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Abstract: The development of hyperspectral imaging (HSI) technology offers new avenues for non-inva-

sive medical imaging. However, medical hyperspectral images are characterized by high dimensionality,
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high redundancy, and the property of “graph-spectral uniformity, ” necessitating the design of high-preci-
sion diagnostic algorithms. In recent years, transformer modes have been widely applied in medical hyper-
spectral image processing. However, medical hyperspectral images obtained using various instruments
and acquisition methods have significant differences; this considerably hinders the practical applications of
existing transformer-based diagnostic models. To address the aforementioned issues, a spatial - spectral
self-attention transformer (S3AT) algorithm is proposed to adaptively mine the intrinsic relations between
pixels and bands. First, in the transformer encoder, a spatial - spectral self-attention mechanism, which is
designed to obtain key spatial information and important bands on hyperspectral images from different view -
points, 1s employed. Thus, the spectral - spectral self-attention obtained from different views is fused.
Second, in the classification stage, the predictions from different views are fused according to the learned
weights. The experimental result on in-vivo human brain and blood cell HSI datasets indicate that the over-
all classification accuracies reach 82.25% and 91.74%, respectively. This demonstrates that the pro-
posed S3AT algorithm yields enhanced classification performance on medical hyperspectral images.
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Tab.1 Model parameter of S’AT
Layer name Parameter
Linear_1 Linear, 81X 81

Spectral-wise Downsampling
Linear 2

Conv2D (Spatial Attention)
MLP (Spectral Attention)

Conv3D _1
Conv3D _2
Conv2D 1
Conv2D 2
Linear 3

Linear 4

Conv2D, 3X 3, 80, stride 1, padding 1
Linear, 81X 384

Conv2D, kernel _size X kernel _size, 1, stride 1, padding 1

Conv2D, 3X3, 160, stride 1, padding 1
Conv2D, 3X 3, 80, stride 1, padding 1
Conv3D, 3X3X3, 2, stride 1, padding 1
Conv3D, 3X3X3, 2, stride 1, padding 1
Conv2D, 3X 3, 80, stride 1, padding 1
Conv2D, 3X 3, 80, stride 1, padding 1
Linear, 128X 144
Linear, 80X 4
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DL RAS [ Tt ab 30 05 20T BT 3R A5 i D6 1% B2 27 5 ds
By HA W0 R PERE L AR SR H In-vivo Hu-
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e HEAT X FE S S . T T A3 D H AT A 4
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Be (UHDRN) 3 [7] % £ o 5% 4E & 48 th Hyper
spec® VNIR A-Series FAALZH & . AHHLEE T4
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(2) BloodCell HSI Dataset : 1% %t #& 45 J2 3 1
1 00 T B R R R for # A  ES VariSpec® R A AT
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Fs) &5 G R W AR o T80 5 6 2 W1 5K il 400 i <]
1% , H: 43 5 4y 44 M Bloodcelll-3 Fl Bloodcell2-2.,
Bloodcell1-3 5 K /N S 973X 799 pixel, Blood-
cell2-2 i K /Ny 462X 451 pixel, & A11#6 & 33 4
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B2 R A S0k
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al-Attention )'®' | Transformer & & % 3 J7 &
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Tab.2 Experimental setup on Brain and BloodCell HSI

datasets

Setting Item

Dataset

Brain HSI  BloodCell HSI

Training Set
Valid Set
Test Set

Training Samples
Valid Samples
Test Samples
Loss Function

Epoch
Batchsize
Optimizer

Python Version

Deep Learning Framework

GPU

Computing Platform

50% of patients BloodCell1-3

50% of patients BloodCell2-2
30 samples/class
10 samples/class

All samples
Cross Entropy Loss
300
128
Adamw
3.7
Paddle
Tesla V100 (32 G)
Baidu AT Studio
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FES8C, B Ry 53R IAHR, 25 % g 4
JIF7R o

& 4 Ca) A1 EL 4 (h) AT AT, 35 FE 7R patch K
ANV DA W] B AR R . ORI O TR
patch B & T Z (25 5 B, 5 & T HEAC ) %
SE . IR RS BACR TR A B & | patch
KN BER 9. R, 3t /N Y 2 3 38 25 fefi 45 455 71
TMEAR A5 15 SRRAE T 2 T 0 K S AR R R
FUVRE BE AR AR AS SRS B s S b, 5 ) %
P E o 1X 107,
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(a) Parameter analysis of S* AT on brain HSI dataset
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(b) Parameter analysis of S* AT on BloodCell HSI dataset
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Fig.4 Parameter analysis on Brain and BloodCell HSI

datasets

3.4 HRESEIG S

TESCAR BT H A SPAT AR 25 % [ 7
T3 B A 22 R S0 il S W o R QB A
T B EE AR A R, DR B R By R R
Transformer [ %% & Baseline, £ Brain HSI %% ##
A AT 6T A EF A% (Number of Views, NV)
DL Rezs -3 B B ALHI A I s g . S5 Rk
3HR -

Hi e 37T Ji B STA B fin 3 SRR S ) 2%
Ja , OA,AAFIKC Zr B TH T 3.39% , 4. 44 %0 Hl
10.35% o X B STA B BB 5C 11 3] 1 SC 8 Y
25 T RRAE DX, R IR T L G S R
TER N S'A PR T BE&E B By g 2, KA
R0 g 7 45 B i — 2P R PR . X2 2
S 500 il SR W B ) R A T A B R R TR

Prediction 2 Prediction 3

Prediction 1
Accurac 87.03% 77.51% 86.67%
Coefficient 041 0.36 0.23

R3 SATXTAEEREE KL S
Tab.3 Ablation analysis of the proposed S’AT with a

combination of different components

N SA Metrics

OA/%  AA/% KC/%
1 X 72.83 72.49 62. 88
1 N 76.22 76.93 73.23
2 ~ 79.09 77. 64 69.92
3 ~ 80. 62 78.37 74.96
4 N 79.33 78.00 71.61
5 N 76.43 76.42 67. 80

MALEF AN B 3B B A R I B R AL . I
OA, AA F1 KC 4r 342 7+ 17 7.79%, 5.88% Al
12.08% o 4 HL B A B i — 20 1 I, A58 A4 F5 0
PERE T B, X 2 B it 2 09 AL B A AR B AL ) T
A, 5IANE Z AT SH B A LGRS

3.5 SUBEMNEESHT

TEA SCHT 4R Y SPAT A5 10 v | Z2 400 BT )
Al A A ms Sl T E A . T RO AS A A BT
BT K AF Brain HST 208 55 |, 43 46 A
SN EF R X R 04 43 28 2% B %o A k) ik 1R R
HEAT IO, [) B fefT ] 990 00 ol S ) 0 ] A Ay ko
W SCER A5 AN 5 TR .

KIS ALLAE 78 A 45 4 00 BF R /Y 3 0
LAl L, 2 PR I A R e ERAS T A Y
SRR X EHR T AR MY T M-
Transformer Zi 5 %% 25 % T A [7] 09 & A5 B, BT
BT Y 22 B0 BT Rl SR I AT 250l X 3 S 4 R KT
AN [R] B KLE A M X H AT R S, LT B A
iR AS TR R B AR A R BUAR T E
PG, EHAEZNE, NKWE 2 /NE,
BLRY i 4k 09 B0 00 AL g3 ) O 0.41, 0.36

. fah Backgrounds
> ’(3 X g
<50 gy

= W m
= Tumor
[

Fused prediction Ground truth Blood

_> 95.36%

K5 Z HLHT B Rl o3 B

Fig. 5 Analysis of multi-view predictions fusion
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0.23, X ZH NEALERWE TRG T HZH
BARE B A /N R AR R4S T 2 Y 28
AT BAENAN A
3.6 XTLEXWER
3.6.1 DBrain HSI# 3 £ 4 R

7£ Brain HSTEUH6 4 I, S0 45 R th & 4
N HRAAE, VIT B T 2095 K B
RXAE T VIT i 5 T G35 R AF £ B, K 8 78 43 12
W) 7 A S R AR o AR L O s B S T

fEFE OB, 32 71 1 BB A S RE ) o AEXS LT
5, SSRN HUR 1 B 4 (9 40 R 45 21 X [
SSRN H A 23 [1] 14 5 7 RO 3% T 38 ) R B O 1
B 7 R A3 () DXCIR R EO3E  B, T BR TR AR
TUAR o SR, G B — ) FOU i1 5 455 AU B2 A2 FR .
TEFITA D5 45 f AR SCHR A9 07 3k U T S 4 1
FKEER, XREH N SAT il 2 -1 A H = il
] KT 2= - 3 4 AR LA R ACEE, 9 B A [l 40
BF R 6912 W B0 A ) B9 AR BT RS 4R T T

T 0f B0 o 2R 45 2R 3k 2 I O B AT 4 A & a5 - AU 1 T fiE
F4 Brain HSIHEE EREEZENSEER
Tab.4 Classification results of different algorithms on Brain HSI Dataset (%)
. CNN-based Methods Transformer-based Methods
Class HybridSN SSRN DBDA ViT CTMixer SSFTT S’AT
Background 61.6445.26 72.764+2.01 67.29+6.76 62.634-9.95 71.4243.85 60.53+4.50 77.27+9.97
Normal  31.7349.75 37.3249.61 35.28+9.04 15.9044.59 35.2549.32 23.08=5.26 73.00=9.99
Tumor g4 0244.70 84.2543.59 82.51+1.46 67.45+12.37 83.09+1.83 83.84+0.87 83.48+2.15
Blood 98.954+2.12 100.00+0.00 95.12410.22 69.22+16.45 99.99+0.03 99.55+0.93 95.35+7.88
OA 68.324+3.75 72.254+2.67 68.99£3.98 51.754+5.93 71.07£2.77 65.66+1.35 82.25+2.88
AA 69.0843.29 73.584+2.15 70.05£3.79 53.8045.07 72.44+2.28 66.754+1.20 82.27+3.03
KC 58.154+4.79 63.1343.47 58.87£5.30 36.7247.42 61.7643.52 54.65+1.74 76.17+3.86

T B WX HAS [R) 7 2 i S, A AR S
e BRUCHL rp— S 0 — R I A O R R L &
RWE 6 R . v LUE AR SO A b
B KR D E W, X RN
S*AT 7 18 In] H T 55 ' B 09 5 06 15 B R

(a) RGB

(f) ViT (g) CTMixer ]

(h) SSFTT

AT LA A T AR HOAS - R, TR A 2
PR A 23 -1 A B 20 AT, 42 Ji TR ) A s -
TR AL, IR 22 LB BT A B A 23 3% A T Al
Bo BEAN, FET B B, 2 LT S0 A9 A HLER 5
o 2 5 TR ) 00 B A )

(¢) DBDA

Il Backgrounds
[ Normal
I Tumour
I Blood

() SAT

Bl 6 &% ETE Brain HSIBUESE b4y 25 45 RIE

Fig. 6 Classification maps of different methods on Brain HSI Dataset
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3.6.2 BloodCell HSI % ¥ 4£ 2 &

7t BloodCell HSIEUHE 4R I, SEBG 45 Rk 5
Fios . BZESAAL, SPAT 76 K Z8ds bR 1, K IH
BAS AP oy 2R A . K RO AE T ) B T
T 378 5 O BUR 0 @G BHR B, S'AT 19 %8 -1
L BT SR B A% il AR DG B i & i fE D
PR ALY 2B ) F HAl A T R R R 1
LWiEE . XU STAT 1 LLE T A AL

A [ WA T 2 AR IR v e i R 2 R, B 3
Gz ACE 2 TR R OEAS . O T X
LU [R] 5 3 9 9000, A b 3R S v, JCH — 1k
S50 10 PO P S O SR 7 iR o i A
TR STAT AR K O IR S B
Xl B 2 T 25 -3 H T T AL R 22 P S
B SAT Bk p o PR A W AR T, B AT IR
UR  CL LB T N VR R 7B

R 5 BloodCell HSI# & FAREZHN D XER

Tab.5 Classification results of different algorithms on BloodCell HSI Dataset (%)

Class CNN-based Methods Transformer-based Methods

HybridSN SSRN DBDA ViT CTMixer SSFTT SAT

RedBloodCell 87.16=+1.21 85.35+£3.07 85.6041.21 70.7943.08 88.52+1.48 88.39+3.59 89.22+2.69
Background ~ 96.7141.46 96.8243.79 95.54+1.61 93.77+4.19 96.59+3.93 95.67+1.29 98.64+3.79
WhiteBloodCell 61.6743.68 84.60+2.60 83.44+1.83 76.50+3.39 55.354+3.26 47.32+2.55 80.90+2.93
OA 89.21+3.88 88.71+2.40 88.25+3.45 77.13+3.19 90.45+1.61 89.50+1.39 91.74+2.79
AA 81.85+1.32 89.26+1.75 88.19+0.85 80.35+2.01 80.37%1.64 77.1341.48 88.97+1.75
KC 77.064+2.89 76.66+3.02 75.53+1.44 57.78+3.36 78.34+0.77 77.064+2.32 81.86+2.19

(a) False color (b) Ground truth (c) HybridSN (d) SSRN (¢) DBDA
- Red bloc cells
- Backgrounds
I vhite blod cells
(f) ViT (g) CTMixer (h) SSFTT (i) SAT

B 7 25 AE BloodCell HSTHUE 4 I (1 43 245 R €]
Fig. 7 Classification maps of different methods on BloodCell HSI Dataset

3.7 EEMERMSH

JIT A B E AT I S 5 T AR I ] S ]
A PN 1 A = A7 S S AW 7 s o T | A
B EM A ML S RO T ] T R R W 25 1Y
25 [R5 2% 5 R RIS, A 5k 1 58 B Y A 5% 95 1) 7
FE o IZAR AR BN DN 2 7R W 2% 1Y 45 (0] 5 2% i R
/N o ¥F I8 B R (Floating Point Operations,

FLOPs) 375 & F0 56 s 00 fr 55 B9 3153 2, ok
i X 2% i S TR o AR bR T R ) 4%
P4 B ) B % 6 /0N o T AP A [ DU) A R e T
—NEBEERE S LB EHCR . ] Brain
HSI Dataset b X} 32 4~ 120 A 7E X5 A< SCAf ] Y
JF A L AT B S AR A BT SRR B R 1
AN B EE RN SR 6 R
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Tab.6 Parameters, FLOPs and inference time compari-

son of different algorithms

Parameters/ F1OPs/ Inference

(x10% (X10%) Time/s

HybridSN 14. 33 8.15 0.055 6
SSRN 1.26 20.78 0.096 4
DBDA 2.31 32.20 0.169 1
ViT 18.82 54.12 0.179 3
CTMixer 0.61 1.63 0.018 8
SSFTT 3.63 3.32 0.027 6
S°AT 2.00 7.00 0.0456

e 6 n] &1, S’AT A b HybridSN, SSRN,
DBDA, VIT HUig 1 5 /b %32 55 0 K 3 /D 1) 4 2
B[] DA B B /D (B 7 2 8 (DBDA BR Ak ) o B8R
SSFTT 1 CTMixer 76 i [0] 52 4% & b B BEAK Y
gh (0 SPAT A kRl e Bk Nk o
FETt o XU AR SR L B g B R M e A
RO TE R 63 B 27 R 50 AT 55 Th 45 31 B 4 1Y
T, e T LR T R IR Z BR A g BN A B
G 1 107 P, ELAT 8 v ) S AR (B R I 5
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