54y = F oo Vol. 53 No.4
2025 4F4 H ACTA ELECTRONICA SINICA Apr. 2025

FETF /NI A2 B B AN I &N Transformer Y
Bt MR UG B T s

RE AR ok
(1. ML BRME S TRRERE , WL 2R 511 0660005 2. LR IE 2F Be ke 505 BRHE 2Bt , b 28 521 0660005
3. b1 BG5S A R 5 SR I0 % Tk 7R B 066000)

WOE: BTUE WA RENE N KBRS b 3 RS A5 B, 76 BUR AL S B O S 3R 0, H Ry 0k 32 Y
it I DA B2 45 22 8] A9 G AR A OC R . Transformer 26 B R0 ELAT 42 JRy B AZ I, 6 F AR IR 55 R R 6 1] A 1 2R B i
B H 35 S B 5 EMGOST BF 5 BUTE B, BRI T AR & 43 5 R AR FRAT: 55 B R T . itk 4, 77 22 MR (Magnetic
Resonance ) B4 5 #5301 Aol R 08 10 50 B b o 2 450 R o 308 4 2 380 V-0 7. )l A A I 2 i, Z20 T S8 A IR 5
TR 22 18] B AR S . AR SCH A 3 T B RO BV &2 B0 Transformer (KR AR B , BE BE 1) FH 4 B 28 o 25 FRE R %) 72 4
B s ()5 RS MR EUER 07T, )RR A A VRO BRI 42 Jm BT SOfF SR iR . B TIR G, 455
JIN AR ek — 2 3R M 3 T /NG ek Y &2 B BRI &2 ) Transformer (942 1 2% MR &5 & & 555 . 7E Calgary-Campinas Fll
fastMRI P B 4R 1 (10 S 46 205 SRR B, 4 1 A 80 5 DO e EL A 38 P 119 MR RS o el 0 L, L o vy 11 o
AEFNTE /D B PRI THFE . WRARHESAFFF hitps : //github.com/zhangxh-qhd/W CCTNet.

KFER: MR EMGEE NEAS e B W 2% B BT B U Transformer ; J8 37 M7

E€WH: WdLE ARRHEEES (No.F2022203030)

RESES: TN911.73;TP391.41 XEkARIRAD: A XEHS: 0372-2112(2025)04-1221-11

L F 23R URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20241058

Lightweight MR Image Reconstruction Network Based on Wavelet
Domain Complex Convolution and Complex Transformer

ZHANG Xiao-hua'’, LIAN Qiu-sheng"*

(1. School of Information & Science and Engineering, Yanshan University, Qinhuangdao, Hebei 066000, China;
2. School of Mathematics and Information Science & Technology, Hebei Normal University of Science & Technology,
Qinhuangdao, Hebei 066000, China;

3. Hebei Key Laboratory of Information Transmission and Signal Processing, Qinhuangdao, Hebei 066000, China)

Abstract: Convolutional neural networks (CNN’s) have demonstrated remarkable capabilities in learning image priors
from large-scale datasets, achieving exceptional performance across various image processing tasks. However, the local re-
ceptive field inherently limit their ability to capture long-range dependencies between pixels. In contrast, the transformer ar-
chitecture, renowned for its global receptive field, has exhibited outstanding performance in natural language processing
and high-level vision tasks. Nevertheless, its computational complexity, which scales quadratically with image size, poses
significant challenges for high-resolution image processing applications. Furthermore, many magnetic resonance (MR) re-
construction algorithms exhibit limitations by either relying exclusively on magnitude data or processing real and imaginary
components as separate channels, thereby failing to account for the intrinsic correlations within complex-valued images. By
integrating complex convolution and complex transformer, an innovative hybrid module is introduced, which leverages the
high-resolution spatial information extracted by CNNs to enhance the details of MR images and capture long-range features
through global contextual information obtained by the self-attention module. Building on this hybrid module and wavelet

transform, a lightweight MR image reconstruction method using complex convolution and complex transformer in the wave-
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let domain is further proposed. Experimental results on the Calgary-Campinas and fastMRI datasets demonstrate that the

proposed model achieves superior reconstruction performance and while maintaining lower resource consumption compared

to four representative MR image reconstruction algorithms. The source code is available at https://github.com/zhangxh-qhd/

WCCTNet.

Key words: MR image reconstruction; wavelet transform; lightweight network; complex convolution; complex trans-

former; receptive field
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W% 1 P IR i 1% (Magnetic Resonance Imaging, MRI)
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NIRZSE LSS IR RERS AR AN JCH
YRR R R OB | BRI B 2 A EUR b
W 22297 T B (H 3k B4 R B MR (Magnetic
Resonance ) 40 5 75 223K W FE R[], 22 1 7
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OBKEE) By 5 RIS S R B . R T R R —
Pk, 3 R A 7 7R K 25 AR T R R AR 4 46 1 4
U], S MR (i B ™. MRUIN# s g7 ik vl LAy
R T A B 12 R TR 2 T R O i
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oK. A, S T ARAS TR R A RCR  ZEAL R R
FEAI 5 2 T3R8 2SBS0 I T B TR

VAR, TR JBE 27 ) HORAE B8 2 iR U S T
R JUICAE AR o 00 R P A
1545 B 3R KAV F7 . Wang 25 N KR 24 5] Ty
51 MR G @G, RIS B 2 9 25 (Convolu-
tional Neural Network , CNN) # 57 T K RAEEE 5 H br
PG Z A AR ML OE 2R | Lee 8 AR T —FhE
Tk 25 2 ) P MR BI5 8 @ R . Schlemper %5
NI Xk U MR PG 14 3 25 7 47 ek o g )
K HIGLE CNIN ZEA8) FIAE B e 19 2 DR CSRASE K 25 ] 4K
A A e ST A PG A T B AR . Wang S A
it — AL T BB U AR 22 N 46 1 T 14T MR EHE
FAL R T MR ER A E TR . Cole A58 T
52 HCEBUE MR BHG E AR (5 B AL B g 0, 9F
T S R T B AR 2 I AR D5 - 7K 53 3 i
IV e = S R R AT FVA A B I RO WA IS = £ AT 2
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il T HAE = PR R AL FAT 55 TR R . R ARE
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R {1252 g L S8 G B Dl 3 4 D 422 B O 1
PG R g A, 78 T (R B S A kg 3 2
(B AR DG . Rk, DA /D 9 5 52 90 52 (1 MR R 7
ok o AR R AR A DR R L AR SO S R A
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R Transformer 75 4% Ja) M HEA 1 A8 T, 52 BEXT Ry
PR A4 ey b S T
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BRSNS 40 1R FH Re LU 300 pRER, 2R
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DWT: Discrete Wavelet Transform
IDWT: Inverse Discrete Wavelet Transform

Cconv: Complex Conv

CDconv: Complex Depthwise Conv
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F,=Encoder(F,) (5)
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Transposed Attention, CTA) F1 & 0 T8 B 5% M 4% (Com-
plex Gated Feed-forward Network, CGFN) ¥ RE, tn il 1 44
T AR . CTA 8 7E 38 18 4k B2 1 H A 7 3 bl
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SR 1 SR K #8531 #5472 3 — 1k (LayerNorm,
LN )P0 a] 15 ) ZRUZE A — AR ( Complex LayerNorm,
CLN). &6, X i ANRAE F, e C il i )2 IH —
G B Fopy e COPRIE B FAZ KN 3 %3
1) 52 BOTR P2 A TR F o B BN IE FE AT 0 H B R, 42
VA% 30 T 1) R O O AR 15 3 A R A R 0 VB
W K RMEAERE V. i) 5 @ K Vit & )RTER )
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B R SCfR B B ok RS 45 AR HTRE 7 . i AR
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F,=W,((¢W,CLN(F,)) OW,CLN(F,)) + F, (11)

Horp W Fw, 3R 3 < 3R BRE BB, W, £m 1 x 1
M EECER, CLN RR Z 502 0 — b 4E, 0 Rzt
Z AT, ¢ R CCeLU JELRME BN pR%K .

(3)FFEEl-A A5 (FusionBlock )
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Y E T AFHIE Fy e C "R F, e C7 1 584
BT I A B PR AR BRE Foe C Y RS L il
H—1x 1 EECERIEXT FREYE; i) AR gGE S —
A~ CTransformer S AT —A 1 x 1 (I EECERUZ 159 8 i
2 R AE F,. FusionBlock TN

F,=W,(CGFN(CTA (W, (concat(F,. F,)))) (12)

Hreh W MW, 3R 1 x 1 BB, concat /R DF%
BT, CTA FI1 CGFN 43 %l 2 78 CTransformer F52 3 v 1)
CTA BRI CGFN L .

T BRI E R 2 , WCCTNet B — G f 5 1 5} 24
CCTransBlock # 5t , 4% CCTransBlock H ¥ £ & 1 4>
CCFBlock #1 CTransformer Fi 2 4™ filt -G 45 e op £ 60 &
1 4~ CTransformer 152 5 , £ A v S A A7 8 4~ CTrans-
former 1k |

3 ZBRERESH

VA BT H (8 WCCTNet A1 RE | AR SCR I (.
{5 M Lt (Peak Signal to Noise Ratio, PSNR) | 4% ¥4 #H (L) &
(Structural Similarity,SSIM) B )71 2% (Normalized
Root Mean Squared Error, NRMSE) . LPIPS (Learned Per-
ceptual Image Patch Similarity) #1 FID (Fréchet Inception
Distance WEAE FEPFHHE AR 0 Firfi tH I SRR T DA
3.1 BIEERILHIEE

(D) %i e

ARICAE B TR B 4E , B Calgary-Campinas™
(TRIFR CC ) 2L B B0 B R fastMRT B2 B 5040 2  fi
FHA [5) B8 SR A S R SRAE A R AT RS A 1 25 5 13X
CCFAZk B BUIR AR £ 1% 35 44 32103 1Y S2 (S £ 1B Kl
T ZF AL H R 170 K K/INA 256 x 256 YY) 1, 18
WOHrh 25 X g dt 4 254 5K U1 R AR 2548 , WFRI AR Y
10/~ %F G g U ] 14 100 5680 A, 2k 1000 K — 4k 1%
BAE I

fastMRUEHEAE AL 5 1 500 15 (B B e R Ao ot +
ARG MRUEE . 41> MRIZUIE 2 4127 35 5Kk
TR DG SEE AR T AT 5%, R B DR/l v L R BT 2 320 x 3200,
BAEEWN 3 N ZRAE B A A A, TR

HROR 5 4 SR 0 0 2 50 L 256 Hh S B fastMRT 40 42
FHF I3, B 254 40 5 34 742 sk R4, 4R 0
71355k E1% .

(2) R M

RARIURCRAE () K 23 [R] G, X 4 R 1) K 25 (155
i I AN ) B R CRAEHE IS . 7E CC B 4 b0 1 Rk
4350 R 10% F1 30% (6F Wi 3 PR 43531 >4 10 1 3.3)
AU /K (Cartesian ) SRAEIE AR , LA M KR FE R 10%
B4 1] (Radial ) R FEHE BRI E (Spiral ) SREEHERR . 4] 2
JEIR T RRHFER R 10% B H R IR HE I A2 1) 4 55 i
BEMENR . 7F fastMRIEHEEE TR FH N A 753591 o4 4 Fl
8 T R IR RRAEHE L

(¢) Spiral

(b) Radial
K2 RORHBEZRN 10% FAFHE R

(a) Cartesian

(3) LIS

K FHFET Pytorch fl T 27 ST HESR S )1 21 A0 I8 10
ERE , EPI B LR B S 0B,=0.9 F1
B,=0.999 1] Adam T AL XI5 2% sR B AT B /MBI AL,
WA 2 2] P E N 2% 107, 2 ) R A% 7% 58 0 S s
TREEI x 1070, #b i R/ E R 8, 1R JZ R AR U B
BB AR R R 32, i T CCER S fast MR SR AE |
YIGAEAL B A, FE P BAEE L & AN I 258
UK AE CCEBESE EVIZR 200148, 7 fast MR B 42 1
YR30 MHEU . LS IR AN A 7R BC &N Intel 250
8336C CPU A1~ NVIDIA RTX A6000 GPU (1 Ubuntu
20.04 A ER G LT . B OCRAE R S BE A T
AR H A5 B 19 4R T R AE N 454 A #E Calgary-
Campinas(CC)EUHEHE LIl Zk WCCTNet (1) BT K 24
T 14 b, T AE fast MRUBUHESE L K 2975 2223 h.
3.2 XWHERRSWH
3.2.1 FECCHIEE MRS

T CCHIRLE b R RCRFER R 10% F130% B
IR AR, DU S IRCRAE 2 R 109% (8428 ] SR AR AR
OFNIRHE R AL . KPPl WCCTNet B RE 5 L 5
JURPIE T UR B2 > 19 MR BHQ B 5k b A7 1 L
BT , X S8 P43 4% SwinMR ' KTMR"™ . SwinGAN"* FI
ReconFormer ", LA T IURE @B e CC k4L
1210005k 4P B 1#)°F-15 PSNR .SSIM \NRMSE , LPIPS
FIFID A, F P PERe e O 0 AR kAR e

M1 AT LLE H, WCCTNet 76 A 7] R BEAR 20 K AN
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£R1 FREEEZXECCMIRE LByHEBEITH
EH A RAERE RRRER PSNR/dB SSIM NRMSE LPIPS FID
ZeroFilling 22.29 0.623 1 0.0773 0.367 8 330.87
SwinMR™! 27.95 0.8216 0.040 3 0.143 3 62.76
KTMR!"® 27.97 0.819 8 0.040 2 0.149 6 79.83
Cartesian 10%
SwinGAN? 26.56 0.783 1 0.047 4 0.157 5 113.08
ReconFormer! 29.44 0.858 2 0.0340 0.133 8 50.67
WCCTNet 29.92 0.870 1 0.0322 0.1133 47.92
ZeroFilling 27.62 0.805 0 0.0419 0.214 3 162.55
SwinMR™®! 33.92 0.9322 0.0203 0.056 8 22.47
KTMR!"® 33.65 0.929 6 0.0210 0.067 8 32.29
> Cartesian 30%
SwinGAN 32.92 0.9205 0.022 8 0.087 8 28.53
ReconFormer"”! 36.28 0.955 1 0.0155 0.059 0 20.78
WCCTNet 36.82 0.959 0 0.014 6 0.052 1 19.43
ZeroFilling 23.17 0.529 4 0.069 8 0.393 0 311.46
SwinMR™®! 28.11 0.810 1 0.039 6 0.139 6 58.79
KTMR"® 27.75 0.800 4 0.0413 0.149 7 76.50
Radial 10%
SwinGAN™ 27.43 0.793 9 0.0429 0.154 2 82.31
ReconFormer"! 30.72 0.8739 0.029 4 0.117 4 47.05
WCCTNet 31.28 0.8875 0.027 6 0.1277 45.63
ZeroFilling 22.81 0.578 5 0.072 8 0.374 1 343.80
SwinMR™®! 29.79 0.8532 0.0327 0.112 1 50.94
KTMR"®! 29.00 0.8324 0.0358 0.1257 74.54
Spiral 10%
SwinGAN?2 29.28 0.8433 0.034 6 0.1342 63.91
ReconFormer! 34.43 0.928 8 0.019 2 0.084 2 34.19
WCCTNet 34.80 0.933 6 0.018 3 0.083 3 32.11
AR KRR T I 7 5L p) F AR RE . 5 Recon-  BYRIRIME B (EAA 3 /040 (5 EOR REMERf F 2. 1

Former #f] . , WCCTNet 7E K RAEF K 10% HIH# IR R
FERE S A% 1] SRAE AR 2R 2 R AL 20T, S 2 PSNR
{5 BT T 0.48.0.56 F10.37 dB, -3 SSIM {E 43 51l 2
J+70.003 9.0.013 6 F10.004 8. 7Eix $oRALERI R F, 12
i) SR RS 3 P BB T o B 3 IR SR PR AR X 1
PETHAXT /N . AR ] R AR AR [R] RORFEF (R
FER 5351k 10% F130% ) (A R R SRR, WCCT-
Net [FIFE I H A IR RE . AH3R T ReconFormer, 24 /KX
FREH K 30% I, WCCTNet ) PSNR 1 SSIM 43 51 4% =5
T 0.54 dBF10.003 9.

P 3~ 51 6 43 7R T AS [) B 8 B3 76 S R SRR A
AN RN MR B 25 50 BT L gs 5 . il
T xf L RS 0 40T UEAT H AR A A, E Ak S ik
BU— A DX A TR S 7R, B AR B (1 #4772
2 e o P4 5 LS MR 2 B i 22 22 5.l
22L& 3~8 6, 1] L) % 3 WCCTNet Fll ReconFormer 7F 2% A&
T M G AE B T LA R Y RORFE R
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(a) ZeroFilling (b) SwinMR (¢) KTMR (d) SwinGAN (e) Reconformer (f) WCCTNet (g) GT
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(a) ZeroFilling (b) SwinMR (¢) KTMR (d) SwinGAN  (e) Reconformer  (f) WCCTNet (g) GT
B4 AT R RAESEA 30% [ H R RHERE T 14 2 R

(a) ZeroFilling (b) SwinMR (c) KTMR (d) SwinGAN  (e) Reconformer  (f) WCCTNet (g) GT
FES  AREBIEFERREERN 109% AR IR T i E 2 EG
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(a) ZeroFilling (b) SwinMR (c) KTMR (d) SwinGAN ) Reconformer  (f) WCCTNet (g) GT
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(a) ZeroFilling  (b) SwinMR (¢) KTMR (d) Reconformer  (¢) WCCTNet ) GT/mask
FE 8  ARFREIEFEINHEE TN 8 1 /R AR 0 8 IR

*3 ARAEREZNSHBEMEGCPU LNEERE £ F AT SR CSRAE R 10% [0 4R SRREHE . R
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