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Abstract: Objective Pansharpening aims to generate a high-resolution multispectral (HRMS) image by integrating the

fine spatial structures of a high-resolution panchromatic (PAN) image with the rich spectral information of a low-resolution
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multispectral (LRMS) image. Despite the significant progress achieved by deep learning-based approaches, existing meth-
ods still face critical limitations, including insufficient spatial detail recovery, spectral inconsistency, and upsampling deg-
radation. These challenges primarily arise from the lack of a unified framework that can simultaneously model spatial tex-
tures, spectral dependencies, and scale transitions. To overcome these issues, this paper proposes a detail-preserving pan=
sharpening network based on Prism Pyramid Fusion (PPFusion). The proposed model integrates differential enhancement,
Restormer-based long-range dependency modeling, hierarchical attention fusion, and shared upsampling regularization
into a cohesive deep learning architecture. By jointly optimizing spatial and spectral representations, PPFusion seeks to
achieve a balanced and interpretable fusion process, delivering high-quality HRMS images with enhanced fidelity and struc-
tural clarity. Method The PPFusion framework begins by upsampling the LRMS image to align its spatial resolution with
that of the PAN image. The upsampled LRMS and PAN images are concatenated and fed into a dual-path backbone net-
work. The first branch employs a Differentially Enhanced Convolution (DEConv) module that explicitly captures high-
frequency spatial details and edge contours using directional differential operators. This design enhances texture gradients
and sharp structures that are often lost during fusion. The second branch adopts a Restormer-based transformer module,
which leverages multi-head self-attention and feed-forward channel aggregation to model long-range spectral dependencies,
ensuring spectral consistency across channels. The two branches interact through three cross-scale fusion stages, allowing
mutual refinement of spatial and spectral representations. This progressive interaction mechanism facilitates hierarchical
detail reconstruction and spectral-spatial alignment. Following the backbone processing, a Hierarchical Content-Guided
Attention Fusion (HCGAF) module is introduced to conduct advanced multi-scale aggregation. HCGAF integrates four
complementary sources: the upsampled LRMS image, the PAN image, the intermediate fusion output, and the previous
stage’ s fusion features. Under a prism pyramid structure, multi-level attention maps guide the integration of local fine-
grained textures and global spectral semantics, ensuring that the fused image maintains both high-frequency precision and
global coherence. To further stabilize the learning process, a Dual-Branch Attention-Guided Shared Upsampling (DASU)
module is designed as a regularization component rather than part of the main fusion pipeline. The DASU branch indepen-
dently learns a mapping from the LRMS to HRMS domain, leveraging the PAN image as spatial guidance. During training,
a self-consistency loss is imposed between the DASU-generated output and the main network output, forming a teacher—
student constraint that regularizes the training process, mitigates overfitting, and enhances generalization. The overall loss
function comprises three components: a spectral fidelity term based on L1 loss between the fused and reference HRMS
images, a spatial consistency term derived from DASU supervision, and a smoothness constraint promoting stable optimiza-
tion. This joint loss enforces balanced optimization of spectral accuracy and spatial sharpness. Result Experiments are con-
ducted on three benchmark satellite datasets—WorldView-3 (WV3) , GaoFen-2 (GF2) and QuickBird (QB) —using ten
state-of-the-art deep learning-based pansharpening methods as baselines, including PNN, PanNet, FusionNet, GPPNN,
LAGNet, BiMPan, ADWM, HFPan, ARNet, and FAFormer. Quantitative results show that PPFusion achieves state-of-
the-art SAM performance, while maintaining competitive PSNR, ERGAS and SSIM across datasets. Full-resolution evalua-
tions indicate comparable QNR scores, demonstrating robustness under no-reference conditions. Visual inspection shows
sharper building edges, more realistic vegetation textures, and natural color transitions, with fewer spectral shifts or
blurred boundaries. Ablation studies confirm the effectiveness of each module: DEConv enhances edge sharpness,
Restormer improves spectral-spatial coherence, HCGAF enables multi-scale integration, and DASU boosts network stabil-
ity. Conclusion The proposed PPFusion network introduces a novel framework that jointly leverages differential convolu-
tion, Restormer-based long-range modeling, hierarchical content-guided fusion, and shared upsampling regularization. By
combining local detail reconstruction and global spectral modeling, it effectively balances spatial sharpness and spectral
fidelity. Extensive experiments verify that PPFusion achieves state-of-the-art performance in both quantitative accuracy and
perceptual quality. The design of the DASU regularizer further stabilizes training and enhances adaptability to different sat-
ellite sensors. Future work will explore extending the prism pyramid fusion paradigm to cross-sensor and multi-temporal
pansharpening, as well as integrating physical imaging priors and generative modeling for more interpretable and adaptive
remote sensing image fusion.
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Fig. 1 The archicture of proposed network
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Table 1 Reduced—Resolution Evaluation Comparison Across Datasets

WV3 GF2 0B
Pk ERGAS ERGAS ERGAS

PSNRT SAM/ | SSIMT PSNRT. SAM ] | SSIMT PSNRT SAM | | SSIM 1
PNN 38.0955 23673 4.7062 0.9805 43.1507 0.9944 1.0322 0.9737 43.1141 24734 49852 0.9723
PanNet 349968 23963 9.4153 0.9747 45.0894 0.8906 0.8285 0.9822 41.8941 25352 11.6686 0.9704
FusionNet ~ 39.3177 2.1030 4.1641 0.9859 43.0288 0.9447 1.0467 09745 445958 24037 4.1569 0.9757
GPPNN 38.0017 22655 5.0061 0.9815 39.7254 1.1653 1.5436 0.9635 42.6680 24625 5.2192 0.9724
LAGNet  40.3855 1.9987 3.6387 0.9880 457117 0.8801 0.7692 09856 45.1314 23699  3.8367 0.9772
BiMPan 39.6653 2.0107 4.0245 0.9872 447763 1.0425 0.8385 0.9802 43.5022 2.4348  4.5004 0.9742
SSDiff 40.6402 1.8069 3.5141 0.9889 48.7477 0.6653 0.5408 0.9918 45.0753 2.3779  3.9827 0.9768
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ADWM 40.0463 1.9306 3.7446 0.9875 41.2966 1.4899 1.2845 09662 45.0680 24087 3.9402 0.9764
HFPan 40.1217 23039 3.7828 0.9881 44.5063 1.2057 0.8997 0.9894 45.1840 24731  3.8447 0.9775
ARNet 39.9221 19166 3.8475 0.9877 47.2597 0.7806 0.6466 0.9888 452573 23754 3.8340 0.9776
FAFormer 342167 2.8098 7.4165 0.9587 41.6719 1.2434 12433 09689 425131 25269 5.4266 0.9702
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Fig. 3 Visualization Results of WV3 ( (a) PNN ;
(b) PanNet ; (c¢) FusionNet ; (d) GPPNN ; (e)
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Table 2 Full-Resolution Evaluation Comparison Across Datasets
WVv3 GF2 QB
RPN
D, | D | QNR T D, D, QNR T D, | D, QONR 1
PNN 0.0348 0.1058 0.8630 0.0235 0.0281 0.9489 0.0343 0.1037 0.8656
PanNet 0.0455 0.1341 0.8266 0.0227 0.0320 0.9460 0.0241 0.0819 0.8959
FusionNet 0.0418 0.0917 0.8703 0.0189 0.0258 0.9558 0.0407 0.0941 0.8690
GPPNN 0.0420 0.0687 0.8922 0.0247 0.0243 0.9516 0.0499 0.0593 0.8938
LAGNet 0.0395 0.0846 0.8793 0.0270 0.0387 0.9354 0.0459 0.0650 0.8921
BiMPan 0.0668 0.1531 0.7903 0.0047 0.0250 0.9704 0.0394 0.0673 0.8959
SSDiff 0.0325 0.0669 0.9028 0.0187 0.0308 0.9510 0.0348 0.0612 0.9061
MSAN 0.0306 0.1101 0.8626 0.0198 0.0310 0.9498 0.0351 0.0534 0.9133
ADWM 0.0370 0.0785 0.8874 0.0254 0.0290 0.9463 0.0486 0.0609 0.8934
HFPan 0.0333 0.0738 0.8954 0.0230 0.0337 0.9441 0.0444 0.0383 0.9190
ARNet 0.0457 0.0649 0.8923 0.0268 0.0354 0.9388 0.0497 0.0618 0.8915
FAFormer 0.0484 0.0464 0.9074 0.0271 0.0305 0.9432 0.0423 0.1372 0.8263
AL 0.0355 0.0843 0.8831 0.0175 0.0311 0.9519 0.0371 0.0293 0.9346
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SSIM) (Nilsson 45, 2020) o X T+ 42 73 B A K4 4 Y
VA ARSI T = 2R A8 ok 25 B A R E R Y
Ji s, 53 98 - 65 % i fe 46 br (Quality with No Ref-
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ARNet (Wang 2 2025) L)L M FAFormer (Meng &
2025). A TORIELE AP A SO R T4 i
VEF AN TS HEA T T S B, I 76 AR [R) A0 5508 4 -
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(b) PanNet (¢) FusionNet (d)

GPPNN

LAGNet BiMPan (g) SSDiff

(h) MSAN (i) ADWM (j) HFPan (k)

ARNet (1) FAFormer (m) ours (n) GT

(h) MSAN (i) ADWM (j) HFPan (k) ARNet (1) FAFormer (m) ours (n) GT )
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Fig. 4 Visualization Results of GF2 ( (a) PNN ; (b) PanNet ; (¢) FusionNet ; (d) GPPNN ; (e) LAGNet (f) BiMPan (g) SSDiff
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Table 3 The Results of Ablation Experiments

Bl % DEConvHCGAFDASUPSNR 1 SAM | ERGAS |
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(b) PanNet (¢) FusionNet  (d) 'GPPNN LAGNet (f) BiMPan (g) SSDiff

(h) MSAN (i) ADWM (j) HFPan (k) ARNet (1)  FAFormer

(h) MSAN (i) ADWM (j) HFPan (k) ARNet (1) FAFormer (m) ours (n) GT )
K5 QBAIMLZ, R
Fig. 5 Visualization Results of QB ( (a) PNN ; (b) PanNet ; (¢) FusionNet ; (d) GPPNN ; (e) LAGNet (f) BiMPan (g) SSDiff

(b) PanNet (¢) FusionNet (d) ~GPPNN (e) LAGNet (f) BiMPan (g) SSDiff

Ein FAOY L ey R

, At 7 LS E: YT Sl 5
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(h) MSAN (i) ADWM (j) HFPan (k) ARNet (1) FAFormer (m) ours (n) GT
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Table 4 Loss Function Parameter Analysis

APSNR T SAM | ERGAS | 0.00340.90711.75253.44220.0140.97231.77303.41790.0340.88651.88863.43820.140.51931.87073.5711
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Table 5 Experimental Results of HCGAF Input Necessity
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Table 6 Comparative of HCGAF and Transformer
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Table 7 The Results of Computational Complexity
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