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Highlights

What are the main findings?

• A “spatiotemporal coupling” classification paradigm is proposed, which effectively
mitigates the performance degradation in high-resolution remote sensing image classi-
fication caused by temporal differences through temporal segmentation and dedicated
feature extractor strategies.

• A parcel-oriented deep texture feature extraction and quantification method is de-
signed and implemented, transforming pixel-level features into statistically descriptive
vectors with clear geographical significance, significantly enhancing feature discrim-
inability and interpretability.

What are the implications of the main findings?

• This framework provides a scalable solution for fine-grained land cover recognition
using multi-temporal, high-resolution remote sensing imagery, particularly suitable
for agricultural areas with significant seasonal surface cover variations.

• The proposed technical workflow of “feature extraction–entity constraint–statistical
quantification” promotes the effective integration of deep learning models with Ge-
ographic Information System (GIS) management needs, offering practical reference
value for real-world applications.

Abstract

High-spatial-resolution remote sensing imagery provides a data foundation for fine-grained
land use classification. However, due to long revisit cycles and susceptibility to cloud cover,
large-area imagery often suffers from temporal inconsistency, which severely limits the
classification accuracy of traditional unified models. To address this issue, this study
proposes a geographic entity-oriented, spatiotemporally coupled land use classification
method for high-resolution remote sensing imagery, with agricultural land (including
paddy fields, dry farmland and gardens) as an example for validation. In this method,
the study area is first divided into multiple sub-regions based on image acquisition time,
ensuring temporal consistency within each sub-region. A dedicated deep texture feature
extraction model is then constructed for each sub-region. This model is adapted from
the advanced CAPTN texture recognition network: its classification head is removed,
and a multi-scale feature fusion module is introduced, transforming it into an encoder
focused on extracting spatial texture feature maps. Additionally, a self-supervised loss
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function combining masked feature reconstruction and cross-view consistency is designed
to improve the quality of the learned texture features. During the prediction stage, the
corresponding feature extractor is invoked based on the temporal phase of the imagery
to generate a full-region texture feature map. This feature map is then cropped using
land parcel vectors, and statistical feature vectors describing the texture attributes of each
parcel are formed by calculating the mean and standard deviation of the features within
each parcel. Finally, a Random Forest classifier is employed to determine the land parcel
categories. This study uses the Jiangjin District of Chongqing City as the experimental
area. The results show that, compared to training a unified deep learning model directly
on full-region multi-temporal imagery or using traditional texture features, the proposed
spatiotemporally coupled classification framework achieves significant improvements in
overall accuracy and Kappa coefficient, reaching 92.3% and 0.89, respectively.

Keywords: spatiotemporal coupling; land use classification; high spatial resolution remote
sensing; parcel; texture features

1. Introduction
Land Use (LU) and Land Cover (LC) are fundamental categories in the study of

the Earth’s surface system [1,2], intrinsically linked yet distinct in essence. Land cover
primarily describes the natural physical covers and artificial constructions on the Earth’s
surface, whereas land use emphasizes the functional planning and management practices
of human societies on land resources. As a critical indicator of human–land interaction [3],
the dynamic monitoring and precise identification of Land Use and Land Cover Change
(LUCC) hold paramount scientific value and practical significance for understanding the
evolution of surface processes [4,5], supporting territorial spatial governance [6,7], and
promoting ecological civilization construction [8].

Remote sensing Earth observation technology has become the primary technical path-
way for acquiring large-scale land use and land cover information, owing to its advantages
of macroscopic, rapid, and periodic monitoring [9]. With the flourishing development
of high-spatial-resolution remote sensing satellites, Earth observation capabilities have
achieved breakthroughs. Sub-meter resolution imagery can clearly present the fine struc-
ture and spatial texture of ground objects, providing unprecedented data support for
acquiring detailed LU/LC information and driving the extraction of such information from
regional macro-monitoring towards fine-grained management of geographic entities [10].
However, due to the revisit cycle limitations of high-resolution satellites and inevitable
cloud interference, acquiring complete, cloud-free imagery of an entire region at a single,
ideal phenological phase is extremely difficult [11,12]. In practical applications, it is often
necessary to mosaic multiple scenes captured in different seasons or years to cover the
entire study area. Consequently, the same ground object can exhibit vastly different spectral
and textural characteristics in high-resolution imagery depending on its acquisition time, a
phenomenon particularly pronounced in agricultural land. Ignoring this inherent hetero-
geneity introduced by the temporal dimension and forcibly applying a unified classification
model across the entire region forces the model to learn contradictory feature patterns,
leading to degraded classification accuracy.

The methodological evolution of remote sensing-based land use classification has
witnessed a shift in the fundamental classification unit, progressing from pixels to objects,
and further to geographic entities. Early pixel-based classification methods, while algorith-
mically simple and computationally efficient, often produced significant “salt-and-pepper”
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noise when processing high-resolution imagery, failing to meet fine-grained classification
needs [13]. Object-Based Image Analysis (OBIA) methods improved spatial coherence by
generating geographically meaningful polygon objects via image segmentation, but their
accuracy heavily depended on segmentation scale selection. Moreover, the automatically
generated object boundaries often deviated from real-world parcel boundaries with clear
administrative significance. In recent years, with the increasing availability of multi-source
geospatial data, directly using current vector land parcel boundaries as classification units
has emerged as a new research trend [14]. This geographic entity-based approach not only
effectively avoids the uncertainties of image segmentation but also aligns closely with the
practical management needs of land surveys [15].

The feature system for classification has also evolved. Spectral features [16,17], as the
most fundamental descriptors of remote sensing imagery, are plagued by the common
phenomena of “same object with different spectra” and “different objects with the same
spectrum” in complex geographical scenes, making it difficult to accurately discriminate
classes using only spectral information [18]. To overcome this limitation, traditional spa-
tial features—such as texture features based on Gray-Level Co-occurrence Matrices and
shape features based on geometric morphology—were incorporated into the classification
system [19–21]. However, these handcrafted features often capture only shallow spatial
patterns of objects, with limited capacity for representing complex spatial structures.

The rise of deep learning methods, represented by Convolutional Neural Networks
(CNNs), has brought revolutionary breakthroughs in feature learning for remote sensing
imagery. CNNs can automatically learn hierarchical feature representations from raw
images through multiple layers of nonlinear transformations, demonstrating far superior
representational power compared to handcrafted features. Extensive studies have con-
firmed that CNN-based methods achieve state-of-the-art performance in various land use
classification tasks [22–24]. Simultaneously, researchers have begun exploring the deep in-
tegration of temporal dimension information, such as using time-series imagery to capture
the unique phenological responses of ground objects, thereby enhancing capabilities for
dynamic monitoring and fine-grained category recognition [25].

To address the classification accuracy degradation caused by temporal inconsistency,
several methods combining temporal analysis with self-supervised learning have emerged
in recent years. For example, Wang et al. [26] proposed a cross-temporal self-supervised
learning method that aims to extract denoised homogeneous features from multi-temporal
data using a superpixel masking strategy and a cross-temporal attention module. The SeCo-
Eco method [27] builds a global, multi-seasonal pre-training dataset to extract universal
features from large-scale unlabeled data through self-supervised learning for macro-scale
ecological applications. For processing multi-temporal, high-resolution imagery, 3D Con-
volutional Neural Networks (3D-CNNs) [28] simultaneously model spatial and temporal
dimensions using volumetric convolution kernels to capture the spatio-temporal evolution
patterns of ground objects.

A careful analysis of existing methods reveals persisting inadequacies in handling the
“feature conflict” problem, where the same object exhibits vastly different characteristics
across seasons due to multi-temporal image mosaicking. The core limitation lies in the fact
that most approaches—whether 3D-CNNs or unified models incorporating cross-temporal
attention—still strive to train a single, complex unified model. This model is tasked
with reconciling all potentially conflicting feature patterns from different phenological
periods throughout the year. This approach imposes a high learning difficulty on the
model and cannot guarantee optimal feature representation for each specific temporal
phase. Furthermore, existing methods are predominantly based on pixels or coarse-grained
objects, failing to organically integrate high-precision land parcel boundaries with clear
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management significance and deep feature learning. How to effectively combine the
powerful pixel-level representational capacity of deep models with the spatial integrity
and managerial attributes of parcel entities, thereby constructing a technical workflow that
achieves both high accuracy and meets practical application needs, remains a critical and
underexplored research challenge.

To address the issues mentioned above, this study proposes a geographic entity-
oriented, spatiotemporally coupled land-use classification method for very high-resolution
remote sensing imagery. The main contributions of this research are as follows: (1) A
“spatiotemporally coupled” classification framework is proposed. Adopting a “divide-and-
conquer” strategy, it divides the study area into sub-regions based on image acquisition
time and trains dedicated networks for each, thereby methodologically resolving the inter-
ference of temporal inconsistency in entity-based classification caused by image mosaicking.
(2) An improved self-supervised Deep Texture Feature Extraction Network (DTFEN) is con-
structed, which can learn discriminative and robust texture representations from unlabeled
imagery and outputs spatially aligned feature maps. (3) A complete technical workflow
of “deep feature extraction–vector entity constraint–statistical quantification–parcel clas-
sification” is established. By overlaying the feature maps with prior parcel vectors and
performing statistical quantification, deep integration between intelligent remote sensing
interpretation and geospatial management needs is achieved. (4) Using agricultural land
with drastic land-cover changes over time as a typical scenario (Jiangjin District, Chongqing
City, focusing on paddy fields, dry farmland, and garden land), comprehensive experi-
ments demonstrate the superiority of the proposed method compared to traditional global
models, laying a foundation for its extension to other land-use classification tasks.

2. Materials
2.1. Study Area

This study selects the Jiangjin District of Chongqing as the research area (Figure 1). Lo-
cated in southwestern China, Jiangjin District is named after its position along the Yangtze
River. Geographically, it lies between 105◦49′–106◦38′E and 28◦28′–29◦28′N. The region
benefits from a humid subtropical monsoon climate, characterized by abundant rainfall
and mild temperatures, with an average annual temperature of 19.5 ◦C and approximately
1141 h of annual sunshine. The fertile soil supports vigorous agricultural development,
and the area exhibits the following characteristics: (1) Complex spatial distribution pat-
terns: The terrain of Jiangjin District is rugged and undulating, featuring fold structures of
varying sizes that form regular and irregular shapes, which are distributed in clustered or
scattered patterns across the region. (2) Balanced development of food and economic crops:
The uneven land limits large-scale mechanized farming but promotes the cultivation of
specialized economic crops, particularly pepper and citrus. Differences in farming practices
and cultivation methods result in unique textural features in high-resolution remote sensing
imagery, which facilitates the analysis of current land use information.

As one of Chongqing’s major agricultural producers and an important grain-producing
region, understanding the current land use information in Jiangjin District is crucial for
promoting sustainable and high-quality agricultural development in the region.

https://doi.org/10.3390/rs18040559

https://doi.org/10.3390/rs18040559


Remote Sens. 2026, 18, 559 5 of 24

 

Figure 1. Location Map of the Study Area. (a) shows the location, and (b,c) show samples of different
agricultural land use types from high-spatial-resolution remote sensing imagery.

2.2. Data Collection and Processing

The data foundation of this study is high-resolution remote sensing imagery covering
the research area. The imagery data are sourced from China’s Gaofen-2 (GF-2) satellite, which
boasts a panchromatic band spatial resolution of 0.8 m and a multispectral band resolution of
3.2 m, providing an exceptional capability for presenting fine surface structures and spatial
textures. The data were specifically acquired through the China Centre for Resources Satellite
Data and Application (https://data.cresda.cn/ (accessed on 12 May 2024)).

To validate the capability of the proposed spatiotemporally coupled classification
method in handling multi-temporal inconsistency and to fully capture the key character-
istics of agricultural land across different phenological stages, this study did not pursue
coverage by a single “ideal” temporal image. Instead, we proactively constructed a multi-
temporal image set encompassing several crucial phenological periods. GF-2 imagery
from seven months in 2023—namely April, June, July, August, October, November, and
December—was screened and acquired. This temporal span covers multiple typical phe-
nological stages in the study area, from the initial growth and development phases to the
maturity and post-harvest fallow periods of crops. Consequently, the imagery can reflect
significant spectral and textural variations in the same agricultural land-use type across
different seasons. During the data screening process, the primary principle was to ensure
image quality, prioritizing clear, cloud-free images with minimal cloud cover (below 10%)
to maximize the reduction in atmospheric interference and ensure the reliability of surface
information extraction.

All acquired raw imagery underwent a systematic preprocessing pipeline. First,
orthorectification was performed to eliminate geometric distortions caused by terrain relief
and sensor attitude. Subsequently, the Gram-Schmidt (GS) pan-sharpening method was
applied to fuse the panchromatic and multispectral bands, generating high-quality color
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imagery with a unified spatial resolution of 0.8 m. Single-scene images from different time
phases were then separately mosaicked to form complete base maps covering the entire
study area for each month. Due to satellite revisit cycle limitations and inevitable cloud
cover, localized data gaps still existed. To address this, qualified imagery from adjacent
years was used to fill the missing areas. Ultimately, a multi-temporal high-resolution
remote sensing image dataset was constructed, characterized by a large temporal span,
complete coverage, and consistent geometric precision.

3. Methods and Experiment
3.1. Spatiotemporal Coupling Land Use Classification Method

This study proposes a spatiotemporally coupled land use classification method for
high-resolution remote sensing imagery. It departs from the traditional approach of using
pixels or image objects as classification units. Instead, it employs pre-extracted land parcel
vectors—which hold practical geographical significance—as the fundamental, indivisible
units of analysis. This ensures that the classification results are strictly aligned with
real-world management entities. To address the issue of temporal inconsistency across
the entire study area caused by crop phenology, seasonal changes, and varying imaging
conditions, this study divides the mosaicked imagery covering the region into multiple
temporal segments based on image acquisition dates. Each segment contains internally
consistent temporal and phenological characteristics. Building upon this division, an
independent deep texture feature extractor is trained for each temporal segment, thereby
constructing a temporally adaptive feature extractor library. During parcel classification,
the most discriminative deep texture features are extracted by adaptively selecting the
corresponding feature extractor based on the dominant temporal phase of the imagery
within each parcel. Subsequently, statistical methods are employed to aggregate and
quantify the pixel-level texture features inside each parcel, forming a high-dimensional
feature vector that characterizes the parcel’s texture pattern. Finally, a machine learning
classifier is applied to perform fine-grained land use type classification (such as paddy
field, dry farmland, and gardens, as focused on in this study) at the parcel level. The overall
technical workflow of the spatiotemporally coupled high-resolution remote sensing land
use classification method is illustrated in Figure 2.

3.1.1. Farmland Parcel Extraction Based on Zoning and Layering

The strategy of zoning and layering has been widely applied in complex remote
sensing image segmentation, showing significant results [29–31]. Based on the Digital
Elevation Model (DEM), slope data, and the spectral characteristics of the high-resolution
remote sensing imagery itself, Jiangjin District was partitioned into several sub-regions
with relatively homogeneous internal terrain, landforms, and cropping patterns.

To validate the effectiveness of the zoning and its guarantee that “each zone is unique
and has a reasonable topographic distribution,” we conducted two assessments: (1) Intra-
zone Variance Analysis: The variance of all input features (standardized) within each zone
was calculated. The results show that the variance of features within the sub-zones was
reduced by approximately 65% on average compared to the overall variance of the entire
study area. This quantitatively demonstrates that the zoning effectively enhanced the
homogeneity within each unit. (2) Spatial Continuity Evaluation: We calculated the Spatial
Autocorrelation Moran’s Index to assess the smoothness of the zoning results. A higher
positive Moran’s Index value indicates that spatially adjacent units are more likely to be
assigned to the same zone. This aligns with the practical pattern of spatial continuity of
geographic entities, proving that the zone boundaries are not generated randomly but
possess geographical rationality.
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Figure 2. The technical workflow of the spatiotemporally coupled high-resolution remote sensing
land use classification method.

Within each geographical zoning, a layered extraction was performed to obtain farmland
parcels, as shown in Figure 3. This study uses these farmland parcels as analytical units, with
each parcel defined as Pi (where i = 1, 2, 3, . . . N, and N is the total number of parcels).

Figure 3. Geographical zoning and farmland parcels.
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Although land parcels have been extracted through zonal and hierarchical methods
with existing broad land-use category information, distinguishing more detailed land-cover
classes is essential to meet the demands of refined land management. Furthermore, despite
the availability of corresponding vector boundaries for these broad land-use categories,
the actual land-use types within individual parcels may still be uncertain. For instance,
confusion may exist between cropland and grassland, or between gardens and forest land.
Therefore, it is necessary to conduct further analysis within the parcels to extract highly
discriminative feature patterns.

3.1.2. Temporal Segments

High-spatial-resolution remote sensing images are inherently limited by their imaging
mechanisms, resulting in a single scene covering only a small area. Therefore, a full-
coverage image of a study area often needs to be constructed by mosaicking multiple
images acquired at different times. This data characteristic leads to a situation where
different parts of the final mosaic may originate from different acquisition dates. For
agricultural land, there are significant differences in its textural features across various crop
growth stages. Sampling and training a model directly on the entire mosaic would cause the
model to learn conflicting textural cues, thereby degrading its classification performance.
To address this issue, this study divides the full-coverage image, which is mosaicked from
N scenes, into several temporal segments, as illustrated in Figure 4. Samples are then
drawn, and models are trained independently for the images within each segment.

3.1.3. Deep Texture Feature Extractor Network (DTFEN)

To extract discriminative texture features from high-spatial-resolution remote sensing
imagery for parcel-level classification, this study introduces improvements based on the
Chebyshev Attention Depth Permutation Texture Network (CAPTN) [32], designing a
Deep Texture Feature Extraction Network (DTFEN).

CAPTN was originally designed for general natural image texture classification. Its
core innovation lies in modeling texture from two complementary perspectives through
two key modules: the Texture Frequency Attention (TFA) module, which explicitly guides
the model to focus on discriminative texture regions in the spatial domain, and the Dual
Depth Permutation (D2P) module, which implicitly encourages learning more robust
and generalizable feature representations by randomly shuffling feature channels. These
designs are universal at the level of fundamental texture analysis principles. In high-
resolution remote sensing imagery, land-cover textures similarly manifest as visual patterns
composed of primitives such as edges, lines, and spots with specific spatial distribution
characteristics. For instance, the key to distinguishing regularly gridded paddy fields,
directionally furrowed dry farmland, and dot-matrix distributed gardens lies precisely in
capturing and differentiating these unique texture patterns. Therefore, the core philosophy
and modules of CAPTN dedicated to texture modeling provide a powerful foundational
tool for parsing the textural semantics of land cover in complex remote sensing scenes.
However, as a classification network, CAPTN’s final output is an image-level category label.
This does not align with the core requirement of this study: to output a texture feature map
that is spatially aligned with the input image and suitable for subsequent parcel-vector
cropping and statistical quantification.

Therefore, this study refactors CAPTN, transforming it from a texture classifier into
a self-supervised deep texture feature extractor. Improvements involve stripping away
the original model’s classification-related components, retaining and strengthening its
core texture modeling capabilities, and designing self-supervised optimization objectives
targeted at the quality of the feature map itself. The structure of the improved DTFEN
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model is shown in Figure 5, and its workflow along with the core improvements are
as follows.

Figure 4. Temporal segments. (a) shows the study area, (b) shows temporal segments, and (c) shows
images from different time segments.
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Figure 5. Architecture of the DTFEN Model.

This study removes the two final key components of the original CAPTN model
designed for classification: the Learnable Chebyshev Polynomial (LCP) aggregation layer
and the linear Classifier. The function of the LCP layer is to compress spatially distributed
texture features into an orderless global vector—a process that discards the spatial loca-
tion information crucial for parcel-level classification. By removing these components,
the network’s output is preserved within the spatial domain, directly generating a high-
dimensional deep texture feature map, M ∈ RC × H × W. Consequently, the network’s
output is no longer a single category label but rather a “feature library” rich in texture
information. This enables precise spatial overlay and feature cropping with parcel vector
polygons from a Geographic Information System (GIS), establishing the foundation for
subsequent statistical quantification.

To comprehensively utilize both the detailed texture information from shallow convo-
lutional neural network features and the semantic context from deep features, this study
designs and incorporates a lightweight feature pyramid fusion module. This module
receives texture features from different stages of the backbone network, enhanced by both
TFA and D2P. By introducing a top-down pathway and lateral connections, the rich se-
mantic information from deep features is fused into the spatially higher-resolution shallow
features via element-wise addition.

To drive the network to learn texture features beneficial for the classification task,
this study designs two complementary self-supervised tasks: the Masked Texture Feature
Reconstruction task and the Cross-View Texture Consistency task, along with their corre-
sponding loss functions. These two tasks were applied simultaneously to train DTFEN
from scratch.

The Masked Texture Feature Reconstruction task aims to force the model to understand
the internal structure and spatial contextual relationships of textures. During training,
random regions of the input image are masked, and the masked image is then fed into
the network. The network must not only extract features but also, through an attached
lightweight decoder, predict the representation of the masked regions in the feature space
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based on the contextual features from the unmasked areas. Its loss function, Lrec, calculates
the mean squared error between the predicted features and the ground-truth features
(obtained from a forward pass of the complete image) over the masked regions. This
task guides the model to learn the holistic “gestalt” of textures, thereby extracting more
semantically coherent features.

The Cross-View Texture Consistency task aims to enhance the invariance of features
to variations in imaging conditions (e.g., illumination, color, minor viewpoint changes),
focusing on the stable attributes of texture. For the same training image, we generate two
views augmented with different random data augmentations (e.g., color jitter, small-scale
rotation/cropping) and feed them separately into the network. The loss function Lcon

requires the feature vectors—obtained from the network’s processing followed by global
average pooling of these two views—to be as similar as possible in cosine space. This
drives the network to ignore appearance changes unrelated to the intrinsic nature of the
objects, yielding more stable and robust feature representations.

The total training loss for the model is the weighted sum of the two:

Ltotal = Lrec + λLcon, (1)

where λ is a balancing hyperparameter.
Through the improvements described above, we successfully integrate CAPTN’s

texture modeling capabilities with the requirements of high-resolution remote sensing
image processing, self-supervised learning, and geospatial entity analysis. Ultimately,
the DTFEN becomes a feature extractor capable of autonomously learning high-quality,
multi-scale texture features from unlabeled imagery.

3.1.4. Texture Feature Quantification

For any parcel Pi and its corresponding image patch Xi,t at a given time phase, the
texture feature map Fi,t is extracted through a deep learning model. To transform these
texture features into a feature vector with clear geographical significance, the following
three statistical measures are computed for each channel’s feature map F(c)

i,t :
Mean: Represents the average intensity of the texture feature within the parcel. The

mean for
M(c)

i,t =
1

H · W ∑H
h=1 ∑W

w=1 F(c)
i,t (h, w). (2)

each channel is expressed as:
Standard Deviation: Indicates the contrast of the texture feature within the parcel. The

standard deviation for each channel is expressed as:

S(c)
i,t =

√
1

H · W ∑H
h=1 ∑W

w=1

(
F(c)

i,t (h, w)− M(c)
i,t

)2
. (3)

Entropy: Represents the complexity or disorder of the texture feature distribution. The
feature values are first discretized into L levels to form a probability distribution p(l). The
entropy for each channel is expressed as:

E(c)
i,t = −∑L

l=1 p(l) · log2 p(l). (4)

To clarify the theoretical correspondence between these statistics and the visual texture
patterns exhibited by typical agricultural land types, and to provide prior knowledge for
subsequent classification, we summarize the key relationships in Table 1, using the growing
season as an example. The table explains, from a geographical perspective, that the Mean
(M) reflects the average reflectance intensity of the texture, the Standard Deviation (S)
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characterizes the internal contrast and heterogeneity within a parcel, and the Entropy (E)
describes the complexity and disorder of the texture structure. Different land use practices
shape distinct spatial patterns, which in turn manifest as separable numerical patterns
through these three statistical measures.

Table 1. Texture patterns and statistical quantification characteristics of main agricultural land types.

Category Dominant
Texture Pattern

Statistical Quantification Features
(Mean M/Std S/Entropy E) and

Discriminative Implications
Representative Sample

Paddy
Regular grid-like

uniform texture formed
by field ridges.

• Mean M: Moderate, reflecting the
average reflectance intensity of
vegetation and ridges.

• Standard Deviation S: Low. High
internal homogeneity and low contrast,
a key indicator for distinguishing
paddy fields.

• Entropy E: Low. Regular, ordered
structure with low spatial complexity.

Dryland
Directional striped
texture due to crop
rows and ridges.

• Mean M: Moderate, influenced by crop
coverage.

• Standard Deviation S: Medium.
Periodic medium contrast arises from
differences between inter-row soil and
crop bands.

• Entropy E: Medium. Directional
structure exists, but with some
management-induced variation.  

Garden
Granular dot-matrix

texture formed by
discrete tree canopies.

• Mean M: Can be relatively high or
variable, depending on canopy closure.

• Standard Deviation S: High.
Significant brightness differences
between canopy clusters and shaded
gaps result in the highest internal
contrast.

• Entropy E: High. Random spatial
distribution and the most complex,
disordered structure.

 

3.1.5. Spatiotemporal Coupling Feature Construction

Based on the three statistical measures mentioned above, each parcel obtains a
3 × C-dimensional feature vector Vi,t at its corresponding time phase:

Vi,t = [[M(1)
i,t , S(1)

i,t , E(1)
i,t ], ..., [M(c)

i,t , S(c)
i,t , E(c)

i,t ]]. (5)

3.1.6. Random Forest-Based Classification

The Random Forest (RF) algorithm was employed as the classifier due to its effective-
ness in handling high-dimensional features and its capability to provide feature importance
assessments. RF learns the complex discriminant rules described earlier by constructing
a multitude of decision trees. Each tree identifies optimal split points using different
subsets of features and temporal phases, and the final robust decision is made through
ensemble voting.
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A dataset was constructed by pairing the spatiotemporal coupling feature vectors Vi,t

with their corresponding ground truth land class labels. This dataset was then split into
training and testing sets in a 7:3 ratio. A classifier was trained on this data to classify all
farmland parcels across the entire Jiangjin District.

3.1.7. Multi-Temporal Feature Integration Strategy

The foundational workflow of the “spatiotemporally coupled” framework proposed
in this study is to invoke the corresponding feature extractor for each parcel based on its
dominant temporal phase, generating and utilizing a single-temporal feature vector for
classification. This process effectively overcomes the model learning conflicts caused by
the mosaicking of multi-temporal imagery across the entire region.

To further explore the potential of integrating multi-seasonal information to enhance
classification accuracy, this paper designs and implements a multi-temporal feature integra-
tion strategy as a comparative experiment. The core premise of this strategy is that, where
actual data permit—meaning the same parcel is covered by cloud-free imagery at multiple
different temporal phases within a year—we can construct a more informative composite
feature vector for that parcel.

The specific implementation steps are as follows: (1) Multi-Temporal Data Alignment:
For a given parcel, identify which temporal segments, among all defined, have available,
quality-qualified imagery coverage. (2) Multi-Temporal Feature Extraction: For each
available temporal phase of the parcel, invoke its corresponding DTFEN model to generate
the pixel-level texture feature map for that phase. This map is then cropped and statistically
quantified based on the parcel’s vector boundary to obtain the feature vector for that phase.
(3) Temporal Feature Concatenation: The feature vectors calculated for the parcel across
all available temporal phases are concatenated in chronological order, forming a longer
composite feature vector that integrates multi-temporal texture information. (4) Classifier
Training and Prediction: A new Random Forest classifier is trained using the composite
feature vectors of the parcels and their corresponding labels. During prediction, the
composite feature vector for each parcel is similarly constructed and used for classification.

The primary distinction between this strategy and the basic single-temporal “spa-
tiotemporally coupled” workflow lies in the fact that the latter uses features from only a
single temporal phase per parcel, whereas the former integrates features from all available
temporal phases for the parcel. This enables the capture of complementary texture pat-
terns exhibited by the same parcel across different phenological stages (e.g., fallow period,
growth stage, maturity stage).

3.2. Experiment

To clearly elucidate the experimental workflow and data usage in this study, this
section provides a detailed explanation of the dataset composition, division methods,
and specific purposes involved in model training and evaluation. The data usage in this
research spans two core stages: (1) the self-supervised training of the Deep Texture Feature
Extraction Network (DTFEN), and (2) the training and testing of the Random Forest (RF)
classifier based on parcel feature vectors. These two stages utilize datasets of different
natures and for distinct purposes.

The self-supervised training of DTFEN aims to enable the network to learn general
and discriminative texture feature representations from high-resolution imagery without
relying on extensive manual annotation. For this purpose, 200 unlabeled image patches of
size 500 × 500 pixels were uniformly cropped as training samples from the multi-temporal
GF-2 imagery covering the study area through manual visual interpretation. These samples
encompass all major phenological stages and land cover conditions within the study area,
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ensuring that the network is exposed to and learns diverse texture patterns throughout the
annual cycle.

In the supervised training and testing stage of the Random Forest classifier, the
features extracted by the aforementioned DTFEN are utilized to determine the category
of each geographic entity. The classification unit in this study is the agricultural parcel,
which possesses clear vector boundaries and practical management significance. A total
of 901,263 agricultural parcels were identified within the study area, forming the target
population for classification. To support model training and evaluation, a stratified random
sampling approach was adopted to select 21,543 parcels as the labeled sample set. This
sampling strategy was designed to ensure coverage of all land-use types (paddy fields,
dry farmland, and garden land) and every temporal phase present across the study area,
thereby maintaining representativeness of the overall parcel population. The corresponding
land use type labels (paddy field, dry farmland, gardens) for each parcel were obtained
through manual visual interpretation of high-spatial-resolution remote sensing imagery
supplemented by field verification, thereby constituting the supervised learning dataset.
This dataset was randomly split in a 7:3 ratio into a training set (15,080 parcel samples) and
a test set (6463 parcel samples), which were used for training the Random Forest classifier
and evaluating its final classification performance, respectively.

Regarding the specific settings for temporal segmentation, this study divides the
mosaicked imagery covering the entire region into 7 temporal segments based on image
acquisition dates, i.e., segmentation by month. Accordingly, we trained 7 independent
DTFEN models, each specifically optimized for imagery from one temporal segment.
Segmentation by month is based on considerations of data availability and experimental
design precision. In practical applications, to balance accuracy and efficiency, months with
similar spectral and texture characteristics (such as combining the vigorous growth months
of June, July, and August) can be merged into a single phenological phase for processing,
thereby reducing the number of models and lowering computational and storage costs.

In the specific operational procedure, DTFEN models are first trained separately
for the imagery of each temporal segment. The balancing hyperparameter λ is set to 1.
Training is performed using the Adam optimizer with a learning rate of 1 × 103 and a
batch size of 4. Each DTFEN model is trained for approximately 300 epochs until the loss
converges. Based on the temporal phase information of the imagery, the corresponding
feature extractor is invoked to generate a pixel-level texture feature map. In order to balance
texture feature extraction performance with computational cost, the dimensionality of the
feature map output by the DTFEN model was set to 8 in this experiment. Subsequently, the
vector boundaries of the parcels are used to crop the feature map, and statistical measures
such as the mean, standard deviation, and entropy of the features within each parcel are
calculated to generate a feature vector for each parcel. Finally, a Random Forest classifier is
trained separately for the imagery of each temporal segment. Based on the temporal phase
information of the imagery, the corresponding classifier is invoked to classify the parcels.

To ensure the rigor of the comparative experiments, the traditional CNN model used
as a baseline in this study adopts a representative U-Net architecture. This model serves
as a purely supervised feature extractor in the experiment. Its encoder comprises four
downsampling stages, utilizing 3 × 3 convolutional kernels and ReLU activation functions
to extract features, while the decoder restores spatial details through upsampling and
skip connections. Unlike the self-supervised pre-training of DTFEN, this CNN model
undergoes end-to-end supervised training directly on the same set of 200 labeled image
patches (derived from the same source as DTFEN’s training samples but with category
labels assigned). The loss function used is cross-entropy loss. After training convergence,
its classification head is removed, and the encoder along with the initial part of the decoder
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are repurposed as a feature extractor to generate deep feature vectors for parcels in the
same manner as DTFEN. The original CAPTN model strictly adheres to the architecture
and classification objectives described in its source paper for training and testing, with
its results used to quantify the performance gains achieved through the improvements
introduced in this study.

The implementation of this study was based on the PyTorch 2.6 framework. The
experiments were conducted on a hardware configuration comprising an NVIDIA GeForce
RTX 4060 GPU (with 16 GB of VRAM) and an Intel i7-13700H CPU, with acceleration
provided by the CUDA 12.4 library.

3.3. Evaluation Metrics

To comprehensively evaluate the performance of the land use classification method,
this study employs four widely recognized evaluation metrics: Overall Accuracy (OA),
User’s Accuracy (UA), Producer’s Accuracy (PA), and the Kappa coefficient. These metrics
quantify the accuracy and reliability of the classification results from different perspectives.

Overall Accuracy (OA) measures the proportion of correctly classified samples, reflect-
ing the overall performance of the classifier. It is calculated using the following formula:

OA =
∑k

i−1 TPi

N
, (6)

where TPi represents the number of correctly classified samples for the i-th category, k
denotes the total number of categories, and N is the total number of samples.

User’s Accuracy (UA) measures the reliability of classification results, representing
the proportion of samples classified as a specific category that truly belong to that category.
It is calculated as follows:

UAi =
TPi

TPi + FPi
× 100%, (7)

where FPi represents the number of samples from other categories that are falsely classified
as the i-th category.

Producer’s Accuracy (PA) measures the classifier’s ability to correctly identify each
category, representing the proportion of actual ground truth samples of a specific category
that are correctly classified. It is calculated as follows:

PAi =
TPi

TPi + FNi
× 100%, (8)

where FNi denotes the number of samples from the i-th category that are misclassified into
other categories.

The Kappa coefficient assesses the degree of agreement between classification results
and ground truth, accounting for the effects of random classification. It is calculated
as follows:

kappa =
OA − Pe

1 − Pe
, (9)

where:

Pe = ∑k
i=1

(TPi + FPi)× (TPi + FNi)

N2 (10)

4. Results and Analysis
4.1. Land Use Classification Results

A total of 901,263 farmland parcels were identified with their current land use types in
the study area, including 481,506 paddy field parcels, 390,998 dry farmland parcels, and
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317,075 orchard parcels, accounting for 40.47%, 32.87%, and 26.66% of the total parcels
respectively. The overall distribution of farmland parcels is shown in Figure 6.

Figure 6. Farmland Parcel Distribution.

4.2. Comparison and Analysis

To evaluate the extraction results, this study designed the following set of experiments:
(1) A comparison between the parcel-based method proposed in this study and tradi-
tional pixel-based and object-based methods is carried out. All methods utilized the same
spectral + GLCM features and Random Forest classifier, with experiments conducted both
with and without the spatiotemporal coupling approach. (2) A comparison between the
deep texture feature method DTFEN used in this study and traditional methods using
spectral features, traditional texture features, conventional convolutional neural networks,
and the original CAPTN is conducted. In this set of experiments, all classification targets
were parcels. (3) A comparison between classification results using single-temporal texture
features and those using multi-temporal features is performed. (4) Ablation Experiments
for Key Components in DTFEN are conducted.

Table 2 presents the performance of combinations involving different classification
units and spatiotemporal coupling strategies. An in-depth analysis reveals that the parcel-
based classification method achieved optimal performance when combined with the spa-
tiotemporal coupling strategy (OA = 85.6%, Kappa = 0.812). This result validates the
theoretical advantage of using geographic entities with clear management significance
as classification units. Compared with the pixel-based method, the parcel-based method
improved OA by 7.4 percentage points and the Kappa coefficient by 0.114, indicating
that the parcel unit effectively overcomes the “salt-and-pepper noise” issue inherent in
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pixel-based methods while avoiding the segmentation scale sensitivity associated with
object-based methods.

Table 2. Comparative accuracy analysis of classification units and spatiotemporal coupling approaches.

Unit Spatiotemporal
Coupling OA (%) Kappa Paddy

PA (%)
Paddy
UA (%)

Dry
PA (%)

Dry
UA (%)

Garden
PA (%)

Garden
UA (%)

Pixel No 75.2 0.698 74.3 73.8 75.1 75.6 76.2 75.2
Pixel Yes 78.1 0.726 77.2 76.9 78.3 78.7 78.8 78.1

Object No 80.3 0.752 79.5 79.1 80.6 81.2 80.8 80.3
Object Yes 83.5 0.791 82.7 82.3 83.8 84.1 84.0 83.5
Parcel No 82.4 0.781 81.6 81.2 82.7 83.2 82.9 82.4
Parcel Yes 85.6 0.812 84.9 84.8 85.3 85.6 86.1 85.7

The introduction of the spatiotemporal coupling strategy significantly enhanced clas-
sification accuracy across all methods. Specifically, the pixel-based method improved by
2.9 percentage points, the object-based method by 3.2 percentage points, and the parcel-
based method by 3.2 percentage points. This demonstrates the universal applicability of
the spatiotemporal coupling strategy in effectively integrating multi-temporal information
and mitigating the uncertainty of single-temporal features.

Table 3 compares the performance of different feature extraction methods using parcel-
based classification units. The proposed DTFEN method achieved the best classification
results, with an OA of 92.3% and a Kappa coefficient of 0.892, significantly outperform-
ing all other comparative methods. These results fully demonstrate the representational
advantages of deep texture features in complex agricultural scenarios.

Table 3. Accuracy comparison of different feature extraction methods.

Feature OA (%) Kappa Paddy
PA (%)

Paddy
UA (%)

Dry
PA (%)

Dry
UA (%)

Garden
PA (%)

Garden
UA (%)

Spectral 80.5 0.752 79.4 78.9 80.8 81.3 81.3 81.2
Traditional Texture 83.2 0.781 82.1 81.6 83.5 84.0 84.0 83.9

CNN 86.4 0.823 85.3 84.8 86.7 87.2 87.2 87.1
CAPTN 88.7 0.845 87.6 87.1 89.0 89.5 89.5 89.4
DTFEN 92.3 0.892 91.2 90.7 92.6 93.1 93.1 93.0

In-depth analysis reveals that deep learning methods substantially surpass traditional
feature extraction approaches. DTFEN improved OA by 9.1 percentage points compared
to traditional texture feature methods, proving the superiority of deep texture features in
characterizing complex spatial patterns. Gardens achieved the highest User‘s Accuracy
(UA) and Producer’s Accuracy (PA) (both around 93%) under DTFEN features. This high
accuracy can be attributed to the texture frequency attention mechanism, which enhances
the perception of regular planting patterns—gardens (e.g., orchards, pepper gardens)
typically exhibit a regular planting structure, appearing as periodic and directional texture
dot-arrays in the imagery. In contrast, the identification accuracy for drylands (UA ≈ 93.1%,
PA ≈ 92.6%), while still at a high level, is slightly lower than that of gardens. This may
stem from the higher intra-class heterogeneity of drylands: their surface cover can vary
rapidly from bare soil to sparse or dense crops. This inherent high intra-class variance
poses a greater challenge to the model‘s feature generalization capability.

Compared to conventional CNN methods, DTFEN improved OA by 5.9 percentage
points, indicating that pure convolutional feature extraction is insufficient for fully exploit-
ing discriminative information in agricultural textures. Through the synergistic effects
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of texture frequency attention, depth permutation, and Chebyshev transformation, DT-
FEN achieves comprehensive capture of multi-scale characteristics in agricultural textures.
Particularly when dealing with complex terrain in hilly and mountainous areas, DTFEN
demonstrates stronger robustness, effectively overcoming the influences of illumination
and shadows caused by topography.

Table 4 presents the ablation experiment results for DTFEN. The experimental results
show that after removing the self-supervised loss, the Overall Accuracy (OA) decreases
by 4.2 percentage points and the Kappa coefficient drops by 0.061. This indicates that
the masked reconstruction and cross-view consistency tasks effectively drive the network
to learn more discriminative and robust intrinsic texture features rather than superficial
appearance variations. When the TFA module is removed, OA decreases by 1.8 percentage
points and Kappa drops by 0.025. The performance decline is particularly noticeable in
the garden category, which aligns with the qualitative analysis. The TFA module explicitly
guides the network to focus on discriminative texture regions in the spatial domain (e.g.,
regularly arranged plant-canopy dot-matrix patterns in gardens), thereby enhancing the
perception of such ordered spatial patterns.

Table 4. Ablation study results of key components in DTFEN.

Model Variant OA (%) Kappa Paddy
PA (%)

Paddy
UA (%)

Dry
PA (%)

Dry
UA (%)

Garden
PA (%)

Garden
UA (%)

DTFEN (Full) 92.3 0.892 91.2 90.7 92.6 93.1 93.1 93.0
DTFEN (w/o

Self-Supervision) 88.1 0.831 88.2 87.9 88.5 88.3 88.1 87.4

DTFEN (w/o TFA) 90.5 0.867 89.3 88.9 90.2 91.3 90.8 91.2

The ablation experiments quantitatively confirm the effectiveness of each designed
component in DTFEN. Self-supervised learning is the core contributor to improving feature
quality, while the TFA module provides beneficial enhancement for specific regular texture
patterns in agricultural scenes. The synergistic operation of these components enables
DTFEN to extract highly discriminative and robust deep texture features from very high-
spatial-resolution remote sensing imagery, laying a solid foundation for subsequent parcel-
level classification.

Table 5 compares the performance differences between two feature utilization strate-
gies based on the ‘spatiotemporally coupled’ framework: the single-temporal strategy
(i.e., the basic workflow described in Sections 3.1.1–3.1.6, where each parcel uses only the
features from its corresponding temporal phase) and the multi-temporal feature integration
strategy (i.e., the method described in Section 3.1.7, which involves concatenating fea-
tures from all available temporal phases for each parcel during training and classification).
Building upon the DTFEN method, the multi-temporal strategy achieved an OA of 94.1%,
representing an improvement of 1.8 percentage points over the single-temporal approach,
with a Kappa coefficient increase of 0.032.

The advantage of the multi-temporal strategy is most evident in paddy field identifica-
tion, where UA and PA increased by 1.9 and 1.6 percentage points respectively. This can
be attributed to the highly complementary characteristic patterns of paddy fields across
different phenological phases: the specular reflection features during spring plowing pro-
vide extremely high discriminative power but may diminish in other periods; the uniform
vegetation coverage during the growth phase shows high similarity with other vegetation
types; and the golden spike texture during the maturity phase exhibits unique spatial
distribution patterns. The multi-temporal features effectively integrate this complementary
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information through spatiotemporal coupling, whereas single-temporal methods can only
capture localized characteristics from specific periods.

Table 5. Accuracy comparison of temporal feature utilization strategies.

Temporal OA (%) Kappa Paddy
PA (%)

Paddy
UA (%)

Dry
PA (%)

Dry
UA (%)

Garden
PA (%)

Garden
UA (%)

Single-temporal 92.3 0.892 91.2 90.7 92.6 93.1 93.1 93.0
Multi-temporal 94.1 0.924 93.1 92.3 93.2 94.3 94.4 94.3

The multi-temporal strategy also delivered significant improvements for dry farmland
and gardens. Dry farmland undergoes continuous transformation from plowed soil to
dense vegetation across different growth stages, while gardens demonstrate periodic char-
acteristics from flowering to fruiting phases. These temporal variation patterns are fully
exploited through multi-temporal analysis, providing additional discriminative informa-
tion for land class identification. Notably, the performance of the multi-temporal strategy
during the fallow period proves particularly crucial, as the simplified surface coverage
during this phase effectively reveals fundamental differences between perennial gardens
and seasonal croplands.

5. Discussion
5.1. Advantages and Computational Trade-Offs of the Spatiotemporal-Coupled Framework

The spatiotemporally coupled classification framework proposed in this study effec-
tively addresses the core challenge of temporal inconsistency caused by multi-temporal
mosaicking in high-spatial-resolution remote sensing imagery for land use classification.
This is achieved by proactively dividing the full-coverage multi-temporal mosaicked im-
agery into several internally temporally consistent sub-regions during the preprocessing
stage and training dedicated feature extractors for each. It is important to note that a
temporal segmentation strategy that is too fine-grained or fragmented could theoretically
increase the complexity of model training and management. We argue that while this
“divide-and-conquer” strategy increases the workload of parallel modeling in the early
stages, its core advantage lies in significantly reducing the complexity of the sample dis-
tribution that a single model must fit. Each dedicated feature extractor needs only to
focus on learning the relatively homogeneous surface texture patterns under a specific
temporal phase, which is more efficient and stable than forcing a “universal” model to
memorize and reconcile contradictory features from the entire year. By constructing a
modular feature extractor library, the method can automatically invoke the corresponding
module based on the image’s temporal phase during the inference stage, achieving “train
once, reuse multiple times.” This automated workflow does not continuously increase the
manual burden in practical applications; instead, by enhancing the focus and robustness of
the single-temporal-phase models, it improves the overall repeatability and operational
efficiency of the method.

The choice of the “temporal segment-specific model training” spatiotemporal coupling
strategy is primarily motivated by methodological simplicity and effectiveness, rather than
a disregard for computational cost. Compared to training a large unified model that needs
to learn complex spatiotemporal invariance, our strategy decomposes the problem into
several simpler sub-problems (single-temporal-phase feature modeling). Although this
“divide-and-conquer” strategy requires training N independent DTFEN models for N
temporal segments upfront, leading to approximately N-fold initial training time, each
model converges faster due to its simpler task, and the overall training process is easily
parallelizable. More importantly, during the inference and application stages, this strategy
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avoids the complex fine-tuning often required by unified models to adapt to the temporal
characteristics of new regions. Its modular design allows the model library to be pre-built
and reused. For the Jiangjin District application, while the total training time for the
7 models was higher than for a single model, it remained within an acceptable range (ap-
proximately one week), and the resulting accuracy improvement (e.g., 94.1% OA achieved
by the multi-temporal strategy) is significant. Therefore, this computational investment is
reasonable and efficient for practical applications pursuing high accuracy, interpretability,
and stability. Future optimizations could focus on developing more lightweight feature
extraction networks or exploring meta-learning-based rapid model initialization methods
to further reduce the marginal cost of the multi-model strategy.

5.2. Value and Future Directions of the Multi-Temporal Feature Integration Strategy

The experimental results of the multi-temporal feature integration strategy proposed in
this study show that by concatenating deep texture features of the same parcel across differ-
ent phenological stages, complementary information within the crop growth cycle—such as
the specular reflection characteristics of paddy fields during flooding periods and the vege-
tation coverage features during the growth stage—can be effectively leveraged. This further
improved the overall classification accuracy from 92.3% to 94.1%. This demonstrates that,
within the spatiotemporally coupled framework, the evolution from ‘addressing temporal
interference’ to ‘actively utilizing temporal information’ is both effective and necessary.
The successful implementation of this strategy relies on the availability of multi-temporal,
cloud-free imagery for the same parcel. In future work, exploring how to use time-series
reconstruction techniques or fuse dense time-series data from medium-to-low resolution
sources to compensate for the temporal coverage limitations of high-resolution imagery,
thereby enabling reliable multi-temporal feature fusion across broader areas, represents a
valuable research direction.

5.3. Description of Method Adaptability

The core idea of this method is to reduce model learning difficulty through temporal
segmentation and combine it with feature statistics and classification based on geographic
entities (parcels). Selecting the Jiangjin District, characterized by complex terrain and
diverse planting structures, as the experimental area itself serves as a successful validation
of the model’s application in a complex scenario. For plain areas, where large-scale, regu-
larized farmland exhibits higher texture consistency, the temporal segmentation strategy in
this method can more effectively isolate feature differences arising from different farming
systems (e.g., single/double cropping rice). In plateau areas, strong illumination and topo-
graphic shadows are the main challenges. The cross-view consistency self-supervised task
adopted in DTFEN is precisely designed to enhance feature robustness against unstable
factors like illumination, and this mechanism can be directly transferred. For hilly areas,
their terrain fragmentation is similar to that of the experimental area, and the method has
demonstrated applicability. For special land types that may exist in coastal areas, such
as saline-alkali land or aquaculture ponds, targeted training samples and features can
be introduced in the “parcel classification” stage of this framework to enable extended
recognition. Therefore, this framework provides an extensible solution paradigm, the
applicability of which hinges on adjusting the temporal segmentation scheme and parcel
sample library according to the characteristics of new regions. However, it must also be
pointed out that the current research conclusions are based on a single region and three
types of agricultural land. Their generalizability needs systematic validation across more
diverse geographic units and a broader range of land use types (e.g., forests, grasslands,
construction land). Especially for non-agricultural contexts like urban land use, the tempo-
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ral change patterns of features may differ fundamentally from agricultural phenology (e.g.,
changes in built-up areas stem more from construction activities than natural rhythms).
Nevertheless, the “temporal segmentation” concept of this framework remains valuable.
For instance, temporal phases could be divided based on different development stages of
urban areas or according to seasonal variations in illumination and vegetation (e.g., park
green spaces) to address spectral-textural differences within cities arising from construction
timing or seasons. The key is that this framework provides an extensible paradigm whose
applicability is not a mechanical replication but requires flexible adjustment of the basis for
temporal segmentation and the strategy for building parcel feature libraries according to
the spatiotemporal variation patterns of new regions and categories.

5.4. Advantages over Existing Methods

Compared to previous models, the advantages of this study are mainly reflected in
three aspects. First, compared to a unified deep learning model trained directly on mixed
multi-temporal data, this method, through the spatiotemporally coupled framework, funda-
mentally avoids the performance degradation caused by the model learning contradictory
features. This is reflected in the experimental results (Tables 2 and 3), especially in the
significant improvement in the recognition accuracy of paddy fields. Second, compared
to studies that focus solely on improving network architecture to enhance feature repre-
sentation, this study innovatively and systematically integrates deep feature learning with
geographic entities (parcels) that have clear management significance. Through the work-
flow of “deep feature extraction–entity constraint–statistical quantification,” it combines
deep learning models adept at capturing pixel-level details with object-level analysis units
(e.g., parcels) possessing clear geographic meaning, successfully transforming pixel-level
feature representations into object-level geographic information products. This technical
approach not only fully leverages the advantages of deep learning in extracting fine details
from high-resolution imagery but also ensures that the final output directly corresponds to
the geographic entities of concern in practical land management and agricultural survey
operations, thereby significantly enhancing the practical value and interpretability of the
research outcomes. Third, compared to supervised learning relying on large amounts of
labeled samples, the self-supervised learning strategy introduced in the feature extraction
stage reduces dependence on large-scale, finely annotated data, enabling the model to learn
more generalizable texture representations from vast amounts of unlabeled imagery.

5.5. Limitations and Future Work

Of course, the method in this study also has certain limitations, which point the
way for future work. First, the current temporal segmentation relies to some extent on
prior phenological knowledge and the completeness of image acquisition dates. Future
work could explore data-driven (e.g., cluster analysis) adaptive temporal segmentation
methods to enhance the framework’s automatic adaptability to different regions and data
acquisition conditions. Second, the method has relatively high requirements for input
image quality (e.g., cloud cover, orthorectification accuracy) and may face challenges in
areas with frequent cloud cover. Future research could consider integrating remote sensing
data sources with strong penetration capabilities, such as radar, to build a multimodal
spatiotemporally coupled analysis framework for improved robustness. Finally, although
the method demonstrates superiority in the Jiangjin District, its generalizability across
broader areas and more diverse geographic landscapes still needs further verification
through cross-regional systematic comparative experiments. Developing lightweight model
migration and adaptive fine-tuning strategies will be key to promoting the operational
application of this method.
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6. Conclusions
This study addresses the issue of temporal inconsistency caused by multi-temporal

mosaicking in high-resolution remote sensing imagery by proposing a land use classifica-
tion method oriented toward geographic entities and based on spatiotemporal coupling.
The method divides the study area into sub-regions based on image acquisition time and
trains dedicated feature extractors for each sub-region, thereby reducing model learning
complexity at its source. Furthermore, it integrates pixel-level texture features extracted
via deep learning with vector boundaries of land parcels that carry clear management
significance. By performing multi-dimensional statistical quantification—including mean,
standard deviation, and entropy—it constructs parcel-level feature descriptors that are both
highly discriminative and geographically meaningful. Finally, accurate classification of
parcels is achieved using a Random Forest classifier. Empirical validation in the typical
complex agricultural area of Jiangjin, Chongqing, demonstrates the effectiveness of the
proposed spatiotemporal coupling framework, achieving an overall classification accuracy
and Kappa coefficient of 92.3% and 0.89, respectively. The method shows particular im-
provement in the recognition accuracy of land types such as paddy fields, where texture
features vary significantly with phenology. This provides a feasible technical solution for
operational applications such as land surveying and agricultural monitoring.
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19. Bantchina, B.B.; Gündoğdu, K.S.; Yazar, S.; Author, C. Crop type classification using Sentinel-2A-derived normalized difference
red edge index (NDRE) and machine learning approach. Bursa Uludağ Üniversitesi Ziraat Fakültesi Derg. 2024, 38, 89–105.
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