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Abstract

Multi-source remote sensing spatiotemporal fusion aims to enhance the temporal continu-
ity of high-spatial, low-temporal-resolution images. In recent years, deep learning-based
spatiotemporal fusion methods have achieved significant progress in this field. However,
existing methods face three major challenges. First, large differences in spatial resolution
among heterogeneous remote sensing images hinder the reconstruction of high-quality
texture details. Second, most current deep learning-based methods prioritize spatial in-
formation while overlooking spectral information. Third, these methods often depend
on complex network architectures, resulting in high computational costs. To address the
aforementioned challenges, this article proposes a Sparse Fast Transformer fusion method
based on Generative Adversarial Network (SFT-GAN). First, the method introduces a
multi-scale feature extraction and fusion architecture to capture temporal variation features
and spatial detail features across multiple scales. A channel attention mechanism is sub-
sequently designed to integrate these heterogeneous features adaptively. Secondly, two
information compensation modules are introduced: detail compensation module, which
enhances high-frequency information to improve the fidelity of spatial details; spectral
compensation module, which improves spectral fidelity by leveraging the intrinsic spectral
correlation of the image. In addition, the proposed sparse fast transformer significantly
reduces both the computational and memory complexity of the method. Experimental
results on four publicly available benchmark datasets showed that the proposed SFT-GAN
achieved the best performance compared with state-of-the-art methods in fusion accuracy
while reducing computational cost by approximately 70%. Additional classification exper-
iments further validated the practical effectiveness of SFT-GAN. Overall, this approach
presents a new paradigm for balancing accuracy and efficiency in spatiotemporal fusion.

Keywords: spatiotemporal fusion; remote sensing; multi-source data; generative adversarial
network (GAN); transformer

1. Introduction
Remote sensing has been extensively used in a wide range of Earth observation tasks,

including continuous crop growth monitoring for agricultural assessment [1–3], analysis
of the water environment [4,5], and long-term ecosystem evaluations such as forest cover
change [6–8] as well as desertification monitoring [9–11]. The dynamic monitoring of the
ground surface requires remote sensing data with high spatial and temporal resolutions.
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Current mainstream optical remote sensing data can be categorized into hyperspectral,
multispectral, and panchromatic images. Hyperspectral images typically consist of hun-
dreds of contiguous narrow spectral bands (e.g., 100–200 bands within the 400–2500 nm
range), providing a high spectral resolution but relatively low spatial and temporal resolu-
tions. Panchromatic images consist of only one broad spectral band and produce grayscale
imagery with the highest spatial resolution, but they lack rich spectral information. Mul-
tispectral images typically include 4–20 relatively broad bands, striking a balance with
moderate spatial and temporal resolutions and are widely used in various applications.
However, existing multispectral satellite systems face a fundamental trade-off: relatively
high-spatial-resolution satellites (e.g., Landsat) are limited by a narrow width and long
revisit period, resulting in inadequate temporal continuity; and high-frequency observing
systems (e.g., MODIS) are constrained by a low spatial resolution, which makes it difficult
to capture the detailed features of the ground surface. To address this limitation, multi-
source remote sensing spatiotemporal fusion techniques have emerged as a promising
solution. These techniques fuse multispectral imagery from different sources. The main
concept of spatiotemporal fusion is to generate high-quality images with both fine spatial
and temporal resolutions by integrating complementary information from multiple remote
sensing sources [12].

Spatiotemporal fusion methods generate fused images by extracting spatial details
and capturing temporal variations. The fundamental principle is to establish a mapping
between temporal changes and spatial structures through the synergistic integration of
multispectral high-spatial–low-temporal-resolution images (fine-resolution images) and
multispectral low-spatial–high-temporal-resolution images (coarse-resolution images). Ex-
isting spatiotemporal fusion approaches are broadly categorized into two groups: tradi-
tional model-driven methods and data-driven deep learning methods [13]. Traditional
model-driven approaches are further divided into three main types: weight function-based,
unmixing-based, and sparse representation-based methods. Weight function-based meth-
ods model coarse-to-fine image relationships using spatiotemporal neighborhood similarity
and weighting functions [14]. For example, The Spatial and Temporal Adaptive Reflectance
Fusion Model (STARFM) [15] assumes coarse pixel spectral purity and transfers reflectance
changes via weighting to predict the target fine image from a prior one. While flexible and
physically interpretable, these methods often fail in areas of abrupt land surface change.
Unmixing-based methods [16,17] apply linear spectral mixture theory, decomposing coarse
pixels into endmembers (pure land cover spectra) and their abundances (fractional cover).
They reconstruct fused images by integrating fine image spatiotemporal information. The
Flexible Spatiotemporal Data Fusion Algorithm (FSDAF) [18] combines weight function
and unmixing concepts: it estimates homogeneous region spectral variations, interpolates
spatial changes, and fuses spectral and spatial features to generate fine images. Unmixing
methods offer fine pixel decomposition and handle local changes well but struggle with
subtle land cover transitions. Sparse representation-based methods [19] decompose images
into sparse dynamic and low-rank static components. Within a sparse coding framework,
they jointly model coarse image temporal evolution and a fine image global structure,
suppressing noise while enhancing spatiotemporal consistency and preserving fine details.
The Error-Bound-Regularized Sparse Coding Dictionary Learning (EBSCDL) model [20]
employs error-bound regularization to constrain dictionary perturbations and block-sparse
constraints to better model local structural correlations. However, these methods’ strong
reliance on local sparsity limits their ability to model cross-scale dependencies and complex
nonlinear dynamics, consequently restricting their preservation of global consistency and
representation of sudden changes.
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Compared with traditional model-driven methods, deep learning-based methods can
capture the complex spatiotemporal relationships implicit in large-scale remote sensing
data. As a result, deep learning has been extensively applied in spatiotemporal fusion
tasks in recent years [21]. Generative Adversarial Network (GAN) [22], as a revolutionary
generative model, has been widely used in image generation, super-resolution, and other
fields [23]. Consequently, GAN has also been introduced into remote sensing spatiotem-
poral fusion tasks [24–26]. The GAN-STFM method [27] breaks the temporal constraints
on reference image selection, significantly improving the flexibility of the fusion process.
However, this increased flexibility may compromise the accuracy of the fused images. The
PSTAF-GAN method [28] designs a flexible multi-scale feature extraction framework to
capture hierarchical features and adopts a progressive fusion strategy to enhance fusion
accuracy. The MLFF-GAN method [29], based on the U-Net architecture, adopts multi-level
feature fusion to improve fusion accuracy in regions undergoing change. The HPLTS-GAN
method [30] is designed to enhance model performance in temporally insensitive tasks by
minimizing reliance on temporal information while preserving prediction accuracy. This
approach effectively improves the spatiotemporal consistency of the fused images and
substantially enhances the model’s overall performance.

The convolutional neural network (CNN), known for its powerful feature extraction
capabilities, has become one of the most prominent approaches in multi-source remote
sensing image spatiotemporal fusion [31–34]. The Enhanced Deep Convolutional Spa-
tiotemporal Fusion Network (EDCSTFN) [35] uses multi-receptive-field convolutional
layers to extract multi-scale spatial features. Deeper layers capture abstract semantic infor-
mation, while shallower layers preserve high-frequency details, improving the modeling of
complex land cover. However, despite its strong spatiotemporal performance, it struggles
to capture subtle long-term temporal variations. The MLKNet method [36] introduces a
multi-level knowledge modeling mechanism to fully leverage the complementary nature
of hierarchical features, such as shallow structural information and deep semantic rep-
resentations, thereby enhancing the network’s capability to model complex scenes. The
CIG-STF method [37] effectively integrates change detection with spatiotemporal fusion,
substantially improving fusion accuracy for abrupt land cover changes (such as floods and
landslides) in fused images, thereby enhancing the model’s practicality.

CNN is effective at extracting local image features but struggles to model long-range
dependencies. In contrast, the transformer leverages self-attention to model global depen-
dencies, making it well-suited for tasks involving long-range context understanding and
cross-modal learning. These advantages have contributed to the widespread adoption of
the Vision Transformer (ViT) [38] in computer vision. ViT employs self-attention to capture
global relationships between image patches, enabling robust global feature representation,
especially when trained on large-scale datasets. Several ViT-based approaches have been
proposed for spatiotemporal fusion in remote sensing [39–41]. For example, STINet [42]
fuses multi-scale spatiotemporal features to capture variations across land cover types, but
it may introduce local texture distortions. STM-STFNet [43] integrates Swin Transformer’s
global context modeling with multi-dimensional attention to jointly predict images in both
spatial and temporal domains. This design improves accuracy under complex surface
changes, such as land cover transitions. SwinSTFM [44] combines pixel-level attention
with spectral mixture theory to enhance fusion performance. However, similar to other
transformer-based approaches, it suffers from a high computational complexity.

In summary, while many deep learning-based spatiotemporal fusion methods have
achieved promising performance, several limitations remain:
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1. In spatiotemporal fusion tasks, the significant resolution gap between coarse- and
fine-resolution images poses a major challenge for reconstructing high-quality tex-
ture details.

2. Existing deep learning-based spatiotemporal fusion methods often emphasize spatial
details while neglecting spectral information, resulting in fused images with high
spatial fidelity but significant spectral distortion.

3. Most existing end-to-end deep learning-based spatiotemporal fusion methods rely
on relatively complex neural network architectures, which often lead to a high com-
putational complexity. The massive data volumes of remote sensing images further
intensify this computational burden.

Although existing deep learning-based methods have achieved impressive results,
no comprehensive solution has been proposed to address all three issues simultaneously.
To address the aforementioned limitations, this article proposes a deep learning-based
model, Sparse Fast Transformer fusion method based on Generative Adversarial Net-
work (SFT-GAN). Compared to existing deep learning-based multi-source remote sensing
spatiotemporal fusion methods, the proposed SFT-GAN offers the following contributions:

1. To concentrate on the first limitation, SFT-GAN adopts a multi-level pyramid archi-
tecture and designs a flexible channel attention fusion mechanism to adaptively fuse
spatial detail features and temporal variation features, enhancing informative chan-
nels while suppressing irrelevant noise. In addition, a Detail Compensation Module
(DCM) is introduced to fully leverage spatial prior information from the reference
image. The DCM applies the Butterworth filter to decompose the image into high- and
low-frequency components at multiple scales, enhancing the high-frequency details
to improve texture representation.

2. To address the second limitation, a Spectrum Compensation Module (SCM) is de-
signed to leverage spectral prior information from reference images. Specifically,
SCM analyzes inter-band correlations in coarse-resolution images to extract intrinsic
spectral patterns, which are used to guide the reconstruction of fine-resolution images,
thereby enhancing the spectral fidelity of the fused image.

3. To focus on the third limitation, this article proposes the Sparse Transformer Module,
which optimizes the transformer using a KL divergence-based sparsity strategy, sig-
nificantly reducing the model’s computational complexity and memory consumption.
Under the same training conditions, the proposed method can process larger-scale
datasets, thereby improving overall efficiency and practical applicability.

The remaining contents are organized as follows. Section 2 presents the overall
architecture of the proposed SFT-GAN model. Section 3 validates the effectiveness of the
proposed method through both comparative and ablation experiments. Section 4 discusses
the proposed method’s performance and advantages and outlines potential directions
for future research. Section 5 concludes the article and outlines potential directions for
future work. Additional, the code is released at https://github.com/MaZhaoX/SFT-GAN
(accessed on 2 July 2025).

2. Methodology
SFT-GAN is a deep learning-based spatiotemporal fusion model based on Generative

Adversarial Network (GAN), integrating multiple modules to accurately capture spatiotem-
poral features and optimize fusion quality. The overall framework is illustrated in Figure 1,
consisting of two main components: the generator and the discriminator. The generator
(Section 2.1) comprises four key modules that work together to progressively enhance the
image quality and detail representation. The Sparse Transformer Module (Section 2.1.1)
constructs a multi-scale feature extraction mechanism, extracting both temporal variation

https://github.com/MaZhaoX/SFT-GAN
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features and spatial detail features. One Sparse Transformer Module captures temporal
variation features between the coarse-resolution images C1 at time t1 and C2 at time t2,
while the other focuses on the fine-resolution image F1 at time t1, extracting its spatial detail
features. The Feature Reconstruction Module (Section 2.1.2) reconstructs a preliminary
fused image using the extracted spatiotemporal features. The Detail Compensation Module
(Section 2.1.3) enhances texture details in the preliminary fused image to improve visual
fidelity. The Spectrum Compensation Module (Section 2.1.4) extracts the inter-band correla-
tions from the coarse-resolution image C2 at time t2 and performs spectral optimization
on the detail-enhanced fused image, ensuring consistency in spectral characteristics. The
discriminator (Section 2.2) distinguishes between real fine-resolution images and fused im-
ages generated by the generator. The generator and discriminator are trained adversarially
to improve the quality of the fused image.

Figure 1. Architecture of the spatiotemporal fusion GAN network. Ci(i = 1, 2) denotes the coarse-
resolution image at time ti(i = 1, 2); F1 denotes the fine-resolution image at time t1. F2 denotes
the fine-resolution image at time t2, which also serves as the ground truth for the discriminator; F̂
represents the fused image. The discriminator selects either F̂ or F2 as input.

2.1. Generator

The generator consists of four parts: Sparse Transformer Module, Feature Recon-
struction Module, Detail Compensation Module, and Spectrum Compensation Module.
Its overall structure is illustrated in Figure 2. The Sparse Transformer Module extracts
both spatial detail features and temporal variation features independently. The Feature
Reconstruction Module reconstructs the spatial detail features Si(i = 0, 1, 2, 3) and the
temporal variation features Ti(i = 0, 1, 2, 3) into a preliminary fusion image H3. The De-
tail Compensation Module is used to compensate for the detailed texture information of
the preliminary fusion image, and the Spectrum Compensation Module corrects spectral
distortions, finally resulting in the fine-resolution fused image F̂.
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Figure 2. Generator workflow diagram. The blue modules at the top consist of two Sparse Trans-
former Modules. The left module is designed to extract fine spatial features, while the right module
captures temporal variation features. The green module at the bottom is designated as the Feature
Reconstruction Module, where the Detail Compensation Module compensates for detailed informa-
tion and the Spectrum Compensation Module compensates for spectral information. F1 denotes the
fine-resolution image at time t1, Ci(i = 1, 2) denotes the coarse-resolution image at time ti(i = 1, 2),
Fi(i = 1, 2) denotes the fine-resolution image at time ti(i = 1, 2), and F̂ represents the fused image.

2.1.1. Sparse Transformer Module

The Vision Transformer (ViT) has been widely adopted in computer vision. However,
it continues to face challenges due to its high computational and memory requirements.
Remote sensing images typically contains much larger data volumes than natural images
due to their high spatial resolution, multispectral or hyperspectral bands, high radiometric
resolution, and extensive spatial coverage. As a result, applying ViT to remote sensing
images leads to even greater computational complexity. To mitigate this issue, we propose
a content-aware Sparse Transformer Block (STB), as shown in Figure 3. Recent studies
have explored incorporating sparse attention into transformers to reduce computational
complexity [45–47]. In multi-head self-attention, sparsity implies that each position attends
to only a subset of key positions rather than all positions in the sequence.

The Sparse Transformer Module comprises four STBs, each of which contains two
consecutive transformer encoders. Compared to the multi-head self-attention (MSA) in ViT,
the fast sparse multi-head self-attention (FS-MSA) in STB significantly reduces both compu-
tational complexity and space complexity. The structure of FS-MSA is illustrated in Figure 3.
The two-dimensional input token x ∈ Rn×d is first reshaped into a three-dimensional form
x̂ ∈ Rd×h×w, which is then processed by deep convolutional and LayerNorm layers. The
feature map size is proportionally reduced, with the reduction ratio adaptively determined
according to the input size. This process effectively performs a downsampling on the input
image, reducing the number of image patches when the image is converted into a sequence.
The results from the deep convolutional layers and LayerNorm are then reshaped back
into a two-dimensional form. key K and value V are obtained via projection, while the
query Q is directly projected from the original input x. The Sparse Block serves as the core
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component of FS-MSA, responsible for sparsifying the query Q. A detailed analysis of the
Sparse Block is presented below.

Figure 3. The network architecture diagram of the Sparse Transformer Block (STB). (a) STB workflow
diagram. The STB consists of a Patch Embedding, a Position Embedding, and two Transformer
Encoders. (b) Architecture of FS-MSA.

The attention mechanism can be viewed as a querying process, where Q and K are
used to compute similarity scores to obtain attention weights, which are then used to
perform a weighted sum over V. In other words, it represents a form of soft querying
mechanism [48]. The Softmax normalized attention weights are non-negative and sum to
1, thus having the characteristics of a probability distribution. Ideally, each query vector
q contributes equally to the attention features, implying a uniform distribution. If the
attention weights associated with a query vector q deviate from the uniform distribution,
it indicates that q contributes more significantly to the attention features. Conversely, if
the attention weights are approximately uniform, the contribution of q is close to average,
suggesting that it has a relatively average influence on the attention representation. In this
article, the Kullback–Leibler (KL) divergence is used to quantify the difference between
the probability distribution of a query vector q and the uniform distribution, as shown in
Equation (1), which is further simplified to yield Equation (2).

KL(m||n) = −
L

∑
j=1

m(k j|qi)ln(
n(k j|qi)

m(k j|qi)
) (1)
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KL(m||n) =
L

∑
j=1

m(k j|qi)ln(m(k j|qi))−
L

∑
j=1

m(k j|qi)ln(n(k j|qi)) (2)

where n(k j|qi) denotes the probability distribution of the i-th query q over the j-th key k,
while m(k j|qi) =

1
L represents the uniform distribution of the i-th query q over the j-th key k,

where L is the length of the sequence after transforming the image into patches. Since atten-
tion weights are typically discrete, kernel smoothing is applied to obtain a smoother proba-

bility distribution suitable for KL divergence computation, so that n(k j|qi) =
o(qi ,kj)

L
∑

l=1
o(qi ,kl)

is the

result of kernel smoothing, and we substitute this into Equation (2) to obtain the following:

KL(m||n) =
L

∑
j=1

1
L

ln
1
L
−

L

∑
j=1

1
L

ln
o(qi, k j)

L
∑

l=1
o(qi, kl)

(3)

where o(qi, k j) is the exponential kernel e
qikT

j√
d , and we substitute it into Equation (3) to obtain

KL(m||n) = ln
L

∑
l=1

e
qikT

l√
d − 1

L

L

∑
j=1

qikT
j√
d
− lnL (4)

Further, this article defines the sparsity dispersion measure M(qi, K) of the i-th query
vector q as

M(qi, K) = ln
L

∑
l=1

e
qikT

l√
d − 1

L

L

∑
j=1

qikT
j√
d

(5)

where M(qi, K) represents the sparsity dispersion measure of the ith query vector q,

ln ∑L
l=1 e

qikT
l√
d is the LogSumExp (LSE) operation, while 1

L

L
∑

j=1

qikT
j√
d

denotes their arithmetic

mean. A higher value of M(qi, K) indicates that the i-th query vector q contributes more
significantly to the attention features. However, computing this value still requires in-
tensive computation. To facilitate efficient estimation, this article proposes a heuristic
approximation method, as shown in Equation (6), to approximate the sparsity divergence
measure of the query vector q.

M̄(qi, K) = max
l

(
qikT

l√
d
)− 1

L

L

∑
j=1

qikT
j√
d

(6)

To identify the query vectors q with significant contributions to the attention weights,
the U′ = 2 ln L dot-product pairs are randomly selected to approximate the sparsity
divergence M̄(qi, K). Based on the values of M̄(qi, K), the top U = ln L query vectors
are chosen, as they are deemed to have substantial contributions to the attention weights.
These selected query vectors are grouped into Q̄ and used for self-attention computation.
This approach avoids computing all dot-product pairs, thereby significantly improving
computational efficiency. Therefore, this approach adopts a random sampling strategy
to select a subset of dot-product pairs for computing M̄(qi, K). The number of samples,
denoted as U′ = 2 ln L, increases with the sequence length L. This ensures that even for
large-scale images, a sufficient number of samples is retained, thus preventing potential
accuracy loss in the final fusion caused by random sampling.
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2.1.2. Feature Reconstruction Module

The proposed Feature Reconstruction Module (FRM) consists of four stages, each
containing a Feature Reconstruction Block (FRB). The structures of the FRM and FRB are
illustrated in Figure 4. Each FRB is built upon a channel attention mechanism and is
designed to fuse spatial detail features Si, (i = 0, 1, 2, 3) and temporal variation features
Ti, (i = 0, 1, 2, 3) at the same scale. The FRB first adds the spatial detail features and tempo-
ral variation features, and the resulting feature map is passed through a channel attention
module composed of Average Pooling and Linear and Softmax layers to compute channel-
wise importance weights and refine the features accordingly. Then, a 1 × 1 convolution
and an upsampling operation are applied to adjust the size and number of channels of the
feature maps to fit the next-level FRB. After four stages of feature fusion, the preliminary
high-resolution fused image H3 is obtained.

Figure 4. Architecture of the Feature Reconstruction Module (FRM). (a) The FRM flowchart consists
of four stages, each with a similar structure to the Feature Reconstruction Block (FRB), ultimately
producing the initial fine-resolution image H0. (b) Architecture of FRB. Input Ti represents the
temporal variation features, Si represents the fine spatial features, and Hi−1 represents the fused
features from the previous scale. Output Hi represents the fused features at the current scale.

The FRB learns the importance weights of different channels via a channel attention
mechanism, enabling it to adaptively adjust the contribution of each channel within the
spatiotemporal features. Since certain channels in MODIS images are affected by striping
noise, the attention mechanism suppresses these noisy channels and amplifies the contri-
bution of information-rich ones during the fusion process, thereby reducing the adverse
impact of noise from the reference images on the final fused image. The Feature Recon-
struction Module adopts a channel-attention-guided adaptive fusion strategy that directs
the model’s focus toward channels with high semantic consistency, thereby enhancing its
sensitivity to spatial information. This approach effectively alleviates the negative effects of
resolution disparities between coarse- and fine-resolution images, resulting in high-quality
detail reconstruction.

2.1.3. Detail Compensation Module

To enhance the texture details of the image, we adopt a multi-scale strategy for
high-frequency information enhancement. Specifically, we perform frequency domain
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decomposition to separate the high-frequency and low-frequency components of the image,
where texture details are primarily contained in the high-frequency components. Therefore,
enhancing the high-frequency components effectively compensates for texture details. First,
multiple Butterworth low-pass filters with different cutoff frequencies are used to extract
low-frequency components at various scales. Then, multi-scale high-frequency information
is obtained by computing the difference between the input image and the corresponding
low-frequency images. These high-frequency components capture texture details ranging
from coarse to fine scales. Subsequently, the multi-scale high-frequency components are
adaptively fused with the original image through a linear combination, resulting in a
refined fused image with enhanced texture details. In the Detail Compensation Module,
we use three Butterworth low-pass filters to extract low-frequency components at three
different scales.

B1 = BWF1 ∗ H3

B2 = BWF2 ∗ H3

B3 = BWF3 ∗ H3

(7)

Here, BWF1, BWF2, and BWF3 denote the three Butterworth low-pass filters, with cutoff
frequencies of 250, 150, and 100, and corresponding filter orders of 2, 4, and 4, respectively.
Subsequently, high-frequency components at different scales, denoted as D1, D2, D21, D3,
and D31, are extracted through differencing operations, as shown in the following equation:

D1 = F1 − B1 (8)

D2 = H3 − B2 (9)

D21 = B1 − B2 (10)

D3 = H3 − B3 (11)

D31 = B2 − B3 (12)

Here, F1 represents the fine-resolution image at time t1; D1 represents the high-frequency
spatial prior information contained in the fine-resolution image at time t1; D2 and D21

represent the fine-scale high-frequency information of the fused image, while D3 and D31

represent the coarse-scale high-frequency information of the fused image.
The core components of the Detail Compensation Module lie in the adaptive strategy

used during the linear fusion process. We design two adaptive weighting functions, w1(x)
and w2(x), where w1(x) adjusts the contribution of the high-frequency spatial prior infor-
mation D1 from the reference fine-resolution image, while w2(x) adjusts the weights of the
remaining high-frequency components. When linearly fusing the high-frequency compo-
nent D1 with the input image, D1 tends to amplify pixel intensity differences near image
edges, potentially leading to over-enhancement and overshoot artifacts at the boundaries.
To alleviate this effect in the final fused image, we introduce w1(x) to suppress the positive
values of D1 while enhancing its negative values, thus mitigating overshoot artifacts. The
weighting function w2(x) exhibits a nonlinear stretching property, providing a continuous
and smooth transition that helps reduce overshoot artifacts and discontinuities at image
edges, enhancing the visual consistency of the fused image.

w1(x) = 1 − 0.5 × sign(x) (13)

w2(x) =
1

2 × (1 + e−x)
(14)

Here, sign(x) denotes the sign function. The linear fusion of the multi-scale high-frequency
components with the input image is performed as follows:

F̃2 = H3 + w1(D1)× D1 + w2(D2)× D2 + w2(D2)× D21 + w2(D3)× D3 + w2(D3)× D31 (15)
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2.1.4. Spectrum Compensation Module

The Spectrum Compensation Module is based on the assumption of multisensor
radiometric response consistency, which posits that different sensors yield consistent
radiometric responses to the same land surface under identical temporal conditions. As a
result, the spectral information in the resulting remote sensing images is expected to be
consistent. This module enhances the spectral fidelity of the fused image by leveraging the
inherent spectral correlation patterns present in the coarse-resolution image. Specifically,
it first learns the inter-band relationships of the coarse-resolution image C2 at time t2,
and it subsequently transfers this learned spectral structure to the fused image F̃2, which
has already undergone texture detail compensation. This process ensures that the fused
image preserves more accurate and consistent spectral information. The architecture of the
Spectrum Compensation Module is illustrated in Figure 5.

Figure 5. Architecture of the Spectrum Compensation Module (SCM). The input is the coarse image
C2 at time t2, and the output is a 1 × 1 × C weight matrix representing the inter-band relationships.

The Spectrum Compensation Module leverages the spectral prior information from the
coarse-resolution image C2 at time t2. It first integrates spatial information through a global
pooling operation, thereby capturing the global features of the entire image. The pooled
features are then processed by a 1 × 1 convolutional layer that doubles the number of
channels and uses the SiLU activation function to learn complex inter-channel relationships.
A subsequent 1 × 1 convolutional layer reduces the channel dimension back to its original
size, further refining the spectral weighting information. Finally, the output is normalized
to the [0, 1] range using a Sigmoid activation function, resulting in the generation of spectral
weights. These spectral weights represent the inter-band correlations within the coarse-
resolution image C2 at time t2. Under the assumption of consistent radiometric responses
across sensors, the spectral bands of the fine-resolution image at time t2 are expected to
exhibit similar inter-band relationships. Accordingly, the proposed method applies the
learned spectral weights to the detail-compensated fused image F̃2 through element-wise
multiplication, thereby adjusting its inter-band correlations. This process performs spectral
information compensation and yields the final fused image F̂.

2.2. Discriminator

The discriminator of the SFT-GAN is a binary CNN classifier, as illustrated in Figure 6.
The discriminator determines whether the input image patch is a fused image or a real
image. The convolutional blocks in the discriminator consist of convolutional layers, Layer-
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Norm layers, and ReLU activation functions. During training, when the input is the real
image F2, a fully real matrix is expected, while a fully fake matrix is expected when the
input is the fused image F̂. The discriminator uses even-sized convolutional kernels, which
helps uniformly learn features and prevents overemphasizing or neglecting specific pixels
during convolution, thereby enhancing the discriminator’s ability to differentiate between
generated and real samples. These advantages facilitate the training of the generator,
ensuring that the distribution of the fused image closely matches that of the real image.

Figure 6. Architecture of the Discriminator. The discriminator comprises four convolutional blocks
and a convolutional layer, and it employs the Sigmoid function.

2.3. Loss Function

The loss function used in the proposed method consists of two main components: GAN
loss and image loss. The GAN loss is based on the Least Squares GAN (LSGAN) [49,50],
as defined in Equations (16) and (17). The image loss is composed of L1 loss, spectral loss,
and structural loss.

min
G

VLSGAN(G) =
1
2
Ez∼pz(z)[(D(G(z))− c)2] (16)

min
D

VLSGAN(D) =
1
2
Ex∼pdata(x)[(D(x)− b)2] +

1
2
Ez∼pz(z)[(D(G(z))− a)2] (17)

where a, b, and c are constants; a and b are labels for false and true data, respectively; and c
denotes the value of the false data that the generator wants the discriminator to believe.

The L1 loss is used to constrain the pixel values of the fused image and the real image
to be equal at corresponding spatial locations, as defined in Equation (18). The spectral loss
uses cosine similarity to ensure that the spectrum of the generated image closely matches
that of the real image, as defined in Equation (19). The structural loss is based on MS-SSIM,
as defined in Equation (20).

L1 =
1
K

K

∑
k=1

||F2 − F̂||1 (18)

LSpectrum = arccos
F2 · F̂

∥F2∥2 · ∥F̂∥2
(19)

LStructure = [lj(F2, F̂)]αM ·
M

∏
j=1

[cj(F2, F̂)]β j · [sj(F2, F̂)]γj (20)

Here, F2 denotes the real image, F̂ represents the fused image, K is the number of pixels
in the image, and || · ||p denotes the p-norm. In Equation (20), M represents the highest
scale; lj, cj, and sj are the luminance, contrast, and structure measures at the j-th scale,
respectively. αM, β j, and γj are the corresponding weight coefficients.

Finally, the overall loss is defined as follows:
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L(G) =LGAN(G) + L1 + LSpectrum + LStructure (21)

L(D) =LGAN(D) (22)

3. Experiments and Results
3.1. Study Areas and Datasets

The experiments use publicly available datasets from two locations: the Lower Gwydir
Catchment (LGC) and the Coleambally Irrigation Area (CIA) [51]. The study area of LGC
is located in northern New South Wales (NSW) and contains 14 pairs of cloud-free Landsat-
MODIS (L-M) image pairs acquired between April 2004 and April 2005. Both the Landsat
and MODIS images are resampled to a size of 2720 × 3200 pixels with a spatial resolution of
25 m, and each image contains six spectral bands. A flood occurred in this area in December
2004, rendering it a dynamic site for testing temporal robustness. This enables a more
effective evaluation of the method’s predictive performance under dynamic land cover
conditions. The study area of CIA is located in southern NSW, consisting of 17 cloud-free
L-M image pairs from 2001 to 2002, resampled to 2040 × 1720 pixels for spatiotemporal
fusion. The agricultural and forest areas surrounding the CIA region exhibit considerable
temporal variability despite minimal changes in land cover types. Consequently, although
land cover remains relatively stable, the CIA dataset displays notable temporal variation.

As the LGC and CIA datasets primarily cover plains and farmlands, the temporal
gaps between adjacent image pairs are typically a few days and phenological changes
are relatively mild. To further assess the generalization and applicability of the methods,
additional experiments were conducted using the AHB and Tianjin datasets [52]. The AHB
dataset covers a study area in Ar Horqin Banner, northeastern China, where agriculture
and animal husbandry are the dominant industries. This area is characterized by numer-
ous circular pastures and farmlands. It contains 27 cloud-free Landsat–MODIS (L–M)
image pairs acquired between May 2013 and December 2018, each with a resolution of
2480 × 2800 pixels. Due to vegetation growth, the area exhibits significant phenological
variation over time. The Tianjin dataset covers an urban study area in Tianjin, a major
city in northern China characterized by pronounced seasonal variation. It includes 27
cloud-free L–M image pairs collected from September 2013 to September 2019, each with a
resolution of 2100 × 1970 pixels. As an urban dataset, the Tianjin dataset serves as a bench-
mark for evaluating the effectiveness of spatiotemporal fusion methods in capturing urban
phenological dynamics. Compared with the LGC and CIA datasets, the AHB and Tianjin
datasets exhibit significantly extended temporal intervals between adjacent image pairs,
typically spanning several months, along with more pronounced spectral variations in
land surface features. These characteristics introduce greater challenges for spatiotemporal
fusion, providing a more rigorous test of model performance.

3.2. Experimental Design and Evaluation

The overall experimental design is divided into three parts. First, SFT-GAN is com-
pared with two traditional model-driven approaches (STARFM [15], FSDAF [18]) and
four deep learning-based methods (EDCSTFN [35], GAN-STFM [27], MLFF-GAN [29],
and STM-STFNet [43]) to evaluate the proposed method’s effectiveness. Furthermore, a
classification experiment based on fused images is conducted to evaluate the quality and
practical utility of the images generated by each method. Second, the number of trainable
parameters and the computational complexity of the network are analyzed and discussed.
Finally, an ablation study is conducted to verify the contribution of each component within
the SFT-GAN architecture.

The quality of the fused images is evaluated based on six evaluation metrics: Root
Mean Square Error (RMSE), Peak Signal-to-Noise Ratio (PSNR), Erreur Relative Globale
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Adimensionnelle de Synthèse (ERGAS) [53], Spectral Angle Mapping (SAM) [54], Structural
Similarity Index Measure (SSIM) [55], and Universal Image Quality Index (UIQI) [56].
RMSE quantifies fusion error, with lower values indicating better performance. PSNR
focuses on pixel-level differences and is widely used for image quality assessment: higher
values correspond to better image quality. ERGAS is a relative, dimensionless global error
metric for assessing the quality of synthesized remote sensing images: lower values indicate
better quality. SAM measures spectral distortion between generated and real images: lower
values suggest greater spectral similarity. SSIM assesses perceptual quality, with higher
values indicating better structural and visual consistency. UIQI evaluates the overall
similarity between the generated and real images: higher values denote better agreement.
In addition to quantitative metrics, visual inspection is conducted using standard false-color
composites (NIR-Red-Green) to synthesize color images. Furthermore, absolute average
residual maps are used to visualize pixel-wise differences between the generated and real
images, enabling direct comparison across methods.

To ensure a fair comparison, traditional model-driven methods use default parameter
settings. For deep learning-based methods, input images are divided into patches of size
256 × 256 with a stride of 128. The learning rates and other hyperparameters for EDCSTFN,
GAN-STFM, MLFF-GAN, and STM-STFNet follow the settings specified in their original
implementations. For SFT-GAN, the initial learning rate is set to 1 × 10−3 and decayed by
20% every 10 epochs.

3.3. Experimental Result and Analysis
3.3.1. CIA Dataset Result

As shown in Table 1, the proposed method consistently achieves either the best or
second-best performance across most evaluation metrics, with particularly outstanding results
in SAM, ERGAS, and SSIM. These results demonstrate the method’s strong capability in
reconstructing both spectral and textural information in the fused images. As illustrated
in Figure 7, the fusion results of STARFM are nearly unusable, whereas FSDAF preserves
some texture details but suffers from a low prediction accuracy. In contrast, although other
deep learning-based methods achieve a higher prediction accuracy, they tend to lose varying
levels of texture detail. The images generated by SFT-GAN exhibit the lowest error relative to
the reference images while preserving abundant texture details. Compared to STM-STFNet,
another transformer-based method, the proposed method demonstrates superior preservation
of local textures, further validating its effectiveness. Although MLFF-GAN generates visually
appealing results, its quantitative performance is relatively poor. Detailed analysis reveals
that this is primarily due to pixel misalignment in the fused images, as clearly observed in
the zoomed-in patches in Figure 8. These findings collectively demonstrate the accuracy and
robustness of the proposed method in phenology-driven spatiotemporal fusion.

Table 1. Results of contrast experiment on CIA dataset (the best is marked in bold, and the second
best is marked in underline).

Prediction Data Method RMSE PSNR ERGAS SAM SSIM UIQI

11 January 2002

STARFM 0.0659 23.7024 4.0814 4.3195 0.8604 0.9455
FSDAF 0.0359 29.7293 2.8607 3.4067 0.8892 0.9708

EDCSTFN 0.0265 32.9057 2.5342 3.7978 0.8901 0.9637
GAN-STFM 0.0283 31.4144 2.5336 4.1242 0.8890 0.9755
MLFF-GAN 0.0475 25.9513 3.2174 6.3535 0.6451 0.9008
STM-STFNet 0.0247 31.4074 2.2682 2.9403 0.9307 0.9750

Ours 0.0229 33.5596 2.2142 2.8765 0.9176 0.9770
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Table 1. Cont.

Prediction Data Method RMSE PSNR ERGAS SAM SSIM UIQI

21 February 2002

STARFM 0.0487 26.6648 3.6199 7.6560 0.7492 0.9116
FSDAF 0.0409 28.1795 3.3195 5.8442 0.8135 0.9408

EDCSTFN 0.0309 30.1262 2.9275 3.1141 0.8832 0.9707
GAN-STFM 0.0321 30.1879 2.9756 3.8928 0.8845 0.9674
MLFF-GAN 0.0478 25.8473 3.4947 7.2090 0.6890 0.9048
STM-STFNet 0.0298 30.2150 2.8635 3.4724 0.9005 0.9723

Ours 0.0303 30.5599 2.9054 3.1041 0.8991 0.9730

17 April 2002

STARFM 0.0325 30.4523 3.1683 6.5457 0.7754 0.9327
FSDAF 0.0317 31.0089 3.0232 6.3257 0.7960 0.9348

EDCSTFN 0.0211 32.7454 2.4907 4.0377 0.8672 0.9705
GAN-STFM 0.0241 33.1106 2.7126 3.9151 0.8494 0.9632
MLFF-GAN 0.0324 28.8937 3.0114 6.1066 0.7317 0.9269
STM-STFNet 0.0233 31.8142 2.5817 3.8155 0.8780 0.9664

Ours 0.0202 34.8431 2.4325 3.5551 0.8936 0.9736

Figure 7. Example images of the fusion results in the CIA dataset on 17 April 2002. (a) Ground Truth.
(b) STARFM. (c) FSDAF. (d) EDCSTFN. (e) GAN-STFM. (f) MLFF-GAN. (g) STM-STFNet. (h) Ours.
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Figure 8. The first row is an enlarged view of the green rectangular area in Figure 7, and the
second row is the absolute average residual maps between the enlarged view and the ground
truth. (a) Ground truth. (b) STARFM. (c) FSDAF. (d) EDCSTFN. (e) GAN-STFM. (f) MLFF-GAN.
(g) STM-STFNet. (h) Ours.

3.3.2. LGC Dataset Result

Figure 9 shows the fusion results on the LGC dataset, where traditional methods
exhibit noticeable spatial structure distortions in the fused images. As shown in Table 2,
the proposed method demonstrates superior overall performance, achieving competitive
results across most evaluation metrics, with particularly notable improvements in SAM
and SSIM, significantly outperforming traditional methods. Compared to the CIA dataset,
all methods achieve significantly better performance on the LGC dataset. In terms of
spectral and structural fidelity, the proposed method achieves significantly better SAM and
SSIM scores than MLFF-GAN and STM-STFNet, indicating its superior ability to preserve
spectral characteristics and spatial details. Although STM-STFNet performs well overall,
particularly in RMSE, this advantage is mainly due to the use of a larger number of reference
images. As illustrated in Figure 10, the fusion results generated by STARFM and FSDAF
exhibit severe spectral distortion. Although deep learning-based spatiotemporal fusion
methods alleviate this issue to some extent, varying levels of spectral distortion still remain.
The SFT-GAN not only preserves spatial details but also substantially reduces spectral dis-
tortion. In summary, the proposed method maintains robust performance under significant
land cover changes, demonstrating excellent fusion capability and strong generalizability.

Figure 9. Example images of the fusion results in the LGC dataset on 26 November 2004. (a) Ground
Truth. (b) STARFM, (c) FSDAF, (d) EDCSTFN, (e) GAN-STFM, (f) MLFF-GAN, (g) STM-STFNet, (h) Ours.
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Table 2. Results of contrast experiment on LGC dataset (the best is marked in bold, and the second-
best is marked in underline).

Prediction Data Method RMSE PSNR ERGAS SAM SSIM UIQI

25 October 2004

STARFM 0.0273 32.2185 2.6308 4.5637 0.8760 0.9322
FSDAF 0.0264 32.6086 2.5760 4.3296 0.8872 0.9374

EDCSTFN 0.0170 34.7916 2.1183 4.1592 0.9237 0.9707
GAN-STFM 0.0168 34.7369 2.0531 3.2405 0.9313 0.9714
MLFF-GAN 0.0124 36.4662 1.8072 2.4072 0.9362 0.9724
STM-STFNet 0.0107 37.2153 1.7724 2.4354 0.9330 0.9741

Ours 0.0158 36.9289 1.6538 2.4032 0.9373 0.9731

26 November 2004

STARFM 0.0250 32.7224 2.4818 4.4186 0.8593 0.9451
FSDAF 0.0252 32.5912 2.5040 4.4117 0.8541 0.9447

EDCSTFN 0.0242 31.6159 2.4085 4.5179 0.8827 0.9458
GAN-STFM 0.0224 32.2464 2.3262 3.8846 0.8881 0.9568
MLFF-GAN 0.0219 32.4983 2.2929 3.9555 0.8815 0.9565
STM-STFNet 0.0138 34.7189 1.8354 3.3135 0.9112 0.9825

Ours 0.0195 35.0013 2.1758 3.2724 0.8996 0.9651

2 March 2005

STARFM 0.0190 35.4104 2.1151 3.2652 0.9055 0.9742
FSDAF 0.0174 35.9638 2.0497 2.7980 0.9307 0.9783

EDCSTFN 0.0151 35.7159 1.9152 2.4698 0.9375 0.9837
GAN-STFM 0.0184 34.0951 2.0730 3.3181 0.9298 0.9759
MLFF-GAN 0.0124 36.5789 1.7906 2.3121 0.9425 0.9886
STM-STFNet 0.0141 37.6877 1.8595 2.3035 0.9465 0.9794

Ours 0.0139 37.7824 1.8489 2.2514 0.9496 0.9861

Figure 10. The first row is an enlarged view of the green rectangular area in Figure 9, and the
second row is the absolute average residual maps between the enlarged view and the ground
truth. (a) Ground truth. (b) STARFM. (c) FSDAF. (d) EDCSTFN. (e) GAN-STFM. (f) MLFF-GAN.
(g) STM-STFNet. (h) Ours.

3.3.3. AHB Dataset Result

As shown by the evaluation metrics in Table 3, the fusion performance of all methods
declined on the AHB dataset compared to the previous two datasets, with traditional meth-
ods exhibiting the most significant performance degradation. Nevertheless, the SFT-GAN
consistently achieved the best performance across all evaluation metrics. As illustrated in
Figure 11, the fusion results from EDCSTFN, MLFF-GAN, and STM-STFNet were signifi-
cantly affected by noise, with MLFF-GAN and STM-STFNet exhibiting particularly severe
spectral distortions. Moreover, none of the compared methods accurately captured the spa-
tiotemporal dynamics of river features. In the magnified views presented in Figure 12, both
EDCSTFN and GAN-STFM failed to preserve the structural integrity of circular farmlands.
The fusion results generated by the proposed method exhibited the lowest average pixel
error and lacked any noticeable abrupt error spikes. Although STM-STFNet achieved a
below-average error rate, it still exhibited regions with substantial local errors. In contrast,
other methods not only produced higher average errors but also exhibited more severe and
frequent error spikes. In summary, the proposed method maintains superior performance
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even under substantial spectral variations in surface features, further demonstrating its
robustness and strong generalizability in complex spatiotemporal fusion scenarios.

Figure 11. Example images of the fusion results in the AHB dataset on 17 March 2015. (a) Ground
Truth. (b) STARFM. (c) FSDAF. (d) EDCSTFN. (e) GAN-STFM. (f) MLFF-GAN. (g) STM-STFNet.
(h) Ours.

Figure 12. The first row is an enlarged view of the yellow rectangular area in Figure 11, and the
second row is the absolute average residual maps between the enlarged view and the ground
truth. (a) Ground truth. (b) STARFM. (c) FSDAF. (d) EDCSTFN. (e) GAN-STFM. (f) MLFF-GAN.
(g) STM-STFNet. (h) Ours.
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Table 3. Results of contrast experiment on AHB dataset (the best is marked in bold, and the second
best is marked in underline).

Prediction Data Method RMSE PSNR ERGAS SAM SSIM UIQI

17 March 2015

STARFM 0.0471 25.6718 3.6118 3.5777 0.8724 0.8710
FSDAF 0.0464 25.8416 3.6048 3.6482 0.8929 0.8782

EDCSTFN 0.0267 31.0932 2.9461 4.1864 0.8429 0.9447
GAN-STFM 0.0300 30.2286 3.1930 4.7286 0.8281 0.9451
MLFF-GAN 0.0410 26.6819 3.8086 13.0806 0.7608 0.8802
STM-STFNet 0.0234 31.9386 3.1959 4.0342 0.8813 0.9238

Ours 0.0230 32.4385 2.7122 3.4279 0.9410 0.9707

7 July 2015

STARFM 0.0314 29.3027 2.4792 6.1543 0.8099 0.9321
FSDAF 0.0293 29.9563 2.3980 5.2600 0.8391 0.9413

EDCSTFN 0.0390 27.6323 2.7842 5.3987 0.8116 0.9109
GAN-STFM 0.0515 25.4626 3.2736 6.2166 0.7223 0.8800
MLFF-GAN 0.0522 25.0928 3.4161 13.6105 0.7517 0.8210
STM-STFNet 0.0418 27.1252 2.9029 4.7632 0.8409 0.9154

Ours 0.0284 30.2725 2.3526 3.6880 0.8723 0.9449

3 October 2018

STARFM 0.0616 23.4759 4.2375 14.9967 0.7009 0.7244
FSDAF 0.0541 24.5866 4.0396 14.3623 0.7160 0.7568

EDCSTFN 0.0310 29.7523 3.1147 6.9246 0.8003 0.8440
GAN-STFM 0.0397 27.1871 3.4850 7.5382 0.7362 0.8015
MLFF-GAN 0.0503 25.4680 4.2357 18.2107 0.6601 0.6961
STM-STFNet 0.0304 29.9442 3.0804 6.8494 0.882 0.8669

Ours 0.0247 31.5933 2.7453 4.3816 0.8345 0.8923

3.3.4. Tianjin Dataset Result

As shown in Table 4, compared to the CIA and LGC datasets, all methods exhibited
reduced fusion performance on the Tianjin dataset across quantitative metrics, indicating
that this dataset imposes greater demands on method generalization and robustness.
Nevertheless, the SFT-GAN consistently achieved the best or second-best performance
across most key metrics, with particularly notable results in the SAM index. As illustrated
in Figure 13, GAN-STFM produced the poorest fusion results, and FSDAF exhibited severe
spectral distortion. EDCSTFN failed to preserve fine details, while STM-STFNet suffered
from both significant texture loss and spectral distortion. Local visualizations in Figure 14
further confirm that all methods suffered from varying degrees of spectral distortion.
Although MLFF-GAN produced visually appealing results, noticeable noise degraded
its performance, resulting in suboptimal quantitative scores. As shown in the absolute
average residual maps in Figure 14, the proposed method achieved the lowest average
error. Although MLFF-GAN and EDCSTFN also performed relatively well, their results
showed noticeable local errors. Overall, the proposed method demonstrated superior
performance in handling urban phenological changes. It effectively mitigated the spectral
distortion typically observed in traditional methods under complex urban conditions and
alleviated the blurring of local details common in deep learning-based models. These results
highlight the strong generalization capability and robustness of the proposed approach.
These findings also underscore a key limitation of data-driven deep learning methods: their
heavy reliance on training data. When applied to challenging datasets such as AHB or
Tianjin—characterized by significant land cover changes and large temporal gaps between
image pairs—these methods may experience substantial performance degradation or even
complete failure.
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Figure 13. Example images of the fusion results in the Tianjin dataset on 18 May 2015. (a) Ground
Truth. (b) STARFM. (c) FSDAF. (d) EDCSTFN. (e) GAN-STFM. (f) MLFF-GAN. (g) STM-STFNet.
(h) Ours.

Figure 14. The first row is an enlarged view of the yellow rectangular area in Figure 13, and the
second row is the absolute average residual maps between the enlarged view and the ground
truth. (a) Ground truth. (b) STARFM. (c) FSDAF. (d) EDCSTFN. (e) GAN-STFM. (f) MLFF-GAN.
(g) STM-STFNet. (h) Ours.
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Table 4. Results of contrast experiment on Tianjin dataset (the best is marked in bold, and the
second-best is marked in underline).

Prediction Data Method RMSE PSNR ERGAS SAM SSIM UIQI

18 May 2015

STARFM 0.0462 26.2452 3.9652 11.8582 0.6660 0.8691
FSDAF 0.0580 24.6456 4.5638 17.7982 0.5637 0.8484

EDCSTFN 0.0323 28.7807 3.1572 6.7384 0.7995 0.9400
GAN-STFM 1.6911 −11.3685 31.1416 96.8393 0.0653 −0.0036
MLFF-GAN 0.0490 25.9386 4.1000 10.6729 0.5596 0.8582
STM-STFNet 0.0334 28.9482 3.3338 8.1204 0.8077 0.9307

Ours 0.0317 29.3305 3.2066 6.0149 0.8102 0.9329

12 September 2017

STARFM 0.0533 24.2041 3.8715 9.1607 0.6244 0.9062
FSDAF 0.0466 25.5348 3.7151 8.6543 0.7094 0.9114

EDCSTFN 0.0471 26.8478 3.7488 7.1227 0.7093 0.9218
GAN-STFM 1.6642 −11.3747 39.0413 91.5415 0.0982 −0.0088
MLFF-GAN 0.0552 24.8912 3.9244 8.0259 0.5453 0.9047
STM-STFNet 0.0417 26.2935 3.5491 7.8857 0.7567 0.9227

Ours 0.0463 25.3167 3.5384 6.5181 0.7351 0.9326

18 September 2019

STARFM 0.0346 27.9295 3.4677 8.4050 0.7245 0.9133
FSDAF 0.0297 30.2514 3.4749 7.4690 0.7965 0.9371

EDCSTFN 0.0318 29.5682 3.6341 7.7213 0.7804 0.9463
GAN-STFM 1.6676 −11.3574 36.6077 94.2288 0.0944 −0.0036
MLFF-GAN 0.0448 26.5637 4.2769 9.7063 0.5641 0.8819
STM-STFNet 0.0293 30.1700 3.4536 7.1030 0.8216 0.9516

Ours 0.0282 30.4596 3.3500 5.9550 0.8261 0.9551

3.3.5. Computational Load

To evaluate computational load, we report the number of parameters, multiply-
accumulate operations (MACs), GPU memory usage during training, and training time
for each deep learning-based method. MACs indicate the number of multiply-accumulate
operations needed to process a six-band image with a resolution of 256 × 256. For GPU
memory measurement, we used a batch size of 16 and a patch size of 256 × 256, evaluated on
the CIA dataset with all other settings kept at their default values. Time refers to the duration
needed to complete a single training epoch. The computational load evaluation results are
summarized in Table 5, where Former-GAN denotes a variant of the proposed method with
the Sparse Transformer Block replaced by a standard Vision Transformer Block.

Among the five deep learning methods, both STM-STFNet and the proposed SFT-
GAN are based on the transformer architecture, leading to relatively large parameter
counts. However, with the introduction of the Sparse Transformer Block, SFT-GAN signifi-
cantly reduces computational complexity, achieving the lowest MACs among all methods—
approximately 29% of those required by MLFF-GAN. In addition, due to the sparsity
mechanism embedded in the Sparse Transformer Block, SFT-GAN achieves the lowest
GPU memory usage during training, consuming only 6.72 GiB. This advantage enables the
method to process larger-scale remote sensing imagery under identical hardware conditions,
effectively reducing dependence on high-performance computing resources. Moreover,
SFT-GAN shows superior training efficiency, reducing training time by approximately 80%
compared to STM-STFNet. A comparison with Former-GAN further confirms that the
Sparse Transformer Block effectively reduces both computational and memory complexi-
ties. In summary, SFT-GAN not only significantly reduces computational cost and training
time, but also greatly enhances model usability and practicality through sparse optimiza-
tion strategies. These advantages make it a promising solution for resource-constrained
applications, such as onboard processing on unmanned aerial vehicles.
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Table 5. Computation load of five deep learning methods (G denotes the generator, D denotes
the discriminator).

Method Parameters MACs GPU Memory Time

EDCSTFN 0.3 × 106 1.8 × 1010 22.58 GiB 32.55 s

GAN-TFM 0.6 × 106 (G) 3.8 × 1010 (G) 21.29 GiB 7.69 s
3.6 × 106 (D) 7.7 × 106 (D)

MLFF-GAN 5.9 × 106 (G) 1.4 × 1010 (G) 11.23 GiB 31.94 s
2.8 × 106 (D) 0.4 × 1010 (D)

STM-STFNet 29.7 × 106 2.8 × 1010 19.15 GiB 194.22 s

Former-GAN 29.9 × 106 (G) 0.6 × 1010 (G) 19.31 GiB 61.52 s
2.8 × 106 (D) 0.2 × 1010 (D)

Ours 20.5 × 106 (G) 0.4 × 1010 (G) 6.72 GiB 22.98 s
2.8 × 106 (D) 0.2 × 1010 (D)

3.3.6. Classification Results of Fusion Images

To further validate the practicality of the proposed method, a classification experiment
was conducted to assess the quality and usability of the fused images. Specifically, a Support
Vector Machine (SVM)-based classifier was used to classify fused images generated from the
CIA dataset. As the CIA dataset lacks predefined land cover categories, the images were
manually categorized into six land cover types. Classification results from the fused images
generated by SFT-GAN and other competing methods were compared with those from true
high-resolution images. The results are shown in Figure 15 and summarized in Table 6. The
experimental results indicate that the fused images generated by SFT-GAN achieve the highest
Overall Accuracy (OA) of 80.89% and a Kappa coefficient of 0.7259, demonstrating superior
classification performance. These findings further validate the practical value of SFT-GAN
and demonstrate that the proposed modules effectively improve both spectral consistency
and spatial detail representation. Consequently, SFT-GAN offers more reliable data for
downstream remote sensing tasks such as land cover classification and change detection.

Figure 15. Example images of classification results in the CIA dataset. (a) Ground truth, (b) STARFM,
(c) FSDAF, (d) EDCSTFN, (e) GAN-STFM, (f) MLFF-GAN, (g) STM-STFNet, (h) Ours.
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Table 6. Results of classification experiment on CIA dataset.

STARFM FSDAF EDCSTFN GAN-STFM MLFF-GAN STM-STFNet Ours

OA 73.76% 76.83% 76.66% 74.79% 66.56% 78.37% 80.89%
Kappa 0.6292 0.6434 0.6359 0.6372 0.5788 0.6915 0.7259

3.4. Ablation Study

The ablation study consists of two parts: (1) evaluating the effectiveness of each pro-
posed module in the SFT-GAN framework; (2) assessing the impact of different parameters
in the Detail Compensation Module on fused image quality, including a comparison of the
Butterworth, ideal, and Gaussian filters. The ablation experiments were conducted on the
CIA dataset, focusing on the fused image corresponding to 11 January 2002. During train-
ing, the initial learning rate was set to 1 × 10−3 and was reduced by 20% every 10 epochs.
The batch size was set to 16, with a total of 500 training epochs.

To evaluate the contributions of the Sparse Transformer Module (STM), Detail Com-
pensation Module (DCM), and Spectrum Compensation Module (SCM), four ablation
experiments were conducted: (1) retaining SCM while removing DCM from SFT-GAN;
(2) retaining DCM while removing SCM from SFT-GAN; (3) removing both DCM and SCM
from SFT-GAN; (4) replacing the STM in SFT-GAN with a standard Vision Transformer.

The ablation study evaluated the effectiveness of multi-module collaboration by com-
paring the performance of different module combinations. The results are presented in
Table 7. When STM, DCM, and SCM are all enabled, the model achieves the best perfor-
mance across all evaluation metrics. Removing SCM alone significantly increases the SAM
value to 3.7743, highlighting the importance of SCM in preserving spectral fidelity. In
contrast, removing DCM decreases the SSIM to 0.8631, demonstrating its essential role in
fine detail compensation. When only STM is retained, both RMSE and PSNR deteriorate,
further confirming the necessity of DCM and SCM collaboration. Notably, replacing STM
with a standard Vision Transformer leads to lower PSNR and SSIM compared to the com-
plete model, indicating that STM reduces computational and spatial complexities without
sacrificing fusion accuracy. In conclusion, the joint use of STM, DCM, and SCM effectively
balances spatial detail enhancement, spectral consistency, and structural similarity, offering
a robust solution for multi-source remote sensing image spatiotemporal fusion.

Table 7. Ablation study results of the modules (the best is marked in bold, and the second-best is
marked in underline. ✓ indicates that the module is used, whereas ✗ indicates that it is not).

STM DCM SCM RMSE PSNR SAM SSIM

✓ ✓ ✓ 0.0229 33.5596 2.8765 0.9176
✓ ✓ ✗ 0.0267 30.8276 3.7743 0.8882
✓ ✗ ✓ 0.0263 31.1152 3.3913 0.8631
✓ ✗ ✗ 0.0264 30.9544 3.7886 0.8589
✗ ✓ ✓ 0.0232 33.3072 2.9482 0.8996

Additionally, an ablation study was conducted to investigate the impact of different
DCM parameters and low-pass filter types. The Butterworth filter was replaced by the Ideal
and Gaussian filters. For each filter type, two parameter sets were tested for the Gaussian fil-
ter as well as the Ideal filter, and four for the Butterworth filter. The quantitative evaluation
results are presented in Table 8. Specifically, for the Butterworth filter, the first parameter
is the cutoff frequency D0, and the second is the filter order n. For the Gaussian filter, the
parameter is the standard deviation σ, while the Ideal filter uses the cutoff frequency D0 as
its sole parameter. The Gaussian and Ideal filters are single-parameter filters.
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Table 8. Ablation study results of different filters (the best is marked in bold, and the second-best is
marked in underline).

Filter Parameter 1 Parameter 2 RMSE PSNR SAM SSIM

ButterWorth

50, 100, 200 2, 4, 4 0.0251 31.4712 3.4532 0.9090
50, 150, 250 2, 4, 4 0.0229 33.5596 2.8765 0.9176
50, 150, 250 2, 2, 4 0.0267 31.1535 4.0781 0.9042

100, 200, 300 2, 4, 4 0.0241 32.0490 3.8091 0.9121

Gaussian 1, 2, 3 - 0.0227 32.4935 2.9518 0.9078
2, 3, 4 - 0.0230 32.1497 3.1316 0.9039

Ideal 50, 100, 200 - 0.0239 31.8614 2.9980 0.9164
50, 150, 250 - 0.0238 31.8973 2.9773 0.9160

Overall, the Butterworth filter achieves the best performance under the parameter
combination (parameter 1 = 50, 150, 250; parameter 2 = 2, 4, 4), particularly in terms of
PSNR and SAM. Notably, parameter 2 has a significant impact on spectral fidelity. When
parameter 1 is fixed, changing parameter 2 from (2, 4, 4) to (2, 2, 4) leads to a sharp increase
in the SAM value to 4.0781, highlighting its strong influence on spectral consistency. In
contrast, although the Gaussian filter yields lower RMSE values with parameter 1 = 1, 2, 3,
its performance on other metrics is inferior to that of the Butterworth filter. The Ideal filter
performs well in terms of SSIM but shows poor results on other metrics. In summary, the
Butterworth filter provides the best trade-off between spatial detail preservation, spectral
accuracy, and structural consistency, making it the optimal filter choice for the DCM.

3.5. Stability Study

To evaluate the stability of the proposed model, a stability experiment was designed.
Based on the CIA dataset, a total of 15 image pairs were selected, and 10 random experi-
ments were conducted. In each experiment, 3 image pairs were randomly chosen as the
test set, and the remaining 12 pairs were used for training. The results on the test set were
averaged in each round to obtain the final result for that experiment. RMSE, SSIM, SAM,
ERGAS, PSNR, and UIQI were used as evaluation metrics. The standard deviation of each
metric across the 10 experiments was calculated to assess the model’s performance stability.
The results are summarized in Table 9.

Table 9. Result of random experiments.

RMSE PSNR ERGAS SAM SSIM UIQI

1 0.0270 31.3734 3.3831 3.1674 0.8795 0.9629
2 0.0291 30.1333 3.0154 2.9652 0.8639 0.9428
3 0.0436 27.8568 3.1927 3.9614 0.8647 0.9396
4 0.0390 30.0435 3.6115 3.4766 0.8658 0.9441
5 0.0367 30.1389 3.4145 3.6682 0.8525 0.9305
6 0.0327 29.0117 3.4900 3.8174 0.8527 0.9432
7 0.0474 27.3270 3.8178 3.7548 0.8385 0.9246
8 0.0386 27.6819 3.4830 3.7036 0.8572 0.9294
9 0.0394 30.3041 3.1598 3.3300 0.8627 0.9427

10 0.0327 29.3562 3.0105 3.8794 0.8436 0.9480

standard deviation 0.0063 1.3305 0.2618 0.3276 0.0118 0.0108

Table 9 reports the mean and standard deviation of each performance metric across the
10 randomized experiments. As shown in the results, UIQI and SSIM exhibit relatively low
standard deviations, indicating that the proposed method is stable in reconstructing struc-
tural information. In contrast, the standard deviation of SAM is relatively high, suggesting
that the spectral reconstruction performance is somewhat sensitive to the composition of the



Remote Sens. 2025, 17, 2315 25 of 28

training samples. Overall, although the model exhibits a certain degree of variation across
multiple experiments, the range of performance fluctuations remains within a reasonable
and acceptable interval, indicating that the proposed method possesses stability.

4. Discussion
To overcome the limitations of existing deep learning-based multi-source remote sens-

ing spatiotemporal fusion methods, this article proposes a novel approach based on GAN
and sparse transformer. The generator consists of three main stages: feature extraction,
feature fusion, and information compensation. In the feature extraction stage, a Sparse
Transformer Module is applied to reduce computational complexity while preserving
the model’s feature extraction capability. During feature fusion, the Feature Reconstruc-
tion Module leverages a channel attention mechanism to flexibly integrate spatial detail
and temporal variation features. In the information compensation stage, the Detail Com-
pensation Module applies frequency-domain decomposition to recover high-frequency
details, thereby enhancing spatial fidelity. Meanwhile, the Spectrum Compensation Module
improves spectral fidelity by incorporating band correlation constraints.

Through this multi-stage design, the proposed method achieves an effective trade-
off between spectral fidelity, spatial detail preservation, and computational efficiency.
Notably, comparative experiments on four benchmark datasets demonstrate that Sparse
Fast Transformer fusion method based on Generative Adversarial Network (SFT-GAN)
consistently outperforms existing state-of-the-art methods in both quantitative metrics and
visual quality. Moreover, ablation studies validate the individual contributions of each
component, particularly highlighting the importance of detail compensation and spectrum
compensation in preserving fine-grained spatial and spectral information. Despite these
promising results, certain limitations remain. The model may exhibit reduced robustness
under extreme atmospheric conditions or abrupt land cover changes, such as the result in
the Tianjin dataset.

5. Conclusions
This study addresses the persistent challenges in multi-source remote sensing spa-

tiotemporal fusion, including insufficient spectral fidelity and high computational com-
plexity. To this end, we propose the Sparse Fast Transformer fusion method based on
Generative Adversarial Network (SFT-GAN), a novel fusion framework that integrates
a sparse transformer-based generator with specialized compensation modules for detail
and spectral restoration. Through a sparse optimization strategy, the model significantly
reduces computational overhead, making it suitable for resource-constrained platforms
such as UAVs. Experimental results on four diverse public datasets demonstrate that
SFT-GAN achieves superior fusion accuracy and generalization capability across varying
spatial and temporal scenarios.

In particular, the proposed Spectrum Compensation Module markedly enhances
spectral fidelity, ensuring the applicability of the fused images in downstream tasks such as
land use monitoring and ecological environment assessment. Overall, the method strikes
an effective balance between accuracy and efficiency, representing a practical solution for
real-world remote sensing applications.

However, the proposed method still has certain limitations. The performance of SFT-
GAN may decline when land cover types undergo drastic changes. Future research will
focus on further optimizing the network architecture to enhance its adaptability under
complex land cover change conditions. Currently, most existing fusion methods adopt an
early fusion strategy, namely feature-level fusion. Future research will further explore the
potential of late fusion strategies [57] in the spatiotemporal fusion of remote sensing images,



Remote Sens. 2025, 17, 2315 26 of 28

aiming to enhance fusion performance and improve model generalization. Additionally,
we will investigate the integration of spectral physical priors into deep learning models to
further enhance the spectral fidelity of fused images. Currently, most standard benchmark
datasets are based on Landsat-MODIS data. To further validate the generalization capability
of the model, we plan to incorporate data from other types of sensors (e.g., Gaofen-1) into
spatiotemporal fusion studies, which will be one of the key directions in our future work.
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