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Highlights

What are the main findings?
• WPFM-STF introduces a wavelet-constrained prior-guided Flow Matching framework 

that formulates remote sensing spatiotemporal fusion as a prior-to-target continuous 
transport process.

• WPFM-STF maintains competitive reconstruction accuracy while substantially improv-
ing inference efficiency, achieving an 8.31–10.91× speedup over the 50-step STFDiff 
with only a few ODE sampling steps.

What are the implications of the main findings?
• WPFM-STF achieves competitive reconstruction accuracy and spectral consistency 

with substantially reduced inference cost.
• WPFM-STF provides a favorable accuracy–efficiency trade-off for remote sensing spa-

tiotemporal fusion.

Abstract

Spatiotemporal fusion techniques can generate remote sensing imagery with both high 
spatial and temporal resolutions, thereby supporting a wide range of Earth observation 
applications. Although recent diffusion-based STF methods have shown promising recon-
struction performance, generation from Gaussian noise typically requires many iterative 
sampling steps, resulting in considerable inference cost. To enable efficient few-step re-
construction, we propose WPFM-STF, a wavelet-constrained prior-guided Flow Matching 
framework for remote sensing spatiotemporal fusion, specifically adapting Flow Matching 
to the characteristics of STF by formulating reconstruction as a continuous transport process 
from a learned spatiotemporal prior to the target fine-resolution image. Specifically, a 
learnable prior generator integrates multi-temporal and multi-resolution observations to 
produce an initial estimate that already captures scene structure and temporal variation, 
thereby shortening the effective transport path compared with noise-based generation. 
Conditional Flow Matching is then employed to learn the prior-to-target velocity field, 
providing a more flexible and progressive refinement process than one-shot regression 
while enabling accurate reconstruction with only a few ordinary differential equation evalu-
ations. To further preserve fine spatial structures during few-step transport, a wavelet detail 
constraint is imposed on the high-frequency components of a residual-induced auxiliary 
reconstruction derived from the predicted velocity field. Extensive experiments on the CIA, 
LGC, and Daxing datasets demonstrate that WPFM-STF achieves competitive or superior 
reconstruction performance with only a few ODE evaluations; ablation studies validate 
the effectiveness of the learned spatiotemporal prior, prior-guided flow refinement, and 
wavelet detail constraint; and efficiency analyses further confirm its substantial advantage 
over iterative diffusion-based STF methods.
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1.  Introduction
Remote sensing spatiotemporal fusion (STF) aims to generate remote sensing imagery 

with both high spatial and high temporal resolutions by integrating complementary ob-
servations acquired from different sensors and dates. Such imagery is essential for a wide 
range of dynamic Earth observation applications, including land-cover monitoring, crop 
growth analysis, disaster assessment, and urban expansion observation [1]. However, due 
to the inherent trade-off among spatial resolution, temporal revisit frequency, and imaging 
coverage, individual satellite sensors generally cannot simultaneously provide frequent 
observations and fine spatial details [1,2]. STF therefore provides an effective solution 
by combining fine-resolution observations at reference dates with temporally frequent 
coarse-resolution images to reconstruct fine-resolution imagery at target dates [1,3].

Early STF methods mainly relied on hand-crafted assumptions, local similarity re-
lationships, and explicit temporal-change modeling. Representative approaches such as 
STARFM [3], ESTARFM [4], and FSDAF [5] estimate target-date fine-resolution images 
by transferring temporal variations observed in coarse-resolution imagery while preserv-
ing spatial information from fine-resolution references. These methods provide good 
interpretability and have been widely used in practical applications. Nevertheless, their 
performance is often limited in heterogeneous regions or scenes involving abrupt land-cover 
changes and complex nonlinear temporal dynamics.

With the development of deep learning, CNN-, GAN-, and Transformer-based STF 
methods have significantly improved nonlinear representation capability by learning com-
plex mappings between multi-source observations and target fine-resolution images [6]. 
Most existing deep learning approaches perform reconstruction through a direct feed-
forward mapping. Although such one-shot prediction is computationally efficient, accu-
rately modeling substantial temporal changes while simultaneously preserving fine spatial 
structures remains challenging, particularly in regions containing narrow boundaries, small-
scale textures, and rapid land-cover variations.

More recently, diffusion models have attracted increasing attention in image generation 
and restoration because of their stable optimization and progressive refinement capabil-
ity [7,8]. By progressively transforming Gaussian noise into target images through repeated 
denoising, diffusion-based methods have achieved promising performance and have been 
introduced into remote sensing image reconstruction and fusion tasks [9,10]. However, their 
iterative sampling procedures typically require numerous network evaluations, resulting 
in considerable inference cost. Although accelerated sampling strategies can reduce the 
number of denoising steps, aggressive step reduction may degrade reconstruction accuracy 
and weaken the recovery of high-frequency spatial structures such as field boundaries, road 
networks, and building edges.

Flow Matching (FM) provides an alternative continuous-time generative modeling 
framework by learning a velocity field along prescribed probability paths [11]. Recently, 
FM has been explored in several remote sensing applications. Nonlinear Flow Matching 
has been introduced for multimodal remote sensing image clustering to model cross-modal 
transport and feature interactions [12]. For pansharpening, recent approaches have investi-
gated one-step reconstruction using Flow Matching, including residual-learning-based and 
unbalanced-optimal-transport-guided formulations [13,14]. These studies demonstrate the 
applicability of FM to remote sensing representation learning and image fusion.
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More closely related to spatiotemporal modeling, UniTS [15] develops a unified Flow 
Matching framework for remote sensing time-series reconstruction, cloud removal, semantic 
change detection, and forecasting. AGFlow [16] further introduces timestamp-conditioned 
masked Flow Matching for asynchronous Sentinel-1 SAR and Sentinel-2 optical observa-
tions, enabling cloud removal, missing-frame recovery, and reconstruction at user-specified 
dates. Although these approaches extend FM to remote sensing time-series generation 
and reconstruction, their primary objectives differ from the classical cross-resolution STF 
setting considered in this work. In particular, UniTS emphasizes unified modeling across 
multiple time-series tasks, while AGFlow focuses on temporally asynchronous SAR–optical 
fusion and missing-data recovery. Neither formulation specifically investigates prior-guided 
FM refinement using a reference fine-resolution image and bi-temporal coarse-resolution 
observations for target-date fine-resolution reconstruction. This distinction motivates the 
investigation of an FM formulation tailored to the observational characteristics of conven-
tional STF.

A key observation of this work is that STF is fundamentally different from uncon-
ditional image generation because the target fine-resolution image is already strongly 
constrained by the available multi-temporal and multi-resolution observations. The refer-
ence fine-resolution image 𝐹1 provides detailed spatial structures, while the bi-temporal 
coarse-resolution observations 𝐶1 and 𝐶2 encode temporal changes from the reference date 
to the target date. Therefore, initializing reconstruction from an uninformative random 
state such as Gaussian noise does not fully exploit the task-specific information already 
contained in the observations. Instead, an informative source state can be constructed before 
generative refinement.

Based on this observation, we first learn a target-oriented spatiotemporal prior from the 
available observations. A straightforward way to construct such an estimate is to transfer the 
coarse-scale temporal difference directly to the reference fine-resolution image. However, 
the resulting raw estimate may inherit mixed-pixel effects, spatial misalignment, block 
artifacts, and radiometric discrepancies caused by the resolution gap between coarse- and 
fine-resolution observations. Therefore, rather than directly using the coarse-difference 
estimate as the source state, we employ a learnable prior generator to integrate fine-scale 
spatial structures with target-date temporal information, producing a more reliable and 
scene-adaptive initialization for subsequent reconstruction.

Given this learned prior, a straightforward strategy is to directly regress the target 
residual using a single feed-forward network. Such one-shot regression, however, primar-
ily learns an endpoint correction from a fixed source state. From the perspective of the 
STF task itself, the transformation from a reference-date scene to a target-date scene is 
often associated with progressive or stage-wise land-surface evolution, such as vegetation 
growth, phenological changes, water-body dynamics, and gradual land-cover transitions. 
The continuous-state formulation of Flow Matching is conceptually compatible with such 
progressive transformations. Although its transport variable should not be interpreted as 
physical acquisition time, this continuous modeling perspective allows the prior-to-target 
reconstruction process to be formulated as a continuous state evolution rather than merely 
a one-shot mapping from a fixed source to an endpoint. More importantly, Flow Matching 
learns a state- and time-conditioned velocity field over intermediate states along the prior-
to-target trajectory. Therefore, its advantage does not arise from additional observational 
information, but from a richer state-dependent modeling formulation: instead of predicting 
a single endpoint correction from the fixed prior, it characterizes the remaining prior-to-
target transformation over multiple intermediate reconstruction states. During multi-step 
inference, the required correction can consequently be re-evaluated according to the evolv-
ing reconstruction state. Related image-restoration studies have shown that progressive 
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refinement through intermediate states can alleviate the regression-to-the-mean behavior 
associated with one-shot regression and improve the recovery of realistic image details [17]. 
This formulation therefore provides a more flexible and progressive refinement mechanism 
than one-shot regression while retaining efficient ODE-based inference.

Because the learned prior already captures substantial scene-specific spatial and tem-
poral information, the velocity model only needs to model the remaining discrepancy 
between the prior and the target image. This reduces the difficulty of the prior-to-target 
transport compared with noise-to-data generation and provides a practical basis for accurate 
reconstruction with only a few ODE evaluations.

Few-step transport, however, places greater pressure on the preservation of local spatial 
details. In remote sensing STF, important structures such as field boundaries, road net-
works, building edges, water-body contours, and local textures are closely associated with 
high-frequency image components. However, the standard image-domain Flow Matching 
objective does not explicitly distinguish reconstruction errors across different frequency 
bands, and localized high-frequency structures may therefore receive insufficient empha-
sis during few-step refinement. Wavelet decomposition provides a natural multi-scale 
frequency representation that separates low-frequency approximation components from 
high-frequency detail components, enabling frequency-selective supervision of fine spatial 
structures [18]. Motivated by this property, we introduce a wavelet detail constraint to 
explicitly penalize high-frequency reconstruction errors and improve the preservation of 
edges, textures, and fine land-cover structures during few-step Flow Matching. The overall 
motivation of the proposed prior-guided Flow Matching paradigm is illustrated in Figure 1.

Figure 1. Motivation of the proposed prior-guided Flow Matching paradigm for remote sensing spa-
tiotemporal fusion. (a) Diffusion-based STF methods typically reconstruct the target fine-resolution 
image from Gaussian noise through iterative denoising, resulting in a relatively long sampling trajec-
tory. (b) The proposed WPFM-STF first constructs a target-oriented spatiotemporal prior and then 
performs prior-to-target conditional continuous transport, providing an informative initialization for 
efficient few-step ODE reconstruction.

Based on the above motivation, we propose WPFM-STF, a wavelet-constrained prior-
guided Flow Matching framework for remote sensing spatiotemporal fusion. WPFM-STF 
first constructs a target-oriented spatiotemporal prior by integrating fine spatial structures 
from the reference fine-resolution observation with temporal-change information from 
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the coarse-resolution observations. The learned prior is then refined through conditional 
Flow Matching using a dual-stream velocity network that jointly models the evolving 
transport state and fixed observational conditions. In addition, a wavelet detail constraint is 
introduced to emphasize high-frequency components during few-step reconstruction and 
improve the preservation of fine spatial structures.

The main contributions of this work are summarized as follows:
• We introduce Flow Matching into remote sensing spatiotemporal fusion and formulate 

STF as a continuous prior-to-target transport process, enabling progressive refinement 
beyond conventional one-shot regression.

• We design a target-oriented spatiotemporal prior generator and a dual-stream con-
ditional velocity network. The prior generator integrates multi-temporal and multi-
resolution observations to construct an informative source state, while the velocity 
network progressively models the remaining prior-to-target transformation for efficient 
few-step reconstruction.

• We introduce a wavelet detail constraint that explicitly emphasizes high-frequency 
residual components during few-step Flow Matching, improving the preservation of 
edges, textures, and fine land-cover structures.

2.  Related Work
2.1.  Traditional Spatiotemporal Fusion Methods

Early remote sensing spatiotemporal fusion (STF) methods mainly relied on manually 
designed models and predefined assumptions regarding spatial similarity, temporal consis-
tency, and spectral variation. STARFM [3] estimates target-date fine-resolution images by 
adaptively weighting neighboring pixels according to spectral similarity, spatial distance, 
and temporal variation. To improve fusion performance in heterogeneous regions, ES-
TARFM [4] introduces conversion coefficients to better characterize the relationship between 
fine- and coarse-resolution observations and alleviate mixed-pixel problems. FSDAF [5] 
further integrates spectral unmixing, spatial interpolation, and residual compensation to 
improve reconstruction under complex land-cover changes.

Subsequent traditional STF methods further explored spatial redundancy and tempo-
ral relationships among multi-source observations. STNLFFM [19] introduces non-local 
filtering to exploit spatial self-similarity and temporal correlation among multi-date images. 
Fit-FC [20] further improves temporally dense fine-resolution image reconstruction by 
introducing a three-stage framework consisting of regression model fitting, spatial filtering, 
and residual compensation. Although these methods provide strong physical interpretabil-
ity and do not require large-scale training datasets, their performance largely depends on 
manually designed assumptions and predefined transformation models. Consequently, 
they may struggle with nonlinear temporal variations, abrupt land-cover changes, and com-
plex spatial heterogeneity commonly observed in real remote sensing scenarios. These 
limitations motivate the development of data-driven approaches with stronger representa-
tion capability.

2.2.  Deep Learning-Based Spatiotemporal Fusion Methods
With the rapid development of deep learning, STF methods have gradually shifted 

from handcrafted models toward data-driven representation learning. Deep neural net-
works can automatically extract nonlinear spatial and temporal representations from 
multi-source observations and learn complex mappings between input images and target
fine-resolution images.

CNN-based methods first introduced convolutional architectures into STF. DC-
STFN [21] employs deep convolutional networks to learn nonlinear transformations between 
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multi-temporal observations, demonstrating the effectiveness of deep feature extraction for 
STF tasks. EDCSTFN [22] further improves feature representation through an enhanced 
encoder–decoder architecture and achieves better reconstruction performance. However, 
CNN-based methods mainly rely on local receptive fields, which may limit their capability 
to capture long-range spatial dependencies.

To improve perceptual reconstruction quality, GAN-based methods introduce adversar-
ial learning into STF. GANSTFM [23] adopts a conditional generative adversarial framework 
to generate visually realistic fusion results. Although adversarial learning can enhance 
texture reconstruction, it may also introduce spectral distortion when generated details are 
insufficiently constrained.

Recently, attention mechanisms and Transformer architectures have been explored to 
improve global dependency modeling. ECPW-STFN [24] introduces wavelet transform 
into spatiotemporal fusion to separately model low- and high-frequency components and 
employs a compound loss to improve detail preservation. SwinSTFM [25] employs shifted-
window attention to capture long-range spatial interactions and improve reconstruction in 
complex scenes. FSDFormer [26] further introduces frequency-domain and spatial-domain 
feature learning to enhance the representation of spatial details and spectral information in 
spatiotemporal fusion tasks. Related advances in remote sensing image restoration have 
also emphasized joint spatial–spectral modeling. For example, MSG-Former [27] employs 
multi-scale spatial–spectral feature learning for hyperspectral image denoising, offering a 
complementary perspective on spatial detail preservation and spectral representation. More 
recently, state-space models have been introduced into STF. Mamba-STFM [28] explores the 
Mamba architecture for efficient long-range dependency modeling, while STFMamba [29] 
further investigates visual state-space models for remote sensing image fusion.

Despite these advances, most existing deep learning-based STF methods reconstruct 
the target fine-resolution image through a single feed-forward mapping. Although such 
deterministic reconstruction strategies are computationally efficient, a one-shot prediction 
may have limited flexibility in progressively correcting residual spatial and spectral discrep-
ancies, particularly under complex temporal variations. This motivates the exploration of 
iterative and continuous refinement formulations that can decompose the reconstruction 
process into a sequence of intermediate transformations.

2.3.  Generative Models for Spatiotemporal Fusion
Generative models have recently provided new perspectives for remote sensing image 

reconstruction by learning complex image distributions beyond deterministic regression. 
Diffusion models have achieved remarkable success in image generation and restoration by 
constructing gradual transitions from noise distributions to target data distributions.

DDPM [7] formulates generation as an iterative reverse denoising process, where clean 
samples are progressively recovered from Gaussian noise. DDIM [8] accelerates diffusion 
sampling by introducing a non-Markovian formulation while maintaining competitive gener-
ation quality. Score-based generative models further interpret diffusion generation through 
score estimation and stochastic differential equations [30]. Latent diffusion models [31] 
improve computational efficiency by performing diffusion in a compressed latent space. 
Consistency models [32] further explore one-step and few-step generation by learning 
consistent mappings between different noise levels.

Diffusion-based approaches have also been introduced into remote sensing image 
reconstruction and fusion tasks. DDRF [9] incorporates conditional diffusion modeling 
into remote sensing image fusion by introducing auxiliary information into the denoising 
process. SSDiff [10] integrates spatial and spectral information into a diffusion framework 
for remote sensing pansharpening. For remote sensing spatiotemporal fusion, STFDiff [33] 
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introduces a diffusion-based generation framework to predict target-date fine-resolution 
images from multi-source observations.

Although diffusion-based methods benefit from strong distribution modeling capabil-
ity, they generally follow a noise-to-target generation paradigm. Starting from Gaussian 
noise requires iterative sampling procedures, leading to considerable inference costs. Recent 
studies, including EDM [34] and DPM-Solver [35], have investigated efficient diffusion 
sampling strategies to reduce computational complexity. However, for strongly conditioned 
reconstruction tasks such as STF, the available observations already contain substantial 
spatial and temporal information that can potentially be exploited to construct a more 
informative generation trajectory.

Flow-based generative models provide an alternative perspective by formulating gen-
eration as a continuous transport process between source and target distributions. Neural 
ODEs [36] describe generation through continuous-time dynamical systems, while Flow 
Matching [11] directly learns a time-dependent vector field that transports samples along 
predefined probability paths. Conditional Flow Matching [37] further extends this frame-
work by introducing conditional transport objectives. Rectified Flow [38] improves transport 
efficiency by encouraging straighter trajectories, while scalable architectures such as SiT [39] 
further demonstrate the potential of flow-based models for efficient image generation.

Recent image restoration studies have further explored task-specific generation trajecto-
ries that make explicit use of degraded observations or intermediate estimates. ResShift [40] 
constructs a residual-shifting diffusion process between low- and high-resolution images, 
replacing the conventional direct noise-to-image transition with a restoration-oriented tra-
jectory. PMRF [41] first predicts a posterior-mean estimate and subsequently transports 
it toward the high-quality image distribution using Rectified Flow. ResFlow [42] models 
image degradation as a deterministic continuous flow and performs restoration by reversing 
the learned degradation process. Collectively, these studies suggest that incorporating task-
specific observations or intermediate estimates into the generative trajectory can provide 
more informative starting states for image restoration.

Nevertheless, these approaches are primarily designed for general image restoration 
tasks and do not explicitly exploit the multi-temporal and multi-resolution observation 
structure of remote sensing STF. In STF, the reference fine-resolution image provides detailed 
spatial information, while multi-temporal coarse-resolution observations encode temporal 
changes related to the target date. Motivated by this characteristic, we construct a target-
oriented spatiotemporal prior from the available observations and use it as the source state 
of the conditional flow-matching process. In this manner, the subsequent flow focuses 
on modeling the transformation from an informative task-specific prior toward the target 
fine-resolution image, providing a practical basis for efficient few-step reconstruction.

2.4.  Frequency-Aware Reconstruction
High-frequency spatial information plays an essential role in remote sensing image 

reconstruction because object boundaries, road networks, farmland edges, and fine textures 
are mainly characterized by local high-frequency variations. Conventional pixel-wise re-
construction losses optimize intensity-level consistency in the spatial domain but do not 
explicitly distinguish errors across different frequency components. Consequently, models 
trained only with spatial-domain objectives may produce over-smoothed predictions and 
insufficiently recover fine structures, especially under few-step generative processes.

Wavelet decomposition provides a natural multi-scale representation by separating 
images into low-frequency approximation components and high-frequency detail compo-
nents. Mallat [43] established the theoretical foundation of wavelet representation, while 
Daubechies [44] further developed wavelet analysis.
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Recent studies have demonstrated the effectiveness of frequency-aware objectives for 
image restoration and generation. Guided Frequency Loss [45] combines spatial-domain 
reconstruction objectives with frequency-domain supervision to improve detail recovery. 
Focal Frequency Loss [46] emphasizes difficult-to-reconstruct frequency components for 
image reconstruction and synthesis. WaveDM [47] further demonstrates that wavelet-based 
modeling of low- and high-frequency components can improve structural detail preservation 
in diffusion-based restoration. Moreover, wavelet-domain losses [18] have shown that 
explicitly constraining high-frequency wavelet subbands improves reconstruction accuracy 
and perceptual quality.

However, existing frequency-aware methods mainly focus on deterministic restoration 
or diffusion-based generation. How to preserve high-frequency spatial structures during 
efficient few-step flow-based STF reconstruction remains insufficiently explored. Since 
few-step generation requires accurate reconstruction within a limited number of transport 
steps, additional frequency-aware supervision is necessary to alleviate detail degradation. 
Motivated by these observations, WPFM-STF introduces a wavelet detail constraint into the 
Flow Matching objective to provide frequency-specific supervision beyond conventional 
spatial-domain reconstruction.

3.  Method
3.1.  Overall Framework

Given a reference fine-resolution image 𝐹1 acquired at time 𝑡1, a coarse-resolution 
image 𝐶1 acquired at the same time, and a coarse-resolution image 𝐶2 acquired at the target 
time 𝑡2, remote sensing spatiotemporal fusion aims to reconstruct the target fine-resolution 
image 𝐹2.

For notation consistency, let 𝐵 denote the number of spectral bands, and let 𝐻 and 𝑊
denote the height and width of the fine-resolution images, respectively. The reference and 
target fine-resolution images are represented as

𝐹1, 𝐹2 ∈ R𝐵×𝐻×𝑊 . (1)

The original coarse-resolution observations are represented as

𝐶1, 𝐶2 ∈ R𝐵×𝐻𝑐×𝑊𝑐, (2)

where 𝐻𝑐 and 𝑊𝑐 denote the coarse spatial dimensions. After spatial alignment and upsam-
pling, the coarse-resolution observations are mapped to the fine-resolution grid. Unless oth-
erwise specified, the  batch dimension is omitted throughout the theoretical formulation 
for clarity. Unlike diffusion-based methods that start generation from Gaussian noise and 
recover the target image through iterative denoising, the proposed WPFM-STF introduces a 
prior-to-target generation paradigm. Specifically, WPFM-STF first learns a target-oriented 
spatiotemporal prior from multi-source observations and then models the continuous trans-
formation from this informative prior state to the target fine-resolution image through the 
Flow Matching framework. The overall framework is illustrated in Figure 2.
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Figure 2. Overall framework of the proposed WPFM-STF. (a) Prior-to-target generation pipeline.
(b) Target-oriented spatiotemporal prior generator. (c) Prior-guided Flow Matching with wavelet 
detail constraint and few-step ODE sampling.

The proposed framework follows a two-stage prior-to-target generation strategy con-
sisting of target-oriented prior construction and flow-based target reconstruction. A wavelet 
detail constraint is further introduced as auxiliary supervision during training to emphasize 
high-frequency reconstruction errors under few-step generation.

In the first stage, the target-oriented spatiotemporal prior generator takes 𝐹1, 𝐶1, and 𝐶2
as inputs and produces a learned prior

𝑃 = 𝒫𝜙(𝐹1, 𝐶1, 𝐶2), 𝑃 ∈ R𝐵×𝐻×𝑊 . (3)

By jointly exploiting spatial structures from the reference fine-resolution observation and 
temporal-change information from the bi-temporal coarse-resolution observations, the gen-
erated prior provides an informative initialization related to the target state. Unlike the 
random-noise initialization commonly adopted in generative models, 𝑃 already contains 
scene-specific spatial and temporal information, allowing the subsequent flow model to 
focus on the remaining prior-to-target correction.

In the second stage, the prior-guided Flow Matching module treats 𝑃 as the source 
state and learns a conditional continuous transport trajectory from 𝑃 to the target image 𝐹2. 
During training, intermediate states are constructed along the prior-to-target path, and the 
velocity network is optimized to predict the corresponding target velocity. During inference, 
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the learned velocity field is integrated from 𝑥0 = 𝑃 using a few-step numerical ODE solver 
to obtain

ˆ𝐹2 = ODESolve(𝑣𝜃, 𝑥0 = 𝑃, 𝑐), ˆ𝐹2 ∈ R𝐵×𝐻×𝑊 , (4)

where 𝑣𝜃 denotes the conditional velocity network and 𝑐 = {𝐹1, 𝐶1, 𝐶2} denotes the available 
conditional observations.

To preserve high-frequency spatial details during few-step generation, we introduce 
a wavelet detail constraint during training. Given the predicted velocity ˆ𝑢𝑡 = 𝑣𝜃(𝑥𝑡, 𝑡, 𝑐), 
an image-domain estimate is constructed as

ˆ𝐹𝑟
2 = 𝑃 + ˆ𝑢𝑡. (5)

A one-level Haar discrete wavelet transform (DWT) is then applied to ˆ𝐹𝑟
2 and 𝐹2, 

and their high-frequency coefficients are explicitly constrained. The detailed loss formula-
tion is presented in the loss-function section.

The complete training and inference procedures of WPFM-STF are summarized in 
Algorithm 1. The prior generator is first pretrained and frozen, after which the conditional 
velocity network is trained along the prior-to-target interpolation path. During inference, 
the learned prior is used as the initial ODE state and progressively updated using a few 
Euler steps.

Algorithm 1 Training and inference procedure of WPFM-STF.
Input: Training samples (𝐹1, 𝐶1, 𝐶2, 𝐹2), prior generator 𝒫𝜙, velocity network 𝑣𝜃, 
and number of ODE steps 𝐾.
Stage I: Target-oriented prior learning
1. Generate the target-oriented prior: 𝑃 ← 𝒫𝜙(𝐹1, 𝐶1, 𝐶2).
2. Optimize 𝒫𝜙 using ℒprior, and then freeze 𝜙.
Stage II: Prior-guided Flow Matching
3. Sample 𝑡 ∼ 𝒰(0, 1) and construct the interpolation state: 𝑥𝑡 ← (1 − 𝑡)𝑃 + 𝑡𝐹2.
4. Define the target velocity: 𝑢𝑡 ← 𝐹2 − 𝑃.
5. Predict the conditional velocity: ˆ𝑢𝑡 ← 𝑣𝜃(𝑥𝑡, 𝑡, {𝐹1, 𝐶1, 𝐶2}).
6. Construct the auxiliary target estimate: ˆ𝐹𝑟

2 ← 𝑃 + ˆ𝑢𝑡.
7. Optimize 𝑣𝜃 using ℒflow + 𝜆waveℒwave.
Inference
8. Initialize the ODE state: 𝑥0 ← 𝒫𝜙(𝐹1, 𝐶1, 𝐶2).
9. for 𝑘 = 0, … , 𝐾 − 1 do

𝑡𝑘 ← 𝑘/𝐾,
𝑥𝑘+1 ← 𝑥𝑘 + 1

𝐾 𝑣𝜃(𝑥𝑘, 𝑡𝑘, {𝐹1, 𝐶1, 𝐶2}).
10. end for
Output: ˆ𝐹2 ← 𝑥𝐾.

The following subsections describe the target-oriented prior generator, the prior-guided 
Flow Matching formulation, and the associated loss functions in detail.

3.2.  Spatiotemporal Prior Generator
In the proposed prior-guided Flow Matching framework, the quality of the source 

state affects the magnitude and complexity of the subsequent prior-to-target transformation. 
Therefore, instead of starting from an uninformative source state, we construct a target-
oriented spatiotemporal prior by exploiting the fine-resolution spatial information in 𝐹1
and the temporal-change information contained in the coarse-resolution observations.

As illustrated in Figure 3, the prior generator consists of a temporal cue constructor, 
a fine spatial encoder, a temporal-change encoder, and a residual decoder.
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Figure 3. Detailed architecture of the proposed spatiotemporal prior generator. The module extracts 
spatial information from 𝐹1 and temporal-change cues from the coarse-resolution observations to 
estimate a residual correction Δ𝐹, which is combined with 𝐹1 to construct the target-oriented prior 𝑃
for subsequent flow transport.

The coarse-resolution observations are first resized to the fine-resolution grid:

˜𝐶1 = 𝒰(𝐶1), ˜𝐶2 = 𝒰(𝐶2), (6)

where 𝒰(⋅) denotes bilinear upsampling and

˜𝐶1, ˜𝐶2 ∈ R𝐵×𝐻×𝑊 . (7)

The coarse-scale temporal variation is then computed as

Δ𝐶 = ˜𝐶2 − ˜𝐶1, Δ𝐶 ∈ R𝐵×𝐻×𝑊 . (8)

Following the temporal-difference assumption commonly adopted in spatiotemporal 
fusion, a raw coarse-difference prior is further constructed as

𝑃raw = 𝐹1 + Δ𝐶, 𝑃raw ∈ R𝐵×𝐻×𝑊 . (9)

Although 𝑃raw provides a direct approximation of target-date changes, it may inherit 
spatial inconsistencies and coarse-resolution artifacts from the upsampled temporal differ-
ence. Therefore, 𝑃raw is used as an auxiliary temporal cue rather than directly serving as 
the final source state.

The fine spatial encoder preserves the structural information contained in the reference 
fine-resolution image:

𝑆 = 𝐸𝑠(𝐹1), (10)

where 𝐸𝑠(⋅) denotes the fine spatial encoder. Let 𝐾 denote the number of latent feature 
channels. The spatial representation is written as

𝑆 ∈ R𝐾×𝐻×𝑊 . (11)

Meanwhile, the temporal-change encoder receives the concatenation of the upsampled 
coarse observations, the reference fine-resolution image, the explicit temporal difference, 
and the raw coarse-difference prior:

𝐼tc = Concat( ˜𝐶1, 𝐹1, ˜𝐶2, Δ𝐶, 𝑃raw). (12)

Since each input contains 𝐵 spectral channels,

𝐼tc ∈ R5𝐵×𝐻×𝑊 . (13)
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The corresponding temporal-change feature is obtained as

𝑇 = 𝐸tc(𝐼tc), 𝑇 ∈ R𝐾×𝐻×𝑊 , (14)

where 𝐸tc(⋅) denotes the temporal-change encoder.
Both 𝐸𝑠(⋅) and 𝐸tc(⋅) are implemented using CNN encoders. Each encoder contains an 

initial 3 × 3 convolution, a SiLU activation, and three residual blocks. Their outputs have 
the same spatial and channel dimensions and are fused by element-wise addition:

𝑍 = 𝑆 + 𝑇, 𝑍 ∈ R𝐾×𝐻×𝑊 . (15)

The fused representation is then passed through the prior residual decoder 𝐷𝑝(⋅) to 
predict a bounded image-domain residual:

Δ𝐹 = tanh(𝐷𝑝(𝑍)), Δ𝐹 ∈ R𝐵×𝐻×𝑊 . (16)

A final 1 × 1 convolution in 𝐷𝑝 maps the latent 𝐾-channel representation back to the 𝐵
spectral channels.

Instead of directly predicting the target image, the prior generator adopts a
residual formulation:

𝑃 = 𝐹1 + 𝑠Δ𝐹, 𝑃 ∈ R𝐵×𝐻×𝑊 , (17)

where 𝑠 denotes a fixed residual scaling factor. In our implementation, 𝑠 = 0.1 is used to 
control the magnitude of the prior correction.

This formulation preserves reliable spatial information from 𝐹1 while introducing 
target-date variations inferred from the coarse observations. Consequently, the learned 
prior provides an informative source state for the subsequent prior-guided Flow Match-
ing process.

3.3.  Prior-Guided Flow Matching
Flow Matching models the transformation from a source state to a target state as a 

continuous-time transport process. Let 𝑥0 denote the source state and 𝑥1 denote the target 
state. The intermediate state at an artificial transport variable 𝑡 ∈ [0, 1] is defined by a 
prescribed transport path

𝑥𝑡 = 𝜓𝑡(𝑥0, 𝑥1), 𝑡 ∈ [0, 1], (18)

where 𝜓𝑡(⋅) satisfies
𝜓0(𝑥0, 𝑥1) = 𝑥0, 𝜓1(𝑥0, 𝑥1) = 𝑥1. (19)

A commonly adopted choice is the linear interpolation path

𝑥𝑡 = (1 − 𝑡)𝑥0 + 𝑡𝑥1. (20)

The target velocity field associated with the prescribed trajectory is defined as the 
instantaneous variation of the state:

𝑢𝑡(𝑥𝑡) =
𝑑𝑥𝑡
𝑑𝑡 . (21)

For the linear path above, the target velocity becomes

𝑢𝑡 = 𝑥1 − 𝑥0. (22)

Rather than numerically solving the transport ODE during training, Flow Matching 
trains a neural velocity field 𝑣𝜃 to approximate the target velocity at randomly sampled 
intermediate states:

𝑣𝜃(𝑥𝑡, 𝑡, 𝑐) ≈ 𝑢𝑡(𝑥𝑡), (23)
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where 𝑐 denotes the available conditional observations. Conceptually, the Flow Matching 
objective minimizes the discrepancy between the predicted and target velocities:

𝒥FM = E𝑡,𝑥0,𝑥1
[‖𝑣𝜃(𝑥𝑡, 𝑡, 𝑐) − 𝑢𝑡(𝑥𝑡)‖]. (24)

After training, the learned velocity field defines the ordinary differential equation

𝑑𝑥𝑡
𝑑𝑡 = 𝑣𝜃(𝑥𝑡, 𝑡, 𝑐), (25)

whose numerical integration transports the source state 𝑥0 toward the target state 𝑥1.
In generative applications, the source state 𝑥0 is commonly sampled from a simple 

reference distribution such as Gaussian noise. Remote sensing spatiotemporal fusion, 
however, is a strongly conditioned reconstruction task. The observations 𝐹1, 𝐶1, and 𝐶2
already contain substantial spatial and temporal information related to the unknown target 
image 𝐹2. Starting the transport from an uninformative random state therefore does not fully 
exploit the available STF observations. To address this issue, WPFM-STF uses the learned 
target-oriented spatiotemporal prior 𝑃 as the source state and formulates reconstruction as 
a continuous prior-to-target transport process.

Specifically, in WPFM-STF, the source and target states are defined as

𝑥0 = 𝑃, 𝑥1 = 𝐹2, (26)

where
𝑃, 𝐹2 ∈ R𝐵×𝐻×𝑊 . (27)

Accordingly, the linear transport path becomes

𝑥𝑡 = (1 − 𝑡)𝑃 + 𝑡𝐹2, 𝑡 ∈ [0, 1], (28)

and differentiating this path with respect to 𝑡 gives the target conditional velocity

𝑢𝑡 =
𝑑𝑥𝑡
𝑑𝑡 = 𝐹2 − 𝑃. (29)

Thus, for each prior-target pair, the prescribed trajectory is a straight path from the 
learned prior 𝑃 to the target image 𝐹2, while the target velocity represents the residual 
displacement required to transform the prior into the target. Compared with a random 
source state, the learned prior provides an informative STF-specific starting point, allowing 
the subsequent Flow Matching stage to focus on the remaining prior-to-target correction.

Given an intermediate state 𝑥𝑡, the conditional velocity network predicts

ˆ𝑢𝑡 = 𝑣𝜃(𝑥𝑡, 𝑡, 𝑐), 𝑐 = {𝐹1, 𝐶1, 𝐶2}, (30)

where
𝑥𝑡, 𝑢𝑡, ˆ𝑢𝑡 ∈ R𝐵×𝐻×𝑊 . (31)

Here, 𝑡 is an artificial transport variable that indicates the position of the current state 
along the reconstruction trajectory and should not be confused with the physical acquisition 
times 𝑡1 and 𝑡2.

The conditional velocity network is designed to determine the remaining correction 
required at each transport state according to the current image state, the transport variable, 
and the available STF observations. As shown in Figure 4, it consists of a condition encoder 
𝐸𝑐, a time-conditioned state encoder 𝐸𝑥, and a residual velocity decoder 𝐷𝑣.
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Figure 4. Architecture of the conditional velocity prediction network 𝑣𝜃. (a) Overall conditional 
velocity prediction network. (b) Conditional encoder and time-conditioned state encoder. (c) Residual 
velocity decoder. (d) Basic network blocks.

The condition encoder 𝐸𝑐 extracts multi-scale representations from 𝐹1, 𝐶1, and 𝐶2. Its 
role is to provide observation-dependent spatial and temporal guidance for the velocity 
prediction. In contrast, the state encoder 𝐸𝑥 processes the current intermediate state 𝑥𝑡 and 
characterizes the reconstruction state reached at the current transport step. Separating these 
two information sources allows the network to explicitly compare the current transport 
state with the observation-derived guidance.

Because the intermediate state 𝑥𝑡 varies continuously along the prior-to-target transport 
trajectory, the velocity network is conditioned on the scalar time variable 𝑡 to distinguish 
different transport stages. Specifically, 𝑡 is encoded using a sinusoidal embedding followed 
by a multilayer perceptron. The resulting time representation is injected into the state 
features through scale-and-shift modulation:

ℎ̃ = ℎ ⊙ (1 + 𝛾𝑡) + 𝛽𝑡, (32)

where 𝛾𝑡 and 𝛽𝑡 are time-dependent modulation parameters generated from the time 
embedding. This mechanism allows the network to adapt its intermediate representation 
according to the current location along the prior-to-target path.
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At the 𝑖-th resolution level, the two encoder branches produce dimensionally
aligned features

𝐸𝑥
𝑖 , 𝐸𝑐

𝑖 ∈ R𝐾𝑖×𝐻𝑖×𝑊𝑖, (33)

where 𝐾𝑖, 𝐻𝑖, and 𝑊𝑖 denote the channel number and spatial dimensions at that feature 
level. Here, 𝐸𝑥

𝑖  denotes the encoded feature of the current flow state 𝑥𝑡, while 𝐸𝑐
𝑖  denotes the 

corresponding feature extracted from the conditional branch. Their discrepancy is explicitly 
represented as

𝑅𝑖 = 𝐸𝑥
𝑖 − 𝐸𝑐

𝑖 , 𝑅𝑖 ∈ R𝐾𝑖×𝐻𝑖×𝑊𝑖, 𝑖 = 1, 2, 3. (34)

The residual feature 𝑅𝑖 represents the multi-scale feature deviation of the current state 
relative to the condition-derived reference. Since the velocity field is required to estimate the 
remaining transformation from the current state toward the target, this explicit discrepancy 
representation allows the decoder to focus on the information that still needs to be corrected. 
By computing 𝑅𝑖 at multiple resolutions, the network can capture both large-scale structural 
deviations and fine-scale local differences.

The residual velocity decoder 𝐷𝑣 progressively aggregates 𝑅3, 𝑅2, and 𝑅1 from coarse to 
fine resolutions. Coarse-scale features capture large-scale structural discrepancies, whereas 
finer-scale features provide localized spatial corrections. The decoder finally maps the 
aggregated residual representation back to the image domain to obtain

ˆ𝑢𝑡 = 𝑣𝜃(𝑥𝑡, 𝑡, 𝑐) ∈ R𝐵×𝐻×𝑊 . (35)

During inference, the target image 𝐹2 is unavailable. The pretrained prior generator 
first produces

𝑃 = 𝒫𝜙(𝐹1, 𝐶1, 𝐶2), (36)

and the transport process is initialized as

𝑥0 = 𝑃. (37)

The reconstructed image is then obtained by numerically integrating the learned 
conditional velocity field:

𝑑𝑥𝑡
𝑑𝑡 = 𝑣𝜃(𝑥𝑡, 𝑡, 𝑐), 𝑡 ∈ [0, 1]. (38)

At each integration step, the velocity field is reevaluated according to the current state 
𝑥𝑡, the transport variable 𝑡, and the conditional observations 𝑐. After integration from 𝑡 = 0
to 𝑡 = 1, the final state is taken as the reconstructed fine-resolution image:

ˆ𝐹2 = 𝑥1, ˆ𝐹2 ∈ R𝐵×𝐻×𝑊 . (39)

3.4.  Loss Function
The proposed WPFM-STF is optimized in two stages. In the first stage, the spatiotem-

poral prior generator is independently pretrained under the supervision of the target 
fine-resolution image 𝐹2. The prior pretraining objective combines the ℓ1 loss and mean 
squared error (MSE):

ℒprior = 𝜆1ℒ1 + 𝜆MSEℒMSE, (40)

where
ℒ1 =

1
𝑁

𝑁
∑
𝑖=1

|𝑃𝑖 − 𝐹2,𝑖|, ℒMSE =
1
𝑁

𝑁
∑
𝑖=1

(𝑃𝑖 − 𝐹2,𝑖)2, (41)

and 𝑁 denotes the total number of elements in the predicted prior. The weighting coefficients 
are set to 𝜆1 = 1 and 𝜆MSE = 0.5. After pretraining, the parameters of the prior generator 
are frozen during the subsequent Flow Matching stage.
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In the second stage, the learned prior 𝑃 is treated as a fixed source state. Given a paired 
prior-target sample (𝑃, 𝐹2), a transport variable 𝑡 ∼ 𝒰(0, 1) is randomly sampled, and the 
intermediate state along the prescribed linear prior-to-target path is constructed as

𝑥𝑡 = (1 − 𝑡)𝑃 + 𝑡𝐹2. (42)

The corresponding target conditional velocity is

𝑢𝑡 =
𝑑𝑥𝑡
𝑑𝑡 = 𝐹2 − 𝑃. (43)

The velocity network 𝑣𝜃(⋅) receives the intermediate state 𝑥𝑡, the transport variable 𝑡, 
and the conditional observations 𝑐 = {𝐹1, 𝐶1, 𝐶2}, and predicts the corresponding velocity 
field. The Flow Matching objective is defined as

ℒflow = E(𝑃,𝐹2),𝑡[‖𝑣𝜃(𝑥𝑡, 𝑡, 𝑐) − 𝑢𝑡‖1]. (44)

This objective directly constrains the predicted velocity toward the prior-to-target 
displacement 𝐹2 − 𝑃. However, the image-domain loss does not explicitly distinguish 
reconstruction errors according to their frequency or orientation. In remote sensing imagery, 
fine structures such as field boundaries, road networks, building edges, water-body contours, 
and local textures are closely associated with localized high-frequency variations. Motivated 
by previous studies showing that wavelet-domain supervision can improve the recovery 
of fine-scale structures [18], we introduce a Haar-wavelet detail constraint to provide 
frequency- and orientation-selective regularization of the Flow Matching residual.

For a local 2 × 2 image patch

𝑋 = [

𝑥00 𝑥01
𝑥10 𝑥11

]

, (45)

the three high-frequency Haar detail coefficients used in this work are computed as

𝐿𝐻 =
1
2(𝑥00 − 𝑥01 + 𝑥10 − 𝑥11),

𝐻𝐿 =
1
2(𝑥00 + 𝑥01 − 𝑥10 − 𝑥11),

𝐻𝐻 =
1
2(𝑥00 − 𝑥01 − 𝑥10 + 𝑥11).

(46)

These coefficients are obtained from the separable Haar low-pass and high-pass filters

ℎ𝐿 =
1

√2
[1, 1], ℎ𝐻 =

1
√2

[1, −1]. (47)

The 𝐿𝐻, 𝐻𝐿, and 𝐻𝐻 subbands respond to directional local intensity variations and 
discontinuities and are therefore sensitive to edges, textures, and fine structural transitions, 
whereas the low-frequency 𝐿𝐿 subband mainly represents coarse image content.

For dimensional consistency, both the residual-induced auxiliary reconstruction ˆ𝐹𝑟
2 and 

the target image 𝐹2 belong to R𝐵×𝐻×𝑊 . Under the one-level critically sampled Haar DWT 
adopted in this work, each spatial dimension is downsampled by a factor of two. Assuming 
𝐻 and 𝑊 are even, the resulting subbands satisfy

𝐿𝐿, 𝐿𝐻, 𝐻𝐿, 𝐻𝐻 ∈ R𝐵× 𝐻
2 × 𝑊

2 . (48)

The spectral dimension 𝐵 remains unchanged because the wavelet transform is applied 
independently to each spectral band. Since the proposed constraint focuses on fine spatial 
details, only the three high-frequency subbands 𝐿𝐻, 𝐻𝐿, and 𝐻𝐻 are used in the wavelet loss.
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Because the target conditional velocity satisfies

𝑢𝑡 = 𝐹2 − 𝑃, (49)

the predicted velocity 𝑣𝜃(𝑥𝑡, 𝑡, 𝑐) represents an estimate of the prior-to-target displacement. 
We therefore construct the residual-induced auxiliary reconstruction

ˆ𝐹𝑟
2 = 𝑃 + 𝑣𝜃(𝑥𝑡, 𝑡, 𝑐). (50)

This auxiliary reconstruction is introduced only for defining the wavelet-domain regu-
larization and should not be interpreted as the ODE endpoint estimate obtained from the 
current intermediate state 𝑥𝑡. The wavelet detail loss is defined as

ℒwave =
1
3 ∑

𝑏∈{𝐿𝐻,𝐻𝐿,𝐻𝐻}
‖𝒲𝑏( ˆ𝐹𝑟

2) − 𝒲𝑏(𝐹2)‖
1
. (51)

where 𝒲𝑏(⋅) denotes the one-level Haar wavelet operator extracting subband 𝑏.
The relationship between the wavelet constraint and the Flow Matching residual follows 

directly from the linearity of the Haar transform. Since

𝐹2 = 𝑃 + 𝑢𝑡, (52)

we obtain
𝒲𝑏( ˆ𝐹𝑟

2) − 𝒲𝑏(𝐹2) = 𝒲𝑏(𝑃 + 𝑣𝜃(𝑥𝑡, 𝑡, 𝑐)) − 𝒲𝑏(𝑃 + 𝑢𝑡)
= 𝒲𝑏(𝑣𝜃(𝑥𝑡, 𝑡, 𝑐) − 𝑢𝑡).

(53)

Defining the velocity residual as

𝑒𝑡 = 𝑣𝜃(𝑥𝑡, 𝑡, 𝑐) − 𝑢𝑡, (54)

the wavelet loss can be equivalently written as

ℒwave =
1
3 ∑

𝑏∈{𝐿𝐻,𝐻𝐿,𝐻𝐻}
‖𝒲𝑏(𝑒𝑡)‖1. (55)

This equivalence shows that the wavelet term does not introduce an independent 
supervision target. Instead, it applies frequency- and orientation-selective regularization 
to the same velocity residual optimized by the image-domain Flow Matching objective. 
Specifically, ℒflow constrains the overall residual magnitude, whereas ℒwave places additional 
emphasis on its directional high-frequency components. Their combination therefore 
encourages accurate modeling of both the overall prior-to-target displacement and localized 
structural variations associated with fine spatial details.

The overall objective for the second-stage Flow Matching optimization is

ℒFM = 𝜆flowℒflow + 𝜆waveℒwave, (56)

where 𝜆flow and 𝜆wave control the contributions of the image-domain Flow Matching objec-
tive and the high-frequency wavelet regularization, respectively.

4.  Experiments
4.1.  Datasets

Experiments were conducted on three widely used Landsat–MODIS spatiotemporal 
fusion datasets, namely CIA, LGC, and Daxing. These datasets cover different land-cover 
conditions, including irrigated agricultural areas, rural landscapes with rapid surface 
changes, and complex urban regions, providing comprehensive benchmarks for evaluating 
reconstruction accuracy, spectral consistency, and structural preservation.
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The CIA dataset was collected over the Coleambally Irrigation Area in southern New 
South Wales, Australia. It contains 16 cloud-free pairs of Landsat-7 Enhanced Thematic 
Mapper Plus (ETM+) and MODIS images acquired during the summer growing season 
from 2001 to 2002 [48]. This region is dominated by rice-based irrigation fields and exhibits 
evident phenological variations. The Landsat images were resampled to a spatial resolution 
of 25 m with a spatial size of 1720 × 2040 pixels. The MODIS images have a native spatial 
resolution of 500 m and were resampled to match the Landsat spatial grid.

The LGC dataset was collected over the Lower Gwydir Catchment in northern New 
South Wales, Australia. It contains 13 cloud-free pairs of Landsat-5 Thematic Mapper (TM) 
and MODIS images acquired from April 2004 to April 2005 [49]. Compared with CIA, 
this dataset exhibits stronger temporal dynamics, including a flood event that occurred in 
mid-December 2004, and thus provides a challenging scenario for evaluating the ability of 
STF methods to model abrupt surface changes. The Landsat images were resampled to a 
spatial resolution of 25 m with a spatial size of 3200 × 2720 pixels, while the MODIS images 
were resampled to the corresponding Landsat spatial grid.

The Daxing dataset contains 14 cloud-free pairs of Landsat-8 Operational Land Imager 
(OLI) and MODIS images acquired over Daxing District, Beijing, China, from 2013 to 
2019 [50]. The scene contains urban areas, roads, water bodies, vegetation, and fragmented 
land-cover patterns, providing a challenging benchmark for evaluating STF methods under 
complex spatial structures and land-cover changes. The Landsat images have a spatial size 
of 1640 × 1640 pixels, while the MODIS images have a native spatial resolution of 500 m 
and were resampled to match the Landsat spatial grid.

For all datasets, six corresponding spectral bands were retained for both Landsat and 
MODIS images. For each prediction task, the reference fine-resolution image 𝐹1, the refer-
ence coarse-resolution image 𝐶1, and the target-date coarse-resolution image 𝐶2 are used as 
inputs, while the target fine-resolution image 𝐹2 serves as the ground truth.

4.2.  Evaluation Metrics
To quantitatively evaluate different spatiotemporal fusion methods, we adopt eight 

commonly used metrics: root mean square error (RMSE), mean absolute error (MAE), 
peak signal-to-noise ratio (PSNR), structural similarity index measure (SSIM), correlation 
coefficient (CC), spectral angle mapper (SAM), erreur relative globale adimensionnelle de 
synthèse (ERGAS), and universal image quality index (UIQI). The equations and descrip-
tions of these metrics are summarized in Table 1.

RMSE and MAE are used to measure pixel-wise reconstruction errors between the 
predicted fine-resolution image and the target fine-resolution image, where lower values 
indicate better radiometric accuracy. PSNR evaluates the overall reconstruction quality 
based on the mean squared error, and a higher value indicates better image fidelity. SSIM and 
CC measure structural similarity and correlation between the predicted and target images, 
respectively, with higher values indicating better structural consistency. SAM evaluates 
spectral distortion by computing the spectral angle between predicted and target spectral 
vectors, while ERGAS measures the global relative reconstruction error across spectral bands; 
lower values of SAM and ERGAS indicate better spectral and global reconstruction quality. 
UIQI measures image similarity from correlation, luminance, and contrast components, 
with higher values indicating better overall image quality.
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Table 1. Evaluation metrics and their equations and descriptions.

Metric Equation Description

RMSE RMSE = √ 1
𝑁𝑀𝐵 ∑𝐵

𝑏=1 ∑𝑁
𝑖=1 ∑𝑀

𝑗=1(𝐹𝑖,𝑗
2,𝑏 − ˆ𝐹𝑖,𝑗

2,𝑏)
2 Measures the average reconstruction error between the 

predicted and target fine-resolution images. Lower values 
indicate better reconstruction accuracy.

MAE MAE = 1
𝑁𝑀𝐵 ∑𝐵

𝑏=1 ∑𝑁
𝑖=1 ∑𝑀

𝑗=1|𝐹
𝑖,𝑗
2,𝑏 − ˆ𝐹𝑖,𝑗

2,𝑏|
Measures the average absolute pixel-wise difference 
between the predicted image and the ground truth. Lower 
values indicate smaller radiometric errors.

PSNR PSNR = 20 log10(
𝐿

√MSE
)

Evaluates reconstruction quality based on the mean 
squared error. 𝐿 denotes the maximum possible pixel value. 
Higher values indicate better image quality.

SSIM SSIM =
(2𝜇𝑥𝜇𝑦+𝐶1)(2𝜎𝑥𝑦+𝐶2)

(𝜇2
𝑥+𝜇2

𝑦+𝐶1)(𝜎2
𝑥+𝜎2

𝑦+𝐶2)

Measures structural similarity by comparing luminance, 
contrast, and structure between the predicted and target 
images. Higher values indicate better structural 
preservation.

CC CC =
∑𝑖,𝑗(𝑥𝑖,𝑗−𝜇𝑥)(𝑦𝑖,𝑗−𝜇𝑦)

√∑𝑖,𝑗(𝑥𝑖,𝑗−𝜇𝑥)2√∑𝑖,𝑗(𝑦𝑖,𝑗−𝜇𝑦)2

Measures the linear correlation between the predicted and 
target images. Higher values indicate stronger
radiometric consistency.

SAM SAM = 1
𝑁𝑀 ∑𝑁

𝑖=1 ∑𝑀
𝑗=1 arccos(

⟨𝐱𝑖,𝑗,𝐲𝑖,𝑗⟩
‖𝐱𝑖,𝑗‖2‖𝐲𝑖,𝑗‖2

)
Measures the spectral angle between predicted and target 
spectral vectors. Lower values indicate better
spectral fidelity.

ERGAS ERGAS = 100 ℎ
𝑙
√ 1

𝐵 ∑𝐵
𝑏=1(

RMSE𝑏
𝜇𝑏

)
2 Measures the global relative reconstruction error across 

spectral bands. Lower values indicate better global 
reconstruction quality.

UIQI UIQI =
4𝜎𝑥𝑦𝜇𝑥𝜇𝑦

(𝜎2
𝑥+𝜎2

𝑦)(𝜇2
𝑥+𝜇2

𝑦)

Measures image quality by considering correlation, 
luminance distortion, and contrast distortion. Higher values 
indicate better overall similarity.

4.3.  Implementation Details
All experiments were implemented using PyTorch 2.2.1 and conducted on two 

NVIDIA GeForce RTX 3090 GPUs. For all datasets, the input images were cropped into
256 × 256 patches for training and evaluation. The proposed WPFM-STF was trained for 
100 epochs using the Adam optimizer with a batch size of 8 and an initial learning rate of 
1 × 10−4. The weights of the Flow Matching loss and wavelet detail constraint were set to 
𝜆flow = 1 and 𝜆wave = 0.02, respectively. The prior residual scale was set to 𝑠 = 0.1 to control 
the magnitude of the learned prior correction. During inference, the learned spatiotemporal 
prior was used as the initial state, and the velocity field was integrated using an Euler ODE 
solver with few-step sampling.

Following a chronological splitting strategy, the image pairs in each dataset were di-
vided according to their acquisition dates into training, validation, and testing subsets. 
Specifically, the CIA dataset was divided into 9 image pairs for training, 2 image pairs for 
validation, and 5 image pairs for testing. The LGC dataset was divided into 7 image pairs 
for training, 2 image pairs for validation, and 4 image pairs for testing. The Daxing dataset 
was divided into 8 image pairs for training, 2 image pairs for validation, and 4 image pairs 
for testing. The validation subsets were used for hyperparameter selection and model con-
figuration, while the test subsets were strictly reserved for the final quantitative evaluation. 
The same data splits were adopted for all comparison methods to ensure a fair evaluation.

All quantitative metrics were computed between the predicted target fine-resolution 
images and the corresponding ground-truth images under the same evaluation protocol. 

https://doi.org/10.3390/rs18213832

https://doi.org/10.3390/rs18213832


Remote Sens. 2026, 18, 3832 20 of 47

The source code is publicly available through the repository listed in the Supplementary 
Materials Section.

4.4.  Comparison of Various Fusion Methods on the CIA Dataset
4.4.1.  Quantitative Comparison

A quantitative evaluation on the CIA dataset compared WPFM-STF with nine repre-
sentative spatiotemporal fusion methods. As shown in Table 2, WPFM-STF achieves strong 
overall performance, particularly in reconstruction accuracy and spectral fidelity. It obtains 
the lowest mean RMSE of 0.0247, outperforming the second-best STFMamba with an RMSE 
of 0.0253. WPFM-STF also achieves a mean PSNR of 32.9044 dB, which is very close to 
the highest value of 32.9105 dB obtained by STFMamba. At the band level, WPFM-STF 
achieves the best RMSE on Bands 2–4 and ties for the best result on Band 5, while obtaining 
the second-best RMSE on Bands 1 and 6. For PSNR, it achieves the best results on Bands 
2–4 and the second-best results on Bands 1, 5, and 6, demonstrating consistently strong 
reconstruction accuracy across different spectral bands.

For the remaining evaluation metrics, WPFM-STF achieves the highest mean CC of 
0.7911 and the lowest ERGAS of 1.1330. In particular, the ERGAS is reduced by 0.0496 
compared with the second-best ECPW-STFN (1.1826), further indicating good overall 
radiometric consistency of the reconstructed images. WPFM-STF also obtains the second-
best SAM of 0.0729, which is close to the best result of 0.0718 achieved by ECPW-STFN. 
Its mean SSIM of 0.8738 is lower than those of ECPW-STFN, FSDFormer, and STFDiff, 
indicating that WPFM-STF does not achieve the best overall structural similarity on this 
dataset. Nevertheless, its SSIM remains competitive, while the method provides clear 
advantages in RMSE, CC, and ERGAS and achieves nearly the best PSNR. Overall, these 
results demonstrate that WPFM-STF provides a favorable balance between reconstruction 
accuracy, spectral consistency, and structural preservation on the CIA dataset.

4.4.2.  Qualitative Comparison
To provide a more intuitive assessment of the reconstruction quality, Figure 5 presents 

the qualitative comparison on the CIA dataset. All compared methods can generally recover 
the major spatial distribution of the agricultural scene, while noticeable differences remain 
in the preservation of local textures, field boundaries, and spectral appearance. STARFM 
and Fit-FC exhibit relatively evident smoothing or local spectral deviations in heteroge-
neous regions. EDCSTFN and GANSTFM improve the reconstruction of the dominant 
agricultural structures, although some narrow boundaries and fragmented parcels remain 
weakened. ECPW-STFN, SwinSTFM, FSDFormer, STFDiff, and STFMamba provide increas-
ingly competitive visual results and preserve more fine-scale spatial structures, but localized 
discrepancies in boundary sharpness, texture transitions, or spectral appearance can still be 
observed in the enlarged regions.

WPFM-STF achieves a favorable balance between spatial-detail preservation and spec-
tral consistency. As highlighted in the enlarged region, the proposed method preserves 
narrow field boundaries, fragmented parcels, and local texture transitions with relatively 
clear structural delineation, while maintaining an overall spectral appearance close to the 
ground-truth image. Compared with the other methods, the reconstructed result avoids 
excessive smoothing and does not introduce obvious artificial sharpening artifacts. These 
observations are consistent with the quantitative results and indicate that the proposed 
prior-guided Flow Matching framework can effectively preserve fine spatial structures and 
spectral characteristics under few-step reconstruction.
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Table 2. Quantitative comparison on the CIA dataset. WPFM-STF uses 2 ODE sampling steps, whereas STFDiff uses 50 sampling steps. The best and second-best 
results are highlighted in bold and underlined, respectively.

Index Band STARFM Fit-FC EDCSTFN GANSTFM ECPW-STFN SwinSTFM FSDFormer STFDiff STFMamba Ours

RMSE ↓

1 0.0148 0.0153 0.0138 0.0130 0.0131 0.0152 0.0135 0.0146 0.0120 0.0123
2 0.0188 0.0155 0.0192 0.0163 0.0158 0.0167 0.0151 0.0162 0.0151 0.0143
3 0.0287 0.0217 0.0262 0.0250 0.0221 0.0221 0.0214 0.0233 0.0219 0.0207
4 0.0537 0.0350 0.0353 0.0372 0.0340 0.0327 0.0329 0.0358 0.0337 0.0319
5 0.0557 0.0402 0.0435 0.0406 0.0401 0.0373 0.0375 0.0398 0.0362 0.0362
6 0.0515 0.0364 0.0360 0.0363 0.0352 0.0335 0.0335 0.0353 0.0329 0.0330
Mean 0.0372 0.0274 0.0290 0.0281 0.0267 0.0262 0.0257 0.0275 0.0253 0.0247

PSNR ↑

1 36.6067 36.2969 37.1891 37.8030 37.8507 36.4212 37.4893 36.7971 38.7310 38.3383
2 34.5054 36.4516 34.4138 35.7931 36.2883 35.5955 36.4835 35.8962 36.6576 36.9666
3 30.8357 33.4979 31.7365 32.0732 33.5237 33.1258 33.4649 32.6845 33.4307 33.6837
4 25.4049 29.3914 29.0651 28.6206 29.5487 29.7273 29.7228 28.9872 29.8066 29.9430
5 25.0764 28.0635 27.2609 27.8476 28.2014 28.5767 28.5616 28.0288 29.0170 28.8409
6 25.7668 28.9056 28.9545 28.8213 29.2280 29.5256 29.5518 29.0892 29.8202 29.6540
Mean 29.6993 32.1011 31.4367 31.8265 32.4401 32.1620 32.5457 31.9138 32.9105 32.9044

SSIM ↑

1 0.9184 0.9285 0.9291 0.9330 0.9348 0.9301 0.9312 0.9262 0.9351 0.9346
2 0.9136 0.9256 0.9288 0.9278 0.9361 0.9266 0.9357 0.9356 0.9273 0.9368
3 0.8435 0.8829 0.8906 0.8737 0.9005 0.8847 0.8963 0.8949 0.8772 0.8968
4 0.7382 0.8369 0.8566 0.8420 0.8608 0.8433 0.8634 0.8622 0.8257 0.8535
5 0.6946 0.7858 0.8163 0.7977 0.8142 0.7966 0.8150 0.8172 0.8005 0.8096
6 0.6798 0.7849 0.8165 0.8029 0.8165 0.8019 0.8193 0.8202 0.7997 0.8112
Mean 0.7980 0.8574 0.8730 0.8629 0.8771 0.8639 0.8768 0.8761 0.8609 0.8738

CC ↑

1 0.5963 0.6540 0.6927 0.6276 0.6985 0.5525 0.6948 0.6782 0.6749 0.7071
2 0.5877 0.6755 0.7116 0.6297 0.7226 0.6548 0.7182 0.7096 0.6681 0.7338
3 0.6135 0.7489 0.7726 0.6947 0.7921 0.7613 0.7772 0.7559 0.7301 0.7968
4 0.5229 0.8143 0.8274 0.8272 0.8385 0.8571 0.8587 0.8464 0.8216 0.8528
5 0.7138 0.7720 0.7925 0.7966 0.7896 0.8115 0.8123 0.7967 0.7949 0.8135
6 0.6939 0.8024 0.8427 0.8302 0.8267 0.8440 0.8473 0.8348 0.8231 0.8428
Mean 0.6214 0.7445 0.7733 0.7343 0.7780 0.7469 0.7848 0.7703 0.7521 0.7911

SAM ↓ – 0.1289 0.0876 0.0831 0.0935 0.0718 0.0767 0.0740 0.0832 0.0810 0.0729
ERGAS ↓ – 1.5716 1.2383 1.3194 1.2878 1.1826 1.3037 1.2171 1.3177 1.1858 1.1330
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Figure 5. Qualitative comparison of different spatiotemporal fusion methods on the CIA dataset.

Figure 6 further visualizes the spatial distribution of reconstruction errors on the 
CIA dataset. STARFM exhibits relatively pronounced error responses in heterogeneous 
agricultural regions and around field boundaries, while Fit-FC, EDCSTFN, and GANSTFM 
progressively reduce the overall error magnitude but still retain localized high-error regions 
in fragmented and mixed land-cover areas. ECPW-STFN, SwinSTFM, FSDFormer, STFDiff, 
and STFMamba produce more compact and stable error distributions, indicating improved 
reconstruction accuracy in structurally complex regions.

Among the compared methods, WPFM-STF exhibits a relatively uniform and low-
magnitude error distribution, with fewer pronounced error responses around fragmented 
fields and narrow boundaries, as highlighted in the enlarged region. This visual observation 
is consistent with the lowest mean RMSE reported in Table 2. The error maps therefore 
provide complementary evidence that the proposed method effectively reduces localized 
reconstruction errors while maintaining stable spatial and spectral reconstruction under 
few-step generation.
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Figure 6. RMSE error maps of different spatiotemporal fusion methods on the CIA dataset.

4.5.  Comparison of Various Fusion Methods on the LGC Dataset
4.5.1.  Quantitative Comparison

A quantitative evaluation on the LGC dataset compares nine representative baseline 
methods with WPFM-STF. As shown in Table 3, WPFM-STF demonstrates strong and 
competitive performance across different evaluation metrics. In terms of reconstruction 
accuracy, WPFM-STF achieves the highest mean PSNR of 34.5226 dB and a mean RMSE of 
0.0206, which is very close to the best result of 0.0204 obtained by FSDFormer. At the band 
level, WPFM-STF achieves the lowest RMSE and highest PSNR in Band 2, while obtaining 
the second-best results in Band 1, where STFMamba performs slightly better. These results 
indicate that WPFM-STF maintains competitive reconstruction accuracy across different 
spectral bands.

For structural and statistical consistency, WPFM-STF achieves a mean SSIM of 0.9275 
and a mean CC of 0.8624. Although these values are slightly lower than the best results 
of 0.9301 and 0.8744 obtained by STFDiff, respectively, they remain highly competitive 
among the compared methods. Notably, WPFM-STF achieves the highest SSIM values in 
Bands 1 and 2 and maintains competitive performance in the remaining bands, indicating 
that the proposed method can effectively preserve spatial structures while maintaining high 
reconstruction accuracy.

In terms of spectral fidelity and overall reconstruction quality, WPFM-STF achieves 
the best SAM and ERGAS values of 0.0630 and 0.8454, respectively. Its SAM is lower than 
the second-best result of 0.0649 obtained by STFDiff, while its ERGAS also improves upon 
the second-best result of 0.8647 obtained by FSDFormer. Overall, although WPFM-STF 
does not achieve the best performance on every individual metric, it consistently remains 
competitive across reconstruction accuracy, structural similarity, and correlation, while 
achieving the best results in mean PSNR, SAM, and ERGAS. The competitive performance 
of recent methods such as STFMamba further demonstrates the effectiveness of WPFM-STF 
against strong contemporary baselines on the LGC dataset.
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Table 3. Quantitative comparison on the LGC dataset. WPFM-STF uses 4 ODE sampling steps, whereas STFDiff uses 50 sampling steps. The best and second-best 
results are highlighted in bold and underlined, respectively.

Index Band STARFM Fit-FC EDCSTFN GANSTFM ECPW-STFN SwinSTFM FSD-
Former STFDiff STF-

Mamba Ours

RMSE ↓

1 0.0185 0.0111 0.0172 0.0132 0.0118 0.0128 0.0114 0.0123 0.0108 0.0109
2 0.0212 0.0145 0.0223 0.0173 0.0127 0.0160 0.0130 0.0150 0.0145 0.0126
3 0.0258 0.0207 0.0227 0.0199 0.0165 0.0153 0.0161 0.0171 0.0177 0.0167
4 0.0385 0.0352 0.0473 0.0319 0.0294 0.0281 0.0260 0.0277 0.0274 0.0262
5 0.0462 0.0551 0.0526 0.0356 0.0423 0.0310 0.0301 0.0357 0.0300 0.0311
6 0.0396 0.0353 0.0343 0.0288 0.0293 0.0249 0.0260 0.0254 0.0253 0.0263
Mean 0.0316 0.0286 0.0327 0.0244 0.0237 0.0213 0.0204 0.0222 0.0210 0.0206

PSNR ↑

1 34.6500 39.0991 35.3737 37.7496 38.5171 37.9574 38.9370 38.6469 39.6786 39.4697
2 33.4800 36.7925 33.0982 35.3283 38.1334 36.4526 37.8202 36.7679 37.0755 38.1345
3 31.8500 33.6658 32.9509 34.0681 35.8361 36.2939 35.9940 35.5078 35.3323 35.6607
4 28.3000 29.0580 26.5842 30.1116 30.9690 31.1608 31.9054 31.3315 31.7239 31.8150
5 26.9500 25.1731 25.7146 29.0645 27.5858 30.3286 30.5675 29.1400 30.7669 30.3091
6 28.7500 29.0435 29.4316 30.9235 30.8775 32.2462 31.8207 32.0969 32.3128 31.7466
Mean 30.6633 32.1387 30.5255 32.8743 33.6532 34.0733 34.5075 33.9152 34.4817 34.5226

SSIM ↑

1 0.9305 0.9662 0.9434 0.9596 0.9653 0.9547 0.9596 0.9641 0.9636 0.9670
2 0.9258 0.9557 0.9411 0.9479 0.9517 0.9483 0.9503 0.9605 0.9482 0.9617
3 0.9126 0.9252 0.9356 0.9308 0.9459 0.9304 0.9333 0.9490 0.9273 0.9448
4 0.8654 0.8819 0.8866 0.8891 0.8953 0.8914 0.8918 0.9148 0.8780 0.9105
5 0.8321 0.8024 0.8632 0.8734 0.8810 0.8640 0.8723 0.8877 0.8736 0.8869
6 0.8517 0.8535 0.8878 0.8864 0.8965 0.8880 0.8859 0.9045 0.8870 0.8944
Mean 0.8863 0.8975 0.9096 0.9145 0.9226 0.9128 0.9155 0.9301 0.9129 0.9275

CC ↑

1 0.8125 0.6321 0.8219 0.7625 0.8107 0.7924 0.7871 0.8583 0.7837 0.8361
2 0.8267 0.6800 0.8329 0.7906 0.8248 0.8195 0.8146 0.8580 0.7964 0.8409
3 0.8483 0.7093 0.8586 0.8205 0.8446 0.8611 0.8592 0.8746 0.8225 0.8580
4 0.8612 0.7942 0.8791 0.8565 0.8505 0.8983 0.8861 0.8941 0.8380 0.8846
5 0.8425 0.5658 0.8426 0.8319 0.8306 0.8596 0.8681 0.8660 0.8552 0.8616
6 0.8586 0.7311 0.8858 0.8755 0.8708 0.9049 0.8948 0.8952 0.8807 0.8931
Mean 0.8416 0.6854 0.8535 0.8229 0.8387 0.8560 0.8516 0.8744 0.8294 0.8624

SAM ↓ – 0.0915 0.0741 0.0763 0.0855 0.0803 0.0676 0.0690 0.0649 0.0722 0.0630
ERGAS ↓ – 1.1542 1.3746 1.3333 1.0236 1.1324 0.9847 0.8647 0.9209 0.8894 0.8454
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4.5.2.  Qualitative Comparison
To further evaluate the visual reconstruction performance on the LGC dataset, Figure 7 

presents qualitative comparisons among different spatiotemporal fusion methods. All 
methods are able to reconstruct the main spatial distribution of the scene, whereas notice-
able differences can be observed in local texture preservation, boundary reconstruction, 
and spectral appearance. STARFM recovers the overall scene structure but exhibits relatively 
evident local spectral deviations and unstable fine-scale textures. Fit-FC and EDCSTFN 
reconstruct the dominant land-cover patterns, although some small-scale structures and 
local boundaries are smoothed. GANSTFM preserves the overall spatial distribution but 
shows local inconsistencies in several heterogeneous regions. ECPW-STFN and SwinSTFM 
provide relatively stable reconstruction results, while certain fine-grained boundaries and 
local transitions remain weakened. FSDFormer, STFDiff, and STFMamba preserve richer 
spatial details and generally produce lower reconstruction errors, but some local regions 
still exhibit relatively strong contrast, spectral deviations, or residual errors compared with 
the ground truth. In comparison, WPFM-STF provides a more balanced reconstruction 
of spatial details and spectral appearance. The enlarged region shows that WPFM-STF 
preserves complex boundaries, local textures, and small-scale spatial variations more natu-
rally, while reducing excessive smoothing and obvious local artifacts. The corresponding 
error map also shows that WPFM-STF maintains relatively low reconstruction errors across 
most regions, particularly around heterogeneous land-cover boundaries and small-scale 
structures. Overall, the visual results demonstrate that WPFM-STF maintains competitive 
reconstruction quality in complex and spatially heterogeneous regions.

Figure 7. Qualitative comparison of different spatiotemporal fusion methods on the LGC dataset.

Figure 8 further presents the RMSE error maps of different methods on the LGC 
dataset. Darker regions indicate larger reconstruction errors. Clear differences can be 
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observed in both the magnitude and spatial distribution of the errors. STARFM exhibits 
relatively widespread high-error responses, particularly around heterogeneous land-cover 
regions, field boundaries, and locally changed areas. EDCSTFN also shows noticeable error 
accumulation over several spatially complex regions. Although Fit-FC reduces the overall 
error magnitude, relatively strong local residuals remain in several regions, as can also be 
observed in the enlarged area. GANSTFM and ECPW-STFN produce more moderate error 
distributions, but local errors are still visible around complex boundaries and regions with 
pronounced temporal changes.

Figure 8. RMSE error maps of different spatiotemporal fusion methods on the LGC dataset.

In comparison, SwinSTFM, FSDFormer, STFDiff, STFMamba, and WPFM-STF generally 
exhibit weaker and more spatially uniform error responses. Among them, FSDFormer shows 
a particularly low overall error level, which is consistent with its lowest mean RMSE reported 
in Table 3. STFMamba also maintains relatively low reconstruction errors across most 
regions, although several localized residuals remain visible in spatially heterogeneous areas. 
WPFM-STF achieves a similarly low and relatively uniform error distribution, with fewer 
pronounced high-error responses over large portions of the scene. Although noticeable 
errors remain in several strongly changed or spatially heterogeneous regions, especially 
within the enlarged area, the surrounding error responses are effectively suppressed. These 
observations are consistent with the quantitative results, where WPFM-STF achieves a mean 
RMSE of 0.0206, which is very close to the best result of 0.0204 obtained by FSDFormer and 
slightly better than the 0.0210 achieved by STFMamba. Overall, the error-map comparison 
further confirms that WPFM-STF maintains competitive reconstruction accuracy while 
effectively limiting error accumulation across complex and heterogeneous regions.

4.6.  Comparison of Various Fusion Methods on the Daxing Dataset
4.6.1.  Quantitative Comparison

A quantitative evaluation on the Daxing dataset was further conducted to assess the 
performance of different spatiotemporal fusion methods under complex spatial and tempo-
ral variations. As shown in Table 4, WPFM-STF demonstrates strong overall performance 
across the evaluated metrics. In terms of reconstruction accuracy, WPFM-STF achieves the 
lowest mean RMSE of 0.0268 and the highest mean PSNR of 32.2109 dB. At the band level, it 
obtains the best RMSE and PSNR values in four out of six bands and ranks second in Bands 3 
and 4. In particular, STFMamba performs best in Band 3, while FSDFormer achieves the best 
results in Band 4. At the overall level, WPFM-STF outperforms the second-best STFMamba, 
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which obtains a mean RMSE of 0.0284 and a mean PSNR of 31.8656 dB, demonstrating 
strong pixel-wise reconstruction accuracy under complex scene variations.

WPFM-STF also exhibits strong structural preservation capability on the Daxing dataset. 
It achieves the highest SSIM values in four out of six bands and the second-best values 
in Bands 3 and 6, where STFMamba performs slightly better. Consequently, WPFM-STF 
obtains the best mean SSIM of 0.8238, followed closely by STFMamba with 0.8215. A similar 
trend is observed for the correlation coefficient. WPFM-STF achieves the highest CC in 
five out of six spectral bands and ranks second in Band 3, resulting in the best mean CC 
of 0.8174, compared with the second-best value of 0.7990 obtained by STFMamba. These 
results indicate that the proposed method can effectively preserve spatial structures and 
statistical consistency in complex and heterogeneous scenes.

In terms of spectral fidelity, STFMamba achieves the lowest SAM of 0.1074, while 
WPFM-STF obtains the second-best value of 0.1081, indicating comparable spectral-angle 
preservation. In contrast, WPFM-STF achieves the best ERGAS of 1.5524, outperforming 
the second-best STFMamba with 1.5827. Overall, WPFM-STF achieves the best mean RMSE, 
PSNR, SSIM, CC, and ERGAS on the Daxing dataset, while remaining highly competitive 
in SAM. Its consistent performance across both overall and band-wise evaluations demon-
strates the effectiveness of the proposed prior-guided Flow Matching framework in handling 
scenes with pronounced spatial heterogeneity and temporal changes.

4.6.2.  Qualitative Comparison
Figure 9 presents the qualitative comparison on the Daxing dataset, which contains 

complex urban structures, vegetation areas, and heterogeneous land-cover patterns. Al-
though most methods are able to reconstruct the dominant spatial distribution of the scene, 
noticeable differences can be observed in local structural details and spectral appearance. 
STARFM recovers the overall spatial pattern but produces relatively blurred local textures 
and weakened boundaries. Fit-FC exhibits pronounced spectral distortions and patch-like 
artifacts in several regions, resulting in visible inconsistencies with the ground truth. EDC-
STFN and GANSTFM reconstruct the major land-cover structures more stably, but some 
fine-scale details and local boundaries remain smoothed. ECPW-STFN and SwinSTFM 
preserve more spatial information, although local structural details are still partially blurred. 
FSDFormer, STFDiff, and STFMamba provide relatively detailed reconstructions with im-
proved structural preservation, but some local regions still exhibit slight smoothing, contrast 
differences, or spectral deviations.

In comparison, WPFM-STF produces a reconstruction that is highly consistent with the 
ground truth in both spatial structure and spectral appearance. As shown in the enlarged re-
gion, WPFM-STF preserves clear road contours, urban boundaries, and fine-grained texture 
variations, while maintaining distinct transitions between vegetation and built-up areas. It 
also exhibits fewer obvious block artifacts and reduced excessive smoothing in spatially het-
erogeneous regions. These visual observations are consistent with the quantitative results, 
where WPFM-STF achieves the best overall RMSE, PSNR, SSIM, CC, and ERGAS on the 
Daxing dataset, while obtaining the second-best SAM, slightly behind STFMamba. Overall, 
the qualitative comparison further demonstrates the strong reconstruction capability of 
WPFM-STF in complex and heterogeneous scenes.
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Table 4. Quantitative comparison on the Daxing dataset. WPFM-STF uses 4 ODE sampling steps, whereas STFDiff uses 50 sampling steps. The best and second-best 
results are highlighted in bold and underlined, respectively.

Index Band STARFM Fit-FC EDCSTFN GANSTFM ECPW-STFN SwinSTFM FSD-
Former STFDiff STF-

Mamba Ours

RMSE ↓

1 0.0258 0.0255 0.0167 0.0191 0.0148 0.0202 0.0170 0.0219 0.0149 0.0135
2 0.0286 0.0277 0.0191 0.0229 0.0187 0.0225 0.0198 0.0222 0.0170 0.0164
3 0.0352 0.0312 0.0258 0.0292 0.0252 0.0269 0.0243 0.0279 0.0220 0.0227
4 0.0618 0.0598 0.0450 0.0532 0.0489 0.0471 0.0429 0.0473 0.0483 0.0438
5 0.0506 0.0514 0.0407 0.0442 0.0403 0.0388 0.0372 0.0427 0.0364 0.0340
6 0.0445 0.0515 0.0338 0.0368 0.0335 0.0338 0.0313 0.0362 0.0316 0.0302
Mean 0.0411 0.0412 0.0302 0.0342 0.0302 0.0316 0.0287 0.0330 0.0284 0.0268

PSNR ↑

1 32.8400 31.8770 35.5726 34.4803 36.6933 33.9632 35.4320 33.3950 36.7609 37.4543
2 31.7200 31.1630 34.4259 32.9216 34.6861 33.0359 34.1559 33.1336 35.5661 35.7515
3 29.5200 30.1240 31.7825 30.7406 32.0676 31.4146 32.3253 31.1061 33.3069 32.9059
4 24.1800 24.4644 26.9905 25.5212 26.2405 26.5740 27.3854 26.5386 26.3885 27.2012
5 25.9200 25.7739 27.8242 27.1132 27.9485 28.2470 28.6733 27.4855 28.9025 29.4335
6 27.3100 25.7591 29.5066 28.7426 29.6010 29.4660 30.2065 28.8880 30.2687 30.5192
Mean 28.5817 28.1936 31.0171 29.9199 31.2062 30.4501 31.3631 30.0911 31.8656 32.2109

SSIM ↑

1 0.8125 0.7792 0.8680 0.8431 0.9051 0.8321 0.8753 0.8230 0.9059 0.9112
2 0.7934 0.7853 0.8630 0.8233 0.8910 0.8127 0.8601 0.8465 0.8991 0.9027
3 0.7268 0.7149 0.7912 0.7531 0.8302 0.7488 0.8040 0.7883 0.8475 0.8436
4 0.5842 0.5478 0.6480 0.6379 0.6826 0.6326 0.6690 0.6422 0.6876 0.7006
5 0.6537 0.5296 0.7336 0.6806 0.7590 0.6975 0.7528 0.7478 0.7887 0.7892
6 0.6815 0.5547 0.7544 0.7043 0.7744 0.7158 0.7684 0.7481 0.8000 0.7954
Mean 0.7087 0.6519 0.7764 0.7404 0.8070 0.7399 0.7883 0.7660 0.8215 0.8238

CC ↑

1 0.8246 0.6169 0.8708 0.8378 0.9065 0.7870 0.8596 0.8223 0.8906 0.9162
2 0.8012 0.5996 0.8558 0.7964 0.8742 0.7706 0.8423 0.8170 0.8804 0.8815
3 0.7365 0.6014 0.8065 0.7553 0.8355 0.7517 0.8113 0.7798 0.8439 0.8419
4 0.5718 0.3980 0.6691 0.6206 0.6501 0.6264 0.6666 0.6332 0.6524 0.6897
5 0.6521 0.3527 0.6910 0.6433 0.7023 0.7066 0.7375 0.7000 0.7574 0.7834
6 0.6842 0.2669 0.7336 0.6749 0.7360 0.7273 0.7649 0.6893 0.7694 0.7916
Mean 0.7117 0.4726 0.7711 0.7214 0.7841 0.7283 0.7804 0.7403 0.7990 0.8174

SAM ↓ – 0.1486 0.1833 0.1250 0.1328 0.1164 0.1268 0.1178 0.1319 0.1074 0.1081
ERGAS ↓ – 2.2458 3.1626 1.8203 2.0264 1.6844 1.9769 1.7459 2.0714 1.5827 1.5524
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Figure 9. Qualitative comparison of different spatiotemporal fusion methods on the Daxing dataset.

Figure 10 presents the RMSE error maps of different spatiotemporal fusion methods on 
the Daxing dataset. Darker regions indicate larger reconstruction errors. STARFM exhibits 
widespread high-error responses across the scene, particularly in densely built-up areas 
and regions with complex spatial structures. Fit-FC reduces part of the overall error but still 
produces noticeable residuals around roads, urban boundaries, and heterogeneous land-
cover regions. EDCSTFN, GANSTFM, and ECPW-STFN further suppress the reconstruction 
errors, although localized high-error responses remain in several structurally complex areas.

SwinSTFM, FSDFormer, STFDiff, and STFMamba generally produce lower and more 
spatially uniform error distributions, indicating improved reconstruction accuracy over 
the preceding methods. Among them, STFMamba exhibits relatively low residual errors 
across most regions, which is consistent with its strong quantitative performance on the 
Daxing dataset. In comparison, WPFM-STF presents a similarly weak but more uniformly 
distributed error response over most of the scene, with fewer pronounced high-error regions. 
As illustrated in the enlarged area, WPFM-STF effectively suppresses reconstruction errors 
around roads, densely distributed urban structures, and local transition regions, indicating 
stable reconstruction performance in spatially heterogeneous areas. These observations 
are consistent with the quantitative results in Table 4, where WPFM-STF achieves the 
lowest mean RMSE of 0.0268, followed by STFMamba with 0.0284. Overall, the error-
map comparison further demonstrates the effectiveness of WPFM-STF in limiting error 
accumulation across complex and heterogeneous regions.
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Figure 10. RMSE error maps of different spatiotemporal fusion methods on the Daxing dataset.

4.7.  Model Complexity, Inference Efficiency, and ODE Sampling Analysis
To evaluate the computational characteristics of WPFM-STF, we compare its model 

complexity, computational cost, and measured inference time with representative STF meth-
ods. We further examine the accuracy–efficiency trade-off under different ODE sampling 
budgets. For a fair inference-time comparison, WPFM-STF and STFDiff were evaluated 
using the same input patch size of 256 × 256, an inference batch size of 16, and identical 
preprocessing and normalization procedures.

As shown in Table 5, WPFM-STF contains 8.1311 M parameters, including both the 
learned prior generator and the conditional velocity network. Although its parameter count 
is slightly higher than that of STFDiff (7.4821M), it remains substantially lower than those 
of STFMamba (20.3115M), SwinSTFM (37.5353M), and FSDFormer (36.9098M). Several 
feed-forward STF methods employ fewer parameters and achieve shorter inference times, 
demonstrating their computational advantages in direct reconstruction.

Table 5. Model complexity and inference time on the CIA dataset.

Method Params (M) FLOPs (G) NFE Time 
(ms/img)

STARFM N/A – – –
Fit-FC N/A – – –
EDCSTFN 0.2841 18.58 – 2.42
GANSTFM 0.5781 37.76 – 6.26
ECPW-STFN 0.4720 18.41 – 125.66
SwinSTFM 37.5353 31.21 – 13.70
FSDFormer 36.9098 29.85 – 18.27
STFMamba 20.3115 59.47 – 90.46
STFDiff 7.4821 3589.94 50 455.13

WPFM-STF 8.1311 114.25 1 29.61

Regarding inference efficiency, STFDiff requires 50 denoising-network evaluations and 
takes 455.13 ms per image on the CIA dataset. In contrast, WPFM-STF requires only one 
velocity-network evaluation and takes 29.61 ms per image, corresponding to a 15.37-fold 
speedup. The measured inference time of WPFM-STF includes both prior generation and 

https://doi.org/10.3390/rs18213832

https://doi.org/10.3390/rs18213832


Remote Sens. 2026, 18, 3832 31 of 47

ODE sampling, thereby accounting for the computational cost of the complete reconstruction 
pipeline. Moreover, WPFM-STF requires 114.25 G FLOPs, compared with 3589.94 G FLOPs 
for STFDiff under the evaluated configurations.

These results indicate that the inference efficiency advantage of WPFM-STF over STFD-
iff primarily arises from the substantially reduced number of network evaluations rather 
than a smaller parameter count. Although several feed-forward methods remain computa-
tionally faster, WPFM-STF provides an effective accuracy–efficiency trade-off within the 
evaluated iterative reconstruction approaches.

We further evaluate the inference efficiency of WPFM-STF and analyze the effect of ODE 
sampling steps on reconstruction performance across the CIA, LGC, and Daxing datasets. 
The corresponding quantitative results are presented in Table 6. The ODE trajectory is solved 
using the Euler solver, where each sampling step corresponds to one network function 
evaluation (NFE). Accordingly, the 1-, 2-, 4-, 8-, 16-, and 32-step configurations require 
the corresponding numbers of NFEs. The reported FLOPs and average inference time are 
measured for the complete inference pipeline, including both the spatiotemporal prior 
generator and the conditional velocity network, under the same hardware environment and 
testing protocol.

Compared with the diffusion-based STFDiff method, which requires 50 iterative sam-
pling steps, WPFM-STF achieves substantially lower inference costs while maintaining 
competitive or improved reconstruction quality with only a few ODE evaluations. On the 
CIA dataset, the 2-step configuration achieves an RMSE of 0.0247 and a PSNR of 32.9044 dB 
with an inference time of 0.0417 s per image, corresponding to a 10.91× speedup over 
STFDiff. On the LGC dataset, the 4-step configuration achieves an RMSE of 0.0206, a PSNR 
of 34.5226 dB, and a SAM of 0.0630 with an inference time of 0.0518 s per image, yielding 
an 8.69× speedup. On the Daxing dataset, the adopted 4-step configuration achieves an 
RMSE of 0.0268 and a PSNR of 32.2109 dB with an inference time of 0.0580 s per image, cor-
responding to an 8.31× speedup over STFDiff. Although WPFM-STF contains slightly more 
parameters than STFDiff (8.13 M vs. 7.48 M), its overall inference cost is markedly lower 
because only a small number of velocity-field evaluations are required during sampling.

The results further show that increasing the number of ODE sampling steps does 
not monotonically improve reconstruction performance. On the CIA dataset, the best 
PSNR of 32.9044 dB is obtained with 2 steps, after which the value gradually decreases 
to 32.6986 dB at 32 steps. On the LGC dataset, reconstruction performance improves 
from 1 to 4 sampling steps, with the 4-step configuration achieving an RMSE of 0.0206, 
a PSNR of 34.5226 dB, and a SAM of 0.0630. Further increasing the sampling steps leads 
to a gradual decline in reconstruction quality. On the Daxing dataset, the performance 
improves rapidly from 1 to approximately 4–8 steps and then becomes nearly saturated. 
Although the 8-step configuration obtains slightly better RMSE and PSNR values than the
4-step configuration, the improvement is marginal relative to the additional computational 
cost. Therefore, the 4-step configuration is adopted for the main comparison on Daxing as a 
favorable trade-off between reconstruction quality and inference efficiency.

Figure 11 further illustrates the accuracy–latency trade-off across different sampling 
budgets. WPFM-STF achieves competitive reconstruction accuracy with substantially lower 
inference latency than STFDiff under the adopted few-step configurations.
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Table 6. Efficiency and sampling-step comparison on the CIA, LGC, and Daxing datasets. The best reconstruction results are highlighted in bold.

Dataset Method Steps Params (M) FLOPs (G) Time (s/img) Speedup RMSE ↓ MAE ↓ PSNR ↑ SSIM ↑ SAM ↓ UIQI ↑

CIA

STFDiff 50 7.48 3589.94 0.4551 1.00× 0.0275 0.0193 31.9138 0.8761 0.0832 0.7553
WPFM-STF 1 8.13 114.25 0.0296 15.38× 0.0248 0.0173 32.8687 0.8736 0.0737 0.7762
WPFM-STF 2 8.13 186.05 0.0417 10.91× 0.0247 0.0172 32.9044 0.8738 0.0729 0.7770
WPFM-STF 4 8.13 329.65 0.0538 8.46× 0.0249 0.0173 32.8654 0.8720 0.0735 0.7751
WPFM-STF 8 8.13 616.84 0.0882 5.16× 0.0251 0.0175 32.8036 0.8693 0.0745 0.7721
WPFM-STF 16 8.13 1191.23 0.1606 2.83× 0.0252 0.0177 32.7439 0.8666 0.0755 0.7693
WPFM-STF 32 8.13 2340.01 0.2985 1.52× 0.0254 0.0178 32.6986 0.8644 0.0762 0.7671

LGC

STFDiff 50 7.48 3589.94 0.4501 1.00× 0.0222 0.0165 33.9152 0.9301 0.0649 0.8572
WPFM-STF 1 8.13 114.25 0.0285 15.79× 0.0210 0.0154 34.4308 0.9236 0.0667 0.8494
WPFM-STF 2 8.13 186.05 0.0409 11.00× 0.0208 0.0152 34.4875 0.9259 0.0647 0.8501
WPFM-STF 4 8.13 329.65 0.0518 8.69× 0.0206 0.0151 34.5226 0.9275 0.0630 0.8506
WPFM-STF 8 8.13 616.84 0.0897 5.02× 0.0211 0.0153 34.4121 0.9225 0.0664 0.8491
WPFM-STF 16 8.13 1191.23 0.1577 2.85× 0.0213 0.0155 34.3228 0.9204 0.0674 0.8477
WPFM-STF 32 8.13 2340.01 0.2965 1.52× 0.0215 0.0156 34.2610 0.9189 0.0681 0.8466

Daxing

STFDiff 50 7.48 3589.94 0.4822 1.00× 0.0330 0.0255 30.0911 0.7660 0.1319 0.7108
WPFM-STF 1 8.13 114.25 0.0286 16.86× 0.0275 0.0203 31.9352 0.8163 0.1091 0.7856
WPFM-STF 2 8.13 186.05 0.0388 12.43× 0.0271 0.0200 32.1129 0.8205 0.1063 0.7903
WPFM-STF 4 8.13 329.65 0.0580 8.31× 0.0268 0.0198 32.2109 0.8238 0.1081 0.7995
WPFM-STF 8 8.13 616.84 0.0917 5.26× 0.0267 0.0198 32.2127 0.8229 0.1081 0.7996
WPFM-STF 16 8.13 1191.23 0.1588 3.04× 0.0268 0.0198 32.2085 0.8223 0.1082 0.7995
WPFM-STF 32 8.13 2340.01 0.3012 1.60× 0.0268 0.0198 32.2048 0.8219 0.1082 0.7993
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Figure 11. Accuracy–latency trade-off of WPFM-STF across different ODE sampling steps on the CIA, 
LGC, and Daxing datasets, with STFDiff included as a reference. The top row presents PSNR, while 
the bottom row presents RMSE.

The non-monotonic behavior with respect to the number of sampling steps can be 
understood from the interaction between numerical integration accuracy and the approxi-
mation error of the learned velocity field. For an exact velocity field, increasing the number 
of Euler steps generally reduces the discretization error of the ODE solver. In WPFM-STF, 
however, the transport field is approximated by a neural network and inevitably contains 
modeling errors. During training, the intermediate state 𝑥𝑡 is directly sampled from the 
predefined prior-to-target path, whereas during inference, successive states are recursively 
obtained by integrating the predicted velocity field. Consequently, small prediction errors 
may cause the numerical trajectory to deviate slightly from the ideal transport path. In-
creasing the sampling density can reduce the numerical discretization error, but it does 
not eliminate the approximation error of the learned velocity field and therefore does not 
guarantee a monotonic improvement in reconstruction quality.

This behavior is particularly relevant to the proposed prior-guided formulation. 
The learned spatiotemporal prior already integrates spatial structures from the reference 
fine-resolution image and temporal-change information from the coarse-resolution obser-
vations, providing an informative initialization for the subsequent transport process. As a 
result, the dominant residual transformation from the prior state toward the target image 
can be captured with only a few velocity-field evaluations. Once this transformation has 
been sufficiently approximated, further increasing the integration density provides limited 
additional benefit, while repeated evaluation of an imperfect velocity field may introduce 
small trajectory deviations. This explains the observed performance saturation and slight 
degradation when the number of sampling steps becomes large.

Overall, the experimental results demonstrate that WPFM-STF achieves a favorable 
balance between reconstruction quality and inference efficiency. The adopted 2-step config-
uration on CIA and 4-step configurations on LGC and Daxing provide strong reconstruction 
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performance while substantially reducing the computational cost compared with the 50-step 
diffusion-based baseline. These results indicate that dense iterative sampling is not required 
for the proposed prior-guided Flow Matching framework.

4.8.  Ablation Study
4.8.1.  Analysis of Prior Initialization

To investigate the contribution of prior initialization to the proposed framework, we 
conduct two controlled analyses on the CIA dataset. First, we evaluate whether the learned 
spatiotemporal prior provides a more accurate approximation of the target image than the 
directly constructed raw prior. Second, we examine how different initialization states affect 
Flow Matching reconstruction under limited ODE sampling budgets.

We first evaluate the quality of the source state before flow-based refinement. As shown 
in Table 7, the learned prior 𝑃 consistently outperforms the raw prior 𝑃raw across all eval-
uation metrics. Specifically, the RMSE decreases from 0.0366 to 0.0323, while the PSNR 
increases from 28.6252 to 29.8360 dB. Improvements are also observed in MAE, SSIM, 
and SAM. These results indicate that the learned prior effectively integrates fine-resolution 
spatial structures and coarse-resolution temporal-change information, providing a more 
accurate target-oriented initialization than the directly constructed prior.

Table 7. Quality comparison between the raw prior and the learned spatiotemporal prior on the CIA 
dataset before any subsequent refinement.

Prior RMSE ↓ MAE ↓ PSNR ↑ SSIM ↑ SAM ↓

Raw Prior 𝑃raw 0.0366 0.0252 28.6252 0.8122 0.1077
Learned Prior 𝑃 0.0323 0.0223 29.8360 0.8492 0.0869

We further investigate the effect of different source states on Flow Matching recon-
struction. As shown in Table 8, under the same two-step evaluation budget, Gaussian-noise 
initialization achieves an RMSE of 0.0299 and a PSNR of 30.9150 dB. Using the reference 
fine-resolution image 𝐹1 reduces the RMSE to 0.0282, while the raw prior 𝑃raw further 
improves the RMSE to 0.0279 and the PSNR to 32.2375 dB. The learned prior 𝑃 achieves 
the best performance, with an RMSE of 0.0247 and a PSNR of 32.9044 dB. These results 
demonstrate that incorporating increasingly informative spatial and temporal cues into the 
initialization improves few-step reconstruction accuracy.

Table 8. Effect of the source state and the number of Euler sampling steps on Flow Matching on the 
CIA dataset. The two-step rows provide a controlled comparison among different starting states.

Starting State Steps RMSE ↓ MAE ↓ PSNR ↑ SSIM ↑ SAM ↓

Gaussian Noise

1 0.0339 0.0243 29.6613 0.7773 0.1256
2 0.0299 0.0208 30.9150 0.8504 0.0992
4 0.0293 0.0204 31.2030 0.8546 0.0934
8 0.0292 0.0205 31.2874 0.8505 0.0920

Reference Image 𝐹1 2 0.0282 0.0197 31.7389 0.8631 0.0835
Raw Prior 𝑃raw 2 0.0279 0.0194 32.2375 0.8613 0.0797

Learned Prior 𝑃 1 0.0248 0.0173 32.8687 0.8736 0.0737
2 0.0247 0.0172 32.9044 0.8738 0.0729

The Gaussian-noise experiments also reveal the importance of prior initialization for 
sampling efficiency. Increasing the Euler sampling steps from 1 to 8 reduces the RMSE 
from 0.0339 to 0.0292 and improves the PSNR from 29.6613 to 31.2874 dB. Nevertheless, 
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the eight-step Gaussian-noise configuration remains inferior to the one-step learned-prior 
configuration, which achieves an RMSE of 0.0248 and a PSNR of 32.8687 dB. This compari-
son indicates that an informative, task-specific initialization is more effective for accurate 
few-step reconstruction than simply increasing the number of ODE evaluations from an 
uninformative starting state.

Overall, these results confirm the importance of prior initialization in WPFM-STF. 
The learned spatiotemporal prior not only improves the initial reconstruction quality but also 
enables accurate Flow Matching reconstruction with a small number of network evaluations.

4.8.2.  Comparison with Direct and Intermediate-State Residual Regression
To further evaluate the effectiveness of the proposed refinement framework, we com-

pare WPFM-STF with two residual-regression baselines: direct residual regression and 
intermediate-state residual regression. All methods use the same learned spatiotemporal 
prior 𝑃 and conditional observations 𝑐 = {𝐹1, 𝐶1, 𝐶2}, with comparable backbone capacity 
and consistent data and evaluation settings. This comparison investigates whether conven-
tional residual prediction or intermediate-state residual supervision can achieve comparable 
reconstruction performance under the same prior-guided STF setting.

Direct residual regression predicts the correction from the learned prior to the target 
image and reconstructs the target as

ˆ𝐹2 = 𝑃 + 𝑅𝜓(𝑃, 𝑐), (57)

where 𝑅𝜓 is trained to approximate 𝐹2 − 𝑃 using an L1 loss. Intermediate-state residual 
regression introduces the same linear interpolation path as WPFM-STF:

𝑥𝑡 = (1 − 𝑡)𝑃 + 𝑡𝐹2, (58)

and predicts the remaining correction from each intermediate state to the target:

𝑅𝜓(𝑥𝑡, 𝑡, 𝑐) ≈ 𝐹2 − 𝑥𝑡. (59)

Its training objective is defined as

ℒReg = E𝑡[‖𝑅𝜓(𝑥𝑡, 𝑡, 𝑐) − (𝐹2 − 𝑥𝑡)‖
1
]. (60)

By incorporating intermediate-state supervision, this baseline provides a more direct 
comparison with the proposed Flow Matching formulation than conventional one-shot 
residual prediction.

To further assess the stability of this comparison, we additionally conduct five inde-
pendent runs with different random seeds for each refinement method and report the mean 
and standard deviation in Table 9.

As shown in Table 9, direct residual regression achieves a mean RMSE of 0.0295 and a 
mean PSNR of 30.7864 dB. Introducing intermediate-state supervision improves the one-
evaluation results to an RMSE of 0.0279 and a PSNR of 31.1205 dB. WPFM-STF further 
achieves an RMSE of 0.0251 and a PSNR of 32.7658 dB with only one network evaluation, 
outperforming intermediate-state residual regression by 1.6453 dB in PSNR under the same 
evaluation budget. With two evaluations, WPFM-STF achieves an RMSE of 0.0249 and 
a PSNR of 32.7859 dB, corresponding to an 11.70% reduction in RMSE and a 1.7509 dB
improvement in PSNR compared with two-evaluation intermediate-state regression. Al-
though intermediate-state regression achieves the lowest mean SAM, WPFM-STF obtains 
the best mean RMSE, MAE, PSNR, and SSIM among the evaluated configurations.
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Table 9. Comparison of WPFM-STF with residual regression baselines on the CIA dataset. All 
methods use the same learned prior. NFE denotes network evaluations. Results are reported as mean 
± standard deviation over five random seeds, with the best mean values highlighted in bold.

Refinement Method NFE RMSE ↓ MAE ↓ PSNR ↑ SSIM ↑ SAM ↓

Direct Residual Regression 1 0.0295 ± 0.0008 0.0198 ± 0.0004 30.7864 ± 0.1507 0.8677 ± 0.0006 0.0770 ± 0.0005
Intermediate-State Regression 1 0.0279 ± 0.0003 0.0182 ± 0.0002 31.1205 ± 0.1202 0.8706 ± 0.0017 0.0728 ± 0.0011
Intermediate-State Regression 2 0.0282 ± 0.0003 0.0184 ± 0.0002 31.0350 ± 0.1462 0.8704 ± 0.0014 0.0744 ± 0.0009
WPFM-STF 1 0.0251 ± 0.0003 0.0180 ± 0.0004 32.7658 ± 0.1502 0.8729 ± 0.0012 0.0752 ± 0.0006
WPFM-STF 2 0.0249 ± 0.0002 0.0179 ± 0.0005 32.7859 ± 0.1097 0.8731 ± 0.0017 0.0750 ± 0.0009

To understand the relationship between these formulations, we examine their predic-
tion targets under the prescribed linear interpolation path. Let Δ = 𝐹2 −𝑃. The intermediate 
state and corresponding conditional velocity target are given by

𝑥𝑡 = 𝑃 + 𝑡Δ, 𝑢𝑡 =
𝑑𝑥𝑡
𝑑𝑡 = Δ. (61)

For each prior–target pair, the velocity target represents a constant displacement along the 
reference trajectory, whereas intermediate-state residual regression predicts the remaining 
endpoint correction:

𝐹2 − 𝑥𝑡 = (1 − 𝑡)Δ = (1 − 𝑡)𝑢𝑡. (62)

Therefore, the two prediction targets are algebraically related and can be transformed 
into one another through appropriate scaling. An appropriately reparameterized residual 
predictor can represent the same ideal velocity field, indicating that the distinction does 
not arise from fundamentally different supervision information or an intrinsic difference in 
representational capability.

Nevertheless, their standard training objectives differ in how prediction errors are 
weighted along the interpolation path. The velocity-matching component of WPFM-STF 
directly minimizes

ℒflow = E𝑡[‖𝑣𝜃(𝑥𝑡, 𝑡, 𝑐) − 𝑢𝑡‖1]. (63)

By expressing the intermediate-state residual prediction as 𝑅𝜓(𝑥𝑡, 𝑡, 𝑐) = (1 − 𝑡) ˜𝑣𝜓(𝑥𝑡, 𝑡, 𝑐), 
its L1 objective can be equivalently written as

ℒReg = E𝑡[(1 − 𝑡)‖ ˜𝑣𝜓(𝑥𝑡, 𝑡, 𝑐) − 𝑢𝑡‖1
]. (64)

This relationship reveals a difference in the effective temporal weighting of velocity predic-
tion errors. Specifically, the standard residual-regression objective assigns smaller weights 
to velocity errors as 𝑡 approaches the endpoint, whereas the Flow Matching objective directly 
supervises velocity prediction errors without this additional factor. Under finite network 
capacity and practical optimization conditions, such differences may influence the learned 
approximations. However, this observation does not establish an inherent optimization or 
representational advantage of either formulation.

From the perspective of reconstruction, Flow Matching directly parameterizes the local 
state increments through a conditional velocity field:

𝑑 ˆ𝑥𝑡
𝑑𝑡 = 𝑣𝜃( ˆ𝑥𝑡, 𝑡, 𝑐), ˆ𝑥0 = 𝑃. (65)

The resulting dynamics can be approximated using numerical integration, such as the
Euler update:

ˆ𝑥𝑡+ℎ = ˆ𝑥𝑡 + ℎ 𝑣𝜃( ˆ𝑥𝑡, 𝑡, 𝑐). (66)

For the ideal linear interpolation path, a remaining-endpoint residual can also represent 
the corresponding local increment after appropriate scaling:

𝑥𝑡+ℎ − 𝑥𝑡 =
ℎ

1 − 𝑡(𝐹2 − 𝑥𝑡), 𝑡 < 1. (67)
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Thus, both parameterizations can describe the same ideal state evolution. The practical 
distinction lies in how the prediction target is supervised and connected to the numerical 
reconstruction procedure. In WPFM-STF, the learned velocity field directly provides the 
quantity required by the ODE solver, establishing an explicit correspondence between 
velocity prediction and incremental state updates.

Notably, WPFM-STF already outperforms the regression baselines with a single net-
work evaluation. Since one-step Euler reconstruction reduces to ˆ𝐹2 = 𝑃 + 𝑣𝜃(𝑃, 0, 𝑐), this 
advantage cannot be attributed to additional numerical integration steps. Instead, the results 
provide empirical support for the effectiveness of the proposed training and refinement 
formulation under the evaluated STF setting.

Overall, although Flow Matching and intermediate-state residual regression are math-
ematically related, their standard training objectives differ in prediction parameterization 
and effective temporal weighting, while their reconstruction procedures employ different 
representations of state updates. The controlled comparisons demonstrate that WPFM-STF 
achieves superior reconstruction performance over the evaluated regression baselines under 
the considered CIA experimental setting. These findings provide task-specific empirical 
support for the proposed prior-guided Flow Matching framework rather than establishing 
its universal theoretical superiority over residual regression.

4.8.3.  Effect of the Wavelet Detail Constraint
To investigate the effectiveness of the wavelet detail constraint and its interaction with 

the Flow Matching objective, we compare three refinement configurations, namely Prior 
+ Flow, Prior + Wave, and Prior + Flow + Wave. All three variants start from the same 
learned spatiotemporal prior 𝑃 and differ only in the objectives used to train the subsequent 
velocity-based refinement stage. The quantitative results are reported in Table 10. The CIA 
and Daxing datasets are evaluated using 2-step and 4-step Euler ODE sampling, respectively, 
following the default settings adopted in the main experiments.

Table 10. Ablation study of the refinement objectives on the CIA and Daxing datasets. All variants 
use the same learned spatiotemporal prior as the source state. The default Euler sampling settings are 
used for each dataset.

Dataset Variant 𝓛flow 𝓛wave RMSE ↓ PSNR ↑ SSIM ↑ SAM ↓

CIA
Prior + Flow ✓ – 0.0285 31.5931 0.8563 0.0784
Prior + Wave – ✓ 0.0253 32.7302 0.8637 0.0756
Prior + Flow + Wave ✓ ✓ 0.0247 32.9044 0.8738 0.0729

Daxing
Prior + Flow ✓ – 0.0301 30.4540 0.8204 0.1107
Prior + Wave – ✓ 0.0299 30.5205 0.8161 0.1087
Prior + Flow + Wave ✓ ✓ 0.0268 32.2109 0.8238 0.1081

✓ indicates that the corresponding loss term is used, whereas a dash indicates that it is not used.

As shown in Table 10, the Prior + Flow variant already provides an effective prior-to-
target refinement. On the CIA dataset, it achieves an RMSE of 0.0285, a PSNR of 31.5931 dB, 
an SSIM of 0.8563, and a SAM of 0.0784. These results indicate that the Flow Matching 
objective can directly supervise the predicted velocity toward the target displacement 
𝑢𝑡 = 𝐹2 − 𝑃. However, because the image-domain flow loss penalizes the complete velocity 
residual without explicitly distinguishing different frequency components, fine-scale spatial 
structures may receive insufficient emphasis during optimization.

Interestingly, the Prior + Wave variant achieves lower RMSE and higher PSNR than 
Prior + Flow on both datasets. On CIA, the RMSE decreases from 0.0285 to 0.0253, while 
the PSNR increases from 31.5931 dB to 32.7302 dB. This result should not be interpreted 
as indicating that high-frequency wavelet supervision alone is sufficient to reconstruct the 
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complete target image. In all variants, the refinement starts from the same learned prior 
𝑃, and the velocity-induced estimate is constructed as ˆ𝐹𝑟

2 = 𝑃 + ˆ𝑢𝑡. Therefore, the global 
low-frequency content and overall radiometric structure are primarily inherited from the 
learned prior, whereas ℒwave selectively constrains the LH, HL, and HH components of the 
remaining prior-to-target correction.

It is important to note that ℒwave does not directly supervise the LL subband. Ac-
cordingly, the superior RMSE and PSNR of Prior + Wave do not imply that the wavelet 
loss independently anchors the global low-frequency content. Rather, because the learned 
prior already provides a reasonable approximation of the target image, selectively reducing 
high-frequency reconstruction errors can still decrease the overall pixel-domain error and 
thereby improve RMSE and PSNR. The result therefore suggests that, given an informative 
prior, emphasizing high-frequency residual errors is particularly beneficial for refining fine 
spatial structures.

When the two objectives are jointly optimized, the best overall performance is achieved 
on both datasets. On CIA, Prior + Flow + Wave further reduces the RMSE to 0.0247 and 
improves the PSNR, SSIM, and SAM to 32.9044 dB, 0.8738, and 0.0729, respectively. On Dax-
ing, the joint objective also achieves the best RMSE, PSNR, SSIM, and SAM, reaching 0.0268, 
32.2109 dB, 0.8238, and 0.1081, respectively. These results indicate that the two objectives 
provide complementary constraints on the same prior-to-target correction. The Flow Match-
ing loss provides direct image-domain supervision over the complete velocity residual, 
whereas the wavelet loss places additional emphasis on its high-frequency components. 
Their joint optimization therefore preserves global velocity-field supervision while improv-
ing sensitivity to edges, textures, and local structural transitions.

The visual comparisons in Figures 12 and 13 further support this interpretation. The re-
constructed image patches and corresponding local SSIM maps show that the Flow + Wave 
configuration generally preserves field boundaries and local spatial structures more faith-
fully than either individual objective. In several structurally complex regions, the joint 
configuration exhibits more continuous high-SSIM responses, indicating improved local 
structural consistency with the ground truth. This observation is consistent with the role of 
the wavelet term as a frequency-aware reweighting of the velocity residual, which increases 
the optimization emphasis on high-frequency reconstruction errors.

Overall, the ablation results demonstrate that the wavelet detail constraint improves 
the Flow Matching objective by selectively emphasizing the high-frequency components of 
the velocity prediction error rather than introducing an independent supervisory signal. 
Combining the image-domain Flow Matching loss with this frequency-aware residual 
constraint yields improved reconstruction accuracy and structural preservation.

4.8.4.  Comparison of Structural Constraints and Wavelet Configurations
To further investigate the effectiveness of the proposed wavelet-detail constraint, we 

conduct additional controlled experiments to compare wavelet-based supervision with a 
conventional gradient-based structural constraint. Furthermore, we examine the influence 
of different wavelet bases and decomposition levels on reconstruction performance. Specif-
ically, the gradient-based constraint is introduced as an alternative to the wavelet-detail 
constraint, while the Flow Matching objective and the remaining network components 
are preserved. For wavelet-based supervision, we consider Haar and Daubechies-2 (db2) 
wavelets with one-level and two-level decompositions. All configurations are evaluated on 
the CIA dataset using two function evaluations (NFE).
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Figure 12. Visual comparison of different training objectives on the CIA dataset. The top row shows 
the ground truth and reconstructed images, while the bottom row shows the corresponding local 
SSIM maps. Higher values indicate better structural similarity.

Figure 13. Visual comparison of different training objectives on the Daxing dataset. The top row 
shows the ground truth and reconstructed images, while the bottom row shows the corresponding 
local SSIM maps. Higher values indicate better structural similarity.

As shown in Table 11, the wavelet-based configurations consistently outperform the 
gradient-based constraint in terms of RMSE, MAE, PSNR, and SAM. In particular, the origi-
nal one-level Haar configuration achieves an RMSE of 0.02470, an MAE of 0.01720, and a 
PSNR of 32.9044 dB, compared with 0.02671, 0.01946, and 32.3097 dB obtained using the 
gradient-based constraint. This corresponds to a PSNR improvement of 0.5947 dB, together 
with reductions of approximately 7.52% in RMSE and 11.61% in MAE. The one-level Haar 
configuration also improves SSIM from 0.8726 to 0.8738 and reduces SAM from 0.07984 to 
0.07290. These results provide direct experimental evidence that wavelet-detail supervi-
sion offers advantages over the evaluated gradient-based structural constraint within the 
proposed STF reconstruction framework.
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Table 11. Comparison of different structural constraints, wavelet bases, and decomposition levels on 
the CIA dataset with 2 NFEs. The best results are highlighted in bold.

Structural Constraint Levels RMSE ↓ MAE ↓ PSNR ↑ SSIM ↑ SAM ↓

Gradient – 0.02671 0.01946 32.3097 0.8726 0.07984
Haar 1 0.02470 0.01720 32.9044 0.8738 0.07290
Haar 2 0.02513 0.01742 32.7917 0.8742 0.07260
db2 1 0.02517 0.01758 32.7019 0.8737 0.07560
db2 2 0.02531 0.01780 32.7169 0.8667 0.07560

Regarding the choice of wavelet basis, Haar generally achieves better reconstruction 
performance than db2 under the evaluated configurations. With one-level decomposition, 
Haar obtains a PSNR of 32.9044 dB, outperforming db2 by 0.2025 dB. A similar trend is 
observed with two-level decomposition, where Haar achieves 32.7917 dB compared with 
32.7169 dB for db2. The Haar configurations also yield lower RMSE and MAE and better 
spectral angular accuracy. These observations indicate that the selection of wavelet basis 
influences reconstruction quality, with Haar providing more favorable results under the 
present experimental settings.

The decomposition depth also affects reconstruction performance. Increasing the 
Haar decomposition level from one to two slightly improves SSIM from 0.8738 to 
0.8742 and reduces SAM from 0.07290 to 0.07260. However, the PSNR decreases from
32.9044 dB to 32.7917 dB, accompanied by increases in RMSE and MAE. For db2, increasing 
the decomposition level produces a slight PSNR improvement from 32.7019 dB to 32.7169 dB, 
but the RMSE and MAE increase, while SSIM decreases from 0.8737 to 0.8667. These results 
suggest that deeper wavelet decomposition does not consistently improve reconstruction 
quality, and its influence varies across different evaluation metrics.

Overall, the controlled experiments demonstrate the effectiveness of the proposed 
wavelet-detail constraint compared with the evaluated gradient-based alternative. Fur-
thermore, the sensitivity analysis indicates that wavelet basis selection and decomposition 
depth affect the reconstruction results. Among the tested configurations, the one-level 
Haar wavelet achieves the lowest RMSE and MAE and the highest PSNR, while maintain-
ing competitive structural similarity and spectral fidelity. Therefore, the one-level Haar 
configuration is adopted as the default wavelet-detail constraint in WPFM-STF.

4.8.5.  Sensitivity Analysis of Transport Paths
To evaluate the influence of transport-path parameterization, we compare the original 

linear path with the Coasting path proposed in VSFM [51]. Unlike the constant-velocity 
linear path, the Coasting path introduces a nonuniform velocity schedule, defined as

𝑥𝑡 = 𝑃 + 𝛼(𝑡)(𝐹2 − 𝑃), 𝛼(𝑡) =
3𝑡 − 𝑡3

2 , (68)

with the corresponding conditional velocity

𝑢𝑡 =
3
2(1 − 𝑡2)(𝐹2 − 𝑃). (69)

As shown in Figure 14, the linear path consistently outperforms the Coasting path 
in RMSE, PSNR, and SAM across 1–8 NFEs. At 1 NFE, the linear path achieves an RMSE 
of 0.0248, an MAE of 0.0173, a PSNR of 32.8687 dB, an SSIM of 0.8736, and an SAM of 
0.0737, compared with 0.0263, 0.0186, 32.4398 dB, 0.8719, and 0.0793 for the Coasting path, 
respectively. At 2 NFEs, the corresponding results are 0.0247, 0.0172, 32.9044 dB, 0.8738, 
and 0.0729 for the linear path, compared with 0.0262, 0.0186, 32.4722 dB, 0.8723, and 0.0785 
for the Coasting path. The linear path thus improves PSNR by 0.4289 dB and 0.4322 dB at 1 
and 2 NFEs, respectively.
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Figure 14. Comparison of linear and Coasting transport paths on the CIA dataset under different 
numbers of function evaluations (NFE): (a) RMSE, (b) PSNR, (c) SSIM, and (d) SAM.

Both configurations achieve favorable performance at 2 NFEs, while further increas-
ing NFE generally leads to reduced reconstruction accuracy. Although the Coasting path 
achieves a slightly higher SSIM at 8 NFEs, the linear path maintains better RMSE, PSNR, 
and SAM throughout the evaluated range. Overall, these results suggest that the constant-
velocity linear path is better suited to the proposed prior-guided STF reconstruction frame-
work under the evaluated settings, supporting its use for efficient few-step reconstruction.

4.8.6.  Sensitivity Analysis of Numerical ODE Solvers
To investigate the sensitivity of WPFM-STF to different numerical integration schemes, 

we compare Euler, Heun, and fourth-order Runge–Kutta (RK4) solvers on the CIA dataset. 
For a fair comparison of computational budgets, the results are presented in terms of the 
number of function evaluations (NFE), rather than the number of integration steps.

As illustrated in Figure 15, Heun achieves slightly better reconstruction performance 
than Euler at certain evaluation budgets, particularly at 2 and 4 NFEs. However, the improve-
ments remain relatively modest. In contrast, RK4 does not provide a consistent advantage 
over the other solvers and exhibits lower reconstruction accuracy at the evaluated budgets. 
Furthermore, increasing NFE does not necessarily improve reconstruction quality, as both 
Euler and Heun achieve favorable results with only two function evaluations, followed by a 
gradual decline in several evaluation metrics at larger budgets.

These observations indicate that higher-order numerical integration does not neces-
sarily translate into improved STF reconstruction accuracy under a limited computational 
budget. In the proposed prior-guided framework, the simple Euler solver already provides a 
favorable balance between reconstruction accuracy and computational efficiency. Therefore, 
Euler is adopted as the default numerical solver in WPFM-STF.

4.8.7.  Sensitivity Analysis of the Wavelet Loss Weight
To evaluate the sensitivity of WPFM-STF to the wavelet loss weight, we vary 𝜆wave on 

the CIA dataset while keeping all other training and inference settings unchanged. As shown 
in Figure 16, the best overall performance is obtained at 𝜆wave = 0.02, achieving the lowest 
RMSE and SAM together with the highest PSNR and SSIM. A smaller weight provides 
insufficient high-frequency regularization, whereas larger values gradually degrade the 
reconstruction performance, indicating that excessive emphasis on wavelet details may 
disturb the balance between global reconstruction fidelity and local structural preservation. 
Therefore, 𝜆wave = 0.02 is adopted as the default setting in all experiments.
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Figure 15. Sensitivity analysis of different numerical ODE solvers on the CIA dataset under varying 
numbers of function evaluations (NFE): (a) RMSE, (b) PSNR, (c) SSIM, and (d) SAM. Euler, Heun, 
and RK4 are compared under the same NFE budgets to evaluate their reconstruction performance.

Figure 16. Sensitivity analysis of WPFM-STF to the wavelet loss weight 𝜆wave on the CIA dataset. 
The effects on (a) RMSE, (b) PSNR, (c) SSIM, and (d) SAM are reported. The dashed line denotes 
the default setting 𝜆wave = 0.02.

5.  Discussion
Figure 17 presents a representative 256 × 256 test patch from the CIA dataset. 

The learned prior exhibits pronounced radiometric deviations, with an RMSE of 0.05442. 
Two-step WPFM-STF refinement reduces the RMSE to 0.03087, corresponding to a relative 
reduction of approximately 43.3%. The corresponding error maps show substantially re-
duced errors across much of the patch, demonstrating that the refinement stage provides 
meaningful corrections rather than simply reproducing the prior. Nevertheless, residual 
discrepancies remain within several agricultural parcels, and FSDFormer achieves a lower 
RMSE of 0.02722 in this example.
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Figure 17. Qualitative reconstruction results and error analysis for a representative local failure case 
from the CIA dataset. (a) Reference image, (b) learned prior, (c) WPFM-STF reconstruction with two 
function evaluations, and (d) FSDFormer reconstruction. (e–g) Corresponding pixel-wise spectral 
RMSE maps displayed using a shared color scale. (h) Decomposition of the mean squared error 
(MSE) into the squared spatial mean-error component and the mean-centered residual component. 
Percentages indicate the contribution of the squared mean-error component to the total MSE.

To characterize these discrepancies, we decompose the MSE into the squared spatial 
mean error and the mean-centered residual for each spectral band, and then average both 
components across bands. As shown in Figure 17h, the mean-error component accounts 
for 75.2% of the prior MSE, decreasing to 22.6% after WPFM-STF refinement. Its absolute 
value decreases from 2.2273 × 10−3 to 0.2156 × 10−3, whereas the mean-centered residual 
remains approximately 0.7371 × 10−3. Thus, the improvement in this patch primarily arises 
from correcting the patch-wide radiometric offset. Compared with FSDFormer, WPFM-STF 
retains larger values in both error components, indicating that neither the remaining mean 
offset nor the spatially varying discrepancies are fully resolved.

This case illustrates that substantial correction of an inaccurate prior does not nec-
essarily ensure the most accurate local reconstruction. The decomposition identifies the 
composition of the remaining errors but does not establish their underlying training or 
architectural cause. Future work will investigate spatially adaptive refinement and training 
with more diverse prior errors to improve reconstruction performance when the learned 
initialization is locally inaccurate.

Beyond these local reconstruction limitations, the robustness of WPFM-STF under 
challenging observation conditions remains to be systematically evaluated. The CIA, LGC, 
and Daxing benchmark datasets are described as containing cloud-free Landsat–MODIS 
image pairs, with MODIS observations resampled to the corresponding Landsat spatial 
grids. However, such preprocessing does not necessarily eliminate residual geometric 
misregistration or atmospheric contamination. Furthermore, the present experiments do 
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not explicitly evaluate the effects of additional spatial misalignment, increased temporal 
gaps, or partial cloud/haze contamination. These factors may affect the reliability of the 
learned prior and subsequently influence the flow-based refinement process. Therefore, 
the reported reconstruction results should not be interpreted as establishing robustness to 
these untested perturbations. Future work will investigate controlled spatial shifts, temporal-
gap sensitivity, and cloud-contaminated observations to further assess the robustness and 
practical applicability of the proposed framework.

6.  Conclusions
In this paper, we propose WPFM-STF, a wavelet-constrained prior-guided Flow Match-

ing framework for remote sensing spatiotemporal fusion. Different from diffusion-based 
methods that generate images from random noise through iterative denoising, WPFM-STF 
constructs a target-oriented spatiotemporal prior from multi-temporal coarse- and fine-
resolution observations and formulates the subsequent reconstruction as a conditional 
deterministic transport from the prior state to the target image. The learned prior provides 
an informative initialization for Flow Matching, reducing the source-to-target discrepancy 
and enabling efficient few-step ODE sampling. Meanwhile, the wavelet detail constraint pro-
vides frequency-aware supervision to improve the preservation of high-frequency spatial 
structures while maintaining spectral consistency.

Extensive experiments on the CIA, LGC, and Daxing datasets demonstrate that WPFM-
STF achieves competitive reconstruction accuracy, spectral consistency, and spatial-detail 
preservation compared with representative STF methods. The sampling-step analysis fur-
ther shows that the proposed framework maintains stable reconstruction quality with only a 
few ODE evaluations, substantially improving inference efficiency compared with diffusion-
based STF generation and providing a favorable balance between reconstruction quality 
and computational cost. Ablation studies further validate the respective contributions 
of the learned spatiotemporal prior, the prior-guided flow formulation, and the wavelet 
detail constraint.

Although WPFM-STF achieves promising reconstruction performance and inference 
efficiency, its effectiveness partly depends on the quality of the learned prior, particularly 
in regions with abrupt or highly heterogeneous land-cover changes. Future work will 
investigate uncertainty-aware and adaptive prior generation strategies and extend the 
proposed framework to scenarios involving incomplete observations, longer temporal 
sequences, and cross-sensor spatiotemporal fusion.

Supplementary Materials: The source code of WPFM-STF is publicly available at https://
github.com/LQJDev/WPFM-STF (accessed on 4 November 2026).
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