Our MEET 80 1033 778 1 {256x 256, 768x 768, 1280x 1280} v v

methods [40]—[42] that used expensive external modalities to
improve the interpretation of fine-grained categories, utilizing
readily available surrounding RSIs is a more suitable and nat-
ural choice. Other potential difficulties can be categorized into
two main aspects: 1) Avoiding performance degradation in
most cases when integrating contextual information; 2) Miti-
gating drastic memory consumption when applying contex-
tual information, which limits practical usability. Based on
MEET, we propose a context-aware transformer (CAT) which
can flexibly exploit RSI with multiple field-of-views for
FGSC. CAT offers two key advantages: 1) Leveraging spatial
context information while avoiding performance degradation;
2) Being user-friendly, lightweight and compatible with pre-
trained models. In summary, the MEET dataset and CAT
framework proposed in this paper aim to establish a new
benchmark for FGSC with zoom-free RSI. With the help of
this benchmark, more innovative algorithms can be devel-
oped to facilitate the development of FGSC. The main contri-
butions of this paper are as follows:

1) We introduce MEET, the first million-scale dataset for
FGSC with zoom-free RSI. It provides over 1.03 million sam-
ples where each sample employs a scene-in-scene layout,
offering a new data organization for FGSC.

2) To avoid excessive memory consumption, a new CAT is
proposed to address FGSC with zoom-free RSI and achieves

progressive visual feature extraction through multi-level
supervision.

3) We establish a new benchmark for FGSC with zoom-free
RSI based on MEET. Comparisons with existing state-of-the-
art algorithms demonstrate the superiority of our CAT. This
benchmark may contribute to the fundamental evaluation of
FGSC and promote the advancement of practical land-cover
applications.

The rest of this paper is organized as follows: Section II
reviews existing FGSC datasets and algorithms. Section III
describes the proposed MEET dataset in detail. Section IV
introduces the proposed CAT for FGSC. Section V presents
the experimental results. Finally, Section VI summarizes the
paper and provides insights for future work.

II. RELATED WORKS

In this section, we provide a concise review of the most per-
tinent studies in the field, encompassing scene classification
datasets, remote sensing scene classification methods and aux-
iliary image context exploitation methods.

A. Scene Classification Datasets

As shown in Table I, the emergence of numerous datasets
led to significant advancements in remote sensing scene clas-
sification. The earliest dataset in this field was UC Merced
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[23]. Despite having a relatively small number of samples
(only 100 samples per category), it played a crucial role in
advancing research on geospatial scene classification tasks. In
the subsequent decade, nearly 20 additional remote sensing
scene classification datasets were introduced, each contribut-
ing to the evolution of the field. The total number of samples
in these datasets grew significantly, from a few thousand [4],
[23], [24], [26]-[28], [32] to tens of thousands [16], [17],
[30], [31], [34], and even to hundreds of thousands [25], [35],
[37], [38]. This expansion significantly broadened the scope
and application scenarios for scene classification tasks. In
terms of category diversity, the number of categories also
increased over time, from fewer than 10 [4], [25], [26] to over
40 [15], [16], [29], [33], [35]. For example, the SR-RSKG
dataset [37] reached 70 categories, further enhancing the rich-
ness of classification tasks. Regarding data sources, most of
these datasets were primarily based on Google Earth imagery
[4], [15]-[17], [24], [27], while some used freely available
medium-resolution satellite imagery, such as Sentinel-2 [30],
[33]. A smaller subset of datasets utilized data from other
sources, including the United States Geological Survey
(USGS) [23], Bing Maps [34], [36], and Tianditu [29].

Despite efforts, existing datasets with zoom-free RSI [17],
[23], [27], [28], [30], [39] were limited in terms of the num-
ber of categories. To address this issue, many approaches [15],
[16], [25], [29], [31], [34]—[38], [43] manually zoomed RSI to
construct datasets aimed at improving class separability for
FGSC. However, this data-construction technique created a
mismatch with practical land-cover applications, which
require fixed-resolution imagery. Therefore, developing
datasets that incorporate a fine-grained and distinguishable
scene category system with zoom-free RSI remained an unad-
dressed area in previous work.

B. Scene Classification Methods

To motivate FGSC with zoom-free RSI, in the following
paragraphs, we reviewed existing deep learning methods for
scene classification with RSI and explored potential technolo-
gies to address FGSC challenges using zoom-free RSI. Scene
classification has been extensively studied across both natural
images and RSI, with various approaches applied to both
domains.

For natural images, numerous studies [44]—[49] focused on
optimizing the design of general scene classification back-
bones, which were validated across a wide range of visual
downstream tasks. Similarly, in the domain of RSI, signifi-
cant advancements in scene classification were achieved
through three primary approaches: 1) Training models from
scratch [50]—[53]; 2) Adapting pre-trained models from Ima-
geNet to RSI [16], [54], [55]; 3) Fine-tuning pre-trained mod-
els specifically for RSI data [14], [S6]-[59]. Among the meth-
ods involving training from scratch, ARC-Net [50] incorpo-
rated residual blocks with asymmetric convolution (RBAC) to
reduce computational cost and shrink the model size. Addi-
tionally, dilated convolutions and multi-scale pyramid pool-
ing modules were used to expand the receptive field and
improve accuracy. Bai ef al. [51] proposed a multiscale fea-
ture fusion covariance network with octave convolution,
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which extracted multifrequency and multiscale features from
RSIs. Chen et al. [52] introduced GCSANet, which leveraged
global context spatial attention (GCSA) and densely con-
nected convolutional networks to capture multiscale global
scene features. For methods involving fine-tuning pre-trained
models specifically for RSI data, Guo et al. [14] introduced
geo-context prototype learning to learn region-aware proto-
types based on RSI’s multi-modal spatiotemporal features.
Each of these approaches uniquely enhanced the discrimina-
tive ability and robustness of models, driving advancements in
the field. For the more challenging task of FGSC, many stud-
ies turned to auxiliary data to improve the interpretation of
fine-grained categories. Srivastava et al. [60] optimized FGSC
performance by utilizing visual cues from side-view pictures
sourced from Google street view (GSV). Similarly, Fang
et al. [40] incorporated street view images (SVI) and devel-
oped a spatial context-aware land-use classification method to
enhance land-use classification accuracy. Yao et al. [61] intro-
duced temporal resolution time-series electricity data to
explore the relationship with socioeconomic attributes and
constructed a neural network that can fuse time-series electric-
ity data and RSIs to identify urban land-use types. Arbinger
et al. [62] introduced geographic coordinates or geoinforma-
tion data to enable a better understanding of the image con-
tent and thus facilitate their classification. The limited avail-
ability and high acquisition cost of additional data sources
posed challenges and restricted the broader application of
these methods.

C. Auxiliary Image Context Exploitation Methods

In literature, incorporating auxiliary contextual information
was regarded as a natural and effective approach to enhance
the interpretability of RSI. In semantic segmentation of RSI,
Li et al. [63] proposed a deep adaptive fusion network with
multi-scale context, specifically designed for RSI semantic
segmentation. GLNet [64] preserved both global and local
information in a highly memory-efficient manner, capturing
high-resolution fine structures from zoomed-in local patches
and contextual dependencies from the downsampled input.
CascadePSP [65] used a global step to refine the entire image,
providing sufficient image context for a subsequent local step
to perform full-resolution, high-quality refinement. In object
detection of RSI, HBD-Net [66] addressed bridge detection by
incorporating multi-scale context within the dynamic image
pyramid (DIP) of large-scale images, while employing a
shape-sensitive sample re-weighting (SSRW) strategy to bal-
ance regression weights for bridges with varying aspect ratios.
GLGCNet [67] extracted global representations and com-
bined them with local-context-aware features gathered from
three saliency-up modules for comprehensive saliency model-
ing. An edge assignment module was also employed to refine
preliminary detections. GeoAgent [68] enhanced performance
by adaptively capturing contextual information based on geo-
graphical objects, using a feature indexing module to differen-
tiate locations. However, to the best of our knowledge, no
work on scene classification has yet utilized contextual infor-
mation, let alone for FGSC. Furthermore, these semantic seg-
mentation and object detection methods could not be directly



IEEE/CAA JOURNAL OF AUTOMATICA SINICA, VOL. 12, NO. 5, MAY 2025

1008
1000 000
w2
m
= 100000
<
wn
=
@)
o 10000
m
s
2
) ‘ H H‘ H ‘ |H‘ ‘
100
: S
SNSES ST REITRATELEES 5583528 S O NS S S S SR T R ST SR T RS 8N F RS ST A8 005 dFEIRE8 ]
'{;Lgbb N ,”gotos emgszg eSS 9SNNS S :omo,50%3~&.}mw: o) §<5°~‘r2'& Py OG(OQEACG)@_;\; oo\:zogw:oé,k,
S F 0§ & ST2 05 ESS80 §FY 35 OSELPSSNG5F S5 5F 28 ‘,g:w;?s E5IV5s8S o5F ~STs5S
§9° § i85 0 § <« §%85; £ F C SEFTS 58S 2R £5 §5R5E S5% 2585 §<8 5% 55
] T S <) S & ¢ 8 & =55 S §5 S8 58 So8% gox S8 S 9 &
z B IS = 555 & -8 Ox 55 £8.8 §§' 35 S-S I £
& g & & g E8Q 5 2 g ET §F 5 3 S g &S
) 9 5 E s s @ N SE . D &
8 g 9 < S o F o 5
= = 20 &~ g o) ISi @)
g < T F £
& 2 S
~ e
CLASS
Fig. 3.  Statistics and visualization of samples from MEET.

adapted to FGSC with image-level labels. This left the
exploitation of contextual information in FGSC as an open

and significant research space.

III. THE PROPOSED MEET DATASET

Our goals for developing a new dataset for FGSC are
twofold: 1) To promote a new meaningful yet challenging
task: FGSC with zoom-free RSI; 2) To occupy the niche of
FGSC datasets with context image. This section provides a
comprehensive overview of the MEET dataset, focusing on
three key aspects: data collection and organization, data anno-

tation, and data analysis.

A. Data Collection and Organization
We select fixed-resolution samples and supplement them
with surrounding imagery as multi-scale context. To ensure
data diversity, images are collected globally, covering varia-
tion in appearance, illumination and occlusion. The fine-
grained geospatial scene category is determined by the center
scene, with auxiliary scenes serving as contextual information.
The MEET dataset provides global coverage through the col-
lection of 1.03 million samples spanning Asia, Africa, South
America, North America, and Europe, and covering 80 typi-
cal scene categories, as shown in Figs.3. and 4. The images
are collected from 2018 to 2022, with each sample containing
a center scene with 256 x 256 pixels, along with a surround-
ing scene with 768 x 768 pixels and a global scene with 1280 x
1280 pixels. The overall distribution and some samples are
shown in Fig. 5. It is important to note that the spatial resolu-
tion of all samples is consistently set to 1.0 m. Some represen-
tative examples from all categories of the proposed MEET
dataset are presented in Fig. 6.

To comprehensively obtain RSI with diverse and compre-
hensive scene categories on a global scale, we leverage data
from OpenStreetMap (OSM), which is a collaborative project
creating a free, editable map of the world. OSM provides
semantic annotations by labeling geographical features and

o)

Fig. 4. Hierarchical scene category of MEET. All categories are hierarchi-
cally organized in a two-level tree: 80 leaf nodes fall into 9 parent nodes, rep-
resenting 9 underlying scene categories of commercial land, residential land,

water area, unutilized land, industrial land, agriculture land, transportation

land and public service land.

land-use within its maps, offering detailed information about
roads, buildings, and other points of interest. Subsequently,
we preprocess the acquired data by performing coarse filter-
ing or integration of scene categories based on the quality of
OSM annotations, and design a series of rules to reduce noise
at the image-level labels. Finally, we ensure a global distribu-
tion and high richness of samples by defining random spatial

windows using geographic coordinates.
We randomly divide the entire dataset into training, valida-
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tion, and testing sets by category, with a ratio of 6 : 2 : 2.
More specifically, the training set, validation set, and testing
set contain 620 237 206 755, and 206 755 samples, respec-
tively.

B. Data Annotation

Overall, fine-grained geospatial scene categories are defined
by considering the center scene along with its auxiliary
scenes. To ensure precise annotations of MEET dataset, ten
trained experts in the field of remote sensing participate in the
annotation process with cross-validation. During the annota-
tion process, each annotator receives the center scene along
with the corresponding contextual imagery. For samples
whose categories can be determined solely based on the cen-
ter scene, annotators use the predominant scene classification
within the image as the scene label for the current sample. For
example, a mosque located within a residential area of a city,
due to its smaller footprint and relative rarity, is categorized
under mosque. This strategy enhances the coverage of smaller
target features, thereby enriching the holistic understanding of
urban attributes. As far as samples whose categories require
contextual imagery to determine, annotators can also make
correct labeling choices by combining the corresponding con-
text. For instance, for texture-poor water body region images,
annotators can distinguish whether the sample belongs to the
river or lake category by considering the shape of the banks in
the surrounding context.

The procedure of labeling MEET encompasses a tripartite
framework consisting of three stages: pre-annotation stage,
expert feedback and optimization stage, and large-scale
detailed annotation stage. In the initial phase of pre-annota-
tion, we form a specialized team comprising 10 members,
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The geographical distribution map of the sampled images from the proposed MEET dataset.

each possessing extensive expertise in the field of remote
sensing interpretation. This team undergoes comprehensive
training in fundamental annotation techniques and subse-
quently conducts annotation tests on a representative subset of
the dataset. In the following feedback and optimization stage,
experts thoroughly review and evaluate the team’s initial
annotations, leading to the formulation of improved annota-
tion standards. Subsequently, guided by these adjustments, the
team embarks on the formal large-scale annotation process,
accompanied by experts’ random sampling inspections.

C. Dataset Analysis

The MEET dataset distinguishes itself from existing remote
sensing scene classification datasets through several unique
attributes: the breadth of its category coverage, the scale of its
sample size, the diversity of its samples, and the incorpora-
tion of contextual information. Additionally, the dataset main-
tains a uniform sample resolution and is tailored to support
models designed for large-scale scene classification and map-
ping tasks, further emphasizing its distinctive characteristics.

1) Fine Granularity of Categories: The MEET dataset com-
prises 80 fine-grained geospatial scene categories, catego-
rized into 11 major scene types. With the introduction of aux-
iliary contextual information, it has become possible to anno-
tate more fine-grained categories. These categories compre-
hensively cover discernible remote sensing scene categories.
Therefore, our MEET dataset offers advantages over existing
remote sensing scene classification datasets by providing
more high-value fine-grained scene categories. Especially in
urban mapping and analysis applications, these fine-grained
scene categories make a wider range of scene classification
applications possible.
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nation, background, occlusion, and other factors.

2) Large Volume of Samples: The MEET dataset includes
1 033 801 samples, covering over 3.3 billion square kilome-
ters globally. It surpasses other publicly available datasets in
both sample volume and richness of annotation data for
remote sensing scene classification.

3) High Intra-Class Variability and Inter-Class Similarity:
Intra-class variation is mainly due to differences in appear-
ance. Inter-class similarity arises from similar appearance rep-
resentations in the center scene, but it manifests differently in
auxiliary scenes. As shown in Fig. 7(a), samples in the river
category exhibit high richness in image quality, color varia-
tions, seasonal changes, geographic regions, and river widths.
Conversely, inter-class similarities underscore the utility of
contextual information in enhancing classification accuracy,
as illustrated in Fig. 7(b) where incorporating context aids in
discerning challenging objects within the current block.

Although the distribution of the MEET dataset exhibits a
certain degree of class imbalance, as shown in Fig. 3, it
closely mirrors the frequency distribution of real-world scene
categories. This characteristic enhances its value for practical
applications. Additionally, it is important to emphasize that
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Some examples from the proposed MEET dataset, which employs a scene-in-scene layout. These images exhibit rich variations in appearance, illumi-

the selected samples exhibit significant variation within each
category, ensuring that even among the head classes, homoge-
neous low-value samples are also relatively few.

IV. PROPOSED METHOD

To flexibly and efficiently exploit the scene-in-scene layout
in FGSC with zoom-free RSI, this paper introduces CAT, a
novel approach specifically tailored for this task. CAT incor-
porates an adaptive context fusion module to effectively
extract multi-scale contextual features from the transformer
backbone. To ensure performance without excessively increa-
sing parameters, we utilize parameter-efficient fine-tuning
(PEFT) methods to finetune the backbone, instead of training
from scratch or parameter synchronization. Additionally, we
introduce multi-level supervision through independent classi-
fication heads during training. This improves feature learning
at each level and mitigates overfitting that can arise from aux-
iliary scenes. More specifically, we utilize the scene-in-scene
layout for each sample with large range of context. However,
contemporary deep networks face limitations in directly pro-
cessing large-size RSI due to GPU memory constraint. To
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level supervision optimization (MLS).

address this challenge, we resize each image to a uniform size,
denoted as I¢, Is and Ig, respectively. Among them, I¢ cor-
responds to center scene, while Is and I; correspond to the
surrounding and global scene, respectively. During both the
training and inference stages, the input to CAT remains con-
sistent. The whole architecture of our method is illustrated in
Fig. 8. This section is dedicated to provide a detailed explana-
tion of the CAT.

A. AdaptFormer Tuning

For the currently constructed scene-in-scene layout, three
branches are needed to perform feature extraction respec-
tively while using pre-trained weights. Although efficiency
has been improved by resizing input images, using three
branches for feature extraction still poses difficulties. Using
completely independent backbones for full-parameter training
would significantly increase the model’s parameter size,
which is unacceptable given the current trend towards larger
model parameters. While using shared weights does not intro-
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Overview of CAT. The structure contains three components (from left to right): AdaptFormer tuning (AFT), adaptive context fusion (ACF), and multi-

duce additional parameters, it would hinder performance
because the three branches have inputs with fixed but differ-
ent spatial resolutions. To address this issue, we introduce the
AdaptFormer tuning (AFT) on the transformer backbone for
multi-level image feature extraction. AdaptFormer replaces
the MLP modules in the transformer encoder with AdaptMLP.
The computation of the AFT module in transformer can be
expressed as follows:

zi = W-MSA(LN(Z;-1)) +zi-1 M
Zi = MLP4pr(LN(z)) +zi 2
Zis1 = SW-MSA(LN(Z)) + % 3)
Zir1 = MLPApT(LN(Zis1)) + Zis1 “)

where z; denotes the feature output of the i-th module in trans-
former. For each branch, the backbone uses shared weights
and is initialized with the pre-trained model’s weights, while
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independent AdaptFormer modules are used for training in the
three branches. During training, we freeze the weights from
the pre-trained model and only update the weights of the
AdaptFormer. With this design, the three branches use the
AFT method to enable feature extraction from input images of
different spatial resolutions. At the same time, the three
branches share most of the parameters, ensuring that the total
parameter size does not increase significantly, thus maintain-
ing the model’s efficiency and practicality.

B. Adaptive Context Fusion

The model uses a backbone combined with AFT to extract
features from Ic, Is and Ig, denoted as F¢, Fs and Fg,
respectively. Among them, feature F¢ contains rich semantic
information most relevant to the labels, while Fg and Fg
serve as contextual features supplementing Fg.

These contextual features often contain redundant informa-
tion and are not entirely correlated with the labels. As men-
tioned in [69], excessive redundant contextual information can
impair classification results for certain samples. Therefore,
inspired by the design of multi-head self-attention modules,
we propose the adaptive context fusion (ACF) module to
adaptively integrate features from the center scene with either
the surrounding scene or the global scene. For the features
extracted from each level of contextual images, the most rele-
vant and valuable features associated with the center scene are
further extracted, reducing the redundant information brought
by large-scale geographic areas.

Specifically, we employ two multi-head attention modules
for adaptive contextual image feature fusion on surrounding
scene and global scene. The query feature F¢ retrieves fea-
tures from the current block, while the keys and values,
derived from Fs or Fg, are obtained from the corresponding
contextual blocks. This process facilitates adaptive feature
extraction from the context based on the visual feature of the
current block, thereby enhancing focus on the most relevant
features. The ACF module is implemented using the Multi-
HeadAttention module. The F3 .. and F§.. are defined as
follows:

F3op = ACF(FC,F%) 3)

F$op = ACF(FC,F% F€) (©6)
where F3cp and F§op are the high-value visual features adap-
tively extracted from the surrounding scene and global scene,
respectively, based on the center scene. For the median
branch, features F ,ECF and F iCF are concatenated to obtain
F5 .q. For the global branch, features F¢, Facp, Fcp are
concatenated to obtain F’ ﬁCF. These factors can be expressed
as

Fp g = Concat(FS g, Fi o) (7)
G C S G
Fiisea = Concat(Fgcp, Fycp: Ficp)- (®)

The ACF Module outputs two contextual fusion features,
F3 .4 and F§cp, along with the center scene feature Fc. Fea-
tures at each level contain high-value visual information rele-
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vant to the center scene, with F¢ as the primary feature for
that scale.

C. Optimization With Multi-Level Supervision

Intuitively, directly utilizing the visual features richest in
F fCF might achieve the highest classification performance.
However, introducing auxiliary scenes may overlook discrimi-
native features of the center scene itself and lead to model
overfitting, thus undermining the performance. Therefore, uti-
lizing only the branch features rich in contextual information
for supervised learning is expected to be insufficient and may
also reduce the model’s generalization capability. To address
this, we propose a multi-level supervision (MLS) strategy.
Specifically, the features extracted from the three branches are
subsequently fed into three classification heads for prediction
Pc, Ps and Pg. These factors can be expressed as

Pc = HEAD¢(F() )
Ps = HEADs(F} ) (10)
PG = HEADG(FS ). (11)

MLS strategy uses ground truth to constrain predictions
from all branches to calculate the loss. This ensures that the
model extracts effective features even at smaller field-of-view,
thereby reducing the risk of associating category semantics
with erroneous visual features from the context, thus prevent-
ing overfitting. The total loss of FGSC is defined as follows:

(12)

During inference, we use Pg as the model’s predictor,
which possesses the complete auxiliary scene information and
gets sufficient generalization by MLS.

Loss. = Lossc + Losss + Lossg.

V. EXPERIMENTAL RESULTS AND ANALYSIS

In this subsection, we first introduce the evaluation metrics,
and then describe our implementation details and mainstream
methods for FGSC. Finally, extensive evaluation of our pro-
posed CAT are performed on the MEET dataset.

A. Evaluation Metrics

Considering the natural long-tail distribution of different
scene categories in real-world scenarios, this study uses over-
all accuracy (OA) and balance accuracy (BA) as the primary
evaluation metrics. The overall accuracy (OA) is defined as
the number of correctly classified images divided by the total
number of images in the dataset. The score of OA reflects the
overall performance of classification models instead of per
class as follows:

N
=N, (13)
where N, represents the number of correctly classified
images, and N; represents the total number of images in the
dataset. The balance accuracy (BA) is defined as the average
OA across all classes in the dataset. The BA score reflects the
average performance of the classification model across each
class as follows:

OA
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(14)
i=1

where OA; represents the OA of the i-th class. To further
understand the performance on the dataset, we categorize the
MEET dataset based on sample quantities. Specifically, we
define a set of sample ranges as (0, 1500], (1500, 10 000],
(10 000, 150 000]. Categories are classified based on their
sample counts into many, medium (Med), and few. The corre-
sponding BAs are denoted as BAmany, BAmed, and BAfey .

B. Implementation Details

Generally, most algorithms used in our experiments are
sourced from the open-source PyTorch-based library TIMM.
This library integrates various state-of-the-art computer vision
models, along with their respective backbones, feature extrac-
tors, and classification heads. They are capable of reproduc-
ing the original accuracy of their respective algorithms within
a unified framework, ensuring fairness. Additionally, for other
models, we use official open-source code as much as possible
to ensure experimental rigor. The experiments are conducted
on a server with 1 NVIDIA GeForce RTX 3090 GPU and
24 GB of memory. To ensure a fair comparison, we apply the
most consistent pre-trained model parameters across all meth-
ods. We use the Adam optimizer with a learning rate of
0.00005. For some remote sensing models, which are rela-
tively smaller, a learning rate of 0.0005 is used to avoid sig-
nificantly reducing training efficiency, except for SkySense.
In all experiments, the batch size is set to 16, except for those
using Swin-Huge as the backbone, where it is set to 8.

C. Mainstream Methods

To establish a benchmark for FGSC with zoom-free RSI,
we re-implement scene classification methods. In the remote
sensing field, we select several representative works: ARC-
Net [50], MF2CNet [51], GCSANet [52], DOFA [59] and
SkySense [14]. Given the rapid progress in exploring back-
bone models in the general computer vision field, we also
incorporate many widely validated methods as strong compar-
ison benchmarks, including ResNet [45], HRNet [46], Incep-
tion-Next [44], MaxViT [47], DAVit [48], and swin trans-
former (Swin) [49]. To ensure the performance of baseline
methods, we train all baseline methods with full parameters.
While considering the practical usability of our CAT, we use
AFT for parameter-efficient fine-tuning, which means perfor-
mance of CAT could potentially be further improved with
full-parameter training.

Considering the substantial benefits of pre-trained model
weights for downstream tasks, we use pre-trained model
weights on ImageNet-22K for initialization wherever possible,
and thus use center scenes or global scenes as model input to
meet the three-channel input requirement. For our CAT, since
it is specifically designed for scene-in-scene layout, both the
center scene and auxiliary scenes are used as inputs.

D. Results and Analysis
The benchmark and experimental results of FGSC on the
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MEET dataset are shown in Table II. The experimental results
indicate that when using Swin-Large as the backbone, our
method outperforms comparison methods on the MEET
dataset benchmark. Our CAT achieves an OA of 95.87% and
a BA of 83.38%. Compared to all baselines with a similar
number of parameters (excluding Swin-Huge), our method
shows an improvement of nearly 1% in OA and over 4% in
BA compared to methods using center scenes as input. Com-
pared to methods using global scenes as input, our method
shows an improvement of over 0.3% in OA and over 1.8% in
BA. These results highlight a significant advantage across all
evaluated metrics, surpassing both methods specifically
designed for scene classification and those generally pro-
posed for image recognition. Additionally, compared to some
other backbone networks [44], [46], [48], the Swin-Large
model outperforms other methods significantly by incorporat-
ing the ACF to fully utilize contextual image information and
using MLS and AFT methods to further enhance performance.
Specifically, the performance gains come from the model’s
more powerful feature extraction capabilities. The model can
incorporate complementary cues from surrounding imagery
for the center scene, especially for cases where the center
scene lacks prominent visual features. Additionally, the model
does not overfit due to the large amount of redundant informa-
tion in the surrounding imagery. This is reflected in the per-
formance gains for the tail classes in terms of BA.

To further demonstrate the effectiveness and generalization
capabilities of our CAT, we also conduct experiments using
the large fundation model, namely Swin-Huge from Sky-
Sense [14]. It can be observed that the model’s performance is
further enhanced when employing our CAT, achieving the
best performance on both OA and BA, with scores of 97.74%
and 89.37%, respectively, thanks to the pre-training parame-
ter methodology of the SkySense model. Compared to meth-
ods using Swin-Huge as backbone, CAT shows an improve-
ment of over 2.8% in OA and over 9.5% in BA. Therefore, it
can be further verified that CAT achieves stable performance
improvements across backbone models of different sizes. For
the following ablation study, we opt to use the Swin-Large
version to reduce the cost of training resources.

As shown in Fig. 9, the top 3 predictions from various com-
parison methods are presented, as well as those provided by
CAT. It can be seen that CAT not only performs the best in
classification but also achieves the highest prediction confi-
dence. This is due to CAT’s strong capability in adaptive fea-
ture extraction of spatial context, ultimately leading to more
stable and accurate classification results.

To illustrate the superiority of our CAT in fusing multi-level
contexts, we design several classical context fusion strategies,
as shown in Fig. 10. These strategies fuse at the input, feature,
and decision levels, respectively. The performance results in
Table III demonstrate that our CAT achieves the best perfor-
mance through ACF.

Overall, comparison results on multiple metrics demon-
strate that our CAT is highly effective. It makes full use of
contextual information for feature extraction, achieving the
best performance. Moreover, each component of our method
is independent of specific scene classification methods, allow-
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TABLE II
PERFORMANCE (%) COMPARISON OF THE PROPOSED CAT AND OTHER METHODS ON THE MEET DATASET
Performance metrics
Method Type Backbone Pretrain Dataset Input
OA BAmany BAmed BAfew BA
Methods Generally Proposed for Natural Image Recognition
Center scene 90.37 93.66 67.99 66.71 71.02
InceptionNext [44] CNN InceptionNext-Base ImageNet-1K
Global scene 92.98 96.72 73.00 62.88 72.34
Center scene 81.58 91.21 52.71 47.44 55.96
Resnet [45] CNN Resnet101 ImageNet-22K
Global scene 82.80 95.46 51.53 39.57 52.94
Center scene 91.66 93.93 71.49 73.25 75.26
HRNet [46] CNN HRNet-w64 ImageNet-22K
Global scene 94.27 96.52 78.80 67.25 76.76
Center scene 91.22 94.94 69.43 69.79 73.08
MaxViT [47] Transformer Maxvit-Large ImageNet-22K
Global scene 93.57 97.34 74.72 65.90 74.41
Center scene 90.85 94.64 69.02 66.54 71.58
DAVit [48] Transformer Davit-Base ImageNet-22K
Global scene 94.26 97.51 76.65 68.91 76.52
Center scene 92.23 94.89 73.95 71.24 75.78
Swin [49] Transformer Swin-Large ImageNet-22K
Global scene 95.58 97.82 83.04 73.82 81.50
Methods Specifically Proposed for RSI Scene Classification
Center scene 88.55 93.27 63.04 59.94 65.99
ARCNet [50] CNN Resnet101 -
Global scene 89.78 96.18 65.59 52.84 64.85
Center scene 67.52 85.75 31.90 25.18 36.70
MF2CNet [51] CNN Resnet50 -
Global scene 88.43 88.43 34.93 20.39 36.65
Center scene 85.44 92.39 59.04 54.10 61.71
GCSANet [52] CNN Densenet121 -
Global scene 89.04 95.72 63.55 50.39 62.88
Center scene 94.88 96.88 80.67 71.41 79.31
DOFA [59] Transformer Vit-Large DOFA
Global scene 93.31 94.37 77.52 78.97 80.40
Center scene 94.52 97.55 79.57 73.76 79.79
SkySense [14] Transformer Swin-Huge SkySense-21.5M
Global scene 94.93 98.41 81.43 67.72 78.45
Our CAT Transformer Swin-Large ImageNet-22K Scene-in-scene 95.87 97.04 82.14 80.05 83.38
Our CAT Transformer Swin-Huge SkySense-21.5M  Scene-in-scene  97.74 99.00 90.80 84.19 89.37
TABLE IIT tion from contextual data. Compared to the baseline, OA

PERFORMANCE (%) COMPARISON OF THE PROPOSED CAT AND
OTHER FUSION STRATEGIES

Strategy OA BAmany  BAmeda  BAfew BA
Input-level fusion 81.41 91.19 49.31 39.44  51.24
Feature-level fusion 86.26 95.37 57.99 46.74 58.77
Decision-level fusion ~ 85.78 95.24 56.95 4346  56.99
Our CAT 95.87 97.04 82.14 80.05  83.38

ing it to seamlessly adapt and enhance performance across
most proposed backbones without encountering specific limi-
tations. This observation highlights the versatility and applica-
bility of our proposed method.

E. Ablation Study of Our CAT

The ablation experiment on the MEET dataset is to assess
the impact of three key components of our proposed method:
ACF, MLS and AFT. As shown in Table IV, we explore the
effectiveness of the proposed ACF module. The ACF module
significantly improves scene classification performance by
adaptively extracting high-value graphical feature informa-

increases by 2.06% and BA improves by 1.48%. This module
provides the greatest performance boost by introducing incre-
mental information and effectively merging features. The
introduction of MLS further improves BA, indicating it effec-
tively reduces overfitting on contextual information for most
categories. Compared to using only the ACF module, MLS
results in a slight decrease in head classes, due to most head
classes’ strong reliance on contextual information, which is
different from the minority classes. The introduction of the
AFT module results in increases of 0.65% and 2.03% in OA
and BA, respectively, reflecting that we successfully enhanced
the feature extraction capabilities of the three branches for dif-
ferent inputs without adding excessive parameters. These
results highlight the capability of our method to enhance the
performance of existing state-of-the-art scene classification
methods. Additionally, we evaluate the running time per sam-
ple and the parameter number for CAT, demonstrating that
each module of CAT is lightweight and does not significantly
impact efficiency. To further demonstrate that CAT can mine
the auxiliary image context to combat intra-class variability
and inter-class similarity, we compare the class-wise accu-
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Several samples on MEET. Top3 predictions are presented from various comparative methods, as well as those provided by our CAT. Correct predic-

tion categories are displayed in green, and incorrect prediction categories are displayed in red.
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Fig. 10.  Illustration of three baseline fusion strategies.

racy across all 80 categories on the MEET dataset before and
after applying CAT, as illustrated in Fig. 11. The results show
a significant improvement in accuracy for the majority of cat-
egories. Specifically, the accuracy for the River category
improved by 3%, and the accuracy for the Lake category

improved by 5%.

The effectiveness of our method has been quantitatively
evaluated in Tables II and IV. To further illustrate its capabil-
ity in contextual feature extraction, we visualize the t-SNE
feature map on each branch. We employed t-SNE method to
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TABLE IV
PERFORMANCE (%) COMPARISON OF THE ABLATION STUDY (RUNNING TIME REFERS TO RUNNING TIME PER ONE SAMPLE)
ACF MLS AFT Running time (s) Parameters (M) OA BAmany BAned BAfew BA
x x x 0.0139 195.12 92.23 94.89 73.95 71.24 75.78
v X % 0.0168 226.05 94.29 97.94 79.00 67.80 77.26
v V4 x 0.0168 226.05 95.22 97.01 80.64 76.65 81.35
v v v 0.0174 233.15 95.87 97.04 82.14 80.05 83.38

Class-wise accuracy Class-wise accuracy

Low-rise residential arca 081 Low-rise residential area 094
Lake 093 Lake ojos
Forest .98 Forest .99
Dry field 094 Dry field o7
River 095 River 98
Village 094 Village 0jos
High-rise residential area 0.9 High-rise residential area ofo7
Pond 086 Pond 092
Solar power plant 0.9) Solar power plant 98
Mangrove 98 Mangrove 98
Scrub 090 Scrub 092
Railway 092 Railway 092
Dam 094 Dam 0.9]
Orchard 0.9 Orchard ojos
Highway 0.84 Highway 081
Bridge 0.9) Bridge 094
Quarry 087 Quarry 092
Farmyard 083 Farmyard 090
Park 091 Park 0.92
Paddy field 0.9 Paddy field op7
Retail 080 Retail 0.80
College 081 College 0.88
Greenhouse 0.9 Greenhouse 046
Airport 0199 Airport 1.00
Meadow 090 Meadow 0.84
Golf 0198 Golf .99
Football field 092 Football field 090
Wetland 093 Wetland 047
Mountain 086 Mountain 088
Beach 00 Beach 0.99
Military training ground 093 Military training ground 0.95]
Tea plantation 1.00 Tea plantation I1.00
Vacant parking lot 077 Vacant parking lot 0.76
Stadium 094 Stadium 0.95|
Hills 077 Hills 085
Construction 087 Construction 081
Swimming pool 0.89 Swimming pool 0.58
Sand 1.00 Sand 1.00
Overpass 0.61 Overpass 071
Busy parking lot 088 Busy parking lot 0385
‘Wind power plant 099 ‘Wind power plant 1.00
Landfill 084 Landfill 0.91
Chemical plant 0383 Chemical plant 095
Theme park 085 Theme park 0.84
Glacier 07 Glacier 095
Art center 0.80 Art center 0.80
Prison 093 Prison 093
Baseball field 091 Baseball field 0.94
Resort 0.66 Resort 071
Brownfield 076 Brownfield 077
Christmas tree farm 98 Christmas tree farm 0j98
Cemetery 98 Cemetery L&
Port 0.94 Port 0.89
Substation 096 Substation 0.p7
Military center 0.88 Military center 096
Hospital 073 Hospital 0.61
School 0.82 School 0.8
Cloud .99 Cloud 0.99
Office 074 Office 0.64
Petroleum well 094 Petroleum well 094
Rock .98 Rock 0.98
Urban village 093 Urban village 0.87
Toll booth 097 Toll booth 093
Coffee plantation .99 Coffee plantation 1.00
‘Water Plants 088 ‘Water Plants 083
Buddhist temple 084 Buddhist temple 0.79
Steel plant 089 Steel plant 095
Gas station 091 Gas station 0.89
American football field 0% American football field 0.9
Thermal power plant 0% Thermal power plant 099
Driving school 091 Driving school 088
Railway station 089 Railway station 0.88
Commercial 086 Commercial 084
Tennis court 087 Tennis court 063
Highway service area 093 Highway service area 0.94
Square 080 Square 071
Church 084 Church 0.68
Mosque 085 Mosque 0383
Basketball court 068 Basketball court 0.62
Roundabout 0389 Roundabout 087
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
Swin Swin + ACF + MLS + AFT

(a) Accuracy illustration of Swin (b) Accuracy illustration of Swin + ACF + MLS + AFT

Fig. 11.  Comparison of class-wise accuracy across all 80 categories on the MEET dataset before and after applying ACF + MLS + AFT.

visualize the learned representative features of each ablation samples from all 80 geospatial scene categories are randomly
study setting. The perplexity for all four cases is 10 and 50 selected to create a t-SNE plot. As shown in Fig. 12, after
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Fig. 12.

applying ACF, the embeddings do not become significantly
more separable in the feature space. This may be due to the
model overfitting to some extent on the auxiliary scene. How-
ever, after applying MLS to enhance the feature extraction
capabilities for both the center scene and surrounding scenes,
and applying the AFT module to enhance the feature capabili-
ties of the three branches, the embeddings become signifi-
cantly more separable. These results indicate that our CAT
achieves better class separability at the feature level.

F. Superiority Analysis of Our CAT

In Fig. 13, we present some examples with scores and class
activation map (CAM) on each branch. The scores represent
the prediction on the ground truth category (shown on the left
side) after applying softmax from classification head on that
branch. Changes in the scores reflect the gain in performance
due to the accumulation of multi-level context. It can be
observed that the predictions consistently improve with the
introduction of multi-level auxiliary scenes, which is reason-
able for cases that require auxiliary scenes. However, for
cases that can achieve sufficient saliency without auxiliary
scenes, such as airport example in Fig. 13, the model perfor-

Visualization of the features for different ablation study settings of our CAT.

mance has not degraded with the introduction of redundant
information. This demonstrates that our model has an adap-
tive context fusion capability, showing strong generalization.
With the introduction of auxiliary scenes, the model can
extract more visual features from the context to interpret the
center scene. Specifically, from the examples of river and
lake, it can be observed that using only the center scene as
input is not sufficient. After introducing auxiliary scenes, the
input data includes contextual information, such as riverbanks,
enabling the model to correctly differentiate the water body
into a river or lake. For the village example illustrated, the
visual features of fields included in the auxiliary scenes con-
tribute to distinguish the village category from other similar
categories in the center scene, such as low-rise residential area
category.

G. Application Evaluation of Our MEET on Urban Functional
Zone Mapping

To validate the setting superiority of the zoom-free charac-
teristic and scene-in-scene sample layout of our MEET
dataset, we conduct experiments on urban functional zone
mapping (UFZ). In the pilot application, UFZ aims to predict
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Visualization of the samples using CAM with our CAT. The scores refers to the prediction probability on the ground truth category after applying

different amounts of contextual features. Changes in the score reflect the gain in performance due to the accumulation of multi-level context.

the land-use category of each fixed-resolution RSI block and
considers 8 land-use categories: the residential (Res.) cate-
gory denotes various types of residential buildings of differ-
ent heights; the commercial (Com.) category indicates com-
mercial and business activities including offices, retail and
malls; the industrial (Ind.) category denotes the land with
industrial purposes; the transportation (Tra.) category include
various transportation facilities; the educational (Edu.) cate-
gory denotes educational institutions including universities,
colleges and primary and secondary schools; the medical
(Med.) category is primarily dedicated to healthcare facilities;
the sport and cultural (Spo.) category indicates sports and cul-
tural activities including sports ficlds and art centers; the park
and greenspace (Par.) category consists of parks, forests and
other public green spaces. Across five cities (e.g., Shanghai,
Lanzhou, Wuhan, Guangzhou and Yulin), we create a UFZ
evaluation dataset where one large region in each city is
selected and its corresponding 1-meter spatial resolution RSI
is split into blocks with 256 x 256 pixels. A total of 4323
blocks are manually annotated by experts in remote sensing
with the above 8-class land-use classification system. To
avoid ambiguous annotation, we only choose semantically
clear blocks for manual labeling, which results in a relatively

sparse annotation distribution. The specific annotation infor-
mation is summarized in Table V.

To verify the practicability and superiority of the given
MEET dataset, we train models on MEET and the other
widely adopted datasets such as AID and NWPU to address
UFZ. As far as models, RVSA [70] and MTP [71] are selected
as they are the state-of-the-art models on AID and NWPU,
respectively. During inference, both the RVSA model trained
on AID and the MTP model trained on NWPU adopt the cen-
ter block as input for classification. To facilitate the unified
evaluation, we map the classification results of models trained
on AID, NWPU and MEET into the 8-class land-use classifi-
cation system.

The evaluation results of different models trained on AID,
NWPU, and MEET are shown in Table VI. The experimental
results indicate that the combination of MEET and CAT
achieves the best performance in most categories, with a sig-
nificant improvement over the other combinations. This
improvement comes from both the dataset and the method.
From the dataset perspective, MEET has more fine-grained
categories, enabling the model to extract more detailed seman-
tic information from complex urban environments, leading to
a more comprehensive understanding of different UFZ cate-
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TABLE V
NUMBER OF ANNOTATED BLOCKS IN THE UFZ EVALULATION DATASET
Location Res. Com. Ind. Tra. Edu. Med. Spo. Par. All
Wuhan 710 6 182 10 391 4 29 241 1573
Shanghai 784 34 89 119 69 4 38 110 1247
Guangzhou 196 43 107 18 155 4 165 393 1081
Lanzhou 95 9 5 0 26 2 11 78 226
Yulin 129 2 2 6 49 4 7 7 196
Total 1914 94 385 143 690 18 250 829 4323
TABLE VI
PERFORMANCE (%) COMPARISON OF DIFFERENT EXPERIMENTAL SETTINGS ON UFZ
Dataset Method Res. Com. Ind. Tra. Edu. Med. Spo. Par. OA BA
AID RVSA 52.87 51.06 71.43 42.66 26.67 0.00 10.40 91.07 54.61 43.27
NWPU MTP 11.08 63.83 70.91 81.82 0.00 0.00 83.60 52.47 30.21 45.46
MEET CAT 93.73 59.57 66.49 88.11 58.26 50.00 90.00 90.83 83.76 74.63
Res. Com. Ind. Tra. Edu. Med. Spo. Par.

(c) AID + RVSA

(d) MEET + CAT

Fig. 14. Illustration of the mapping results of different combinations of dataset and model on the pilot area of Shanghai. The displayed image is a sub-region
within the study area of Shanghai.

gories. From the method perspective, CAT can adaptively
integrate auxiliary scenes, providing more stable classifica-
tion performance for cases where the center scene is not very

salient. Furthermore, Figs. 14 and 15 illustrate the mapping
results under various settings from two different cities. It is
evident that our CAT, when trained on the MEET dataset,
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Res. Com. Ind. Tra.

(c) AID +RVS

Fig. 15.
within the study area of Wuhan.

demonstrates a substantial performance improvement in map-
ping accuracy and geographical coherence. It is noted that our
CAT can effectively utilize contextual information to improve
classification performance even in areas with low saliency. In
Fig. 14, the CAT with MEET shows better classification capa-
bilities for objects such as parks, airports, and residential
buildings, thanks to the effective use of contextual informa-
tion. In Fig. 15, the CAT with MEET demonstrates signifi-
cantly better classification performance for the low-salient cat-
egories of Educational and Medical, thanks to the MEET
dataset’s more comprehensive and rich subclass samples for
UFZ categories. As a whole, these comparisons underscore
the effectiveness of the zoom-free scene-in-scene sample lay-
out in MEET.

VI. CONCLUSION

In this paper, we introduce a large dataset named MEET for
FGSC with zoom-free RSI. MEET is comprised of over 1.03
million samples with scene-in-scene layout, encompassing 80
fine-grained geospatial scene categories. Samples are col-
lected globally and include multi-level spatial context infor-
mation. The large sample size, the granularity of categories,
and the inclusion of spatial context imagery make MEET a

IEEE/CAA JOURNAL OF AUTOMATICA SINICA, VOL. 12, NO. 5, MAY 2025

Edu. Med. Spo. Par.

(d) MEET + CA'

Illustration of the mapping results of different combinations of dataset and model on the pilot area of Wuhan. The displayed image is a sub-region

valuable dataset. It provides essential data conditions for
advancing a challenging yet meaningful new task, FGSC with
zoom-free RSI. Additionally, we propose a CAT for FGSC,
which effectively integrates contextual information and
achieves progressive visual feature extraction. Compared with
existing state-of-the-art algorithms, our CAT performs excel-
lently on the MEET dataset, demonstrating the CAT’s value
from both quantitative and qualitative perspectives.

In future work, we plan to further enrich the MEET dataset
in terms of sample volume and category diversity and pro-
pose global-scale scene classification mapping products.
These will be made available to a broader scientific commu-
nity in need of related analytical data, thereby continuously
driving progress in this research area.
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