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Superpixel-level Graph Feature Learning Method for Hyperspectral Image Denoising

WU Ying' , YE Hailiang' and CAO Feilong®
1 School of Sciences,China Jiliang University, Hangzhou 310018, China

2 School of Mathematical Sciences,Zhejiang Normal University,Jinhua, Zhejiang 321014, China

Abstract Hyperspectral image denoising methods based on traditional deep learning usually have difficulty capturing the long-
range correlation of spatial positions and the similarity of global irregular local blocks, resulting in loss of detailed information and
insufficient structural integrity after denoising. To this end, this paper proposes a new superpixel-level graph feature learning
method for hyperspectral image denoising, which aims to use graph neural networks to extract spatial-spectral features and cap-
ture the long-range correlation of spatial positions of irregular local blocks to preserve texture details and structural information.
Firstly,a gated attention module is designed to suppress noise and enhance spectral correlation,laying the foundation for subse-
quent superpixel segmentation. Then, a superpixel-level graph aggregation module is designed, which effectively maintains the
structural integrity and clarity of internal details of the hyperspectral image by segmenting the hyperspectral image into multiple
spatially connected superpixels according to the spatial dimensions and using a shared linear layer to learn the weighted values of
pixels in the superpixel. Then,graph convolution is used to update the node information. Finally,nuclear norm regularization is in-
troduced in the training process for constraint by taking advantage of the low rank of hyperspectral images,and a low-rank-spatial
spectral denoising loss is proposed to focus on preserving structural information. Experimental results show that the proposed
method outperforms the current advanced methods in performance.

Keywords Hyperspectral image denoising,Graph neural networks, Deep learning . Spatial-spectral features.Nuclear norm
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DIP. R4 B HL 2R T WO 21 h i AR G R 4.
145X 145 25 AR R DL K 224 A3 B,

9 T ¥ SGFL 3 H F E 5% HSI 304k £ (Urban 1 1P) (¥
Fo W XX A BOHE SR AT T AR R, L Urban $04E 4 R 41,
BT AT RS T — PR A B, SRS, I8 s ] 4 R R AT R
B LR R T S GER —3. B0 64 X64, KR KK
ER 27, AR 64X 64X 210 ML T HREEAS . B Ak BE 4T () Ur-
ban $U 4 4 5 AFE WDC Bdls 45 LI 24 1) 2 M A5 40 v i £ 7
ARSI GR AW BB . d5e)a , X5 25 W5 1 7 07 IR #f A 3
F158 5 B &353R FA BT 24 S s 0k 47 A B
3.2 XWiEE

DSCAy . A S5 ¥ — & & NVIDIA GeForce
RTX 2080 Ti GPU(11GB B4 i) Windows R 55 & b 58 1.
SEEG B E ANF B AE R 48 Microsoft Windows ., 2 2 15 & i
i Python v3. 8. 18, IR JE = 3 HE4E &y PyTorch v1. 9.0, 75 ik
CUDA 10. 2 A E LA 32 ¥ GPU #45, SGFL ™ %% 2 $0E i
Xavier ¥ 4R 20T HEATHI LA AL I Adam AT HEAT
W, W RN 0,000 2, it B K/NE N 4, B LT
600 4 YNl 2k . B 60 58 J5 25 21 R4 0.5 M T 20, Xt 44Nk
FEACFHEAT 10 YR & S5, DL AR DAk 45 35 00 o f ok A
P, BB B, CIREN 64, W%, n=2 2% B
IR BB 12 20 HR AF 32 B Bt (Convolution-Enhanced Super-
pixel Feature Extraction Module, CSFEM) 42 B4 15 5 45 ¥ 5
B NI R R K0 KR A B (Superpixel-Level Graph
Aggregation Module, SGAM) H &R 0 B A 1 H5 5 1% . % K
BN S {8 53 3 28 3 Pk b 1 58 S 20 A1 64, R B LA, DA, 48
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i E RN 0.01, XFHESE 2 M S MY 4 Hr i W5
3.6 71, SGFL W 4nix & ik 1 i, H b GSAM (Gated
Spectral Attention Module) /R 1 i 14 & S A,

# 1 SGFL (M3 E

Table 1 Networks setting of SGFL
#1% KN E AN
191X3X3Cony ~ HXWXB HXWXC
4 = IX3 HALMBB]  HXWXC HXWXC
3% 3Conv HXWXC HXWXC
GSAM HXWXC HXWXC
. SGAM HXWXC HXWXC
(’SS;M BARAERDB]  HXWXC HXWXC
GSAM HXWXC HXWXC
Transformer-22] HXWXC HXWXC
L] 191X1X1Cony ~ HXWXC HXWXB

2)BE S AR AT . FEAERL SR p A 4 A B R R AR R AT A
WA R S 34 065 {5 M2 L (Mean Peak Signal-to-Noise Ratio,
MPSNR) , F ¥ %5 #4 # {2 ¥ (Mean Structure Similarity,
MSSIM) , 3 ¥ 4 fiF A1 {] J& (Mean Feature Similarity, MF-
SIM) F1F- 2 5% 3 /4 (Mean Spectral Angle, MSA), & % . %
/5 9 MPSNR, MSSIM #l MFSIM 8 , X% %% 19 MSA {# , % W]
FME R EH, W FRASH HSIAYE L HSIEE /2
TR SE 56 AR SCR FITE 5 2% PR A 48 A5 Q-metrict ') S PEAl X 1 )5
Hozs S B R . Qrmetric 18 88 5, R £ MBS W
HIST i i HL R AE 03 B 07 W g A JLART 484 , 38

SR T T B FNONT BERE A B TR AR

XTIV TEBI A B SR A2 S0 3 P L 8% SGFL 5
Z M S HE 0 B HE 3K 3 HST & By o A7 H 3, 4 46 HSID-
CNN ( Spatial-Spectral Net-
work) ', ENCAM ( Enhanced Non-Local Cascade Network
with Attention Mechanism)™*, AODN ( Attention-Based Oc-
tave Dense Network)™*!, MACNet (Model-Assisted Non-Lo-
cal Neural Networkt)™"', HSDT ( Hybrid Spectral Denoising
Transformer)™, SST (Spatial-Spectral Transformer) ™ I &
SM-CNN ( Self-Modulating Convolutional Net-

Deep Convolutional Neural

Neural
work) ),
3.3 #E#A WDC £

DEmRITAG . 2 2 50T 45 0046 b5 19 7 X8 MR ifE 22,
Hh B R g R OO B8 RIS R A F Rkl . ook,
7 Wi e A 2 R . SGFL 7 3k BUfS T &% & B9 MPSNR.
MSSIM Hil MFSIM {8 , [7] i i% 31 T 5 A% 9 MSA fH ., X 2645
22 B, SGFL 78 L % 55 H7 18 7 i, B 4% A 44 B 1K 25 ] Mg 7
i 2 e VAR O AT AR . R EIR B AR T,
SGFL 7£ MSSIM, MFSIM Hl MSA 3% 3 4> & 45 b7 I [FRE 4
TFHAb T B, X B K %, SGFL RE i B 47 Hipk 5 R4 8 HSI
X EE B R R E MSA B L RBL R = b, AR R T H
TE KM B okt HST A6 3515 B IR e 2, DA B8 47 db £ 7
T HSIWEIFER.

2 WDC $oHE 5 19 52 i LA

Table 2 Quantitative comparisons of WDC dataset

KT N o=50 By TR F

% E AT K o=T15 W% 4R E

Xt H

MPSNR 4 MSSIM 4 MFSIM A MSA ¥ MPSNR 4 MSSIM 4 MFSIM A MSA ¥
HSID-CNNL16] 28.650240.0043 0.9478=0.0001 0.88014+0.0001 0.1179740.0001 26.3544+0.0115 0.9160=40.0003 0.8567=0.0003 0.1384=40.0002
ENCAMLI8]  29,75494-0.0035 0.95812420.0001 0.901640.0001 0.101640.0001 27.5642-0.0870 0.923740.0012 0.8683=0.0027 0.153220.0019
AODNL19] 30.6724£0.0096 0.9690£0.0001 0.906340.0001 0.0831£0.0001 28.0635240.0227 0.9474£0.0003 0.882940.0003 0.1039=£0.0003
MAC-Net[39]  30.1608+0.0189 0.9721-40.0001 0.9076=40.0001 0.0855%+0.0001 28.022340.0234 0.9444-+0.0004 0.8621=40.0005 0.1132-+0.0002
HSDTL24] 32.0582£0.0097 0.9771£0.0001 0.92184+0.0001 0.06722£0.0001 30.2002240.0138 0.9656=0.0001 0.907140.0002 0.0761=£0.0001
SsTl23] 33.00792£0.0001 0.9810240.0001 0.928140.0001 0.0626=0.0001 31.0904=£0.0155 0.9727=£0.0002 0.911640.0003 0.0750=£0.0002
SM-CNNL20J 29,1821 +40.0025 0.9524740.0001 0.8956=40.0001 0.1088=+0.0001 26.8611=40.0039 0.9232-+0.0001 0.8728=+0.0001 0.1330=0.0001
SGFL(Ours)  33.373420.0098 0.982720.0001 0.92930.0001 0.0620=£0.0001 31.28820.0118 0.9738£0.0001 0.91520.0002 0.07110. 0002

gk % F KA =100 t 5 H %k F B

MPSNR 4 MSSIM A MESIM 4 MSA ¥ MPSNR 4 MSSIM A MESIM 4 MSA ¥
HSID-CNNL16] 24, 160840, 9124 0.870840.0082 0.753040.0480 0.182040.0144 26.6068+0.0278 0.915620.0003 0.854020.0003 0.14390.0002
ENCAML18]  25.371340.7315 0.8749+0.0543 0.839240.0400 0.1927+0.0002 29.0527+0.0942 0.95160.0006 0.894940.0009 0.1114-0.0010
AODNL19] 25.2115+0.0172 0.9026=40.0006 0.8486+0.0002 0.141140.0002 29.4036=+0.0560 0.961640.0006 0.8830+0.0007 0.0957=40.0007
MAC-Net[397  26.666740.0414 0.922920.0004 0.854620.0005 0.090120.0003 30.03740.3007 0.973540.0012 0.8935%0.0023 0.10070.0024
HSDTL24] 29,313824:0.0153 0.9590220.0001 0.8959-£0.0003 0.0826+0.0001 32,6205+0.2653 0.9796+0.0007 0.9088+0.0011 0.0705%0.0019
SSTC23] 29.510140.0162 0.962140.0001 0.89830.0003 0,084540.0002 32.0577=0.2687 0.978670.0009 0.9177£0.0019 0,073540.0021
SM-CNNI[20T 25,444 60,0027 0.8985%0.0001 0.857940.0001 0.148240.0002 29.4028+0.2864 0.95510.0025 0.8992+0.0021 0.1050%0.0027
SGFL(Ours) ~ 29.707620.0175 0.9640=-0.0001 0.90310.0002 0.079140.0002 32.3963740.2069 0.9803+0.0008 0.9241+0.0015 0.0654=+0.0013

2) AN A . b T UL R S S I A SR L A SORS 0 Uk 3k
AR R B TR . B 6 ME 7 45T RE
Ty AL MR K 6=100 A = 07 6 75 DL BTR A e 7E R 2k g
R4S, b WDC BE 925 17565 94 I 184 PB4l
A R AR AT T AR AL . A R A0 Y X3 AT DA 2
), 5 HAb 7 A e, SGFL 7E £ G 8 T Z M # %
YWRTAZAE R EREWEE &, B R 6 thigs
Ky o=100 119 155 M 75 58 JE 45 74 F , HSID-CNN, AODN Al
HSDT J7 i 1 25 1 25 3R 90 10 50 G A5 m Aok B 7 1, B 3 —

sy £ k. Mt Z T, ENCAM, MAC-Net, SST f1 SM-
CNN J5 ¥ (1 25 W st SR 55 - 8 RS op A7 5% B T DAL %) T 7 0k
[FIAE B 7 SRR IR A MR R BRI R X S i B TR
IR IR, B2 TR R B AW S KR A S A, #H—
A W5 AT A Ak T A5 v AR g X3 1 2 T kSR W DL KT, SGFL
B A 3L 5 R O AT AR T v TR S R iR AE A B S A A B
518 2 6] T AT 0 3 R T T . X 2k 43 A R B, SGFL TR R B
AR B L PITA T L Be IR I BE 7 TR B R 47, 78 HST
LM R A,
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() MAC-Net (g) HSDT

(h)SST

(1)SM-CNN ())SGFL

6 AE(17,94,180)3 NUBT g KFh 6=100 B WDC B9 2 B 25 R 7T AL
Fig. 6 Denoising result visualization for WDC with a noise level of 100 in the case of bands (17,94,184)

() MAC-Net (g) HSDT

B 7 FE(17,94,184)3 MU BL T, WDC XHE A

(h)SST

()SM-CNN (j))SGFL

W 7 114 2 R 4 SR T AL Ak

Fig. 7 Denoising result visualization for WDC with mixture noise in the case of bands (17,94,184)

3VCIEFFAE 22 5 . g PP AL & Bl HIST 2 Mt 5 3 78 4b 3 A
R 7 KT =100 (1 WDC 08 48 i 1) 5 B RE , 78 6 3% 4
JE 2 TS R 7 2k R R R AR 25 Sl 2k Bl 8 R
R\l 2 25 HSI 5 JE M~ HSI 2 8] #9 %0 {E (Digital
Number,DN) 25 5, (1) 3 (9) 4> 7| 2 /x e = F AR DL K &
HSID-CNN, ENCAM, AODN, MAC-Net, HSDT, SST, SM-

@

(8)

)
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e —m—e——ne e
Alx T T T T
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]
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()R % (2.100) [y Gk 25 5 18

CNN F1 SGFL J5 ik 22 W J5 9 56335 22 5 it 2k 5 188 4l 3 75 D6 4% ik
BoBhr, X seihgk £oRTE WDC 1925 [A] 4 B 12 2 (2.100)
(78,159 A TEME 7 61 15 L M 5 b i 2 a1 9 25 B, 7E3X
Wi ZE v, 5 H AL D7 ¥ M L, SGFL R A% 22 5 il 46 o
g, HEEESE TE, X5 %Y, SGFL 76 14 8
HST (14 J5 46 56335 45 AE 77 187 5 A3 B8 1= 09 m] 5 v R vl i 1k

@ O

3)

@

®)

(6)

@)

®

)

]
]
)
]
]
)
)
]
)

0 20 40 60 80 100 120 140 160 180
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(D) 2 (78,159 Ky e ik 22 = 17

8 £ 7125 HSI7E(2,100) F1(78,159) PR 2 Gk 5 J6 M 75 6 1% ] fi% 2% 5

Fig. 8 Difference between the two-pixel spectral of HSI at (2,100) and (78,159) after denoising by each method and the noise-free spectrum

3.4 HXHBEERR
AFIAEE Y2 HSI Urban 1 1P $0H 45 1 HEATIZ L5250

o F A TR A B 9 WDC s 48 LI 2Rt B9 R B Xt Urban il
1P B ffs 4 90 47 04X, LA 6 i HE A 25 B B0 SR A W 75 O I B 2
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W R Rz AL AE T .

F 350 T WA ¥ 7E Urban A1 IP B4R 4 1 L5 1
FE R ITAGSE 5 S AR AR 25 51 DU R T R 247 id . SGFL
FE Urban F1 1P 504 % P ¥ 508 T f = B9 Q-metric, 7 I H
TE R 15 W0 B R €% X6 L T 3R A g

&9 R 10 g5 L TR A EHR AT AR g R & 9 th DR
O EGE LA A 1108 1 208 P B A AL/ 10 HEh R G EE
WAl G 2,3 f 203 R . AT JRR LM R, A4
AL & R B 4 Bk KWl #E B 9, HSID-CNN,
AODN 1 MAC-Net 7 #:7E Urban w25 % 5% 4 F1 45 ORI 75
J5 A B 5 R, ENCAM, HSDT, SST #l SM-CNN J7 i

FE S 43 XA B TR [ R BE A SR AR . £E R 10 H, MAC-
Net F SST Jy i ¢ 410 il W 75 £ 135 €2 R %t b B T 6 90 R
U o XS R RV AR 25 W O AR R (0 2 R g R Hh 4 R
A L5k B I B AR RN AR BRI L AR 9 (e RN 9 (@) iR . ik
— 5 WL BT R X 3 1 2 M W R Ak R & B, ENCAM Rl HS-
DT J5 ¥ 76 b 3 AR 30 % i A7 2 BB B 4. ik b, HSID-
CNN,AODN Fl SM-CNN J7 78 2 W o 78 v ook B2 7, 9 3
AT R ANTT F e B AT B B A . MR SGFL 7 ik fig %
TREB T Z2 0 SO AN 15 A0 S5 4 15 8 () B 34 55 121 535 i B D €
TP HBE o XA TE T T B 45 0 RO L L 38 R R SR
ST AE 55 SR T T 0 3 R A 0 B ST

3 HIBIEET I Qmetric

Table 3 Q-metric in real datasets
AR & Ak B HSI HSID-CNN ENCAM AODN MAC-Net HSDT SST SM-CNN SGFL(Ours)
Urban 0.0633 0.1818 0.1819 0.2243 0.1618 0.1863 0.1842 0.2015 0.30887
1P 0.0271 0.1834 0.2246 0.1941 0.3190 0.2329 0.3164 0.1576 0.32756

Ca) WA 75 5115 (b) HSID-CNN

(c)ENCAM

(HDHSDT (g)SST

(h)SM-CNN (D SGFL

9 HIEESE Urban |04 5L BREER

Fig. 9 Denoised results on real-world Urban dataset

Ca) Wt 75 & 14 (b) HSID-CNN

(c)ENCAM

(d) AODN (e) MAC-Net

(HHSDT (g)SST

(h)SM-CNN

() SGFL

10 HSHIRSE 1P bl g st 5t

Fig. 10  Denoised results on real-world IP dataset

3.5 HRREI®

AR5 3 3 T S 56 Ok WR UWE SGFL 35 B A Rk 1 A5 ¢
1 SGAM, GSAM Hl L uctear X BT VEBE A 52 00, WL SF L 38 IFAK
T# ] Transformer FNE & 25 & B A 2t . BRI T
DRI R 17 R 27 4 R 574 i 3 X3

LB SGFL H T A (9 SGAM, GSAM, Transformer #1{i
A S B FEH AR A F S SGFL — 2B 3748 &
LA AR R T 45 M BR L » BEAL R B SGFL — 2,
R E A W P KPS 100 1 e 3 MR R LRI A R R A
THEATPEAG, SRR AR AR 4 Mk S BrAl .
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JiA SC R 7 WDC B8 5 L iEAT . 38 b A A
17“RE 27 “fE 0 37 F SGFL 18 %], SGAM 3 o) 45 BUAR #1
WO JR 8 B i 4 R A BLRE AT SR R B 45 M 58 R kL A X TR
R R AE M OBRL, R ACHR T M & R R RE
GSAM W £ 47 1] 40 W F0 3% 3R 0% 3% A O M AR B
Loveear 8 35 20 9 HST7E 25 [8) 25 07 157K ®E M 45 2800 16 47 25
Wl HSIK & A5 0 i & 52, ghsh, “BE A 47 BRI 57 Al

SGFL Z [E B % . 8 3iF T Transformer £ 4 & T {5
SRR DL ROIR A 7S T A FRLE 3 I 2 RUBE R AR B Ak R 2
ORGSR BT A RO . X S R 19 B SGFL
ENBME R TR FERZRRLA, BHERATERE
HST /) & & Bt 4

MZ A SGFL AL i I8 Ml BIF 5 78 43 B0 iE 1 BT 48 1 (o A
PUAE e HIST 25 Mg 8 7 T 9 A3 30Tk .

F 4 RN 6=100 I {1497 b 55 55
Table 4 Ablation experiment with the noise level of 100
REWME  RAEH
A SGAM  GSAM  Lauclear # " ik s " MPSNR 4 MSSIM A MFSIM A MSA ¥
B &R
1 J J J J 29.4075+0.0237  0.962640.0001  0.9020-+0.0002  0.0811-0.0002
2 N N N N 29.51184+0.0178  0.9629+0.0001 0.900970., 0002 0.0806+0.0002
3 NG NG NG N/ 29.3086+0.0150  0.9617+0.0001  0.900740.0002  0.0806+0,0001
4 J J J J 28.9166+0.0152  0.957540.0001  0.8951-40.0002  0.0841+0.0002
5 N N N N 29.596040.0181  0.9636=0.0001 0.9022%40., 0003 0.0803+0.0002
SGFL Ni Ni N Nj N 29.7076%£0.0175  0.9640+0.0001  0.9031£0.0002  0.0791=0.0002
F5 RS T IR
Table 5 Ablation experiment under mixture noise
£ A 9 A R
KA SGAM  GSAM  Lauclear # L ok & o N MPSNR 4 MSSIM 4 MFSIM 4 MSA ¥
e # R
1 N/ NG NG N/ 32.0689+0.2321  0.9786+0.0010  0.922140.0021  0.0676+0.0014
2 J J J J 31.83930.1889  0.9776740.0009  0.91810.0017  0.069140.0013
3 N N NG NG 31.518240.1242  0.977140.0008  0.917340.0013  0.0696-40.0011
4 N/ NG NG N 31.24360.1543  0.9752740.0009  0.913840.0018  0.07380.0015
5 N N NG NG 31.648240.1563  0.977040.0008  0.917540.0015  0.069240.0014
SGFL J J J Nj N 32.3963+0.2069  0.9803+0.0008  0.92410.0015  0.06540.0013

3.6 BHHITR
AT SGFL By P4 S S Fn B RE A 5
S39JE CSFEM )2 50 n FTR] 5020 P I A0 SRS B TR R 73 ) 1 1R

EANHS, SLRIET WDC B 42 )R IF L i a3 2 7 A [l e s 2%
T M4 B R RE T TS n(n=1,2,3, )l S(S=
32,64,12) BIMERE RS2 . HARSZIG &5 RNk 6 f3k 7 fral,

29.588840.0208
0.963740.0001
0.902840.0002
0.080140.0002

31.795440. 1487
0.977840.0008
0.918840.0015
0.0694=10.0012

F£6 n MR
Table 6 Impact of n
A -
1 2 3 4

MPSNR 4 29.5297+0.0161 29.7076£0.0175 29.5564+0.0185

- MSSIM 4 0.964240.0001 0.9640%0.0001 0.9633£0.0002

o= 100 MFSIM 4 0.903140.0001 0.9031£0.0002 0.9021+0.0002

MSA v 0.0798+0.0002 0.0791£0.0002 0.0802+0.0002

MPSNR 4 31.995540.1732 32.3963%0.2069 31.764240.1165

ok MSSIM 4 0.9793+0.0009 0.9803£0.0008 0.9778+0.0007

MFSIM 4 0.921540.0019 0.9241 £0.0015 0.917940.0013

MSA v 0.0674£0.0013 0.0654%0.0013 0.0698=+0.0012

£7 SHIEM
Table 7 Impact of S
i >
32 64 128

MPSNR 4 29.4873+0.0186 29.7076%0.0175 29.5198+0.0232
=100 MSSIM 4 0.9629+0.0001 0.9640£0.0001 0.96374+0.0001
MFSIM 4 0.901140.0002 0.9031£0.0002 0.901620.0002
MSA v 0.0806+0.0002 0.0791£0.0002 0.081140.0002
MPSNR 4 31.9391+0.2117 32.3963%0.2069 31.5684+0.1303
5 MSSIM 4 0.9787£0.0009 0.9803+0.0008 0.977540.0007
MFSIM 4 0.9203+0.0016 0.9241£0.0015 0.9183+0.0012
MSA v 0.0677+0.0013 0.0654+0.0013 0.07024+0.0011

AR 6 LR Y n (N 1 HINE] 2 0 7E MRS KT
o=100 f¥) o 37 M 75 FIRE 5 M P 2 1 T o IR0 6% ) 2% TR 1 FE 58 ¥

PR, 2 (I — 2B N B 3 A, 25 Rk RE ST R R
XRHLTE n—=2 W, 00 45 By 25 M 0OR 3 B e A I 19 4 E 4%
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SRACR B Ry T n 00— 25 BN e BURRAE 2R (1) 7T
. B, TSI R 25 ik B n=2 M E SGFL.

H2 7 nJ 41, 2Y SAHA 64 W, ZEHRH K o= 100 1955
I A FR A WA S5 E T L U4 R TR PR RE SR B SR A . X AT
RESZ B N 2 S E b /B B AR 3 TR A AT 5 2R A5 5 i
M S {E KIS IR S W, I LA S5 AW
T, i WDC BdE % LAY RIE, £8P S=64,
It H A BRSO — 5, LABR AR AR Y 72 L R
3.7 HWEISHEENF

& 8 XF L TR 09 T F B A 2% B (L4 V7 58 3 OB
B HCE) LUK ok R A e BRI ], 0645 SRR A SO0
BRI RIS M W SC B T R MR, 25 SR
SCAMMT AR ST VR T HIST S 28 9 HUE T R Pk g
25 b SGFL 7SR 5 KM MR 22 IA] S2 80 T 3 41 1) °F-

8 MEAIAT Ak 5 A BN 1A G X

Table 8 Comparison of model complexity and inference time

. EHE/ SHE/ B/

GB MB (s/img)

HSID-CNNL16] 1.5028 0.3353 0.0140
ENCAML18] 10. 7855 2.8213 0.5113
AODNL19] 3.7272 1.1273 0.0219
MAC-Net:39] 2.8452 0.0982 0.6842
HSDT24) 72,5397 0.5844 3.7566
SSThz3] 92,7876 22.6363 1.7260
SM-CNNL20] 9.8306 0.2486 0.0519
SGFL(Ours) 12.2830 0.6913 0.3969

HERIE OASCRM T — A ) HST 2 0 SR %A
FRAESA S J5 1k o R AL BT M e 1 I e R R 4
AR R P AR FOIMAAE 1) A 15 3R IR R AT 3 A B, e o ol 3
4 JRy A ML By T8 B B AR AL R ALPRAIE T HST 45 44 19 58 4
P B R T HST B I . S S B BR WS 40 O 4 5 O
TEAR S BT T ITRLIE R ik, A i BT T —
R Bk 40 K 5 AR O U A L 249 5 HIST 25 1] 4E )
RBRME, LR BB 2 1 23 [ S5 40 5 8 . SCse & R R W] A S0y
IETE HST LW BACT MMl 7 ik, RAE ARSI Ze W=
ST T BES A ROPR R IR 45 14 ) 72 4 1 RO 15 09 3 2R 1 L H
Hoe Z W AR 2R Pas 7 A AR A S Y A3, ST A 5 B0
BE NIRRT R BOR BT o AR BB 508 H TR 2 A 18 B
i 08 4 AL I A A Al ks DAk — 2D D A Y 484 R HC X 4R
17 B AR B BB T DT 52 B RS A o A Y TR IR P S MR
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