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IO LI Ry 2X 107 A% 5% I U0 5K s 1 A% 0 JEL AR
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A TR AW AE 24N 12 A R A a4
PEAL T TCMformer BVERE , 315 7 FhicHr i) 3k TR 1
2 B 7 AT LU HL , A4 CSNet” (ISTA-Net” . DPA-
Net . AMP-Net ., FSOINet™', CASNet™ #1 TransCS., #F
Setl1 K4 I, KT 54> CS K i PSNR/SSIM £
PERERZE TR 1, WNEIFTUAEN AT EENRA L
FF 14 B A5 B 43 19 PSNR 1 SSIM 1 fig . HF 1y
PSNR 1 fiE 43 514k T CSNet” . ISTA-Net" . DPA-Net
AMP-Net . FSOINet, CASNet Fl TransCS 2.63. 3.50.
3.76.1.10,0.14.0.26 #1 1.01, [a] i}, TCMformer f4 -
¥ SSIM 43 51l $2£ 5 0.0166 ., 0.0394 . 0.0276, 0.0109
0.0006.0.0011 1 0.0069., &l5 44 CS L& K 25%
i, Setl1 £ 4 £ ' Boats [FIM% A9 5 & 45 1 5 PSNR
{8, H 5 (a) I EHE L 5 (b) y Jm iR
K5 (e)~(F) J H Al 3 3 07 2 5 a2 s 1 Js 3 ik Rk 4
L B 5(g) WA T . W LLE Y, TCMformer AH
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F1 Setl1HIBEEDARARERTAREXEMWE BRI PSNR(AB)/SSIM 3T Lt

10% REEZER 25% RIFEZE 30% RIEZE 40% RIFEZE 50% FHEE

CSNet” 28.28/0.8690 33.17/0.9420 34.36/0.9529 36.67/0.9676 38.58/0.9763 34.21/0.9416
ISTA-Net" 26.49/0.8036 32.44/0.9237 33.70/0.9382 36.02/0.9579 38.07/0.9706 33.34/0.9188
DPA-Net 27.66/0.8530 32.38/0.9311 33.35/0.9425 35.21/0.9580 36.80/0.9685 33.08/0.9306
AMP-Net 29.40/0.8779 34.63/0.9481 36.03/0.9586 38.28/0.9715 40.34/0.9804 35.74/0.9473
FSOINet 30.46/0.9023 35.80/0.9595 37.00/0.9665 39.14/0.9764 41.08/0.9832 36.70/0.9576
CASNet 30.36/0.9014 35.67/0.9591 36.92/0.9662 39.04/0.9760 40.93/0.9826 36.58/0.9571
TransCS 29.54/0.8877 35.06/0.9548 35.62/0.9588 38.46/0.9737 40.49/0.9815 35.83/0.9513
TCMformer 30.71/0.9033 35.95/0.9602 37.15/0.9671 39.21/0.9768 41.16/0.9838 36.84/0.9582

-—
(b) JEEl (¢) AMP-Net (d) FSOINet
(PSNR/dB) (36.08 dB) (37.46 dB)
(a) Boat (e) CAS-Net (f) TransCS (g) TCMformer
a7 boals (36.57 dB) (35.06 dB) (37.95 dB)

5 25% RFEFRTF EE Boats(Setl 1) 1Y 5 k) FMG AL 5 R 5 PSNR B 5 F

former—CNN VR A B HUA 0 A I BRI OC R , 58 Mformer 5 HA 7 5 09 HO A B R B 2 00 &
BT SRS A UK R S HERENG, HAEEE W EUR 6. 455K, TC-
M Ah, & 2 B8 T 1F Urban100 % 3% £ |- TC- Mformer 7E T RAER RS2 T AR

Fz2 Urban100HFEEHR AR RER TARE X EHE %A PSNR(IB)/SSIM 3Ttk

10% KR 25% KRR 30% RREZE 40% KR 50% FIER

CSNet” 24.99/0.7979 29.23/0.9070 30.35/0.9256 32.28/0.9408 34.22/0.9588 30.21/0.9060
ISTA-Net" 23.51/0.7201 28.91/0.8834 30.15/0.9070 32.19/0.9362 34.37/0.9571 29.83/0.8808
DPA-Net 24.55/0.7841 28.80/0.8944 29.47/0.9034 31.09/0.9311 32.08/0.9447 29.20/0.8915
AMP-Net 26.04/0.8151 30.89/0.9202 32.19/0.9365 34.37/0.9578 36.33/0.9712 31.96/0.9202

FSOINet 27.53/0.8627 32.62/0.9430 33.84/0.9540 35.93/0.9688 37.80/0.9777 33.54/0.9412
CASNet 27.46/0.8616 32.20/0.9396 33.37/0.9511 35.48/0.9669 37.45/0.9777 33.19/0.9394
TransCS 26.72/0.8413 31.72/0.9330 31.95/0.9483 35.22/0.9648 37.20/0.9761 32.56/0.9327
TCMformer 27.70/0.8631 32.68/0.9445 34.10/0.9550 36.21/0.9672 37.95/0.9788 33.73/0.9417

R W 25 e S [R) A R A7 T RS2 50 (1) SwinT/T: #%
3 'é“ﬂ*gﬁﬁﬁﬁ SwinT Block # 4 & 3% 18 Transformer Block, (2) w/o
3.1 HELRE R TCM Block : 5 TCM % B B #e i, {7 5 (7% 30 38 PF &2
SR B E T $E B A B E 25% SR AERTR X (3) SwinT: 5 H7 1iF Bl & By Bt ) CNN Block % # i,
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SwinT Block, #F 3 B/R T IE 25% R AR T, B HE
Setl1 #4419 PSNR SSIM IS B4 e, il i He
L A5 SR 3 T8 119 Transformer BEH X 5
BoE AR K, 51 A TCM AL, 4% 1P g

B A BT, 23 B J5E DR TCM A B BE % B - 3l 112 B
PG Jo B8 40 19 45 2 o SR, 45 ik i 5 B B i
CNN 5 HL 2l i SwinT Block B, ¥ 45 1 1V BE A BT T
R, X S PR SRy 7 8 O 40 el i 2 P, Transformer X125 A
FET CNN P48 B2 5 TR AR B, I e Sl o

#3 7ECSIbEA 25% KEE Set11 BiE L EREAHEM 4%
) PSNR.SSIM. S# 2 LL %

| PSNR/AB | SSIM  B#@E/M
SwinT/T 35.82 0.9632 7.21
w/o TCM Block 34.63 0.9521 6.67
SwinT 35.33 0.9528 6.98
TCMformer 35.95 0.9602 6.85

3.2 EBEHMSH

TEVE 22 2B I, TH 5 A AT AL /s 225G
HE, P XA [R5 EETE H 46 180 L R 50% I
T HH 256x256 P& 1280 KRR /NI FLOPs
AT (2 4) . % JE 3] TCMformer ff F T Trans-
former Fll CNN FHZ5 & WAL H S S BRI AR LAl
JFHRUE 1 CNN Z589 1) DPA-Net i 30% ., 5 Ah 57k
FA L, TCMformer Y FLOPs J&di /N1 o A IZ A7 0[]
A PRI AH SR A5 R IE MR O B A R
FEAHUA R BCHE AR 0 Ve A Al b, a2
FIA I F—Ir i, TCMformer {/58% [t R 2 512
AR E A 2 I AR G R CS T 12
A L TLAP B 3 LB i i [ o B 256%256 4]
8o AR TAER I — LA HaB AT I ]

x4 TECSLLEAS50% TEE BEBRHSE . AEF

FLOPs Lt
SHE/M B iE)/s FLOPs/G
DPA-Net 9.78 0.0339 106.36
AMP-Net 1.53 0.0322 23.97
TransCS 2.28 0.4258 38.38
TCMformer 7.31 24512 20.13
114
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FE S BR 8 FH rh FE AR TR T R A7 B MR R ) 5
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[i5] M KT = 3T 7 . SR, TCMformer S HiAth 7
2 LA e SR A, ETE R4 L 10% F125%
B R T RAE VK o B 6 s T 7EAS [Al A i
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Mformer X M 5 0 H AT 1R 5 1Y & Fe

- @ -AMP-Net
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Abstract Compressive sensing (CS) for images is an effective technique for signal sampling and reconstruction at low sampling
rates. However, achieving high—quality image reconstruction remains to be challenging due to the difficulty in effectively integrating
local and global features. To address this issue, a novel image compressive sensing reconstruction framework, a combination of
Transformer and the strengths of convolutional neural networks (CNN), namely Transformer—CNN Mixture Transformer (TCMformer) is
proposed. The framework leverages CNN for efficient local modeling and Transformers for capturing global context. A dedicated
feature fusion module (TCM Block) is designed to bridge local and global features, enhancing the efficiency of feature representation.
Additionally, to reduce model complexity and computational cost, the framework adopts a window—based Transformer structure,
enabling efficient global modeling through partitioned operations. Furthermore, a progressive reconstruction strategy is introduced to
optimize reconstruction quality by utilizing multi-scale feature maps. Experimental results demonstrate that TCMformer significantly
outperforms state—of—the—art CS reconstruction methods in terms of peak signal-to—noise ratio (PSNR), structural similarity index
(SSIM), and visual quality, particularly under low sampling rates. This work provides an effective and practical solution for achieving
high—quality image reconstruction in compressive sensing applications.

Keywords compressive sensing; Transformer; convolutional neural networks; image reconstruction
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