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1. Ablation Study of Enhanced Spatial Feature
Transform Module

Existing approaches, such as the spatial feature transform
(SFT) [4] and SPADE [2, 3], leverage an ideal semantic
map to regulate denoising features through its embedding.
To enhance the robustness of utilizing land cover change
priors, we introduce an enhanced SFT module for seman-
tic guidance and reference (Ref) texture guidance. The en-
hanced SFT module integrates guidance features with de-
noising features to regulate the latter. Additionally, we in-
corporate the low-resolution (LR) image with the land cover
change mask for semantics-guided SFT, going beyond the
use of only semantic embedding. The results in Table 1 il-
lustrate the effectiveness of the enhanced SFT module in
alleviating the negative impact of imprecise priors.

2. Experiments in Real Scenarios

To illustrate the effectiveness of the proposed method, we
evaluate its performance in real scenarios using two dis-
tinct datasets located in areas different from the training
datasets. The first dataset is situated in Jiaxing, China, em-
ploying a classification system identical to the SECOND
dataset. The second dataset is derived from the HRSCD
dataset [1], covering two regions in France (i.e., Rennes
and Caen). The classification system of this dataset can be
roughly mapped to that in the CNAM-CD dataset.Real LR
and high-resolution (HR) images are collected from Google
Earth Engine based on the geographical information of ref-
erence images. Real LR and HR images include Google
Earth images with different levels of RGB bands. The res-
olution of real HR and Ref images is 0.5 meter. Note that
the real LR images and real HR images may be captured by
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Table 1. Results using the original SFT and enhanced SFT mod-
ules. Bold indicates the best results.

Method LPIPS| FIDJ
With the original SFT 0.2725 33.9478
With the enhanced SFT | 0.2642 32.5961

different sensors.

As depicted in Figure 1, our method outperforms com-
peting RefSR methods, showcasing superior visual results
on the two real datasets. It demonstrates the advanced fi-
delity and perceptual quality achieved by our method.

3. Further Analysis of the Proposed Method

We summarize the shortcomings of our method in three as-
pects. Firstly, it is challenging for the proposed method
to reconstruct small objects such as vehicles. Secondly,
our method cannot handle the super-resolution in substan-
tial scaling factors (e.g., 32x). Finally, diffusion model-
based RefSR is time-consuming compared with GAN-
based RefSR methods. But this issue is promising to be
optimized by recent studies on diffusion model acceleration
such as [5].

In our future work, we will further explore the end-to-
end method, integrating the change detection methods into
RefSR models, to improve the practicality of our method.
As analyzed in Section 4.4 in the main text, the simple two-
stage strategy of cascading a change detector and our RefSR
model does not fully unleash the capabilities of the pro-
posed method in real applications. An end-to-end approach
is expected to bridge this gap. Additionally, we will also ap-
ply different treatments to different categories of land cover
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Figure 1. Comparison results on two real datasets. (a-b) are located in Jiaxing, China. (c-d) are located in Rennes and Caen, France. (a)
and (c) are with 8 scaling factor. (b) and (d) are with 16x scaling factor.



change. Our method is designed to adaptively handle var-
ious types of changes. Given that the difficulty of recon-
struction varies among land cover change types, introduc-
ing an explicit constraint or guidance could prove beneficial
in further improving the results.
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