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Abstract Effective feature representation is crucial for improving the representational capacity of
deep learning models and their image recognition performance. For example, multiscale feature
representation methods can capture abundant information at different scales, which helps improve
the image recognition performance of deep learning models. However, current multiscale deep
learning methods still have limitations in the unclear modeling of directional features in images,
leading to misrecognition of directional targets. To better represent the multidirectional features

inherent in images, this paper proposes a multiscale and multidirectional Transformer
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(MSMDFormer) framework. It first designs a multidirectional feature encoder to capture and
enhance features from multiple directions. Based on this, we integrate Gabor representations of
different scales with multi-head attention mechanism to design a multiscale and multidirectional
Transformer encoder, effectively aggregating images’ multiscale and multidirectional features.
Finally, the framework fuses convolutional features with multiscale and multidirectional features,
and then utilizes the fused features for image recognition. Experimental results show that
MSMDFormer achieves overall accuracies of 95.65%, 77.46% , and 96. 87 % on the CIFAR10,
CIFARI00, and SVHN datasets, respectively, demonstrating competitive image classification
performance compared to 19 benchmark methods. Compared to 11 benchmark methods for image
segmentation, MSMDFormer exhibits a performance gain of 0.33% to 6.58% mloU on the
ADEZ20K dataset. In summary, MSMDFormer demonstrates outstanding feature representation
capabilities in deep learning image recognition tasks with broad application prospects.
Additionally, exploring more effective methods for representing directional features will be an
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important direction for future research.
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Horp 2 Fy 43 136K BHBAR 2R (/K7 A AR R
o 7N i T IR AR B R AE 22, s R RUE IR 1, 0 Ko
VALEY
X 2D R T & - o A B w47 1) B9 Gabor
HRE LT
C!.=C.,°G,., (9
Hrp, C, FRERGTREAE, G, TR v N RE uf>
J7 ] 1) Gabor % £ R AL TR BT
W 3 Fr7s » 2 RE 275 7] Gabor Z ith 25 i i1
B 2 RO £ 7 1) B 4E 7T DL 3R R A MSMIDF =
MSMDGabor( X ), L EAKW IR IR N
MSMDF =MHSA(Q=X,K=V=C{,oX )(10)
YE—20 M, 2 RO £ 77 [ Transformer 4 5 %
AT LU i A R X AT S i, i 2 RUBE 22 0 )
FEAE OF, B Al L& /R OF=LN(LN(X+
MSMDGabor( X))+ FEN (LN (X + MSMDGabor
(X))o Hrr, INFRIRZIH— b 3AE ; FEN 2R 1l
TR 25 s + RN B TC R A MERAE -

4 ZWERSHW

AR T SR AR AN Bl T PR
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| 3 HMSVDF |

l MHSA

fi OF

Add, LN

A

K, VT L L2 J7 nGabor FFHE

Feed-Forward

b

ok - FUEE3 T Al E I B4

H
AT

AT
QNP AN 17
=.‘= .
7w 77 AR

. N N r
2 ml im T m] Yem | e ] eee
Add, LN -

Gabor#fiE

I
Sk JUE2 T DB A 4

MSMD' Gabor

i
AN
S REEU7 RS A 4
3 Y F 3 £
A X | | A X

(a) MSMD Gabor#mfit sk

(b) MSMD Transformerfiti

K3 £ N JE-£277 [ Transformer $51F bt £

H 19 2 RUE 277 0] Transformer [ 2% 14 2. 16
GhFRATHAT T 2T M S5, LA R 2 RE £ 7 W)
St gn BH A P 3, RIS T A R AL 43 X 1) 4%
AR RE AR
4.1 XWIZE

AN EEANE T LRBARE AR bR R E
A BT k.
4.1.1 #HPusE

A SCHE Se1E CIFAR10.CIFAR100 F1 SVHN %%
P4 EXTER ik AT TSk Hidr, CIFARIO FI
CIFARI100 %454 & i Krizhevsky 5 AN VH2 L ¥4
60 000 sk ZREME . Hrp, CIFARLO H iy IR A
102, 1M CIFARIL00 Hr g B8 10028 . iy s 5 dis
£ SVHN L& T 73 257 M UINZRFEA N 26 032 4™l
TRAEAS, 5100 10, HARXS 27 0 8] 9. DL 48
B = AR A 0 UG o B 34k 32 X 32,

T30 B SE g ff I Y ImageNet #l ADE20K
B AR BIAR RS 3 o 224 X224, o,
ImageNet £ s S AL JE K L 248, JF HA2 it T &
MRS B o B AEALS 29 100042851, 45 28031
A KLY 1000 s bRic i MR . HIEIGOR A & Flid
SRS, A5 S AR A SR B H AR TS A
ADE20K %45 £ & FR 43 AT 55 00 & FH 52 55 %5 s
22— W T 150 BErx 0920 Z 8 4%
£ 5 k20 000 5K YN 25 B4 L 2000 K 563k B4R Fi
3000 sk &% W56 T 2R E N E SN REE )
R 5. RESK USRI 25 H T X4 25115 1B

FMERGGE Loy RIbns , BA KRR .
4.1.2 I HER

KT S PERE VMY » AR ST 1 I A B AR e
128 (Overall Accuracy, OA)AE R & AY E 5 43 21k
REVPAN R R . o T IPARBERL A &2 ek SR g rh e 1)
TR SRR . Rl X LR A, FRATTRT DAE
fli 4 th r ke &R 22 k. OA HAR W L3k
™A

OA=T/TT

Horp, TR IER 3 B FEAEL, TT R BREALL

BRICVASE 20 EUE S5 PP R T3 280
(mIOU) FHE Z MR % (Pixel Accuracy) VE 1A 4
Fro Hrp,mIOUR] LIFRR A

1
10U=—=>"1U,
m N; 0

Forf N K BB ToU, R 5 A1 ToU 8.
st ou— TSRS O AT

S ]
R LURMRIFE . SO AR FE M R0
A h

1D

(12)

SR

PixelAccuracy = P (13

Horb, CPARRIE S BN A9 R 3 80, TPARR BB R

D Learning Multiple Layers of Features from Tiny Images,
http://www. cs. utoronto. ca/ ~kriz/learning-features-2009-
TR. pdf, 2009,4.,8.
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4.1.3  SCERANTT S KA

Sy b T BE BLBS E R B (Stochastic
Gradient Descent, SGD) L b 45 XF W 2% i 17 I 4k 27
>J . CIFAR FI SVHN ¥ 95 5 Il 25 2 A0 0 H h
300 > epochs, ¥ 4 2% > 3 4y 0. 03, 7€ 55 150 FI
200> epoch Iy FEAT 27 2 HR 3 . TmageNet £ 454
BN AR A 901~ epochs. 73 7 . ADE20K %%
PEEE I R AR IR BN 120 1> epochs. S0 b A 4L
im K/ (Batch Size) BB E N 32, K TR REL A
SCHR AR IIN it R e el T s A Y 28 SUJR 4
Ko T340, Bifs LR 7E Nvidia Tesla V100 4xGPU
FiPyTorch 1. 7. 0 0 F- 5 A5 itk A7 o
4.1.4 Xk

RG2S ge v, FRAT] £ ZEE I ResNet 18
FEUE R4 ResNet50 LA K FE T Garbor 1) #1255 45 454
AU RRF LB . Hodr, JE T Garbor i #2528 5
RIGAE 1l Gabor JE s A D027 2] [ i b i 5
PR SR B GF+PILAEY J5 ¥ . Gabor 51
® £ GCN™ TR A Gabor % LM £ HGCON™ | ¥ Ji
Gabor # F1 W Gimg+Conv*' | Perez 46 A # 3 Y
Gabor B FRZ HY 38 W 25 B R P A vk BTl 2
Gabor 211 Gabor |2 (UG 2O Br e 45 AR B 44y
(T JLJZ 7] 48 Gabor FRE M 26 DGFNs (R18)™"
fifi F Gabor U8 3¢ 25 /5 R i i 26 T1F Sy A5 22 0 25 1Y
Gabor-AlexNet™ (6 A~ 75 [1]) + H 3 1 [ Gabor £ 1
M AGCNs (5x5) | Gabor # §f I’ % Scat+WRN
(Gabor)"™, 1 Rivas 4 A4 H 1Y Gabor JE I #8 ¥ 46
BB R 5, BRI PAAN AR SCIR 45 1y T — 8k
Transformer FH XA RIAE A XT L7 (046 T 2Ry
ViT-Small™, Swin-T"" PvT-Small " 274 . [
B, A SO0 9 BT MLP AR B0 iR 7 R
VNAS B = R HE LR T7 AR g xf ik . kT
BG4 8] AR SCHEIU T 2017-2024 4F — 6 28 L [ 5
Y, U0 £ 3% 42 40 4k N 2% RefineNet ™ | 47 AE 43 7 15
PSPNet ™'\ A i b R BRI 26 SACT, EF 3C4
fith 1 2% EncNet™ | 3l & 25 ¥ 15 X AL #% M %4
DSSPN™ | Z {F % 1) & — & Al ff fr W %
UperNet"" 1% 175 [1] 1 72 W 4% PSANet ™ | Z il %
4 3% B2 W 4% MDCN™ | Z By Bt | F 34l 1k 1% 4%
MCRNet ' | % F 2~ 08 W & % 2 &k
SegRCDB"™ ., Z 1t Ak, I T 3C M 4§ MPCNet ™, £ K
X
4.2 BHER

TESLE T, AT MSMDFormer 5 51 5 Gabor

H M 4% N — 26 5 Transformer #H 56 A TE AT T
PEREXT HL . 2 1 PEAN% H T X 22 5 ¥k #E SVHN,
CIFARIO Fl CIFARI00 4 4 I i -G o JEHG BE
DL B3 T BRILE CIFARIOO B4R il 255k
LI S5 PR W AR SCHR Y ) MSMDFormer #52
HI7E SVHN . CIFARIO #l CIFAR100 ¥4 4E b1k fig
YO0 T ResNet I8 B AL, 73 5 58 T 1. 2090, 1. 13%
A 1.92% ) #& UKOKS B 3R FH . 5 ResNetl8 #lI
ResNet50 i 2 38 Jit J2 %5 LA T+ BE 9 7 R T]
MSMDFormer 5| A T 2 R EE L )7 [0 i) 2 7R 24 > 41
Yo TESHE /DT ResNet50 MBI Firdi i )7
AR R AR S LR BE . 5 HGCN.,
Gabor-AlexNet. AGCNs % Gabor # 56 89 FE1F )7 1%
AH s MSMDFormer BA7 B ik i PEREAL# . ZEAHTA]
T B IR B AR BRI 2 ) R i E T
MSMDFormer 5 1 J& 1) GCN B8 (GCN*) 523
T HA TS S PERE  7E SVHN Al CIFAR10 % 4%
£ LRI 2.48% Fl 1. 68 % RYBLIAKE BEM 25 . [
I LAAE 5 25 il MLP AR BT | A 80050 R
VNAS BRI AH H, $2 0 i kR e ol 7 2
—ETEA IR RE .
4.3 HEALIE

N T RIS R FIZS 06 MSMDFormer (]
LERAI Y RE I, AR SCHERT T Z2 I RS 58, ¥ e 2 R
JE L5 [0 i 2% (B0 i AL B 5 07 R R E
il = £ 3k TR T 3k B0 L DA K Gabor R AF A R
J&E 507 1 B S T 1
4.3.1 2 RUEE 2 J5 1) g % 25 B30 % 455 78 1 g 11
Al

ARSCHRE W 2 R 25 [ FFAE 2 2 3 S 2 R
i 275 [n] Transformer 2 i #5 MY B . — 2 R
J % J7 In] Transformer Zg 5 %% n] DL S BUARE A9 245
TORAE . LI AR AR i AR 32 X 32, 1]
AT 2T RFE . XMW ERE AT e A
2 RJE 275 R IE datis 25 BB AR I 2 R 2 07 17
FRIE o BRI, FRATTXE AN [R) ) 25 00 i AT T T
SEER (T MLPs) , SEER 25 AN R 2 fis .

S 4k R B L 24 MSMD g 4 8 5k &k 2 if
f& . MSMDFormer £ SVHN . CIFAR10 il CIFAR100
3 R 96, 6894 .94. 96 % F176. 39 % & {A
K RIS, 2 % 245 250 Oy 2 ) Bb 4 A 25 80t hy
1835 3 AT ELA B g A AR ARG . X mT g2
DR A 2t R 2 7E 28 100 PR R G 22 S 3R A% T 9 22 RUBE
B ZT7 M RRIE . ZEIEATER R RUE A e I LS
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F1 AXFEEHEHMAEMEREITLE

ik Hdm sk R R SVHN CIFARIO CIFAR100 ZHEEM)
ResNet18 ICCV (2016) 95.67 94. 52 75.54 11. 20
ResNet50 ICCV (2016) 96. 30 95.20 77.30 22.56
GF + PILAE® ICONIP (2018) 47.02 - -
GCN!) IEEE TIP (2018) 94. 39 93.97 77.20 17.60
HGCN ) PR Letters (2018) 96. 40 93. 89 73.02 4.50
Gimg+Conv™®” Neurocomputing (2020) - 61.26 -
Perez et al. ' ECCV (2020) 96. 70 91.35 76. 86
DGFNs(R18)"” WACV (2021) - 91.03 - 3.40
Gabor-AlexNet(6d) ™! ICICSP (2021) - 84.23 -
ViT-Small ICLR (2021) - 81.90 47.40 48.80
TNT-S™ NeurIPS (2021) - 85. 80 71.50 23.80
Swin-T & ICCV (2021) - 89. 80 74. 80 27.50
PvT-Small ICCV (2021) - 91.10 76. 30 24. 50
Rivas et al. * ICCVW (2023) - 80.41 72.00
MLP Mixer NeurIPS (2021) - 95. 63 76.31 19.00
AGCNs(5x5) PR (2022) 94.82 89.78 - 1.20
Scat + WRN (Gabor) V7 NMITCON (2023) 90. 50 - 17.02
Wang et al. PMLR (2023) 95. 56 95.74 75.22 17.02
VNAS 1% 1JCV (2024) 94. 35 73.07 3.50
MSMDFormer 2024 96. 87 95. 65 77.46 18.87

T RO S OB L de ARV RE T A 4

REAE P AR RUBEFNT )RR AESE N, (ER AF TR 1Y
R HEREFAL A —E R E LI AA T I AR R
Oy BRI L 24 g A ey 2 30 3 I, AR
PEREOE T am i 88 80N TR R T LUR B, I
AR 22 KB 2207 ) 5 ik 20 % AR RO A 22 ML . 5K
IR S 3 P 5 2 e 5 14 A B i T AR 1
FRRIPEBE .

F2 AR MSMD 4Ri5 58 = i RS R M gEXT b
i gsgie SVHN/% CIFARIO/% CIFARLI00/%  Z%at/M

1 96.23  94.45 73.24 18.71

2 96.68  94.96 76.39 18.92

3 96.56  94.88 75.89 19.56
4.3.2  AFHRAALE S 7 200 TR RE Y52

R T W2 RUEE 2 07 [l FRAEAE AN [R] g i A B
i AT 2 B PR BE L FRATT E BB T SRR
] AR R 24 — S A 25 44 ELAR Y K - K MSMID
FRAIFAEEL R A CNN Z FiF B0 B e B 25 )2 2 Fl
JZ 3 Z Al A MSMD $AERE B A4 & 1 7w i 9 43
TR TR PERE N 3 PR .

S 2k LR, 5L CNN &8 AH L oF 2 R
J& 22 7 18] RRAE AR S CNIN A9 S 0 3 A B2 > 7 2

F&3 MSMD HHETEA B #x N\ L B B B0 B M BE X L

AR SVHN/% CIFARI0/% CIFARI100/ % &%/ M
M CNN 95. 67 94. 52 75.54 11.20
CNN A 96. 68 95. 37 75. 96 13.33
Z25)E3ZE 96.37 94.49 74.13 43.98
MSMDFormer  96. 87 95. 65 77. 46 18.87

B AE SVHN L. CIFARO F1 CIFAR100 B 4 I
I3 IARAS T 1.01%.0.85% F10. 42% B & AR A 1
PETt . FEJZ 2 FN)2 3 Z 18] W00 B AR 0 22 R
%77 1] Transformer g% %50t , 7E SVHN . CIFAR10
M CIFARIO0 %% 4% 4 I 4 il & 8 T 96.37%.
94.49% M 74.13% My RE IR HER R . R R,
MSMDFormer HE ALK 22 KRB Ty [m] K¢ 1E A1 46 BRI
AT W 43 3 Rl A B RS R 7 SVHNL CIFARLO Al
CIFARI00 8 45 435l e 3 1T 96. 87%0.95. 65%
77,46 % SR HERG R . X E—E R LR,
W22 RUEE Z 07 [ RV Ik ST 127 0 43 S RERS A AL
5 Bl FEUR 22 0 4 R TR R P i
4.3.3 AFFHERLG T X6 TRAMWERE R MR
FRAE Rl A 242t MSMDFormer (14 25 %2 2H it &5
57 BFER 2 RUE 25 ] I RHIE 3R 5 6 U 22 ()
2 B RRIE DR AT A R A L LS PR R Y R 4 2
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TES R R b, AT E B T IR A TR I
PRI Rl 7 20 TRIBUPERERY 20 o >R HIAN ] fil
A 07 AN AR RS PERE AN AT 4 BT

| Eagiaai e NEFESw)]
100 [96.47(96.87) —
= 9
# 90
58
g 80 52
n I
70
SVHN CIFARIO CIFAR100
LEIRE R

K4 RTRIR S 7 B 7y 20K BE X LE

SRS 25 R R RRIE G D SR TR il
4 I BB FE SVHN L CIFARLO FI CIFAR100 %%
P4 EAr Wik 3 T 96.47%.94. 53% M 75.20% Y
SR B 5 ] A T R AL SR TR A R A
RUTE X = A B8 55 1 0 3 RORS B 4331 R 96. 87 %
95.65% M 77.46% . FHHLZ N A HEE LS
HEFTRRIE Al G AR TR 1 BB A 2R FH B 7 2 A 2
PERE.
4.3.4  ZJTE IS0 R TR A G

ZREZ T Mg ss 6T BER PP
K B A H— £ 3k i ) (MHSA) o 18925
MHSA 193k FR % XA R th & 7= B .
T I X — S BRI e A B R R FRAT T AT
TR A A . 15 BT DU R MHSA Sk
B s R R A A o T R

m5VNH - CIFAR10+« CIFAR100

100 - 96.8 96.82 96.84 96.87
95.45 95.51 95.52 95.65

| 27.06 | 77.09 | 7728 | 577.46
75 = 3§ ERN : 3 = §
2 4 6

8

co w w
o (=] or

MR HET /%

co
=

P 5 ANIR] MHS A Sk FRCHE R 5 78 R A o

ST 45 JL B, MHSA Sk 3B 8 o 2 1),
MSMDFormer #{ # 7 SVHN. CIFARIO Fi
CIFARI00 i di4E b3 5l 3 1 96.80%0.95. 45%
F77.06% BYBAMANEE . MHSA KB 4 f i
i , A 7E SVHNL CIFAR10 F1 CIFAR100 %k 4 4
A RIEI T 96.82%.95. 51% F177.09% F e {Ak

KR . 5B R 4 A BB AR HL L Sk SRR
6 1 8 fY IR i 1) A5 A 43 51| £ SVHN L CIFARI0 #il
CIFARIO00 $#ia4E b Jr 8L 1 AHXT AR i /)N iR 1) 3%
RS R T . X R R MHSA Sk %50 344 fin
AT DA A4 0 B 6% 200 250 5% 1 i A B A [R50 43 Jili
PE 2 22 04 SR SRR AE AR SR B o DT S 0 5
MFIREETT, e iR PERE .
4.3.5  Gabor FRAE R 5 J5 ) $500 A5 784 P BB 19
Al

i 3 Gabor JE I # 2 T LAAS 3 Z AN [F) 7 18] /Y
FRAE o PR I3 2o B8 1 100 22 RUBE 22 7 1) G 4 ] LA 52
X T Z AR D7 W B RRE A > o R Gabor I8¢
AT RAAE R B, AT LUK BRI ) B
TEANTE] S AEE B RGN 7 Ta) B RRAE ARl . BRIt 7
XFF Gabor FRAEJ7 [ i e BEET , FRATT BT
DU Ty ] B ARREEA T2 2T o RIS R R 7 1)
B AL MR A2 FRATE T LR R R
JEE -7 ) B s A A AR B L BRI 4 BT

R4 AREIRE-7 A RIEREREXTLL

RUEHCS T5 % SVHN/% CIFAR10/% CIFAR100/%
KRB =1 Jimf=2  96.7 95. 65 77.13
RPER =18 Jimf=4  96.8 95.45 77.06
RIEH=1 Jrmf=6 96.84 95.53 77.35
RIEH=4& Jrmf=1  96.83 95.71 77.27
RIEH=6&. Jrmf=1  96.79 95.65 77.28
RIEH=6&. Jrimfi=4  96.87 95.65 77. 46

SEGEE R, 24 Gabor FAE R EERCH 17 178k
ok 4 A E SVHNL.CIFAR10 1 CIFAR100%¢
P BB T 96.80%.95. 45% F177. 06 % Ay
HARRE R . 24 Gabor FAE ]E Kk 1 77 ) B
6 I 58 7E SVHN L CIFAR10 F1 CIF AR100 i 4
A RIEIT 96.84%.95. 53% F177. 35% e {AK
KGR . 1 REHCH 1 X e 7 1 80k 2.4 1 6 it fige
HYREAIPERE AT LU L, Bt 7 1) RS 8 fn s B A 1k
PETF o MRBEEHCH 6 B, J7 Bk 4 B () AR Ly
I ECH 1 B R BE A T4 T . 24 Gabor SR AE
ROBEHN 6 J7 1a) B0 o0 4 W, 455 AL 7E SVHN,
CIFARI10 fil CIFARI00 % 4% 45 & 4 % B 8 T
96.87%.95.65% I 77. 46 % BYBAAHKE B . AL
T RS 7 B BRI ERE A /D 25
4.3.6  Z NEEFRIE S 2 J7 ] FEAE X8 A8 % i 1)
Al

MSMDFormer B4 T £ RJE ML J5 ) F-E, Ry
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PR9E 22 REFHIE S 205 mVRRE X B A T I 7R
R ATHAT T2 T RS 5 . ARSI 25
AN 6 Fin . SEIRZE R, 5 R ERIRIAR L, 38
hn Z ROBE R J& B9 #2 8 7F SVHN. CIFARIO Al
CIFARI100 %ds 4 b o3 ml B T 96. 80%6.95. 45%
FT77.06% (FEARRE B, 39N 22 07 10 FRAE 5 A0 A2 78
FELA = A4 Lo B T 0.99% 1. 132 Fil

SVHNACHE AL F AT ol i 2 %) Eb

£ I =

= ogmfE S AD 0 AISMD | T gk S
i Jrid

% 6

4.3.7  FAEHXTAALYERE R

AR SCHRE HE 1 ) 45 A 2 o AR o CNIN 2%
WO T 2 R L2 07 MR iE 2 2] 4y 3 AR A
M A F /02809 MLPs. 763X B, i T35 A EJL
AT TIHASEE . JURP RIS IR I 21 I i
25 I 45 R H (1) B 2 BRSS R PE RE AN 5 TR

F5 BTSN
itk SVHN/% CIFAR10/% CIFAR100/%
B CNN 95. 67 94.52 75.54
+MLPs 96. 68 95.37 75.96
MLPs T MSMD 96. 87 95. 65 77. 46
FHIEAE ) 4332

SEIG 45 R, FEvE CNN 7E SVHNL CIFAR10
F1 CIFARIOO %% 4 4 1 43 %I J& 8L 1 95.67%.
94. 5290 N 75. 54 Y0 Wy REAORE BE o B fi B Y 423 4
FC JZ ¥ 1l th P 2 FC# B MLPs H F i &5 26
if , #5817 SVHN. CIFARI10 #1 CIFAR100 % #5 4
BRI T 96.68%.95. 37 % F175. 96 % Hy# Ak
K . SR, RTS8 fin ML Ps #1122 R 2207 1) 4 A
o S R B ARG A5 B #E SVHN, CIFARLO A1
CIFARI00 44 b3 53 T 96. 87%0.95. 65%
7746 % R IRER . ATLUE . ZRIEZ T
) AP AIE 272 2 SO BRI I 28 A58 (1) 1 R G T S i)
TR .
4.4 YREXW

R T 2D BB AL KRR £ i
b FATAE ImageNet Fibfr 75086 . HAR A
REUNE 7 7~ . ] DL H . ResNet18 i v # 7 7E

CIFA 10% 84 F R fEwR A2 L

1.62%0 W REMAORS BE 8 T 5 IRl B3 22 RUBE AR 41E
25 mRRE S BB RURS BEAH [, 78 CIFARI100 F
SVHN #0454 &, £ 07 [a) FRAFE X F 5 2848 1
MSMDFormer BRI RE A SE AR . SRR UL, 2
FROBEHREAE RN Z2 5 ) A X T RRAE 2 /R 4B ELAT BB
S, T LA 1 52 i iR B 2 R FH 3 37 R 45 T AN
R T 25 53

CIFA 10050 4E F AR e 2 3 He

e e /%

+MS +MD
Jrik

A0 +MSMD SrE +MSMD

2 R 5 275 Tl RHE X R PR RE 520

ImageNet B 45 I T 66. 49 %6 1) Top 1 ffERf % .
W 22 RUBE 207 1) REAE 2 20 43 S B iR A v s,
7E ImageNet 5 ¥5 45 I 1 Topl #fE #f R $& & T
2.03 1 H 4y, 88 T 68.52% ML IR HERT . X
RARGIAZ REZ 7 mAHERE 4R THE B 4
W 28 TE RS R B B iy RSP fE

O e O + 2 ]2 7 HE

66.49008-520

Qoooooot&oeooocvbooOl

19.450

12275.

g D

F29844499 8088884858880 8 84
et

1.366 1.945

— TR
GFlops

*
-
S99

Top 1 HERRZE /%
FE 7 vk 5 MR AR ImageNet BUHE4E L G RE
POl 4

&7

BRICLAAN S T i — 20 e 4 A A e e A
wAT 55 B A RhE S FRATTE B R R B AR
ADE20K EEAT T 5256 . AR AE 4026 6 s . H
tR152 5 R101 43 i T M 2% 4 ResNet152 #1
ResNet101, Swin 7/~ B T MW %% > Swin Transformer,

SEEREE R BN L AR SCHE B 5 B AE ADE20K B 42
JEPL T 44.98%mIOU 5 82.86% 15 K w2 .
S0 1 R 4 ER R (Bl RefineNet ™ . PSPNet ™',
SAC™ | EncNet™ . DSSPN" | UperNet"" .
PSANet™ . MDCN"™ | MCRNet™ | SegRCDB" #il
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MPCNet" ™) 4 Ht.  MSMDF ormer J& B i} 17— & f 1 %£6 ADE20K B FpoR 4 2] REX EE
e, H5H A A SAC™  EncNet™ . MDCN™Jy 7k mIOU/ % Pixel. Acc/ %
VAR H » AR SCHR 7 2 E mIOU RERE B R 3L RefineNer (R192) 40.70
54077, I HEAR 2 M R TR 7 . 3 pePRERIOD o o

. o oy RIS SAC(RI0D® 44.30 81.86
e DSSPN(R101) 43.68 81.13
4.5 FFEFMRM S WSS ST UperNet(R10D)*" 42. 66 81.01

N T HE B PO OIE OB OME A S 4R PSANet(RlOlL)iZJ 43.77 81.51
MSMDFormer [# £ 43 fiF 42 775 385t o 32 01 6F - 45 79 MIPENCRIOD ™ o

. . . MCRNet(R10D)*" 41.25 88. 64

B"J % {[E ﬁ ’TT T ﬂ %W-A /f’t o L‘/L CIFARlO I_I_] E/‘J 1;’:*% 2"‘ SegR(:DB(Rlol)L(ﬁJ 39 56 51 48
“ 5 FATXE T Gabor 38 U v 5 AR B SegRCDB(Swin)"™ 41.51 52.58
KGRk A7 vl Ak . 1/ 8Ca) iz oy Gabor JE 3 MPCNet(R101)5 38. 04 82.55
MSMDFormer(R101) 44. 98 82. 86

ASAELOL T B/ 845 1) 6 A RUEE A SERRE R .
K 8(b) 45 HY T i I8l 8 (a) Gabor 18 17 #% 2H % 3% J5 19
EUERRAE . AT RAL R IE R B, 77 10 5 ROEEAS 6] (1)
Gabor I8 5 A4l 28 1 S RRAEAS 7], 3304 % IR R
NG5 R A By e AN TA] o LA b DR 5 O A
JE AT LA 5 1 T1/2 46 £ Gabor 18 ik 2% 2671

PR A B 5 6 o B IR A TR 6 s 491 AR A Al
A . 5 e RO A Gabor 38 3 4% 4 L . R
J& 9 1 /9 Gabor 8 3¢ &% 1 LLAR 15 30 4= & Y
FHAE

w|5 o | DGIE O K| co |

|

]\-Ix_ El

A
3
Lo
A
=

F 2 \Jx_ 3

(a) GaborjiEil 4%

1,l _"a

"’1

n.'_ n"'_ 1 :
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Background

The research problem of this paper belongs to the visual
representation in computer vision. Convolutional neural networks
and Transformer frameworks have made significant advancements
in computer vision. However, powerful feature representation
still holds important research significance in deep image
recognition. In addition to multiscale features, the anisotropy of
image features plays a crucial role in image recognition.
Multidirectional feature learning has excellent potential in
capturing image edges, textures, shapes, and structures and has

become an important research focus.

This paper proposes a deep network framework called
multiscale and multidirectional Transformer (MSMDFormer) ,
which achieves more powerful feature representation. Specifically,
we introduce a multidirectional encoder to enhance the
multidirectional features. Furthermore, we design a multiscale and
multidirectional Transformer encoder that effectively aggregates the
multiscale and multidirectional features of the images. This study is
part of the national natural science foundation key project-brain-like
cognitive machine learning and remote sensing interpretation
application project, and it primarily investigates the influence of

directionality in vision on recognition tasks.



