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Abstract: Hyperspectral image (HSI) classification using convolutional neural networks often grapples
with a large number of network parameters and a scarcity of class-labeled samples. To tackle these issues,
we propose a method called AL-CGNet, which integrates active learning and clustering with group convo-
lutions network for efficient HSI classification. AL-CGNet combines a convolutional neural network with
active learning and clustering to enhance feature extraction and classification, while a group convolutions-

based lightweight network model significantly reduces parameter count. Initially, HSI reduced in dimen-
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sionality through linear discriminant analysis is segmented into clusters via the mini-batch K-means algo-
rithm. The central feature of each cluster substitutes the samples within, leveraging information from unla-
beled samples. Subsequently, feature maps are segmented into groups along the spectral dimension in the
group convolutions network, where each group sequentially extracts spatial-spectral features through multi-
ple residual blocks. This grouping strategy optimizes band redundancy and diversity, cuts down network
parameters, and achieves lightweighting. Active learning then selects informative samples for the training
set, mitigating the issue of limited labeled samples. Experimental results demonstrate that AL-CGNet,
with only 6% training samples, significantly outperforms ClusterCNN, SSRN, and HybridSN on the Indi-
an Pines, Botswana, and Houston datasets, achieving overall accuracies of 99.57%, 99.23%, and
98.82% , respectively. Remarkably, AL-CGNet remains effective even with a smaller training sample size
of 5%. This method not only boosts HSI classification efficiency but also ensures robust feature extraction
and high accuracy.

Key words: hyperspectral images classification; convolutional neural networks; group convolutions; clus-

tering; lightweighting
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Tab.1 Classification results on IP dataset

Method OA+SD/% Kappa Time/s
ClusterCNN 95.84+0.43 0.952 5 186. 18
SSRN 93.07+0.92 0.920 5 57.50

HybridSN 94.9040. 52 0.9417 257.70
FC-3DCNN 70.1341. 23 0.6554 65. 00
3D-DenseNet  85.04+1.76 0.8284 336.10

CGNet 98.2840.17 0.980 3 172. 66

®2 EBWHIEELINSEER

Tab. 2 Classification results on BW dataset

Method OA+SD/% Kappa  Time/s
ClusterCNN 97.12£0.97 0.968 7 56. 32
SSRN 96.44+0.81 0.9614 17. 80
HybridSN 94.32+1.67 0.9384 77.30
FC-3DCNN 94.15+1.91 0.936 6 21.11
3D-DenseNet 92.25+1.38 0.916 0 111
CGNet 98.20=+0. 68 0.980 5 54. 34

R3 EHTHHRERELHSEER

Tab.3 Classification results on HT dataset

Method OA+SD/% Kappa Time/s
ClusterCNN 96.3340. 60 0.960 3 260. 50
SSRN 96.994+0. 33 0.967 5 91.40
HybridSN 95.99+1.11 0.956 7 380. 2
FC-3DCNN 92.5140.84 0.9190 90. 82
3D-DenseNet 93.62+0.97 0.9310 486.9
CGNet 96.91+0. 28 0.966 5 255.89

A I R o RS B /N BRI 25 I 2R AE 2R
14 FSF 18] AR X 458 70, Kappa 28 8 e K, 23 28 v 1 R
B fEHT B85 b, CGNet i 40 2545 B A LE
ClusterCNN, HybridSN, FC-3DCNN, 3D-
DenseNet J5 ¥ , 43 % $2 & T 0.58%, 0.92%,
4.4%,3.29% , 5 SSRN J7 ¥ 0 0 2 50 R 45 5F
CGNet J5 i bm 1 22 B /N, 43 28 25 R AH X L 3%
R, o ZE HE B R AT U st R A XA/
AT W, CGNet /] LLTE 3K 45 w5 43 280K B2 1Y [a) i
o A0 M A IBUCRRAIE

FA NS I EAETP,BW,HT X 3445
P W Y 25 2 50 M FLOPs., | 3 4 T 0,
CGNet F1H 43 5 B w55 6 0% 73 28 5 1 40 b mT 1 25
SRR /D X RO #E CGNet 432 W 45 o fifi
T oy AR, DT A 0 45 f 4 it Ak, S 808k D, 3L
T ALK T SSRN,FC-3DCNN, 1 SSRN,
FC-3DCNN # [t , CGNet Z 08 /b, {8 Il 45 i (7]
A B, 3% J2& M gy CGNet 5% F 147 45+ LU 52
W 4 A A — J2 2 2] B WRRAE, JF Rk
B T ISR A AR . fE SSRN 56, Je R
PCA FEAROGTE 4E %, RFEAL 7 SSRN 91155
RN G [, o B 2 ) HL 1430 B H AT AY 4. 5 4%,
FYI 2 it ] & B AT 84% . FC-3DCNN k%
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IN LS TN I Rt [ b, G55 %R 1~
3B S IG5 S AR ST 4R G O R I 5 BT AE 2R Y

S B A b T HL o R R SR AR LR
SCAR HY B R AR IS0 M 4% CGNet 2 A1
R

#4 FEIP,BW,HTHIEE EHATIIZ4S 2 H FLOPs
Tab.4 Number of trainable parameters and FLOPs on IP, BW, and HT datasets

Method Parameters(IP/BW/HT) FLOPs(IP/BW/HT)
ClusterCNN 201,488/201,358/201,423 26,196,864/26,196,608/26,196,736
SSRN 63,520/63,470/63,495 1,754,920/1,754,824/1,754,872
HybridSN 4,845,696/4,845,438/4,845,567 51,346,384/51,345,872/51,346,128
FC-3DCNN 995,456/995,198/995, 327 4,220,000/4,219,488/4,219,744
3D-DenseNet 2,549,584/2,548,878/2,549,231 9,690,464/9,689,056/9,689,760
CGNet 58,176/57,982/58,111 5,524,480/5,508,736/5,524,352

TSR N A ) O IR R O R
ClusterCNN 5 #5003 8l %% > H AR ) ClusterCNN
(AL-ClusterCNN) , DL Bz 2 Wi B 8 38 285 43 41 N 2%
CGNet 5 ¥ fn 5 3h % > #2 R 1) AL-CGNet, 7 3
ASBOPE S AT SC G HE 5 E T 3R Y AL-
CGNet A M . X B % £ X ClusterCNN &
AL 5 AL-CGNet #4738, & A F 1~£ 3
B S 6 25 SR ClusterCNN 5 6 A0 42 F A X 1
D7 R AR -

XFETA AR B2 i, NS Kk
W6 20 AR ICFEASAE g U1 2 4R X8 10 2% i A7 1 25 5
b i T Sl o) =23 Iy s W s VNS S L
TE I 2 %6 Bl A i B AR AR S 0 e I 2R AR 4R X
Mt iT il g, ZR4RHAES¥%I kT
B e BUE B KRR, 45 B EAsid it A
YI 25 4 w0 2% 08 47 I 25, A 36 08 R 0 U k4
S 6% METE S . [FEE, 2 R /NEE A 11 O, 3t
i 52 BIbRICHEAAE R 2R, 1 S A& 25 v
TE I 2% Bl AR 0 B AR A S 0 bh DI 2 A X I 4%

HEAT YNGR, Z 05 3% R FH 32 82 > Jr g e UM B
TR BYREA S B AT EAR 2 TR0 2 1 2R g o
W 4 E 47 1 2

2R 5~ T N WIAAE F 3h 2% 3 Jr 1 Cluster-
CNN, CGNet F1 P A~ F 3l 2% 2 J5 ¥ AL-Cluster-
CNN, AL-CGNet 7£ IP, BW , HT 3 1 %t #i 4 I
43245 5. ffiJ OA, SD, Kappa 2 % Il 25 i
(] 1 I 2 R AS L BV Ry 25 A 43 28 07 ¥ B9 PR AR 4
Bro M S~F T LIE W, H A R 808 6%
MY 2R S RS B0 T L W3S In 32 8l 2 2 1 AL-Clus-
terCNN 7£ IP, BW , HT %4 45 b A9 43 25 45 3 1
& F ClusterCNN J5 vk, /- B4 & T 2.67%,
1.49%,2.17% . AL-CGNet #1%8 T CGNet 43 51
BE T 1.29%,1.03%,1.91%, 4> 25 45 5 A0 X
WA B>, Y ANFEAREIR
AL-ClusterCNN Fl AL-CGNet ¥ 1 T Cluster-
CNN fl CGNet. H, AL-CGNet % Bl i {4, fr
16 B Wl ] f /b, o A5 AR 8 HL 4 28 Mk i R 0
= A Tl 626 I 2R FE AR 9 CGNet, 78 34

R5 BIAEEIPHBEELNSHEER

Tab.5 Classification results of each method on IP dataset
Method OA+SD/% Kappa Time/s Training data
ClusterCNN 95.84+0.43 0.9525 186.18 6%
CGNet 98.28+0.17 0.980 3 172. 66 6%
98.51+0.35 0.9829 186. 04 6%
AL-ClusterCNN
97.12+0.43 0.967 1 148. 31 5%
99.57+0.12 0.9950 176. 84 6%
AL-CGNet
98.90+0. 35 0.987 4 145. 68 5%
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Tab.6 Classification results of each method on BW dataset
Method OA+SD/% Kappa Time/s Training data
ClusterCNN 97.12+0.97 0.9687 56. 32 6%
CGNet 98.20+0.68 0.980 5 54. 34 6%
98.61+0.55 0.984 9 56.47 6%
AL-ClusterCNN
97.68+0.60 0.974 9 48.14 5%
99.23+0.47 0.9917 58.16 6%
AL-CGNet
98.81+0.58 0.987 1 47.33 5%
KT EVAFEEHTHRELNHEER
Tab.7 Classification results of each method on HT dataset
Method OA+SD/% Kappa Time/s Training data
ClusterCNN 96.33+0.60 0.960 3 260. 50 6%
CGNet 96.91+0. 28 0.966 5 255. 89 6%
98.50+0.53 0.9838 274.39 6%
AL-ClusterCNN
97.81+0.58 0.976 3 223.69 5%
98.82+0.16 0.987 2 256. 77 6%
AL-CGNet
97.88+0.37 0.977 1 214. 88 5%

Bl L ROR B Bl 4R | T 0.62%,
0.61%,0.97% ,3X Ui B} AL-CGNet 78 /)N FE 2 1
PR A A R T s E T R
A w5k

% 8 M AL-CGNet ffi F1 Y 2k BEAE L T
fE 1P, BW, HT 31 8¥a % i 2845 R . 7e/h
FEARE M T , AL-CGNet 2R JH (9 £ 824 3 7 ik
o 3 UM B A R A RORE AR i A I 25 4 Sk I 2k
1o T RE I I 5 LA A B T 25 XL 5~ 8
AL, AL-CGNet 7Ef# FH 4% VIR AR B BT,
AT 88 A F e At 5 2% 0 T 626 19 Uil 25 B A 13 B

AL-CGNet AT 75 [ I bR 10 R A 14 [] i 3R 15 8 £
S MERE. 24 AL-CGNet fifi FH 3% Il ZrkeAs , A1
It ClusterCNN, SSRN, HybridSN, FC-3DCNN,
3D-DenseNet i FH 6% Il 5kt 4 , AL-CGNet 7F
IP ¥4 48 B A A B AR % 76 BW 8 4 | AL-
CGNet 1 ClusterCNN J7 3% 5 7, {5 Il Zk B[] 5
D HW 208 4 I, AL-CGNet M kb Cluster-
CNN, SSRN, HybridSN #74b F 45 #5255 F
AL-CGNet 7E 4 FH 2> F 3% dric BEAR I L F
5 H At 7 v A8 6 %6 A g BEAS A B, /R AR A #
AT -

#8 AL-CGNetFEEAEDIIZGHEAZEIP/BWHT HiFE EHSEER
Tab.8 Classification results of AL-CGNet method on IP/BW/HT dataset using fewer training samples

4% 3%
Index - -
OA+SD/% Kappa Time/s OA+£SD/% Kappa Time/s
P 98.4840. 35 0.9827 110. 63 96.42+0.82 0.959 1 81.93
BW 98.24+1.18 0.9810 37.25 97.22+1.43 0.9699 28.79
HT 96.92+0.50 0.966 7 170. 58 95.81+0.63 0.9547 121.31

Pl 5~ 7 g 34 B4 45 1% M 1 L {1 R 4%
AN IETE X 3B By 2R . K
S5~ 7R[ UL, (b) ~ ()33 48 43 28 J5 32 K fE 1E 1 43
ML K Ik 115 3R L 90 A, TP B0 B R e L A o

HE X 5, BW 38 42 9 20 IX 38 DL K HT %8s 4
f 21 HE X B, 1M AL-CGNet 1% 70 2818 £ K T H
B T A o R 45 R CGNet A R 4F
B 454 1B 5~ 74 07 ik i 4 2 1 FE 1



1404 e K TR %5 32 %

(a) Ground truth (b) ClusterCNN (c) SSRN (d) HybridSN (e) FC-3DCNN (f) 3D-DenseNet  (g) CGNet  (h) AL-CGNet(6%)
KI5 TP e 42 11 b i 08 1 K 4> 43 28 07 W78 TP B dia 46 1ty 43 25 1

Fig. 5 Ground truth map of IP dataset and classification maps of each classification method on IP dataset

(a) Ground truth (b) ClusterCNN (c) SSRN (d) HybridSN  (e) FC-3DCNN (f) 3D-DenseNet  (g) CGNet  (h) AL-CGNet(6%)
K16 BW HH 4 it b 1 B A 18 S & AN 43 25 07 B AE BW B4 1 iy 43 28 &

Fig. 6 Ground truth map of BW dataset and the classification maps of each classification method on BW dataset

(a) Ground truth (b) ClusterCNN (c) SSRN (d) HybridSN  (e) FC-3DCNN (f) 3D-DenseNet  (g) CGNet  (h) AL-CGNet(6%)
&7 HT %ot 45 00 b 18 5 {E P b 454> 23 2807 ¥ 7 HT B 4 B o3 2K 8]

Fig. 7 Ground truth map of HT dataset and the classification maps of each classification method on HT dataset
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