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Abstract: Objectives: Deep learning methods with massive parameters have shown good performance in
classifying hyperspectral image with small size and high resolution. Meanwhile, there are at risk of overfit-
ting and difficulty in training, due to the low resolution and large size (i.e., diversity) of satellite hyperspec-

tral data in practical applications. Thus, we proposes a new lightweight convolutional network to extract
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the main crops (corn, rice) in Shenyang city, China, by use of orbita hyperspectral satellite (OHS) images
with 32 spectral bands ranging from 0.4-1.0 um and 10-meters spatial resolution. Methods: First, an im-
proved multi-scale residual mapping blocks and a spatial feature optimization block based on attention
mechanism are designed to formulate the spatial feature learning module. Then, spectral feature learning
module with three successive 1D convolution blocks is conducted to mine the rich spectra information of hy-
perspectral images. Finally, a fusion classification module is built to classify pixels by integrating weighted
spatial features and spectral features. Results: Four recent networks including PSPNet, U-Net, MAP-Net
and FreeNet are considered for comparison. From the perspective of model size, the proposed network is
much lighter than PSPNet, UNet, MAP-Net and equal to FreeNet, which is benefited from the use of 1D
convolution and 2D convolution in two learning modules that avoid excessive parameters caused by 3D con-
volution. From the perspective of accuracy, considering the overall assessment metrics and the Fl-score of
each category, the proposed method achieves the best performance over the recent four networks. The over-
all accuracy and mean intersection over union of our method on the test set are 92.3% and 77.9% , respec-
tively, which is superior to other networks. Our method also has a better classification result in single cate-
gory, the Fl-score of corn, rice and other each reach 85.1%, 81.95% and 94.9% . Expecially for rice, the
Fl-score of our method is 11.5% , 4.2%, 13.6% and 12.0% higher than PSPNet, U-Net, MAP-Net and
FreeNet respectively. Conclusions: Experiments on the data set show that our method achieves better clas-
sification results than other existing networks. This end-to—end lightweight classification network extracts
spatial and spectral information simultaneously by different convolutional blocks. The idea of combining
spatial and spectral features can effectively utilize the spatial context information of images and the correla-
tion among spectral channels to improve classification accuracy.
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e G T 2 JER AR 3 JR AT 5K (1Y) — 00 i 4
AR G5 G S R BUR R FMOGIE H R, w6
1% (hyperspectral image , HST) € % 2 11t &= & /3

FOCTEE B o HSTLE Y2 B 5 HEwH IR 3 5 73 26

o o 24 1 5 00 B B T 6 3 154 2K
Hr, A BUE S5 AT 5 v A R T
L7 5 6 1 B A% 19 75 18 5 A 4R 005 T LA Bk
FO I 345, 0 2 4% 4 1 05 D T A 08 3 1 I

D5 AT T BN An M R R
VEDRG 240 53 281 FR b o W0 R g
o G R A 2 H AR R R O S
() B MR FE 5T e — A ME— 1 R AR 28 = RIS
T R — AN B AE ELA BRI AR 55

TR W 2 B A 22 2 R 1 3 K RE T, i
AR SR AE Z A GRS 0 b R B O R 1 Pk e L A
B T HAE RG220 AR I A AR E T b
BUOTAE Dy I N o A e S R R R 4 25 4
BOORES S km e iz . A TR E
WSS R, — g B R g W
21 BT D B O % R AE 2 3T ) 1 4
it o HEE TR R M A Z T AR R Z 11
KR, A MM AR mE R B,
— SO Y 3 S R O R B SRy A5 ] AR ek
5 R R BE BT R A L T gE G A
J7 35 $E BCE B A5 [ RRAE 5 06 1S R AR 3R A A
I S BRI T S AT S5 b B
p— e 25 gl ) X 4%, G0 3E T UNet ' | PSPNet'®

2 vhOBR BT R I IR R OR [A)  BUZ AR AR ) 2 R
JEE R AE AT DB R A AL AR /N RE A B e B 3Gk
RE 717 5 o e 1 5 F T DA% R B 4 R S TRl AR L
S B ity 8 s HE B S 59 A R A 0 3R BOG 1
IR A 25 (] R AE fi Je R AT 23 2SI O i 4, = 4k
& BRSOk 8] I 42 48 5 635 S 7 A ) 2 g R
B A AR R S5 s (Rl R i R AT S AR
PR RO AT B R 5 S 80E R R
I 25 G 1 BB  BLA  RX E GE AR
O 2 B R R K L A8 48 FF 1 /N T TRl 35 of 59 4
EAT S50 55 05X, 40 B8R 22 4 N VG bR AR b B s
££(145X1 145,20 m) (WA ZE . K4 2040 5 (610 X
340, 1.3 m) FE= I 44 17 B4 4 (512X 217, 3.7 m)
A AR X SERCYE AR, 4% AT LG i KR 1 B 8
R P A B R AE 38 H AR 0S AR AT IR H = 4 K
JE P AR S BR AR PR AT S5 v, AR A R R LR AIG
25 (] 43 B 2R 00 1R 63 5 AR AT 4 S RS B A B
PRA2 L BR T 43 BER AY RE ) 3t T RE A ) 4%
SR SRR 2 O AR AE I R K R AR AR



%5 50 &5 5 40

22 TR B A - T PR AR 25 A Y 2 3 R R B IR 2% T T O R AR A 03 26 939

I 58 g PRXE o PRIk TR 1) R D £ g Ol 3 R AR TR
J 2 23 J5 vk o3 28 BT ) IR 25 1 21O 335 s 0] 4
F 9 8 A A o0 2% 2 - 3 b LAY o AR SO B T
— 5 L R W SR, LA (] g B R
OISR R FE BT R T IR I —Fh
BT 20 B B 25 -3 Rl A RG2S R 2
T P BT PSR A R Tk — R Y
RS AL T

1 FENA

1.1 EXREZE

AR ST A R T B O N 4
ZERANEL 1 s o A B R HT 53 551 A BURR AIE 1Y S
P&, F Bk 3 A5 A N, o3 ) Dy A3 ] AR AR 2 o)
PSS RRAE 4 2 B DL il oy SR o
25 [AVRAAE 2% 2 B AN GE 3 9 > 4k 4 U SR s

N FFAE

w

] RRAE 5 D' % R AR 27 2] B He i i = 2 — 2 AR
WURAIE , 76O/ B8 T 2O6I5 5 B Rl B REAIR T 115
o B AT DLW B IR BR A S8 B OGRS E B
Az A fE Bl T = 4E B AW & S8 M
SIRIE IR B VIR BRI ROR .

BL T 7 B HE 28 e A A e O i TR B
XEeRPOIV Hoh BRI fin A 2% 1 it R
AN CFRIR IS E B R H RoR AR W HRoR
ARTEE . W XA B oy L E5 k5 ak 2
42 1 2 [RVRAAE 27 2 A R B0l 22 R ik 2%
B S H6E X HEAT R AR B2 B . SRS R AR B A S
R RRE =W R I N DR T S 1 b= = | e 1 G
SR S BVRRAE o 53 A X A B3 R AR 2 )
B, 8 ) 78 G 4k B L0 A Bk B OGS R
it o 5 ¥ %R IR 5 25 [RVRR AR A Rl 43 R
e 452 m F 58 5 A — 3 GBSO 2R A8 (N)
ey iR L

ke
e = (RO
i I g X
L%@ﬁﬁ#ﬂﬁﬂ¢ﬁi
SHERE
wEwE T P s

B BT B e L1 AR 4 S HE 4R

Fig. 1 Convolutional Hyperspectral Image Classification Framework
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Table 2 Classification Results on the Test Set of
Different Fusion Strategies/ %

e F140%

Mg Fk —FR Hib

Mgl 87.0 75.8 941 915  81.3 75.6
HiWE 2 86.9 74.5 939 91.3  80.9 74.9
HWE3  86.4 66.9 94.0 909  80.3 71.6
HWE4 734 20.0 89.2 830  65.4 50.0

OA  Kappa mloU

B 2 A, 4 Fh il A SR mE L SR g 2.3.4 5%
ST SRR B Y 43 S T HE AT AL A i O
PR EETEAIG, O FLSR W 3 R B & TR MG 4. X 3R
B TE A SC A3 84T 55 Hh : (1) 2 [a) R AIE 2% 2] 55 He xif
A AE Py 1 i 08 T EE R 5 (2) AR SCHR 0 R AE Rl
B AT DA 25 Hb K 2 ) R AR R O 3% R AT 2 A7 Rl
G5 (3)FRAE @il & #2 He s 7] DA i e 2 A AE: 55 1 i
R TAERE NG SREBTIRIL . PRI, 4 3
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TS UE WO 2o RUBE AR 2 i S B ) A APE
TE 5L 1) 2 il B 2R H 2 4 o 2 A 0t F A B
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JH I 28 M 8% 2 5 W AR A SCBR 22 450, B AR K
NI R 22 ROBE % 5 % Fe B e 2. i ResNet
J2 W 5 v feiE Y 28 R 22 25 AR AR Sk 22 4
BT B B R 3 X 3 K/,

RI WHSREREMRHFPERMIEER/ X
Table 3 Ablation Study Results of Improved Multi-scale
Residual Mapping Blocks/ %

R FU OA K IoU
W — appa mlo
. X B
XF A B 1 69.3 50.5 88.1 81.6 59.0 50.9
Xif He A e 2 65.2 200 86.8 78.9 52.5 44.1
Ptk 22 ROBE 3% 2% B
] 735 514 894 83.0 629 552
e S5 B
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Table 4 Classification Results on the Test Set of
Ablation Models/ %

A F154
iR — OA Kappa  mloU
Tk TR HA

R 1 80.6  49.7 922 87.8  72.6 62.0
RLHY 2 82.1  60.0 924 884  74.6 66.2
LY 3 725 187  87.7 81.1 60.2 48.4
ARxEW: 870 758 941 915 81.3 75.6

HE— 203 A1 3 I RS R R AR SR B SE R AL
AR FH B BE AL s 5 (gradient-weighted
class activation mapping , Grad-CAM ) J7 32 ik 47 45
FERTARAL . Grad-CAM J&—Fl 45 B 28 190 2% figt g
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Fig. 9 Grad CAM Visualization Heat Map of Ablation Models
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Table 5 Classification Results on the Test Set of
Different Models/ %

B F1451
[l — OA  Kappa mloU
Ek o —FR OHAb

PSPNet 834 704  93.6 901 776 71.2
U-Net 858 77.7 945 912 815 76.3
MAP-Net 88.0 683 948 91.8  81.3 73.5
FreeNet  87.1  69.9 949 91.9  82.1 73.7
AIHEY 851 819 949 923 80.7 77.9
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Fig. 10 RGB, Label and Prediction Results of Five Networks on Image 1 in the Test Set
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Fig. 11 RGB, Label and Prediction Results of Five Networks on Image 2 in the Test Set
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Table 6 Parameters, Computation and Inference Speed
of Different Algorithm Models

N E2i8 P45 FLOPs e B
H 7

/MB /MB /ms
PSPNet 46.74 497.44 12.85
U-Net 34.54 1043.05 13.35
MAP-Net 23.57 354.86 11.40
FreeNet 2.50 253.87 11.71
AR 2.87 1 245.65 10.60

3 & iF

ASCHE N T — i 2 T 2 00 308 BN 25 -1 il

EEN DI Nl L g T L o (1 e D
S T LAAT 00 M) B2 A5 25 1) R SR B ROk
T T TP AR DG AT R R KT . AR SO
i T S )RR IR SR ) BRI 3 R Ik o ) AR
B Rl > AR R 3 AR L A . P (A R AR
57 ) AR Bt 22 NE Bk 2% Wi S B O ) S 4G
) M Bt T Y Bk 2 A DR R BOA [R) I L
A B iR (14 2 8] 45 Ak 5 T 3 3 05 0 L 9 = 8]



%5 50 &5 5 40

22 TR B A - T PR AR 25 A Y 2 3 R R B IR 2% T T O R AR A 03 26 947

T AIE A B RT LA 0 2% 7~ > I 4R vp TR 46 5T A,
F5 J3 R o Ol T R AL 27 ) B B o 1 O
4 BEAT & R RO FRAE o o) th il 20 26
B HURE PSSR AR R, AT 2R A5 B SR AR A 79 23
A, 32 S5 A o R PR RE o R T R Hh A T i
55 HA 4 Ffoos He O T VR B T oL AR B
ol A AR Wy 1) £ BB, S 45 SR R W AR OB ik T LA
2 B A AR B RO TS R 26 o R b R FE T i
FALE , A SCRE A BAT /0 AR 2 ke M e 4
M Y[R AR AT R AR B I K 4R OA AN
mloU. [A] i, 3% 75 ¥ o 16 75 2 s Wy 19 7 26 B 3R
7 AR RN E  JUHAE — TR L B A
RGP H o AHA ST kAT A et 23 (], BE AN 7 1
il 52 56 v, Ol B RRAIE 27 2T B B B TR B/ L R W
A e KA A I A5 B o R 2T DL TR il
FHAS T) RUBE 14 4 AR 83 68 11 406 30 i 22 o 2% 26
Al 00 2% HEAT G RRAE SR I, 55 Ah AR SR T B
TR AT A5 ) G 1 A E e J RS BR E RRAE 1 O
AT 42K X AR AT LD AL Y S H e L H
2 T B AR AL 8] B MO SE &R o TR SR B R
VTt G = 2k 26 BRI 45 K [) A 2 B0 R A

& % x #

[1] LIN, DONG X F, GAN F P. Research on Inver-
sion of Mineral Content Information Based on Hyper-
spectral Remote Sensing [C]//2021 1EEE Interna-
tional Geoscience and Remote Sensing Symposium
IGARSS, Brussels, Belgium, 2021.

[2] YANG L X, ZHANG R, BAO Y J, et al. Kernel
Tensor Sparse Coding Model for Precise Crop Clas-
sification of UAV Hyperspectral Image [J]. IEEE
Geoscience and Remote Sensing Letters, 2023, 20:
5511405.

(3] skiE, o, A&, 55 . TEYHs dui Ll e ik
BESEE[T]. R, 2021, 25(1): 403-422.
ZHANG Ning, YANG Guijun, ZHAO Chunjiang,
et al. Progress and Prospects of Hyperspectral Re-
mote Sensing Technology for Crop Diseases and
Pests[J]. National Remote Sensing Bulletin, 2021,
25(1): 403-422.

[4] ka7, 299, BRIEF, & . WEY ) 518 B
A [T]. BUR 2 4 (fF BB ), 2020, 45
(12): 1857-1864.
ZHANG Ligiang, LI Yang, HOU Zhengyang, et
al. Deep Learning and Remote Sensing Data Analy-
sis[J]. Geomatics and Information Science of Wu-
han University, 2020, 45(12): 1857-1864.

[5] HEKM, ZHANG X Y, REN S Q, et al. Deep Re-

sidual Learning for Image Recognition[ C]//2016 IEEE
Conference on Computer Vision and Pattern Recog-
nition (CVPR), Las Vegas, NV, USA, 2016.

[6] ZHANG K, GUO L R, GAO C, et al. Pyramidal
RoR for Image Classification[J]. Cluster Computing,
2019, 22(2): 5115-5125.

[7] PENG D F, ZHANG Y J, GUAN H Y. End-to-
End Change Detection for High Resolution Satellite
Images Using Improved UNet+-+ [J]. Remote
Sensing, 2019, 11(11): 1382.

[8] CHENH, QIZP, SHIZW. Remote Sensing Image
Change Detection with Transformers [J]. IEEE
Transactions on Geoscience and Remote Sensing,
2021, 60: 5607514.

[9] DEVLIN J, CHANG M, LEE K, et al. BERT:
Pre-training of Deep Bidirectional Transformers for
Language Understanding [C]//Conference of the
North American Chapter of the Association for Com-
putational Linguistics: Human Language Technolo-
gies, Minneapolis, USA, 2019.

[10] VASWANI A, SHAZEER N, PARMAR N, et
al. Attention Is All You Need [ C]//International
Conference on Neural Information Processing Sys-
tems (NIPS’17), Angelesl.os, USA, 2017.

[11] LI W, WU G D, ZHANG F, et al. Hyperspectral
Image Classification Using Deep Pixel-Pair Features
[J]. IEEE Transactions on Geoscience and Remote
Sensing, 2017, 55(2) : 844-853.

[12] HU W, HUANG Y Y, WEIL, et al. Deep Convo-
lutional Neural Networks for Hyperspectral Image
Classification [J]. Jowrnal of Sensors, 2015, 2015
(1): 258619.

[13] MOU L C, GHAMISI P, ZHU X X. Deep Recur-
rent Neural Networks for Hyperspectral Image Clas-
sification[J]. IEEE Transactions on Geoscience and
Remote Sensing, 2017, 55(7): 3639-3655.

[14] ZHANG X R, SUN Y J, JIANG K, et al. Spatial
Sequential Recurrent Neural Network for Hyperspec-
tral Image Classification[J]. IEEE Journal of Selected
Topics in Applied Earth Observations and Remote
Sensing, 2018, 11(11): 4141-4155.

[15] midest, XVvk, AJOH0, 5. W &Gk 154 2
BT 2% 45 B B AR Ok [T ], IR E MR (E B
BH#MR) L 2024, 49(2) : 225-235.
GAO Kuiliang, LIU Bing, YU Xuchu, et al. Auto-
matic Network Structure Search Method for Hyper-
spectral Image Classification[J]. Geomatics and In-
formation Science of Wuhan University, 2024, 49
(2): 225-235.

[16] HANGRL, LIUQ S, HONG D F, et al. Cascaded

Recurrent Neural Networks for Hyperspectral Image



948

BOBR 2 (R

ISR Y

2025 45 H

[17]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

Classification[J]. IEEE Transactions on Geoscience
and Remote Sensing, 2019, 57(8): 5384-5394.
RONNEBERGER O, FISCHER P, BROX T. U-
Net: Convolutional Networks for Biomedical Image
Segmentation [ C]//Medical Image Computing and
Computer—-Assisted Intervention — MICCAIL Cham,
Switzerland, 2015.

ZHAOH S, SHIJP, QI X J, et al. Pyramid Scene
Parsing Network [C]//2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR),
Honolulu, HI, USA, 2017.

Ered, wERE, ki, & BT U-Net iy
F GG A ARAE B 2> RO [T, BRMR TR, 2022, 38
(1): 58-66.

WANG Keqi, PENG Xiwen, ZHANG Yizhuo, et
al. A Hyperspectral Classification Method for Agro-
forestry Vegetation Based on Improved U-Net[J].
Forest Engineering, 2022, 38(1): 58-66.
PAOLETTI M E, HAUT J M, FERNANDEZ-
BELTRAN R, et al. Deep Pyramidal Residual Net-
works for Spectral - Spatial Hyperspectral Image
Classification[J]. IEEE Transactions on Geoscience
and Remote Sensing, 2019, 57(2): 740-754.
SONG W W, LIS T, FANG L Y, et al. Hyper-
spectral Image Classification with Deep Feature Fu-
sion Network[J]. IEEE Transactions on Geoscience
and Remote Sensing, 2018, 56(6): 3173-3184.
GONG Z Q, ZHONG P, YU Y, et al. A CNN
with Multiscale Convolution and Diversified Metric
IEFEE
Transactions on Geoscience and Remote Sensing,
2019, 57(6): 3599-3618.

ZHENG Z, ZHONG Y F, MA A L, etal. FPGA:

Fast Patch-Free Global Learning Framework for

for Hyperspectral Image Classification [J].

Fully End-to-End Hyperspectral Image Classifica-
tion[J]. IEEE Transactions on Geoscience and Re-
mote Sensing, 2020, 58(8): 5612-5626.
PRAVEEN B, MENON V. Dual-Branch-Atten-
tionNet: A Novel Deep-Learning-Based Spatial-
Spectral Attention Methodology for Hyperspectral Data
Analysis[J]. Remote Sensing, 2022, 14(15) : 3644.
TINEGA H C, CHEN E Q, MA L, et al. Hy-
bridGBN-SR: A Deep 3D/2D Genome Graph-
Based Network for Hyperspectral Image Classifica-
tion[J]. Remote Sensing, 2022, 14(6): 1332.

ROY S K, MANNA S, SONG T C, et al. Atten-
tion-Based Adaptive Spectral - Spatial Kernel ResNet
IEEE
Transactions on Geoscience and Remote Sensing,
2021, 59(9): 7831-7843.

for Hyperspectral Image Classification [J].

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[36]

SHI C, PUN C M. Superpixel-Based 3D Deep
Neural Networks for Hyperspectral Image Classifica-
tion[J]. Pattern Recognition, 2018, 74: 600-616.
BAE . TR A ST 1Y e e i G R R YE S b Y)
SFRFEMRID]. KA B, 2022

GONG Zheng. Research on Dimension Reduction
and Ground Object ClassificationAlgorithm of Hyper-
spectral Remote Sensing lmages Based on Deep
Learning[ D]. Changchun: Jilin University, 2022.
R, WG . BT A T R LR B OO 4%
26 M 2% 1w oL ARy R AT RS A B,
2022, 38(12): 2594-2605.

YUAN Qiangian, XIE Weixin. Hyperspectral Image
Classification Based on Spatial Spectral Attention
and Pre—Activation Residual Networks [J]. Journal
of Signal Processing, 2022, 38(12): 2594-2605.
Pk . B TR W Z RS m OGS R o e
ARBFFEID]. P4 Hp B2 B PH 2206 7 K5 3% ALK
WEFE T, 2021.

YANG Zhao. Research on Spectral - Spatial Joint
Hyperspectral Image Classification Technology
Based on Deep Learning[ D]. Xi’an: Xi’an Institute
of Optics and Precision Mechanics, Chinese Acade-
my of Sciences, 2021.

LIUZ, MAOHZ, WUCY, etal. A ConvNet for
the 2020s [EB/OL]. 2022: 2201.03545. https://
arxiv. org/abs/2201. 03545v2.

HU J, SHEN L, SUN G. Squeeze-and-Excitation
Networks [C]//2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition, Salt
Lake City, UT, USA, 2018.

Al . BT 2 4R AL Y LT
MR EIRID ], 758 T RRHOR?, 2022.
SHEN lJinyue. Research on the Classification of Hy~-
perspectral Remote Sensing Images Based on Conv-
loutional Neural Network and Attention Mechanism
[D]. Qingdao: Qingdao University of Science &.
Technology, 2022.

PELLETIER C, WEBB G, PETITJEAN F.
Temporal Convolutional Neural Network for the
Classification of Satellite Image Time Series[J]. Re-
mote Sensing, 2019, 11(5): 523.

KINGMA D, BA J. Adam: A Method for Sto-
chastic Optimization [ C]//The 3rd International
Conference on Learning Representations (ICLR
2015), DiegoSan, USA, 2015.

TR BRI GE At R v B 48 i 4R % 2021 [EB/OL].
(2021-11) [2022-08-18]. http://tjj. shenyang. gov.
cn/sjfb/ndsj/ .

(FEeHE97270)



