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Lightweight Fully-Connected Tensorial Mapping Network for Hyper-
spectral Image Classification

LIN Zhi-xin, ZHENG Yu-bang', MA Tian-yu, WANG Rui, LI Heng-chao
(School of Information Science and Technology, Southwest Jiaotong University, Chengdu, Sichuan 611756, China)

Abstract: In recent years, convolutional neural networks have demonstrated outstanding performance in HSIC (Hy-
perspectral Image Classification). However, the improvement of model performance involves adopting deeper and broader
network architectures, leading to an increased number of parameters and operations, thus hindering deployment in airborne
or on-board devices. To this end, this paper introduces a HSIC method based on the LiteFCTMN (Lightweight Fully-Con-
nected Tensorial Mapping Network). We design two convolutional units based on the mapping way of FCTN (Fully-Con-
nected Tensor Network) decomposition and the structural characteristics of HSIs. By mapping the original convolution ker-
nel to multiple small-sized convolution kernels with fully-connected structures, the complexity of the novel units is reduced
while their expressiveness is improved. In addition, the RDT (Residual Double-Branch Tensorial) module is constructed us-
ing the designed units. In this module, two branches share the same weights, and a channel split operation is employed to re-
duce the number of feature channels, thereby reducing complexity. The proposed model strategically leverages both local
spatial-spectral information from RDT and global spectral information from the new units, resulting in enhanced classifica-
tion performance and reduced hardware consumption. Experimental results on three widely used HSI datasets demonstrate
that the proposed model achieves superior classification performance and lower complexity compared to the state-of-the-art
works.

Key words: hyperspectral image classification; model compression; fully-connected tensor network decomposition;

convolutional neural network; tensorial neural network; lightweight convolutional module
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Indian Pines Kennedy Space Center Houston
F5 | Bl Ze) gk | Wt | BiE el Yk | Wt | e eSSl ek | it
1 Alfalfa 5 41 Srub 23 738 Health grass 198 1053
2 Corn-notill 71 1357 CP swamp 7 236 Stressed grass 190 1 064
3 Corn-mintill 41 789 CP hammock 8 248 Synthetic grass 192 505
4 Corn 12 225 Slash pine 8 244 Trees 188 1056
5 Grass-pasture 24 459 Oak/Broadleaf 5 156 Soil 186 1056
6 Grass-trees 37 693 Hardwood 7 222 Water 182 143
7 Grass-pasture-mowed 5 23 Swamp 3 102 Residential 196 1072
8 Hay-windrowed 24 454 Graminoid 13 418 Commercial 191 1053
9 Oats 5 15 Spartina marsh 16 504 Road 193 1 059
10 Soybean-notill 49 923 Cattail marshl 49 923 Highway 191 1 036
11 Soybean-mintill 109 | 2346 Salt marsh 12 392 Railway 181 1 054
12 Soybean-clean 30 563 Mud flats 13 406 Parking Lot 1 192 1 041
13 Wheat 12 193 Water 15 488 Parking Lot 2 184 285
14 Woods 63 1202 Tennis court 181 247
15 Buildings-Grass-Trees-Drives | 19 369 Running track 187 473
16 Stone-Steel-Towers 6 87
Bt 512 | 9737 158 | 5053 2832 | 12197
x4 FEEBEZNHIEE Eo it WL %
. Indian Pines Kennedy Space Center Houston
OA AA K OA AA K OA AA K
SVM 79.66 79.09 76.68 80.44 71.08 78.13 70.85 68.35 68.43
3DCNN 95.69 95.53 95.09 76.70 67.79 73.94 83.51 83.38 82.12
SSRN 94.50 95.35 93.73 94.32 90.12 93.67 84.09 85.70 82.77
DBDA 94.37 95.06 93.58 94.74 91.30 94.15 84.93 87.21 83.66
LiteDenseNet 95.57 95.89 94.95 96.27 93.14 95.84 85.47 87.68 84.27
LiteDepthwiseNet 95.95 96.67 95.38 96.30 93.49 95.89 85.11 87.07 83.89
LiteFCTMN 96.51 96.93 96.02 96.92 94.34 96.58 86.49 88.02 85.35

(¢) DBDA

(/) LiteDenseNet

E 6 ARFEAIFE Indian Pines BHE A 43245 R

(g) LiteDepthwiseNet

(h) LiteFCTMN
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i

(e) DBDA (f) LiteDenseNet

(g) LiteDepthwiseNet (h) LiteFCTMN

7 AEFEFAE Kennedy Space Center £UHE4E 73245 K]

(a) BRI

(¢c) 3DCNN

(b) SVM

(d) SSRN

(¢) DBDA

(g) LiteDepthwiseNet
P8 ANFEFLRIZE Houston Bl 45 254k F K

4.4 MESWEFELER

AR B S Lite FCTMN X HCAB R (14 55 4 . 265
G T AS A B AU FE Indian Pines , Kennedy Space Center
1 Houston ZLHE 52 11 7252'{5(% (Parameters , Params ) , Ef.
{37} T (kilo, k) LA K 7% 55,32 54 (Floating Point Opera-
tions, FLOPs) , 237 & JK (Million, M) , 3 LA It A 452 78U
SR

FERTA R R By T 3DCNN AR R A BOE 5 K, %
BN 2 J 2 dc e . DBDA SRS SSRN AU fin 1 12 28
TIWLH, P BRI 4% T LiteDepthwiseNet
BEHLKG: LiteDenseNet #5275 v 43 21 25 R 4 S TR AT 43
BB A RN TR IR . T4 LiteFCTMN 45
U FH 37 1% 31 9 FCTNM Conv3D 28708 i 45 1 = 4 4

(/) LiteDenseNet

(h) LiteFCTMN

B2, HZ AN BRRZGE RS S B b T
RS . [RIBT, Lite PFCTMN A58 760 325 {eff FH 380 30 43 1) 44
YRV B AR R R T A, i — DRI A S 4. B
AR 10, 7 Indian Pines 304 5 |, Lite FCTMN #5% 1 %5
LiteDenseNet # 8 7E 2 405 Jy T R 46 T 231.60 1%, 115
T /) 89.60%. 5 LiteDepthwiseNet 1 BUAH [, i 42 45
RIS TR 46 14.05 48 1 F B I 63.53%. HAR P4
Bl A B AL S 25 5 L 28 BT, r R
LiteFCTMN A8 GRS FHE B S PERE AR R & I Ji7
4.5 AEKREDBHELE

B, % L CP 23 f# | tucker 3 fif . TT 43 F11 FCTN
O3 AR AR SCEL A P B R0 . S T R, SE K
FCTNMConv3D3 Fll FCTNMConv3D4 85T % 3 Sk % 1 ()
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x5 ARAEBE=ZNHIBELNERE
am Indian Pines Kennedy Space Cente Houston
Params/k FLOPs/M Params/k FLOPs/M Params/k FLOPs/M

3DCNN 1 803.80 273.20 1 802.90 273.20 1803.50 273.20

SSRN 364.17 95.58 327.23 83.91 278.13 68.35

DBDA 382.35 108.17 338.21 94.99 280.08 77.41
LiteDenseNet 852.30 171.81 748.44 150.56 610.32 122.22
LiteDepthwiseNet 51.71 49.00 46.35 42,97 39.56 34.93
LiteFCTMN 3.68 17.87 3.41 15.67 3.47 12.74

T CP A3 tucker 3 A TT 23 fif 1 45 B80T, Hi Ay
BB B ORFFAAS . X L IT I BRAR 38 Lite FCTMN #5275
B 2 R 22, B CP 43 it (R BR 450 6, #4  CP-6 £
AU . Tucker 20 AUREEL 3, ¥ 2 Tucker-3 881 . TT 43 )
FREL 4, P78 TT-4 4570

6 MR 5K A AR AL (1) S0 Sk RE L S 80 LA
PR . AR AT DUE Y, R = B AR I DL
FT PR ELAT e 3 OA L, 36T CP A OB I Yk 22 | 3
T tucker 73 i HO A AL 73 FSPERE R M1 . ELAOR UL, 7F In-
dian Pines 04411, LiteFCTMN 5 £ 45 CP-6 45 1 fikg

1271 0.28% 5 5 5T wucker 23 B UAH L, Lite FCTMN
R OA {H HE Tucker-3 BRI B 155 2.78% ; 5 5T TT 43 fift
BB RIAR EL , BT SRR 345 0.69% T RERG 25 . H AT M4
B AR LA R AR L S g A5 2R

kg R T FCTNMConv3D T I 4 3% R 45
FAIBE WS 78 0 R AE AT B A DR -5 £ 22 1] 9+ S | ]
B ELAT i BN (AR RE A AR A5 4 A HE R E
T A o3 20 L 230 00 T 7ok i, 3 SO 4y 2%
PEREELAG . BV F A SCHT# LiteFCTMN BE R GBS 7
RS A FE R I 0T B €0 1) s i IR o 2R

F6 ARKENBEBEHSEMRESRELR

. Indian Pines Kennedy Space Center Houston
OA/% Params/k FLOPs/M O0A/% Params/k FLOPs/M 0A/% Params/k FLOPs/M
CP-6 96.28 3.48 18.30 95.84 3.22 16.05 84.45 3.66 13.04
Tucker-3 93.73 3.03 18.09 94.33 2.81 15.86 83.71 3.30 12.88
TT-4 95.82 4.52 20.36 95.39 4.15 17.85 83.90 4.65 14.50
LiteFCTMN 96.51 3.68 17.87 96.92 3.41 15.67 86.49 3.47 12.74
5 #Zip W] LTI, 2022, 50(12): 2874-2883.

ARSCHEETF FCTN F3 4 T 56 i 2 4 i J ol i
2% Lite FCTMN A5 1 H] F 5 6 15 KR 0 2508 5T, 1%
PR AT € 1 2 Sk RE AR AR A0 & 28 1 . sl 1T
AN I & 2% 8 1Y = 4 5K & i 5 % B T (FCT-
NMConv3D4 FI FCTNMConv3D3) , Jf #4 & RDT £ He |
LiteFCTMN BERULE 224327 A HI 9 e 0 15 R £ i 4R
Y RENE LUAAR AR AL S 8 M T R A i
JPERE .
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