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[ Abstract] Hyperspectral image classification algorithms typically need to iteratively process the pixels in the image
point by point, which significantly differ in computational complexity and parallelism. However, with the significant
improvement of the spatial, spectral, and radiometric resolution for Hyperspectral Remote Sensing(HRS) images, these
algorithms cannot fulfill the requirements to timely handle’massive datasets. Therefore, a Low-Rank Sparse Subspace
Clustering(LRSSC) algorithm based on heterogeneous Central Processing Unit(CPU )+Neural-network Processing Unit
(NPU) computing architecture is designed by optimizing the NPU storage and computing integration mode and the
implementation steps of the classification algorithm, thus offloading data-intensive computations to the NPU. This
study uses NPU data-driven parallel computing with internal Artificial Intelligence( AI) acceleration to support real-time
classification of massive hyperspectral data based on machine learning algorithms.Inspired by big. LITTLE computing
paradigm, the proposed CPU+NPU' computing architecture consists of 8 bit and low-precision bit-width NPUs to
improve the overall throughput while reducing energy consumption during graph network inference. The simulations
with Pavia University hyperspectral dataset show that compared with the LRSSC algorithms using the CPU computing
architecture and heterogeneous CPU+Graphics Processing Unit(GPU) computing architecture, the computational speed
of the designed LRSSC algorithm using the heterogeneous CPU+NPU computing architecture is significantly reduced by
3-14 times.

[ Key words] Hyperspectral Remote Sensing( HRS) ;image classification algorithm ; Low-Rank Sparse Subspace Clustering
(LRSSC) ;low-power heterogeneous computing architecture ; Coded Aperture Snapshot Spectral Imaging( CASSI)
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Fig.1 Application of hyperspectral remote sensing image classification in military field
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Fig.7 Visual clustering results
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Table 1 Clustering results of quantitative evaluation
bR FTREALSR S 0B A g LA YER S
LiERT 0.154 6 0.965 1 0.2358
s 0.466 3 0.5618 0.5618
Li e} 0.884 6 0.884 6 0.4423
il 0.678 4 0.987 1 0.845 6
b 0.596 4 0.637 4 0.138 0

% Ja AR 0.695 2 09116 0.990 2
RN 0.987 9 0.923 6 0.9959
(552 1.000 0 1.000 0 1.000 0
OA 0.673 8 0.840 5 0.757 8
AA 0.663 6 0.858 9 0.607 9

Kappa £ %t 0.59 0.79 0.68

F2 ETABEITEZEAH LRSSCHEZESITH E
Table 2 Running times of LRSSC algorithms based
AL o8

on different computing architectures

Bk AT
256(7 bit 72x72 MAC).278(6 bit 72x

CN-LRSSC .
72 MAC).311(6-bit 80%80 MAC)
CG-LRSSC 1228
C-LRSSC 3748
3 #FRIE

o G T R SR b RS LR T R A AT
55 R SCI A 1 ISl #E 5 4 o AL 7 i Ot i 1 R
Bt b 3 S50 RS B AR S AT AL R S
JEAT AL AT HRAL B VR SERE ), S Tl 2R
FKEMGR T TR ERE R I T . SEIR AR R, 5 Ak
T CPU+GPU 5 14 it 5 28 ¥4 #1 CPU 5 22 14 Y
LRSSC % i #H tb , 3 T Ik 68 #6 5 14 1 53 22 1 1Y
LRSSC 1k B AIC 1 19 45 i L 1) 8] FT R GEREFE . 5 22
1475 1 LRSSC vk 19 11 2 24 iy 1) el , ik — 20 ST 5K
P ab FRRE Iy B S v BE T 9T i HoE 1T
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