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Abstract: Under incomplete category annotation conditions, traditional supervised learning methods have difficulty in effectively
recognizing unseen land-cover categories in hyperspectral remote sensing images. This paper proposes a Knowledge Graph semantic
representations based Zero-Shot Network for hyperspectral remote sensing image classification(KG-ZSNet). We construct a remote
sensing knowledge graph to obtain category-level semantic representations and integrate variational autoencoder into a generative zero-
shot learning framework to achieve cross-modal alignment between visual and semantic features, thereby enabling unseen category
classification in shared latent space. Experiments on multiple public hyperspectral datasets demonstrate that KG-ZSNet achieves higher
accuracy than several representative zero-shot learning methods in zero-shot hyperspectral remote sensing image classification. KG-
ZSNet, by incorporating structured knowledge-graph semantics and the generative cross-modal alignment mechanism, achieves strong
effectiveness and stability in zero-shot hyperspectral remote sensing image classification.
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Fig.4 dataset images. (a) False-color image of PU. (b) Ground-
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map of HU18. (e) False-color image of HU18. (f) Ground-truth
map of training data in HU12. (g) Ground-truth map of testing
data in HU12.
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Table 2 Class information of the PU datasets
[ BB HH
1 Vi3 6631
2 L 18649
3 VOB 2099
= 5 WEREER 1345
1 6 At 5029
% 8 kR 3682
9 4352 947
10 i 4663
12 KR 136
ES 4 MA 3064
Pl 7 Wi AT 1330
% 11 154 340
F 3 HUI2 BEEREE R

Table 3 Class information of the HU12 dataset

o wmem  mp  VAE  WRE

#H M H
1 1B H 1251 198 1053
3 N T HHh 697 192 505
4 AR 1244 188 1056
5 it 1242 186 1056
& 6 PN 325 182 143
H 7 EEER 1268 196 1072
ES 9 B 1252 193 1059
10 ik 1227 191 1036
12 TS 3% 1233 192 1041
14 k1% 428 181 247
15 i 660 187 473
2 R 1254 190 1064
A 8 ey e 1244 191 1053
fﬂ 11 7324 1235 181 1054
- 13 RATIEES 469 184 285
F* 4 HUIS BIEERIZEAE R
Table 4 Class information of the HU18 dataset
VR BB #HH
1 IEH Bt 39196
3 N T HHb 2736
5 b g) 20172
6 At 18064
7 KAk 1064
9 E|FEETEsi) 894769
a 10 R 183283
P 11 NATIE 136035
e 12 BT 2% 6059
i 13 FTiE 185438
14 ek 39438
16 IS 4239 45932
17 KETHIF 4 587
18 P4 26289
19 K 21479
20 ENERZ)EE 27296
% 2 52 130008
1 4 fig=r) 54322
e 8 (R ctesi) 158995
i 15 R 27748
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KG-ZSNet B2 52565 B 41 R . 2D-CNN 2843
I SN0 B A RS0 REAE AT I 25, IR 3L
A 200 4> epoch, HAEEE 100 4> epoch B #E4T — Kk
SIRIEN, FrA R 4R batch size ¥J1M 105 XUE
VAE W 26 1] i CL 0 28 1) B A0 S R AE 5 15 SCRFEEAT
AR, INZRECHETN 300 4 epoch, FTH BEEEM)

batch size t— 1WA 505 KA KA IET X F G
KA ANE SCRHES AT ISR, IZEeHChN 50 4
epoch, FTHEHELEN batch size 5N 32. A M4
HITE 4 3 NVIDIA GTX 2080 Ti GPU (H-R A7 11
GB) EFERNZR. NPRUESEER S5 R e e 5 ] H
B, A SEERIILE 5 ANBENLER M E A
AT, B A ) S AA 73 265 i (Overall Accuracy, OA)
FNZE - 15) 43 FHE . (Average Accuracy, AA) 1EN
VAN FEAR, FHICEE L 5 YO S (P $4E S b
7 (Mean+ Std) 75 o ASSCHE H IR e =A%
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Fig.5 t-SNE visualization of knowledge graph semantic features
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Table 5 Comparison of classification performance of different ZSL methods on the PU dataset

ﬁ;ﬂ SJE DeViSE ALE ESZSL DEM SAE RN GAZSL CVAE KG-ZSNet
WA 0.000 + 0.000 + 0.000 + 42.434 + 6.695 + 0.651 + 53326+ 94.460 + 70.955 + 84.764 +
0.000 0.000 0.000 32.755 0.137 0.202 37.701 4.078 30.591 1.476
e 0.000 + 0.000 + 0.000 + 98.613 + 0.000 + 99.627 + 98.880 + 12.640 + 83.680 + 98.827 +
sl 0.000 0.000 0.000 1.595 0.000 0.446 0.662 7.849 27.786 0.320
B4 100.000 + 100.000 + 100.000 + 54.821 + 62.500 + 0.000 + 66.786 + 25.893 + 39.821 + 82.679 +
0.000 0.000 0.000 45.749 4.685 0.000 20.356 26.270 35.118 12.289
AA%) 33.333 + 33333+ 33333+ 65.290 + 23.065 + 33.426 + 72.997 + 44331 + 64.819 + 88.756 +
0.000 0.000 0.000 17.877 1.531 0.165 13.764 9.978 9.024 4.039
0A(%) 7.778 + 7.778 7.778 + 58.028 + 9.292 + 26.375 + 66.236 + 67.820 + 71.847 + 88.264 +
0.000 0.000 0.000 21.490 0.312 0.180 24.814 1.434 18.035 1.301
£ 6 RNHEERAVEE HUI2 HdE4E Lot gext b
Table 6 Comparison of classification performance of different ZSL methods on the HU12 dataset
yé?;g SJE DeViSE ALE ESZSL DEM SAE RN GAZSL CVAE KG-ZSNet
1T 99.825 + 96.252 + 97.528 + 79.968 + 0.000 + 57.416 + 83.987 + 93222 + 79.697 + 93.397 +
SRR 0.392 1.769 1.658 6.832 0.000 7.700 4.722 4.227 15.480 8.919
EEER 41.367 76.576 + 78.762 + 9.518 + 35.941 + 0.788 + 0.322 3.826 + 15.964 + 16.174 +
15.735 2.147 0.760 4.857 1.012 0.223 +0.390 5.669 2.320 4.029
BRES 0.000 £ 0.000 + 0.000 + 69.376 46.607 + 88.259 + 84.227 + 60.194 + 46.462 + 72.923 +
0.000 0.000 0.000 2.562 2.720 4.900 4.582 7.939 12.120 5.840
AR HH 0.000 £ 0.000 + 0.000 + 79.318 + 70.021 + 0.853 + 14.883 + 10.576 + 85.075 + 69.296 +
%217 0.000 0.000 0.000 0.604 5.056 1.086 11.427 1.830 6.720 9.852
AA%) 35.298 + 43.207 + 44.072 £ 59.546 + 38.142 + 36.829 + 45.854 41.955+ 56.799 + 62.948 +
3.955 0.779 0.543 1.318 0.808 0.496 2.973 0.898 5.190 4.282
OA(%) 42.037 £ 51.400 + 52423 + 55.926 + 32,121+ 43.403 + 51.575 + 47.825+ 51.661 + 61.828 +
4.683 0.970 0.648 1.612 0.203 0.778 1.601 0.780 5.950 3.714
R 7 RNEZEREAIVEE HUIS HdE4E Lt gext b
Table 7 Comparison of classification performance of different ZSL methods on the HU18 dataset
=]
?j%ﬂ SJIE DeViSE ALE ESZSL DEM SAE RN GAZSL CVAE KG-ZSNet
2 100.000 + 99.969 + 96.885 + 64.938 + 97.788 + 0.000 + 97.196 + 33.256 + 58.816 + 74.704 +
0.000 0.070 0.560 2.291 0.903 0.000 3.684 16.630 7.930 18.200
. 0.000 + 0.000 + 0.000 + 2.774 + 0.000 + 0.262 + 2.996 + 0.000 + 42.434 + 28.052 +
L 0.000 0.000 0.000 1.100 0.000 0.587 2.221 0.000 12.378 13.283
= 0.000 + 5.827 + 97.170 + 73.769 + 28.502 + 98.579 + 40.165 + 26.586 + 76.168 + 73.972 +
W 0.000 3.342 0.312 2.682 3.908 2.450 14.377 19.040 0.492 6.712
P 0.000 £ 0.000 + 0.000 + 89.728 + 1.365 + 30.171 + 99.522 + 99.864 + 40.887 + 64.216 =
0.000 0.000 0.000 0.306 0.540 9.577 0.389 0.187 10.933 8.804
AA(%) 25.000 = 26.448 + 48.514 + 57.802 + 31914 + 32.253 + 59.970 + 39.926 + 54.576 £ 60.236 +
0.000 0.844 0.111 6.028 1.060 1.955 3.576 8.880 5.985 0.307
34.825 + 37.301 + 75.275 + 62.457 + 46.347 + 44.573 + 59.360 + 30.881 + 62.436 + 65.007 +
OA(%) 0.000 1.487 0.154 0.556 1778 0.359 6.124 13.910 4205 7.347
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5-7 B . BART &, STE(Akata etal., 2015). DeViSE
(Frome et al., 2013). ALE (Akataetal., 2013).
ESZSL (Romera-Paredes and Torr, 2015). DEM
(Zhang etal., 2017). SAE (Kodirov et al., 2017)
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Fig.6 Latent alignment feature scatter plots of seen and unseen classes on three datasets. (a) PU dataset; (b) HU12 dataset; (c) HU18
dataset.
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Table 8 Comparison of classification performance of different
semantic knowledge on the PU dataset

N Word2Vec CLIP Bert
W &2 7 -
el -ZSNet -ZSNet 7SNet  KG-ZSNet
oA 01438 = 85876+ 84596+  84T64%
1.985 3.704 8.954 1.476
Wi 27573+ 98.667+ 95467+ 98827+
i 19.085 0.675 4.069 0.320
s 0.000 + 48929+ 73750+ 82.679+
I 0.000 36.049 30.778 12.289
39.670 = 77824+ 84604+ 88.756%
0,
AA(%) 6.170 12.437 12.744 4.039
67.694 = 86333+ 86583+  88.264+
0,
OA(%) 4.693 4349 7.838 1.301
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Table 9 Comparison of classification performance of different
semantic knowledge on the HU12 dataset

Word2Vec CLIP Bert

44 1 fr
FHEHE " 75Nt -ZSNet ZSNet  KGZSNet
ZE 70.510 + 96.890 + 98.341 + 93.397 +
it 15.418 1.833 0.831 8.919
e 17.428 + 10.627 + 15.740 + 16.174 +
a5 6.874 5.785 3.448 4.029
- 63.320 + 41.895 + 42.607 + 72.923 +
5.590 7.872 1.933 5.840
ES: ] 35.991 + 68.998 + 71.599 + 69.296 +
xS 6.822 6.968 10.248 9.852
46.812 + 54.602 + 57.072 + 62.948 +
0,
AA(%) 2.474 2.669 1.832 4.282
OA() 48.829 + 52,075+ 54,522 + 61.828 +

3.115 2.218 0.531 3.714
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Table 10 Comparison of classification performance of different
semantic knowledge on the HU18 dataset

‘Word2Vec CLIP Bert
S fr -
FHER -ZSNet -ZSNet ZSNet  KOZSNet
. 11.402 62991 74907+ 74704
SR 11.835 9.218 11.243 18.200
S 97.753 + 11.835+ 390438+  28.052+
H 1.475 10.798 19.459 13.283
e 51383+ 47437+ 49467+  T39T2+
RS 14.824 23.172 8.035 6.712
. 70.853 + 96.587+ 75904+ 64216+
11.649 2679 13.838 8.804
X 57848 % 54712= 59929 60236
AA(%) 2.642 4553 2823 0.307
45723 + 51603+ 58975+  65.007%
0,
OA(%) 3.485 7.434 3.833 7.347
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Table 11 Ablation results of different knowledge graph relation

types on the PU dataset

KG-106 \ 38.208 +17.457  48.153 £25.785
KG-102 v 37.025 +13.568  29.986 + 18.308
KG-172 v 56129+ 18459  64.069 +21.563

KG-208 \ \ 67.960 + 7.931 64.542 +12.135

KG-278 73274 +11.108  62.694 +21.345
KG-274 v 83.57145.231 8291746435
KG-380

(KG-ZSNet) VoA N 88.756+4.039  88.264 +1.301
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Table 12 Ablation results of different knowledge graph relation
types on the HU12 dataset

THAg A
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Table 14 Ablation results of different loss function combinations
on the PU dataset

KG-106 29.154+9.652  21.085+9.341
KG-102 v 38.661 £7.940  36.492 +11.963
KG-172 V. 47.040+11.843  51.985+11.325
KG-208 v 51.265+7335  52.023+7.568
KG-278 56.416+3.195  52.137+5.528
KG-274 v 48.110+£5.517  52.504 + 4.694
(KIE?Z_ZEI;\?&) VooV Y 629484282 61.828£3.714

Lyse  Lgwsan L AA(%) OA(%)

J 47290 +£9.138  48.458 + 13.163
J 44.182 £ 12.465  49.583 + 28.355

J 33.333+£0.000  26.042 = 0.000

J 79.473£21.404  77.764 +23.622
46.474+15.963 54708 + 18.810

J 45.924+£16.560  51.583 =30.051

J J J 88.756 +4.039  88.264 = 1.301

F 13 AFFR TSGR IBAE HU1S Hdla g b i Rt s ge
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Table 13 Ablation results of different knowledge graph relation
types on the HU18 dataset

15 AR R A7 HUL2 B4R B mhscge g R

Table 15 Ablation results of different loss function combinations

HIR

I

I

I

RERBH K Kk ok AACH OAC%)
KG-106 V 23.075+6.834 15411 +5.524
KG-102 J 51.164£8.762  55.530 +8.330
KG-172 V366204399  44.421+5.161
KG-208 J 44788 £2.301  56.734+3.827
KG-278 52.171+£8.801  58.069 + 11.359
KG-274 v 52.232+3.877  59.821 +4.597

(Klé?ig\?e 9 VooV V602360307 65.007 +7.347

2.5.2 HRRBHERSEK

NPT AR IUE LR 25 5 ME R FR T 4
F . ARSI KG-ZSNet 57 ol i -1 SCEE RS X 5
B B R R B AT T RGEVE R RhsE g . B
PRI - T S AR 285 0] 5 A B 45 2K R B el = 870 4.
B o3 RS I F RS AR 40 R Lypg « S BEASEE
A 2R L s g A SRS RS XS T4 K L s g 30 S
XF AL E SR E N AE Sl R B e
BAFEIRI, A 2 Mk AR A, JRAEARTA
SEES VB0 I R REEAT R EL A AT

R 14-16 JeoR T =AM EARELEA RIS K R #E
PRI RS AE . SIS R, Lyapfffit 1
e HAEA RIFZAR KRR R 20,
Lysprsqpy P8 98 1 L0 R AE 5 18 SURFAIE 22 T8] 1 0L 11
—HE, Lpspsay s 38— 004 1 2850 2 IR0 25
P o AL GIN B —K R, BIREAR S PRI
I, B ER ) 52 A A A 2 24 TROHE A S
FEREARDFATRS . FINFSUR R EE, B
REIAF 2 B Z 5T, Bk 1 AN [F) 453 2R T [a] Fe) B AR
Moo = MEUR IR SISO AR 68 A R0t
HEST ARG A (B 5T SO [ TR R R &R, FE AA
M OA EHAFEANERE, Tk 1 78 840K R

on the HU12 dataset
Luae  Leswsmr  Lespsas AA(%) OA(%)

J 26.535+5206  27.101 +5.069
\ 25323+ 14390  26.678 +15.636

J 26283+2295  31.223+2.798

\ 59.408 £4.347  57.744 £3.396
60.185+3.640  61.766 + 1.408

61.197+4380  60.590 +2.781

J 62948 £4.282  61.828 +3.714
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Table 16 Ablation results of different loss function combinations

on the HU18 dataset

Lyse  Lespsmn  Lespasus AA(%) OA(%)
J 22.930 + 4.896 23.792 + 6.551
\ 25.226 + 4.675 28.131 +8.151
\ 24.997 + 0.006 39.571 +3.875
J 42815+7.578 40423 +11.725
44213 +5.391 60.651 +7.149
54.104+4417  59.040£11.195
\ 60.236  0.307 65.007 +7.347
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FEARZSUES TG IR . RASEFFEA KN
FERZBNIZ R Z M, AR DRI )

A

IERENESENIF SHENS RGP RTE & S PV & Sl
K5 HABAR RS Z A AL . NI IEAR ST
IRAEAFARFSA BE F R, L HU12 Stk
N, FRATERT OGRS 4 DRI ER b, Xk
B2 ARMIE 3 ARFEEMMIEI, IR
FAFRRBA G AT T RAKPIELE R 17-18
B TARRREARTNEEARAR AR > %
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Table 17 Comparison of classification performance of different ZSL methods on two unseen classes of the HU12 dataset

?:Tf;g SJE DeViSE ALE ESZSL DEM SAE RN GAZSL CVAE KG-ZSNet

TR 100.000 + 100.000 + 100.000 + 93.334 + 38517+ 63.894 + 93.334 = 51.060 + 73.113 = 99.330 +
0.000 0.000 0.000 2.953 8.308 1.595 2.953 17.666 3.268 0.396

kg 0.000 + 0.000 + 0.000 = 86.154 = 98.121 + 86.397 + 86.154 = 99.514 99.676 + 93.279 +
0.000 0.000 0.000 1.672 4.041 0.736 1.672 0.079 0.198 3.907

AA%) 50.000 + 50.000 + 50.000 + 89.744 + 68.119 = 75345+ 89.744 + 75.187 £ 86.333 + 96.305 =
0.000 0.000 0.000 1.615 3.498 0.897 1.615 9.133 1.677 1.797

OA(%) 50.382 + 50.382 + 50.382 + 89.771 + 68.892 + 74.857 £ 89.771 + 75.203 £ 83.630 + 96.328 +
0.000 0.000 0.000 1.758 3.235 0.985 1.758 10.517 1.748 1.781
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Table 18 Comparison of classification performance of different ZSL methods on three unseen classes of the HU12 dataset

z‘?ﬁ SIE DeViSE ALE ESZSL DEM SAE RN GAZSL CVAE KG-ZSNet
TRy 100.000 + 100.000 + 100.000 + 99.345 + 0.592 + 85.731 + 99.904 + 81.327 + 99.361 + 99.920 +
0.000 0.000 0.000 0.608 0.386 0.354 0.178 0.932 0.000 0.179
kg 0.000 + 0.000 + 0.000 + 86.769 + 86.332 + 100.000 + 74.170 = 96.264 + 97.189 + 78.889 +
0.000 0.000 0.000 8.268 0.253 0.000 5.627 3.744 1.177 7.198
ER ) 0.000 + 0.000 + 0.000 + 48972 + 0.000 + 0.000 + 97477 + 10.374 + 3578+ 96.749 +
1543 0.000 0.000 0.000 34.260 0.000 0.000 1.407 10.956 1.736 1.940
AA%) 33.333 + 33.333 + 33333+ 78.362 + 28.974 + 61.984 + 90.517 + 62.122 + 66.009 + 91.762 =
0.000 0.000 0.000 8.682 0.304 0.109 1.685 2.625 0.163 2.201
0A(%) 42.931 + 42931 + 42931+ 86.616 + 36.443 £ 79.901 + 88.641 + 71777 84.350 + 90.503 =
0.000 0.000 0.000 1.571 0.131 0.143 2.260 0.343 0.305 2.865
100 100 100
90 a 90 . 90 jens_. o
a0l o~ 80 /’/_.- i - 8ol 7 S — e -
70 g ¥V 70| e 70
o 60 ’/,/ S =T eIy o 60 :, ————— el -] o 60 T R .
Z 500 T = 50 = 50 n
c 40 c 40 c 40
30 -+- PU 30 -+- PU 30 -+- PU
20 —= HU12 20 —= HU12 20 —= HU12
10 HU18 10 HU18 10 HU18
00.01 0.1 1 10 100 1000 00.01 0.1 1 10 100 1000 'a‘UOOl 0.001  0.01 0.1 1 10
S BB By
(a) (b) (c)

K 7 KG-ZSNet £ PU. HUI2 5 HU18 ¥#lidk LIS HBURIE . () S%as (b)) ZHp: (o) S8y,
Fig.7 Sensitivity analysis of parameters in KG-ZSNet on the PU, HU12 and HU18 datasets. (a) Parameter a. (b) Parameter f. (c)
Parameter vy.
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SAEIREETE 1 B 10 G PSR B BT 1 42K
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B, X128y, ER/NUEXIE (0.001~0.01) fig
W RAF AT 3 KRR, 72 9=0.001 BUE T, =203
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b RS HBUBRIE TR T LB, o 1 B
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Table 20 Computational complexity and running efficiency of different zero-shot methods on three datasets

B e SIE DeViSE ALE

ESZSL

DEM SAE RN GAZSL CVAE  KG-ZSNet

HAIZRE (s)  305.647  132.054  125.510

658.627

651.142  724.045 1076.795  453.803 511.648 852.746

PU HdiidE  BIAR A () 0.124 0.106 0.116 0.150 0.284 0.082 0.109 0.056 0.018
SHE 3.07M 3.07M 3.07M 8.24M 6.14M 9.06M  21.13M  837M  10.19M

BN () 520510 167.610 192981 635289  636.696  728.713 1068282  506.495  392.626  654.377

HUI2 #dE4E  SIE (8D 0.286 0.302 0.298 0.479 0.485 0.165 0.364 0.069 0.021
SR 3.07M 3.07M 3.07M 8.24M 6.14M 9.06M 21.14M 8.37M 10.19M
MYNZNTA] () 723.069  680.758  561.949  652.064  707.885 732922 1097.033 476351 616929 1028215

HU18 ##i4E  Sulistet (8] (s) 0.263 0.263 0.289 0.431 0.483 0.143 0.438 0.083 0.020
ZHE 3.07M 3.07M 3.07M 8.24M 6.14M 9.06M  21.17M  837M 10.19M

(0.001~0.01) B HEAIMERETEAR, B VAE ik
BRI AREAE RG99 B Dy S, KIL U 5 AR AE A SO AR
Hh 2 B B 0o 5 2 2 ) A1 SR T 440 SRORD IE DA R £
A HAE K, AT RS XHRRIERIE RS 1 R
SR PR, AN FAR A 2 3] 5 H R M B R R OR .
2.7 WHEERESEBTRES T

NE— B T AR SO VR R A 58Tk
K, FAVEFXT KG-ZSNet #58 py iRk, 7EA %L
g Lo WA R B4 20 38 o 1) 25 I () TR R U
# 19 &R | KG-ZSNet AN AL =M & 1
FIIZRi TRz, CARRAIZRISE]) (s/epoch) #EAT
Giil. FLLE Y, REAY ) 3 TR ) RS AR AR
FREAE S U HORI AL -1 S RAS X FRBE, JLp gl
P-TE S BEAS G TR S SR, RISk
AR AR S AR R A o 1 SCRRIE SR B AN
F NS AT T FF RS I3/ o IXFRBAA Sy
TR 24 B R IR T S RS 5 2 ST I R

# 19 KG-ZSNet A [FIEH I ZRIN (5] 20% (s/epoch)
Table 19 Training time efficiency of different models in KG-

ZSNet (s/epoch)
ik PU HU12 HU18
* B Yo Yot
WL R AR SRR B 1.436 1.123 0.836
1 SURFAE BRI B 0.034 0.034 0.034
R0 - 15 SRS o) S A 2.173 2.835 3.421
RENF S FAFE R 0.049 0.043 0.052

PATHE— B ARFREAT LS HE B
SRt ()AL U T AT L, APl AR S VAE
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EREARTEAE AR FHEE R 518173
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FREAR LT EE M 51847 R 7 H R I H
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ZSNet TESHEAYNZRIS ] F AT HmKF, (Hl
PRI [ 7E = AN 4R R AR AR FF R, B 3L
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B, KG-ZSNet HITHREIT4E T2 AL eI Rl B, 5
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I3 RGP AR R B FRE 1 k R %

FEDA AR IR b, RSB 7 AT 3 — 28 A
WERRMAEEF RN T REIT. 2T
SCSERGEEIR, TSRO AR AR S DGV S i IR A
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