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Abstract: Black soil in northeastern China is an important agricultural resource but has been increasingly degraded due to long-
term development. The use of satellite remote sensing technology to retrieve the organic carbon content in black soil offers
technical support for the protection and sustainable use. However, satellite hyperspectral data suffer from low spatial resolution,
and the retrieval accuracy for organic carbon content remains limited in fine-scaled study sites. To address these challenges, this

study utilized UAV-based hyperspectral data and soil geochemical data instead. We proposed and compared four models based on
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one-dimensional convolutional neural networks (IDCNN)-MDS-1DCNN, LLE-1IDCNN, PLSR-1DCNN, and KPCA-1DCNN,
for organic carbon content retrieval using the Wudalianchi region in Heilongjiang Province as a case study. The results show that
the LLE-1DCNN model outperforms the others, achieving an R? of 0.806 and an RMSE of 0.572% on the validation set. This

approach offers promising potential for accurately retrieving organic carbon content in black soil and supporting its conservation and

management.
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Fig.1 Research area geographic location map
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Fig.2 Distribution map of sampling points of soil samples in the field
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Original data ,SG-filtered data and the spectral curves of UAV data after four preprocessing methods
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Fig.4 Schematic diagram of the coupled model
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43 53 (KPCA) — ik A 2= 1DCNN &5 14 (1) 35 )2
LR R A AR AR AT AR A R ) R R
LLE-1DCNN>PLSR-1DCNN>MDS-1DCNN>
KPCA-1DCNN. H i LLE-1DCNN A5 % i 7 0 5
B he fb, fE R E 4 E M RPN 0.806, RMSE
0.572%.

(3) R HE T A ML @Otk 4 M LLE-
IDCNN A5 A4 75 Al I 24 2R E oG BE A B F B BT 3R
B MRG0 T R

FE G SeF g, TR 2 SOC & & i A 283
Bl 2 A NE i FH AR AR 2 R R DL R
Hi T DR 3% 4 0 o g A P[] S e e R DA — 2 R
TS A ) T RG B
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