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Abstract Single-Event Upsets (SEUs) in the space radiation environment pose a serious threat to the
reliability of satellite-borne intelligent systems. Traditional fault-tolerance methods such as Triple Modu-
lar Redundancy (TMR) and periodic scrubbing face challenges including excessive resource overhead and
high power consumption. This paper presents a lightweight fault-tolerance method based on Adaptive
Boosting-based Fault-Tolerance Method (AB-FTM) to address SEU vulnerabilities in convolutional neu-
ral networks. The proposed approach constructs a heterogeneous ensemble architecture comprising three

weak models (ResNet20, ResNet32, ResNet44) and integrated with a dynamic weight adjustment mecha-
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nism. By integrating a dynamic weight adjustment mechanism, the method not only significantly re-

duces the parameter scale (achieving an 18.2% reduction compared to ResNet110) but also enhances

classification accuracy, robustness, and fault tolerance. Experimental validation on datasets including CI-
FAR-10, MNIST, EuroSAT, and Galaxyl0 DECals demonstrates that when 0.032% of parameters are
affected by single-event upsets, the proposed method improves classification accuracy by 53.25%, 63.49%,
57.67%, and 47.43% respectively compared to the TMR-based ResNet110, significantly outperforming

traditional triple modular redundancy solutions. This approach provides a novel solution for future space

science satellites employing satellite-borne intelligent systems, balancing reliability, lightweight design,

and computational efficiency.
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Overall flow chart of the experiment
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Table 2 Number of parameters with SEU under different error injection rates
ik 0.001%  0.002%  0.004%  0.008%  0.016%  0.032%  0.064%  0.128%
HL—fi#IResNet 110 2 3 7 14 27 54 109 218
ZARTUARResNet110 (TMR) 5 10 20 41 82 163 326 653
FASE M ResNet20/32/44 (SE) 1 3 6 11 22 45 90 179
AB-FTM 1 3 6 11 22 45 90 179
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iR EI BRI, 7E 4 MR L M EE ResNet110
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Classification accuracy of each method without error injection

Tk MNIST/(%) CIFAR-10/(%) EuroSAT/(%) Galaxy10 DECals/(%)
BRI ResNet110 99.65 93.68 97.37 84.33
=HEITAResNet 110 (TMR) 99.65 93.68 97.37 84.33
FHASEE iResNet20/32/44 (SE) 99.68 93.83 97.56 84.49
AB-FTM 99.68 94.27 97.81 84.50
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Fig. 4 Single Event Upset (SEU) fault tolerance performance evaluation (SEU rate)
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Table 4 Comparison of resource cost among four methods
Jrik: B SPI(x10°)  FPAEZSI/MByte  FRAIERIUH(x10%)
Hi—fHResNet110 1xResNet110 1.70 6.78 2.5
ZHETTAResNet110 (TMR) 3xResNet110 5.10 20.34 7.5
A4 M ResNet20/32/44 (SE)  ResNet20+32+44 1.39 5.56 2.1
AB-FTM ResNet20+32+44 1.39 5.56 2.1
x5 HEWNEFHENEITEHKS T
Table 5 Contribution analysis of dynamic weight adjustment mechanism
— S AB-FTM S LA P )
W/ (%) MEFRR TR/ (%) MR/ (%) HEFR TR/ (%) HEWEE /(%)

MNIST 76.47 23.21 83.17 16.51 6.70
CIFAR-10 56.43 37.40 63.82 30.45 7.39
EuroSAT 64.80 32.76 71.30 26.51 6.50
Galaxy10 DECals 49.17 35.32 55.90 28.60 6.73
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