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Fast Anomaly Detection Algorithm for Hyperspectral Imagery
Based on Line-by-line Processing
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Abstract: The Causal Real-time Relationship Reed-X Detector (CR-R-RXD) detecting algorithm based on
the pixel-by-pixel processing for hyperspectral imagery, which has the problems of a large amount of
computation, a long display time and a slow running speed. A CR-R-RXD detecting algorithm based on
line by line was proposed in this paper. Compared with the CR-R-RXD method based on pixel by pixel
processing, the whole row pixel vector of hyperspectral image was used as input in this proposed method.
That is, dealing with a row of hyperspectral data needs to be calculated only once, which greatly reduces
the calculation times. Experimental results show that, to compare with the R-RXD algorithm and CR-R-
RXD method based on pixel by pixel processing, the proposed algorithm can achieve the process of fast
real-time processing with almost the same accuracy as the R-RXD algorithm, the detection accuracy is
improved to compare with the CR-R-RXD algorithm based on pixel by pixel processing, and the testing
time of the algorithm is reduced, which enhances the timeliness of the algorithm.
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(a) AVIRIS hyperspectral image (b) Spatial positions (c) Objects distribution in Synthetic data
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Fig.2 AVIRIS hyperspectral image and Objects distribution in Synthetic data
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Fig. 3 Detection results for synthetic data
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Fig. 4 PCR-R-RXD detection of pixel-by-pixel processing
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Fig.5  LCR-R-RXD detection of line-by-line processing
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Table 1 Timeliness analysis for PCR-R-RXD and LCR-R-RXD algorithm
Algorithm PCR-R-RXD LCR-R-RXD
Processing time/s 876.686 7 5.816 8
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Table 2 Parameters of AVIRIS image

Characteristic Image size Band Wavelength Pixel depth  Spectral resolution  Spatial resolution

Parameter 145 pixel X 145 pixel 220 400~2 500 nm 16 bit 10 nm 20 mX20 m

2 Anomaly,

Anomaly,

(a) Anomaly objects distribution in AVIRIS image (b) Ground-truth information
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Fig.7 Anomaly objects distribution in AVIRIS image and the ground-truth information
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Fig. 8 Detection result of R-RXD algorithm

(a) No panels detected (b) Anomaly1 detected (c)Anomaly2 detected (d) Final detection result
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Fig. 9 PCR-R-RXD detection of pixel-by-pixel processing
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(a) No panels detected (b) Anomaly1 detected (c)Anomaly2 detected (d) Final detection result
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Fig. 10 LCR-R-RXD detection of pixel-by-pixel processing
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Table 3 Timeliness analysis for PCR-R-RXD and LCR-R-RXD algorithm
Algorithm PCR-R-RXD LCR-R-RXD
Processing time/s 527.561 9 4,279 9
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