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Fig.2 SAM map
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Table 1 Results for comparison of detail perception error terms

Method PSNR ERGAS SAM uiQl
Pavia University %l Bk 447711 0.9006 1.6075 0.9953
IRER T 44,7974 0.8980 1.6050 0.9953
Indian Pine %3 BRIRE 42.0781 3.2611 0.6093 0.9066
R 42.0946 3.2610 0.602 0.9066
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Table 2 Resultsfor comparison of dictionary learning

Method PSNR ERGAS SAM UIQl

Pavia University %4l BTt 44.5084 0.9197 1.6820 0.9951
43 R 44,7974 0.8980 1.6050 0.9953

Indian Pine % &S 41.9022 3.2612 0.6271 0.9063
43 R 42.0946 3.2610 0.602 0.9066

VE: IR R R R AR
3 3 EADTV IEN I X bhSRag 45 R

Table 3 Resultsfor comparison of EADTV Regular term

Method PSNR ERGAS SAM 01Q1
Pavia University 5  Without EADTV 443853 0.9421 16778 0.9949
With EADTV 447974 0.8980 1.6050 0.9953
Indian Pine %I Without EADTV  41.7790 3.2649 0.6283 0.9052
With EADTV 420946 3.2610 0.602 0.9066

TE: AR R AUE

(2) CNMF (b) Hysure

(c) NSSR

(e) LRSR (HE

3 Pavia University % fil & 25 5 Kot 2 MSE B

Fig.3 Pavia University data experiment results and corresponding MSE map



(a) CNMF (b) Hysure

(c) NSSR (d) SSCSR

(e) LRSR () A3

K 4 Indian Pine $i ¥ fil & 45 F J % B MSE

Fig.4 Indian Pine data experiment results and corresponding MSE map

R AFIE 5 2B EERS 5 BALE R BT LRSR 443029 09404 17159  0.9948

Proposed  44.7974 0.8980 1.6050 0.9953

PRAE T ARAF IR A« B LR FR B P AN S

T MR RIUE, TRILRRRIE

T RSB (UL S WAL 77 T BT % 5 Indian Pine SUESI AR

AR, A6 ORAF 7 TR ARG At e L B Table 5 Resultsfor data setIndian Pine

o ASCHETATRUE, Bt a Rifabr(g ~ Method — PSNR - ERGAS  SAM  UIQI

s . s NN CNMF 404278 32770 07441  0.9014
L REUIE WY 4 7 DX 30 R ORI ST R 2
Hysure 407140 32662 06675  0.9048

=1 DA =,
SErR A AE R B . NSSR 416698 32618 06459  0.9061
% 4 Pavia University {UERI 5 2 SSCSR 418019 32621 06319 09057
LRSR 418601 32608 06295  0.9065

Table 4 Resultsfor data setPavia University
Proposed 42.0946  3.2610 0.6022 0.9066

Method PSNR ERGAS SAM ulQl

e IR R RE, TRILR R RUE

CNMF 38399 21105 21415  0.9865

:‘: A)
Hysure 432748  1.069 1.7616  0.9943 4 én T
NSSR 433412 10592  1.8820  0.9937

SiBURL BRSNS E i LN R

SSCSR 43.4364  1.0392 1.8180  0.9940
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Detail focused fusion of hyperspectral and multispectral images
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Abstract: Objective Hyperspectral image (HSI) and multispectral image (MSI) are two types of
images widely used in the field of remote sensing. They play an important role in applications such as
environmental monitoring, target detection, and mineral exploration. HSI contains a large amount of
spectral information. In order to ensure a sufficiently high signal-to-noise ratio, photons are usually
collected in a larger spatial area on the sensor. Therefore, the HSI spatial resolution is much lower
compared to MSI. This low spatial resolution greatly affects the practicality of HSI. Therefore, fusing
low-spatial resolution HSI (LR-HSI) with high-spatial resolution MSI (HR-MSI) in the same scene to
obtain high-resolution HSI (HR-HSI) is a method to solve such problems, which resolve the

contradiction that the spatial resolution and the spectral resolution cannot simultaneously maintain a



high level. From the analysis of fusion effect, the spatial and spectral reconstruction error of the
existing algorithms are mainly reflected in the edge and detail areas.

Method The method of this paper proposed a fusion algorithm for dictionary construction and
image reconstruction based on detail attention. In terms of maintaining spectral characteristics, the
spectral distribution in the detail area is complex and diverse because of the proximity effect of the
image, this paper proposes to perform dictionary learning on the image layer and the detail layer,
respectively. In terms of spatial characteristics enhancement, the detail perception error terms and a
constraint of edge adaptive directional total variation are proposed, which is combined with a local low
rank constraint in the same fusion framework to estimate the sparse coefficient.

Result Experimental were conducted on two datasets named Pavia University and Indian Pine to
verify the effectiveness of the proposed method. The quantitative evaluation metrics contain Peak
Signal to Noise Ratio (PSNR), Relative dimensionless global error in synthesis (ERGAS), Spectral
Angle Map (SAM) and Universal Image Quality Index (UIQI). Through experimental comparison, the
fusion result of the algorithm proposed in this paper is significantly improved compared with other
algorithms in terms of spatial and spectral characteristics.

Conclusion Through the analysis of the existing hyperspectral and multispectral image fusion
algorithms, this paper adopts the method of dictionary learning to propose a fusion algorithm for
dictionary construction and image reconstruction with attention to details. Aiming at the problem of
large reconstruction error in the detail part of existing algorithms, a hierarchical dictionary learning
algorithm is proposed. The detail perception error term and the direction adaptive full variational
regularization term are used to improve the spectral dictionary solution and coefficient estimation,
respectively. The result of the fusion is the error in the spectral characteristics and spatial texture of the
detail, which achieves an accurate representation of the edge detail.

Keywords: Hyperspectral Image, Image Fusion, Dictionary Learning, Edge Adaptive Directional Total
Variation, Local Low Rank
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