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Fig. 1 Outline of change detection in hyperspectral remote sensing image via spectral-frequency domain attribute pattern fusion
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Fig. 2  Gradient correlation—based absolute spectral distance
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Fig. 3 River hyperspectral remote sensing images dataset
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Fig. 4 Farmland hyperspectral remote sensing images dataset
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Fig. 5 Influence of Gaussian filter standard deviation o and false alarm threshold 3, on the change detection accuracy of the proposed

SFDAPF method on the river hyperspectral remote sensing image dataset
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Fig. 6 Influence of Gaussian filter standard deviation o and false alarm threshold B, on the change detection accuracy of the proposed

SFDAPF method on the farmland hyperspectral remote sensing image dataset
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Fig. 7 Visualization of GCASD and SE components and SFDAPF method for changing regions of river hyperspectral remote
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Table 1 Performance contribution of each component of the proposed method on different hyperspectral remote sensing datasets

TV 25 DI I SR

VST DRI R Y G AE S

e
Hil GCASD IGF SE SFDAPF GCASD IGF SE SFDAPF
F1 0.98043 0.98024 0.97971 0.98076 0.97281 0.97072 0.97865 0.98078
IoU 0.96162 0.96124 0.96023 0.96225 0.94705 0.94310 0.95820 0.96229
OA 0.96447 0.96410 0.96312 0.96508 0.96130 0.95824 0.97011 0.97287
I ) /s 717.1 342 3.38 354 19.0 2.94 19.4

T HUAZ R MBI AR P AR ERTEE . OA N SUARTIE s F1 N F1 2385 ToU S S TF FEFR AR . GCASD Jhy 3 T8 2 A & P A D 3 248 o

HE S 5 IF Ry U b A5 SE b o 35 1G58 5 SFDAPF S A Sy 2% .
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Fig. 8 Change detection effect of each component and SFDAPF method on farm hyperspectral remote sensing dataset
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Table 2 Detection results of different methods using different evaluation indicators on river hyperspectral

remote sensing dataset

ik AA OAu OAc F1 ToU 0A Aif Al /s
CVA 0.92525 0.87660 0.97391 0.54010 0.93301 0.87442 0.88505 9.57x107
PCA-CVA 0.95107 0.95184 0.95030 0.74778 0.97297 0.94736 0.95170 9.87x10™"
[RMAD 0.84440 0.97103 0.71778 0.68196 0.97205 0.94562 0.94902 4.81x10™
PTCD 0.75330 0.91018 0.59641 0.40713 0.93419 0.87651 0.88291 1.29x10°
SALA 0.92881 0.91165 0.94597 0.61456 0.95122 0.90698 0.91463 5.57
MMPs 0.93119 0.92239 0.93999 0.64275 0.95679 091715 0.92392 1.36%10
SFDAPF 0.91771 0.97504 0.86038 0.79152 0.98076 0.96225 0.96508 3.47x10"

TE : HURFR WA PRAG TR PR A BB S RG1 . AA HSEEIREIE O A AT O A 405k R ASAZ TGRS AR OT BRI 5 Kappa b F T —BOHEAS

CA R R ey o

(b) CVA (0A=88.51%)

(¢) PCA-CVA (0A=95.17%) (d) IRMAD (0A=94.90%)
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Fig. 9 Change detection effect of each method on river hyperspectral remote sensing dataset
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b A T 2 A B R R AR SE g, AR SC SFDAPF JriETE DG 18 R R AL RNAT 55 )
SFDAPF J5 ik e ME——NTE 2 DB AR R U i BRIz .
B S RCE T RR I J5 5, X e B T AR S
R3 BAERERGEAILEBEBEE ERATEITFGEROENLE R
Table 3 Detection results of different methods using different evaluation indicators on farmland hyperspectral

remote sensing dataset

Irik AA OAu OAc Kappa F1 loU 0A ATl /s
CVA 0.93138 0.89428 0.96848 0.80847 0.93782 0.88291 0.91581 6.98x107
PCA-CVA 0.92877 0.98173 0.87580 0.87817 0.96604 0.93431 0.95100 3.24x10™"
[RMAD 0.65043 0.95085 0.35000 0.35673 0.85798 0.75129 0.77654 1.49
PTCD 0.90932 0.97004 0.84861 0.83799 0.95481 0.91352 0.93481 1.77x10
SALA 0.94637 0.92212 0.97062 0.85213 0.95353 091118 0.93619 6.33
MMPs 0.95148 0.92293 0.98003 0.86007 0.95586 0.91545 0.93949 1.36x10°
SFDAPF 0.97133 0.97500 0.96766 0.93470 0.98078 0.96229 0.97287 1.94x10'

TE : HUARZOR AT TRAR T B R S RE B - AA K ERE BE ; OAu R OAc 43 5 Ry AR ARG TT AR ARG T BARNE I 5 Kappa i FHF— B4
BATARTRTR .

(b) CVA (0A=91.58%) (¢) PCA-CVA (0A=95.10%)

(e) PTCD (0A=93.48%)  (f) SALA (0A=93.62%)  (g) MMPs (0A=93.95%)  (h) SFDAPF (0A=97.29%)
K10 Tk et B A A R IR

Fig. 10 Change detection effect of each method on farmland hyperspectral remote sensing dataset
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Fig. 11 Normalized detection statistic range of changing and non—changing pixels by each method in hyperspectral remote sensing

datasets of river and farmland
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Abstract: HyperSpectral Imagery (HSI) is a three-dimensional cube data that combines spatial imagery and spectral information, which
introduces increased conveniences to the accurate interpretation of observation information of ground coverings. However, high-dimensional
nonlinear data processing for the HSI Change Detection (HSI-CD) task encounters challenges. Therefore, an HSI-CD method based on
Spectral-Frequency Domain Attribute Pattern Fusion (SFDAPF) is introduced to gradually quantify the spectral representation of pixel
attribute patterns. Specifically, a Saliency Enhancement (SE) strategy for pixel attribute patterns based on Fourier transform theory is
developed to improve the separability between pixel attribute patterns in the current work. The proposed SFDAPF method comprises four
components as follows.

First, a gradient correlation-based spectral absolute distance (GCASD) is designed in this paper. Therefore, the attribute patterns of
pixel pairs in bitemporal HSI can be gradually quantified from the aspect of spectral information representation. Then, an SE strategy of
attribute patterns of pixel pairs is proposed in accordance with Fourier transform theory, which improves the separability of attribute patterns
of changing and non-changing pixel pairs in terms of global spatial information utilization. Next, the saliency level and GCASD per pixel
are fused to obtain the comprehensive discrimination value of change detection. Finally, the binarization results of the bitemporal HSI-CD
are obtained in accordance with the false alarm threshold.

The proposed SFDAPF method is applied to two open-source bitemporal HSI datasets (i.e., River and Farmland datasets). Experimental
results show that the proposed SFDAPF method can outperform the traditional and state-of-the-art HSI-CD methods. For the River dataset,
compared with the traditional methods, the SFDAPF method in this paper introduces the local context information of the pixel in the
calculation stage of the GCASD and adopts the global SE strategy, which is effective in reducing false alarms. Compared with the state-of-
the-art methods, the SFDAPF method in this paper achieves the highest accuracy for most of the performance evaluation indicators. For the
Farmland dataset, the AA, Kappa, F1, IoU, and OA indicators of the SFDAPF method in this paper have reached the highest accuracy, which
is 0.01985, 0.05653, 0.01474, 0.02798, and 0.02187 higher than the second highest accuracy. In addition, the OAu (0.97500) and OAc
(0.96766) indicators of the SFDAPF method did not achieve the highest accuracy. However, they were only 0.00673 and 0.01237 lower than
the highest accuracy, which can be called slightly lower than the highest accuracy. Therefore, the experiments verified the effectiveness of
the proposed SFDAPF method in the HSI-CD task.

The proposed SFDAPF method generally considers the representation of spectral information and the utilization of neighborhood
spatial information, thus promoting the overall accuracy of HSI-CD. However, the proposed SFDAPF method only considers the single-
window eight-connected neighborhood in the spectral characterization stage and the magnitude features represented in the frequency
domain. Therefore, future research work should further explore the contribution of dual-window spectral information representation and
phase information of frequency domain representation to HSI-CD task.
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