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Abstract

To address the issue of decreased decoding success rate (DSR) in weakly invisible printed quantum
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dot (PQD) images due to noise and dot matrix defects during printing and scanning, a robust image
restoration algorithm is proposed. First, a parameter-controllable composite degradation dataset
is constructed through parameterized modeling of imaging noise. Second, a ResNAFNet restoration
network with residual enhancement is proposed to improve the restoration quality of distorted dot
matrix edges and local features. Finally, a DSR-oriented restoration evaluation system is estab-
lished. Results show that under different degradation conditions, the BER of the test set decreases
to 0.0124% and 0.0038%, the ED is 2.9342 and 1.4757 pixels, and the DSR reaches over 88.75%,
representing an 85.55% improvement compared to degraded images. This method effectively im-
proves the structural restoration quality and readability reliability of PQD images, validating its
engineering effectiveness in anti-counterfeiting authentication.
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Figure 1. Information transmission process of weakly invisible PQD images
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Figure 2. Construction process of composite degradation dataset
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Figure 3. PQD jitter degradation effect with different variances
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Figure 4. Degradation effect of printing media composite
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Figure 5. Motion blur degradation effects of different lengths
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Figure 6. Sensor noise degradation effect with different variances
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Table 1. Comparison of dataset construction methods and degradation characteristics across different studies
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Figure 9. Architecture of simplified residual enhancement block (SimpleResBlock)
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B, WAL RCR A B R S AT s, B 10 [ 11 e T ARE A Level-1 5 Level-
2 MR EE R TR AR R

HREZ LRE# Restormer NafNet ResNAFNet

HRE% LREE Restormer ResNAFNet

Figure 10. The restoration results of different methods on the Level-1 test dataset

10. REFF3E7 Level-1 BUIEE ERE R REB R

HRE % LRE1E Restormer NafNet ResNAFNet

HRE% LREH Restormer NafNet ResNAFNet

Figure 11. The restoration results of different methods on the Level-2 test dataset
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Table 2. Experimental results of PSNR, SSIM, BER and ED for different methods
# 2. AE)753%R9 PSNR. SSIM. BER. ED £

. Restormer [20] NafNet [26] ResNAFNet (4<30)
ik Level-1 Level-2 Level-1 Level-2 Level-1 Level-2
PSNR (dB) 45.4103 37.9428 55.0951 45.1072 54.1724 45.3521
SSIM 0.9988 0.9961 0.9991 0.9975 0.9993 0.9976
BER (%) 0.0067 0.0253 0.0061 0.0132 0.0038 0.0124
ED (pixels) 2.2997 4.6651 1.4548 3.0354 1.4757 2.9342

Table 3. DSR results of different methods on Level-1 and Level-2 test sets
%= 3. TNRIFETE Level-1 5 Level-2 i & EH) DSR 58

LR F14 Restormer [20] NafNet [26] ResNAFNet (4 30)
Level-1 1.69 89.73 88.90 89.82
DSR(%)
Level-2 3.20 87.68 87.32 88.75

BT PAE R G YIRS e hr MK ST A MRS A RS, FRAR ZE MK A . AHILZ R, BER 5 ED 48
PRkt m B SR A A 5 10 S F8 N BIURR, BB U PQD S MK i & . i T VELE Level-1 5
Level-2 ¥4 4 1) BER 4354 0.0038%#1 0.0124%, ED 4354 1.4757 pixels Fil 2.9342 pixels, 48T+
73k, JEILAE Level-1 $udi 4 B3R L 56 AR E AR RS B8 1 o 3E—25 W T RE S /72 40 4, DSR 7
PB4 AR E HE I 7E 88.75%LL b, LU LR B IIHEm 1 85.55 %, {HAE Level-2 ##litk b, AET7%
ZIAAAFAEZE S, A R PR SE MWK T AT 2> BB T 5 5 RS R

25 EPTIR, Prigif ResNAFNet 722 G aBAL5F F BEWE AL o8 b7 & 5 450 —Eik, 7£ BER. ED %
FR Z5AH K FRFS R RAFIIZREPERE, B0k 1 LR & 1 R B R SRS A Bt 5 S H .

6. L5RIE

B SF BN 27 m MR AE SE bR S AR AT BN S 4 AR 10 2 & 1R A e T 5 35005 B R T SRR T BRI 1
A, MR A B IE R SR (Level- 1) 5 2 BIER IR M (Level- )N SR MU 4, HIT REGUPIEE
JEINEEAE . 2R 5 FRPERER I it 1 — 03T NAFNet ) ResNAFNet & J5 7, 7E{RIE
s BB G R R I [ B 1S 58 10 R R AL S I S AL RO e ) SR S5 IR KW, £E Level-1 5 Level-
2 MR E, %575 HIELAS BER N 0.0124%#11 0.0038%- ED A 2.9342 pixels I 1.4757 pixels {12 &
B MLHRERFH MBI, SRR DSR #HI7E 88.75% LA b, MHLLIRIEBRIRTT 85.55%, il T
o th T EAE 2 AR AL BV BT AR R R A S bR BAR AR 55 A e 5 TREE M. AR TR
BB EE SRR B 5 SPR R SRAIUAG, DLER T D7 R A 52 2% B R A 55 v 19 3 R e

£ E&WA
FE R 3R AT FIH (61972042).
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