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Intelligent wood identification system based on X-ray
single-projection imaging
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Abstract: Traditional wood classification methods face significant challenges, including low efficiency. heavy reliance
on manual expertise and prevalent material fraud in furniture markets. Additionally, there exists a research gap in the
application of X-ray single-projection imaging for wood identification. To address these issues. a set of special imaging
device for wood material visualization was independently developed and an intelligent wood authentication system that
integrates X-ray single-projection imaging with a dual-attention mechanism was proposed. A systematic X-ray single-
projection dataset comprising 10 typical commercial wood species was constructed, including three Pterocarpus species.,
four Dalbergia species, and three other woods. A key innovation of this study is the proposed EDMA-Net model. This
architecture integrates a hierarchical GAM-ECA dual-attention mechanism that enables synergistic optimization of both
shallow global texture features and deep channel characteristics. Experimental results indicate that the model achieves
an overall classification accuracy of 98. 04%. Ablation studies show that, compared to the baseline model, EDMA-Net
boosts the classification accuracy by 2. 38% while compressing the parameters to only 16.51 M. The average single-
image inference time is only 7.00 ms, reaching an inference speed of 142.95 fps, thereby verifying the module's
effectiveness. Furthermore, actual furniture panels tests were conducted and the accuracy for all samples exceeded
95%. By leveraging X-ray single-projection imaging technology, this system provides a non-destructive, rapid and
practical technical solution for material authentication, quality monitoring, and wood processing management in the
furniture market.
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Fig. 1 Actual of wood samples
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Fig. 2 Imaging optical path diagram and external
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Fig.3 X-ray image of wood sample
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Fig. 4 Overall of the EDMA-Net
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Table 2 Network structure configuration of EDMA-Net (Input size: 300X300 pixels)
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Fig.5 Efficient channel attention module
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Table 3 Classification performance indicators of EDMA-Net model for 10 wood species

eyl TP TN FP FN Pre/ % Sen/ % Ace/ % F1/% OA/%
0 374 3435 17 10 95. 65 97. 40 99. 30 96. 52
1 372 3451 9 4 97. 64 98. 94 99. 66 98. 28
2 384 3451 1 0 99. 74 100. 00 99. 97 99. 87
3 363 3439 13 21 96. 54 94.53 99. 11 95.53
4 378 3 445 7 6 98. 18 98. 44 99. 66 98. 31 05, 01
5 384 3443 9 0 97. 71 100. 00 99. 77 98. 84
6 383 3452 0 1 100. 00 99. 74 99. 97 99. 87
7 381 3 446 2 7 99. 48 98. 20 99. 77 98. 83
8 364 3439 13 20 96. 55 94. 79 99. 14 95. 66
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Table 4 Comparison of classification performance indicators among different models %
gl Average Pre Average Sen Average Acc Average F'1 OA
EDMA-Net 98. 04 98. 05 99. 61 98. 04 98. 04
EfficientNetV2-S 95. 86 95. 46 99.13 95. 65 95. 66
DenseNet121 92.02 91.93 98. 38 91.71 91.92
EfficientNetB3 94. 08 94. 01 98. 80 93. 88 94. 01
ResNet50 90. 81 90. 35 98. 08 90. 26 90. 39
ShuffleNet 94. 68 94. 50 94. 50 94. 38 94. 49
x5 FAREEHMSEERESHMEIE
Table 5 Comparison of classification performance and parameter scale among different models
B Ace/ % SHE/M FHRKE RN /ms  FPS/fps
EfficientNetV2-S 95. 66 20.19 7.29 137.17
EfficientNetV2-S+ECA™ 96. 95 17.99 7.03 142. 25
EfficientNetV2-S+GAM 97. 87 16.99 7.21 138.70
EDMA-Net 98. 04 16.51 7.00 142. 95

AR T RN ) EfficientNet V2-S, AL Fil & 20 — v & 5
B9 28 PR BB A 43 25 MR R 35 T4 5. 91 A ECA
TR NE WK E 95. 66 %2 TH = 96. 95% . B H R E
17. 99 M, [m] B - 25 SR EG A BRET ]2 7. 03 ms, % 7 4 2
PEEE A 142. 25 fps; 51 A GAM {58715  HER S — 48 7+
2 97.87% . ZH /D & 16. 99 M, - 34 Bk [57] 45 i PRI )
9 7. 21 ms, HEHE N 138. 70 fps, AL Z T . EDMA-Net
T 3 3 T A 5 A AR R Bl BT R Ak
Wit AEHE— B A SO R 16. 51 M B[Rl i, 85 3 2
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Fig. 8 Physical images of tested furniture board samples
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Table 6 Comparison of model recognition accuracy for

real furniture board samples

FE it 2 5 2B A 5 5 Tk 5 P/%
1 ISV ) 504 98.21
2 BN 3R R R 504 97. 02
3 IR B 504 98. 41
4 (WALY ) 504 97. 81
5 22k 504 96. 23
6 (7] i A 504 96. 62
7 AR 504 96. 42
8 Z WA RBA 504 97.72
9 Pkl E 504 97. 81
10 KR EHE 504 99. 01
3 & 1
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