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Adaptive Fusion of Gas Spectral Bimodal Information for
Peanut Origin Traceability

SHI Yan' REN Yuqi' WANG Siyuan' YIN Chongbo’ MEN Hong'
(1. School of Automation Engineering, Northeast Electric Power University, Jilin 132012, China
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Abstract; The quality difference of peanuts from different origins is significant, and it is common to see
inferior peanuts being sold with high-quality labels. Therefore, it is crucial to provide a peanut origin
traceability method. A bimodal fusion feature attention ( DFFA) was proposed based on electronic nose
and hyperspectral system for non-destructive detection, and DFFA — Net was designed to achieve peanut
quality identification. Firstly, the gas information and spectral information of peanuts from seven different
origins were obtained by using an electronic nose and hyperspectral system. The gas information from the
inside out of peanuts can characterize their overall macroscopic quality, while the spectral information
differences of different chemical bonds and functional groups can characterize their overall microscopic
quality. Then, DFFA was proposed to adaptively fuse the gas-spectral dual-modal information and focus
on important features that affected classification performance. The necessity of fusing dual-modal
information was verified through ablation experiments. Finally, based on the proposed DFFA module,
DFFA — Net was designed with optimized network structure to achieve effective identification of peanut
quality from different origins. Through ablation analysis and comparison of classification performance with
multiple attention mechanisms, DFFA — Net achieved the best classification performance; accuracy of
98.10% , precision of 98. 15% , and recall of 97. 88% . The effectiveness of DFFA — Net in peanut origin
identification research was validated. In conclusion, the proposed DFFA — Net, combining electronic nose
and hyperspectral system, effectively realized the quality identification of peanuts from different origins
and provided an effective technical method for quality supervision in the peanut market.
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i Ko Ak 96.71 £1.87 97.07 £1.71 96.78 +1.78
S 143 4k 97.05 £1.93 97.32 £1.92 97.14 +1.94
Ak Fl A 08.10 +0.82  98.15+0.77  97.88 0. 82
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Tab.5 Ablation analysis of fusion information
effectiveness %

15 BR IR iR FENTIE S
AEAE R 96.19+1.61  96.73£1.23  96.10 +1.55
Fe i 8 95.57 £2.05 96.05 £1.90 95.71 +1.96
Ao E R 98.10+0.82  98.15+0.77  97.88 =0. 82

5 B 2g i T ) ML AR B E B DFFA /9 A3 801
Xt B9 7 2= 1 L] 6L £E : Selective kernel networks
(SK) """ Squeeze and excitation ( SE)'*' | Efficient
channel attention ( ECA )'®' . Convolutional block
attention module (CBAM) "**' ) }z Coordinate attention
(ca)™,

TEXF L 1 = AL v, SK L SE (ECA il CA &
WA E ), CBAM 454 1 18 18 T R M s 8] R
N RS BIEE T, %6 B T AW
B LRI TEA R 77 b 4 2E B i 3 AT 55 B P RE 4
o AT LUK B, 22 M R ) R AR A 2R AR
T CBAM Jz DFFA — Net, A b4 38 18 3 & ) h i
fER) ECA — Net 432525 5L, DFFA — Net 76 ffEf 28 K
W 25 0 T 3 T, R
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% 6 DFFA-Net SHMITFZNRERITLLER
Tab.6 Comparison results of DFFA — Net with other

attention networks %
TERE I 5 HIRTIES LikES PERE:

SK — Net 95.48 £2.27 96.10 £1.92 95.58 +2.22
SE — Net 93.90 £2.01 94.79 £1.83 94.00 +1.96
ECA — Net 95.95 £1.69 96.38 +1.34 95.82 +1.67
CBAM — Net 96.29 £1.57 96.79 £1.27 96.16 +1.54
CA — Net 94.48 £2.26 95.25 £1.90 94.38 +2.35
DFFA — Net 98.10 0. 82 98.15 £0.77 97.88 +0. 82
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