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Abstract The rapid sensing of farmland soil information is as a improtant support for smart agriculture. To clarify
the existing issues in the development of soil information sensing technologies, a systematic review and analysis
are conducted on the current research status of soil information sensing driven by deep learning. This study
focuses is placed on the innovative practices of various deep learning models in addressing traditional challenges

associated with soil information inversion under different sensing scales and methods, along with an in-depth
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examination of the strengths and limitations of these methods and approaches. The findings indicate: 1) For
proximal sensing systems, deep learning has effectively addressed the coupling complexity of environmental
factors and poor adaptability in traditional electrical sensor calibration by constructing various deep neural network
models, thereby enhancing the accuracy and robustness of in-situ detection for soil moisture, salinity, and
nutrients. Meanwhile, deep learning methods demonstrate significant advantages in overcoming key challenges
such as moisture interference and poor cross-temporal/spatial generalization in Vis-NIR spectroscopy-based
prediction of soil organic matter/total nitrogen content. 2) A wide range of deep learning models and methods
have been applied to process spaceborne and airborne remote sensing data, enabling the development of more
accurate large-scale inversion models for soil organic carbon, moisture, salinity, and other parameters. These
approaches have substantially improved the reconstruction, calibration, and downscaling capabilities of remote
sensing data. 3) Deep learning-driven multimodal, multi-scale, and multi-temporal information fusion models
have gained widespread adoption. The integration of lightweight networks, hybrid models, and attention
mechanisms has facilitated effective interaction and fusion of heterogeneous data, significantly enhancing the
accuracy and real-time performance of synchronous multi-parameter prediction. 4)Emerging research trends
highlight the importance of developing inversion models with strong generalization capabilities for complex
agricultural environments and constructing multi-scale (proximal-airborne-spaceborne) soil information sensing
networks based on swarm intelligence and collaborative sensing. Furthermore, integrating soil continuum model
theory, future efforts should prioritize the exploration of in—situ monitoring methods and quantitative correlation

models for soil microbial dynamics and organic matter turnover processes, aiming to transition from single

2025 4F 45 30 %

physicochemical parameter monitoring to comprehensive soil ecosystem health assessment.

Keywords soil nutrients; deep learning; sensors; smart agriculture
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Table 1 Relationship between soil dielectric constant, apparent conductivity and physicochemical

parameters such as soil moisture content, organic matter, and pore size
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Note: ‘ + ’ represents positive correlation, * — ’ represents negative correlation, and ‘empty’ represents a non-

monotonic complex correlation. The real part of the dielectric constant reflects the ability of the dielectric to
store electrical energy under the influence of an electric field, which is directly related to the degree of
polarization of the dielectric. The imaginary part reflects the ability of the dielectric to consume electrical energy

due to conductivity or relaxation polarization under the action of the electric field *®.
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Table 2 Key characteristic bands of SOM in the visible-near infrared spectrum under different regions and soil types
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Table 3 Recent research cases of soil parameter inversion using satellite and airborne data combined with deep
learning from2015 to 2025
5 700 A2 48 K 2 B N 7R
Model framework Data type Inversion content
T AL Z i K 1R + ek oy
UAYV multispectral imagery Soil moisture'*’
2 3 DG R b AR A b AT HLBR
Satellite-based hyperspectral and land imager Soil organic carbon'"*’
HOA L
B2 O E 4 Soil organic carbon'*
Satellite-based hyperspectral imagery + B Ay b o)
BPNN Soil salinity' "’
R SN TR
T ML G & 14 Soil total arsenic'*’
UAYV hyperspectral imagery - A A A L)
Soil available copper content"*’
%AHL%?&?%IZH%%WE%DRGB Eﬁ% e 4 sk sl
UAYV multispectral imagery, thermal imagery, and . [100]
. Soil water content
RGB imagery
RNN (Recurrent 2 263 5 5 6% 1% - B A HLERE
neural network) Satellite-based multispectral and hyperspectral imaging Soil organic carbon'*
Hb T R O RO B OO0 S ot g -
; ) L€ H —J 1A .EIJ 1 + A LY
Ground-based hyperspectral data, satellite-based . . [o1
. . . Soil organic carbon"""’
multispectral and hyperspectral imaging
Mo T IR R LS 6 RS TR R N
o N FE ] 1 4 g 4 2
Ground-based photography, aerial hyperspectral . : (101
. . . Field crop residue cover
imaging , and satellite data
CNN Eﬁgfﬁ hy‘{%%ﬂAm%LL‘_EﬂL fﬁi/‘\ﬂ“oﬂ
Satellite-based multispectral imaging and synthetic (102
Clay content
aperture radar
B OG MALR R A -+ A P
Satellite-based hyperspectral and aperture radar Soil organic carbon'""’
T AHLRGB El% + A B
UAV RGB imagery Soil residual film content" "
T AHLZ e it 12 RS
Transformer . . . T
UAYV multispectral imagery Soil salinity" "™
SR RV A TR B R R, R
BRZUEREZ ARS8 WS ESCRIRT S8 N I TN S RS S
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content ; potassium content ''*!
U 5y 2
Soil cover classification" """’
CNN+Transformer 2 Rk E R ] ) )
Satellite-based hyperspectral imagery - M7

Soil texture !
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