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Abstract: Soil is the essential part for agricultural and environmental sciences, and soil salinity and soil water content are both the im-
portant influence factors for sustainable development of agriculture and ecological environment. Digital camera, as one of the most pop-
ular and convenient proximal sensing instruments, has its irreplaceable position for soil properties assessment. In this study, we collec-
ted 52 soil samples and photographs at the same time along the coast in Yancheng City of Jiangsu Province. We carefully analyzed the
relationship  between soil  properties  and image brightness,  and found that  soil  salt  content  had higher  correlation  with  average  image
brightness  value  than  soil  water  content.  From  the  brightness  levels,  the  high  correlation  coefficients  between  soil  salt  content  and
brightness levels concentrated on the high brightness values, and the high correlation coefficients between soil water content and bright-
ness levels focused on the low brightness values. Different significance levels (P) determined different brightness levels related to soil
properties, hence P value setting can be an optional way to select brightness levels as the input variables for modeling soil properties.
Given these information, random forest algorithm was applied to develop soil salt content and soil water content inversion models using
randomly 70% of the dataset,  and the rest  data for  testing models.  The results  showed that  soil  salt  content  model  had high accuracy
(Rv

2 =  0.79, RMSEv =  12 g/kg,  and RPDv =  2.18),  and soil  water  content  inversion model  was barely satisfied (Rv
2 =  0.47, RMSEv =

3.04%, and RPDv = 1.38). This study proposes a method of modeling soil properties with a digital camera. Combining unmanned aerial
vehicle (UAV), it has potential popularization and application value for precise agriculture and land management.
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1　Introduction

Soil  salinization  is  one  of  the  global  problems  for  soil
degradation.  It  not  only  affects  agricultural  sustainable
development, but also causes certain damage to the eco-
logical  environment  (Qadir  et  al.,  2001).  Due  to  the

change of natural environment and the influence of hu-
man activities,  the degree and distribution of soil  salin-
ization have  been  changing  all  the  time.  Therefore,  ac-
curate  monitoring  of  soil  salinization  is  an  important
prerequisite for scientific management and rational util-
ization of saline soil (Metternicht and Zinck, 2003). The
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traditional method of soil salinization monitoring needs
a lot of manpower, material resources and time cost, and
the sampling time and area have certain limits. It is dif-
ficult  to  realize  the  rapid  update  of  soil  salinization
monitoring  (Metternicht  and  Zinck,  2008).  Remote
sensing quantitative  estimation  has  been  widely  con-
sidered as a convenient  and fast  new method (Ivushkin
et  al.,  2019; Yang  and  Guo,  2019; Wang  et  al.,  2020).
However,  remote  sensing  still  has  some  limitations,
such  as  unsuitable  for  small-scale  area,  susceptible  to
weather  condition,  hard  to  use  whenever  and  wherever
possible and so on.

Soil water content is an important parameter for influ-
encing the exchange of energy and mass between atmo-
sphere and land surface, irrigation management and eco-
system  function  (Barrett  et  al.,  2009; Wang  and  Qu,
2009; Wulf et al., 2014). Traditional approaches for soil
water measurement  are  generally  time  consuming,  la-
borious, destructive  and  only  provide  point  data.  Re-
mote  sensing  technology  provides  a  convenient  way  to
estimate soil water content and map its spatial distribu-
tion  for  continuous  temporal  coverage  at  regional  and
global  scales  (Wang  and  Qu,  2009; Yashchenko  and
Bobrov,  2016).  Although,  soil  water  content  is  widely
studied with  remote  sensing  data  from  optical  to  mi-
crowave  domains  at  various  spatial  scales  (Su  et  al.,
2016; Yue  et  al.,  2019),  remote  sensing  data  still  have
some drawbacks  as  mentioned  above.  Therefore,  prox-
imal soil sensing is a convenient and effective measure-
ment  to  monitor  soil  properties  for  fine  scale  and  real-
time monitoring (Adamchuk et al., 2015; Viscarra Ros-
sel et al., 2010).

Proximal  soil  sensing,  a  nondestructive  and  field-
scale  technique,  could  fill  the  gap  between  traditional
measurement  and  remote  sensing  methods  (Adamchuk
and Rossel, 2011). Many instruments, including ground-
penetrating  radar  (GPR),  electromagnetic  induction
(EMI),  portable X-ray fluorescence  (P-XRF),  time  do-
main reflectometry (TDR), optical reflectance (UV/Vis/
NIR/MIR),  and  gamma-ray  spectroscopy,  are  effective
and convenient  for  estimating  soil  properties  in  com-
plex field  conditions,  but  they  are  mostly  used  in  sci-
entific  researches  for  their  expensive  cost  and complex
operation (Adamchuk et  al.,  2015; Viscarra  Rossel  and
Bouma,  2016).  Comparatively,  digital  camera  is  easily
accepted  as  a  soil  monitoring  tool  for  its  popularity  in
our daily life. Digital cameras have successfully been at-

tempted  to  study  soil  parameters,  such  as  soil  organic
carbon (Wu et al., 2018; Fu et al., 2019), soil iron con-
tent  (Viscarra  Rossel  et  al.,  2008),  soil  structure  (Puz-
achenko et al., 2004), soil water content (Persson, 2005;
Zanetti  et al.,  2015), and soil salinity (Ren et al.,  2016;
Xu et al., 2020). However, most studies were conducted
in the laboratory or under limited field conditions, which
largely  impeded  the  practical  application  for  complex
field conditions. In addition, Farifteh (2011) pointed out
that soil  water content and soil  salinity interfering each
other on  soil  spectra  made  it  difficult  to  accurately  es-
timate  themselves  with  soil  spectra.  Digital  images  are
made up of three colors, which can be derived from soil
spectra  (Islam  et  al.,  2004).  Hence  soil  water  content
and soil salinity could also impact each other on the di-
gital  images,  and  lead  to  the  difficulty  in  determining
soil  properties  with  soil  images.  Nowadays  it  is  still  a
challenging scientific research problem to overcome.

Digital  images  reflect  comprehensive  information  of
soil  surface,  and  we  assume  that  image  brightness  is
mainly affected by the most important influence factors,
soil salinity and soil water content. In the present study,
we conduct the experiment in actual field conditions, in-
cluding soil sampling and soil photography, and take ad-
vantages of random forest algorithm to explore the rela-
tionship  within  soil  properties  and  digital  images.  The
objective is to build models for precisely estimating soil
salinity and  soil  water  content  in  complex  field  condi-
tion  using  soil  digital  images.  This  study  has  potential
application value for precision agriculture and the meth-
od can be applied to predict other soil properties. 

2　Materials and Methods
 

2.1　Study area
The study area is located in the coast area of Yancheng
City of Jiangsu Province (120.52°N–120.86°N, 33.03°E–
33.5°E).  This  area  experiences  the  subtropical  ocean
monsoon climate, influenced by continental and marine
climates.  The  annual  precipitation  is  about  900–1000
mm, and the annual temperature is about 13.7°C–14.8°C
(Fang  et  al.,  2015).  Seawater  infiltration  leads  to
groundwater  with  higher  mineralization,  and  improper
utilization  of  human  activities  makes  shallow  saline
groundwater rise to the surface, resulting in the increas-
ing  soil  salinization.  Salinization  degrades  soil  quality
and  makes  it  difficult  to  use,  so  the  coastal  land  is
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mainly  aquaculture  land  and  reclamation  area  (Werner
et al., 2013). Fig. 1 showed the study area and sampling
sites. 

2.2　Field survey
We conducted  a  field  survey  for  three  days  on  August
2018,  and  the  weather  at  that  time  were  mostly  sunny
and  a  little  windy.  We  drove  along  the  coastline  and
chose the bare soil surface with different states for pho-
tographing and sampling. To increase the complexity of
digital  image  data  for  developing  robust  models,  we
photographed  and  sampled  a  total  of  52  sites  all  day
long at the sunny and cloudy weather conditions (Fig. 2).

In this  field  survey,  Cannon EOS 760D digital  cam-
era with a resolution of 6000 × 4000 pixels was used to
take photos. The shooting process is as follows. Firstly,
we chose a piece of bare land without the interference of
vegetation and other sundry objects. Secondly, height of
the  camera  from  the  ground  was  adjusted  to  keep  the
bare land area covering the whole field  of  view (FOV)
of  the  camera.  Finally,  digital  images  were  captured  at
automatic  mode  with  the  lens  perpendicular  to  the
ground. Automatic  mode would prevent  incorrect  cam-
era  focusing  and  exposure  time,  and  help  to  obtain

stable photo  quality  under  various  ambient  light  back-
ground in the field (Aitkenhead et al., 2016). Digital im-
ages were saved in JPG format. After obtaining soil im-
ages,  we collected the top soil  (about  0–5 cm) and im-
mediately  put  the  soil  into  a  plastic  bag.  The  sampled
soils  were kept sealed and stored in a dry box until  we
measured their wet weight in the same day. At the same
time the location of sampling points was recorded. 

2.3　Laboratory analysis
After  carrying  the  soil  samples  into  the  laboratory,  we
put them in the oven at 105°C for 24 h to obtain the dry
weight.  Soil  water  content  is  obtained  via  soil  dry
weight  and  wet  weight  (Jackson,  2005). Soil  salt  con-
tent  (SSC)  was  measured  via  dry  evaporation  methods
(Rhoades  and  Ingvalson,  1971). To  solve  the  edge  de-
formation problem of digital images, we cut off the 20%
of the image edges, and only consider the central part of
the soil  images.  Digital  images in JPG format could be
divided  into  three  color  components  (RGB)  and  also
could be converted to grayscale (Gr). The value range of
four color components (R, G, B, Gr) is  0–255. Table 1
gives  the  summary  statistics  of  soil  color  components
and soil properties. 

2.4　Correlation analysis
After we got the soil properties and soil color compon-
ent  information.  We  calculated  the  mean  of  soil  image
brightness for  each  sample,  and  analyzed  the  correla-
tion  coefficient  between  soil  properties  and  average
brightness. Besides,  we  further  analyzed  the  relation-
ship between soil properties and each brightness level of
four  color  components.  The  correlation  coefficient  can
be calculated as follow (Wang et al., 2019).
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Fig. 1    Location of study area and sampling points in Yancheng
City of Jiangsu Province, China
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Fig. 2    Sampling time for each sampling point in the coast area
of Yancheng City of Jiangsu Province, China in 2018
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r =

∑
(x− x) (y− y)√∑

(x− x)2
∑

(y− y)2
(1)

x y
where, r means correlation coefficient, x and y are  two
variables,  and  are the average value of x and y. 

2.5　Modeling and validation
Each image has at most 256 brightness levels, and each
brightness level has a lot of pixels. We counted the pixel
number at each brightness level and calculated their pro-
portion to all  pixels  in  an image.  For  each soil  sample,
we  get  soil  properties  and  the  pixel  proportion  of  256
brightness values. However, not all the brightness levels
are helpful  to model  soil  properties,  so we need to dis-
tinguish useful ones from all the brightness levels.

We analyzed the relationship between soil  properties
and pixel proportion of all brightness values, and found
the significantly correlated brightness values. The signi-
ficance  level  (P)  can  be  set  at P <  0.05, P <  0.01  and
P < 0.001. For different significance levels, there will be
different correlated  brightness  levels  chosen  as  the  in-
put  variables.  To  test  the  accuracy  of  models,  we  split
randomly 70% of dataset as the training data, the rest as
the  testing  data.  After  standardizing  the  training  data,
we applied the random forest algorithm to build the pre-
diction models.

Random  forest  algorithm  is  an  ensemble  learning
method that  generates  many trees (Breiman,  2001).  All
the trees are trained with the training data by the meth-
od  of  bootstrap  sampling,  and  the  accuracy  is  verified
by  out-of-  bag  samples.  The  algorithm  has  two  main
parameters, namely number of decision trees (ntree) and
node  number  (mtry).  In  this  study,  the  two  parameters
are set  to  the default  values.  We applied 10-fold cross-
validation  method  to  verify  the  accuracy  and  repeated
10 times to calculated the average value as the final pre-

diction.  Then  we  tested  the  validation  of  models  with
the  testing  data,  and  repeated  100  times  to  identify  the
optimal models.

In  addition,  the  determining  coefficient  (R2),  root
mean square error (RMSE) and the ratio of performance
to  deviation  (RPD) are  employed  to  evaluate  the  per-
formance of  models with both training data and testing
data (Xu et al., 2020).

R2 = 1−

n∑
i=1

(Pi−Oi)2

n∑
i=1

(Pi−O)
2

(2)

RMSE =

√√
1
n

n∑
i=1

(Pi−Oi)2 (3)

RPD =

√√√√√√√ n∑
i=1

(Oi−O)
2

n×RMSE
(4)

O
where O means  the  observed  data, P means  the  predi-
cted data,  means the mean of observed data, i means
the order of each data, n means the number of all data.

Generally,  models  with  a  higher R2 and  a  lower
RMSE have  better  predictive  power.  Models  with
RPD >  2  have  good  predictability.  Models  with  2  >
RPD >  1.4  have  comparatively  general  predictability,
and models with RPD < 1.4 have less reliable predictab-
ility (Chang et al., 2001). 

3　Results
 

3.1　 The  relationship  between  soil  properties  and
soil brightness
Soil salt content was significantly relative with the aver-

 
Table 1    Summary of soil color components and soil properties (n = 52)
 

Soil property Min. Median Mean Max. SD CV

R 59.72 224.12 206.6 250.12 45.18 0.22

G 54.99 210.68 193.74 244.07 44.56 0.23

B 49.03 193.56 178.94 234.35 44.5 0.25

Gr 54.98 210.02 193.09 242.85 44.55 0.23

SSC 0.80 78.87 68.21 131.26 34.62 0.51

SWC 4.06 18.33 18.57 43.88 7.69 0.41
Notes: SD, standard deviation; CV, coefficient of variation; SWC / %, unit of soil water content; SSC / (g/kg), unit of soil salt content, R, G, B and Gr mean red,
green, blue, and gray. Hereinafter inclusive
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age image brightness values, and soil water content was
insignificantly relative with them (Fig. 3). Also the rela-
tionship between soil salt content and soil water content
was relatively weak (r = 0.29) but reached a significant
level  (P <  0.05).  The  relationship  among  the  average
brightness  values  of  four  color  components  was  highly
relative with each other. 

3.2　 The  relationship  between  soil  properties  and
each brightness level
For soil salt content, it has highly significant correlation
with four color components for many brightness levels,
and  the  best  correlation  coefficient  reached  negatively
0.56 at 150 brightness value (P < 0.001) and positively
0.53  at  221  brightness  value  (P <  0.001).  Particularly
worth mentioning is that there are generally two bright-
ness ranges closely related with soil salt content, negat-
ive  correlation  at  about  110–160 and  positive  correla-
tion at about 220–250 brightness range (Fig. 4a).

Different from the average brightness value, soil wa-
ter  content  has  significantly  relationship  with  some

brightness levels for each color component. For the best
positive correlations,  soil  water  content  was  highly  re-
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lated to R, G, B and Gr color components at the bright-
ness value 24 (r = 0.468, P < 0.001), 22 (r = 0.476, P <
0.001), 15 (r = 0.463, P < 0.001), and 24 (r = 0.479, P <
0.001) respectively.  As  for  the  best  negative  correla-
tions, soil water content was closely correlative with R,
G,  B  and  Gr  color  components  at  the  brightness  value
161 (r = –0.303, P = 0.029), 150 (r = –0.302, P = 0.03),
127 (r = –0.293, P = 0.035),  and 157 (r = –0.304, P =
0.028)  respectively.  By  contrast,  the  best  correlations
were mainly concentrated at the 10–30 brightness range
(Fig. 4b).

Many  brightness  levels  at  about  80–250 were  signi-
ficantly relative with soil salt content, while only a few
brightness levels at about 0–40 were significantly relat-
ive with soil water content (Figs. 4c and 4d). 

3.3　Modeling process
Based  on  the  above  results,  we  knew  that  there  were
many useless brightness levels less relevant to soil prop-
erties. Brightness  levels  selection  was  hence  a  neces-
sary step to confirm the relevant variables for modeling.
As mentioned earlier, significance analysis provided the
correlative brightness levels for four color components,
so we determined the relevant variables with P value. In
this  study,  we  tried  three P values  (0.05,  0.01,  and
0.001),  and  calculated  the  number  of  brightness  levels
for four color components at each P value (Table 2). For
each P value and color  component,  one set  of  data,  in-
cluding soil  properties and image brightness data,  were
generated  for  modeling  and  validation.  Due  to  three P
values  and  four  color  components,  there  would  be
twelve  (3  ×  4  =  12)  datasets  for  modeling  each  soil
property.

All four  color  components  had  enough ability  to  de-

velop predictable models for soil salt content estimation,
and the  best  one  was  confirmed  with  blue  color  com-
ponent and at P = 0.05 level. While for soil water con-
tent  estimation,  all  four  color  components  could  build
moderately  predictable  models  with  training  data,  but
they  were  difficult  to  satisfy  the  testing  data.  Under
compares,  we chose the optimal  model  with gray color
component and at P = 0.01 level for evaluating soil wa-
ter content (Table 3).

Soil salt content inversion model had a higher accur-
acy with a R2 of 0.79, a RMSE of 12 g/kg, and a RPD of
2.18 for testing data,  and the soil  water  content  predic-
tion  model  had  a  comparatively  lower  accuracy  with  a
R2 of  0.47,  a RMSE of  3.04  %,  and  a RPD of  1.38  for
testing data (Fig. 5). 

4　Discussion
 

4.1　Effects of soil properties on soil photographs
As  far  as  we  know,  soil  salt  rises  to  the  land  surface
with  soil  water  evaporation,  and  enhances  the  surface
soil  reflection,  which  can  be  reflected  in  the  increased
brightness of the photograph (Xu et al., 2019; Xu et al.,
2020).  Soil  water  content  will  lower  the  soil  surface
brightness and  should  be  negatively  related  to  the  im-
age  brightness  value  (Persson,  2005; Zhu  et  al.,  2011).
In this study, soil  salt  content has significantly positive
correlation with  the average brightness  values,  and soil
water content  has  the  insignificantly  positive  correla-
tion  with  them.  Different  from  previous  studies,  the
main composition of the costal soil salt is sodium chlor-
ide (NaCl), and the salt type will form a thin and smooth
crystal film on the soil surface during the natural evap-
oration process (Xu et al., 2020). This crystal structure,

 
Table 2    Related brightness levels for four color components at three significant levels
 

Soil property P
Brightness levels

R G B Gr

SSC * 131 137 151 136
** 116 119 129 118

*** 75 76 85 69

SWC * 83 64 54 66
** 36 34 27 34

*** 25 27 14 26

Notes: R, G, B and Gr mean red, green, blue and gray. SSC and SWC represent soil salt content and soil water content. * means P < 0.05, ** means P < 0.01, ***

means P < 0.001
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further,  seals  the  soil  surface  and  prevents  soil  water
evaporation  (Xu  et  al.,  2021b).  Therefore,  soil  salt  and
soil water coexist in coastal area, which is different from

other inland salt types (Ren et al., 2016; Xu et al., 2019).
Increasing  soil  salt  content  brightens  the  soil  surface,
and increasing soil water content darkens the soil surface.

 
Table 3    Summary of models with each color component at each P value
 

Soil property Color component P R2
m RMSEm / (g/kg) RPDm R2

v RMSEv / (g/kg) RPDv

SSC R * 0.83 12.20 2.42 0.69 14.77 1.81
** 0.79 12.45 2.18 0.60 17.26 1.58

*** 0.67 14.02 1.75 0.25 20.99 1.16

G * 0.65 14.09 1.69 0.66 15.18 1.71
** 0.69 13.95 1.81 0.54 17.22 1.47

*** 0.60 14.34 1.59 0.48 17.85 1.38

B * 0.88 10.64 2.84 0.79 12.00 2.18
** 0.76 13.86 2.05 0.68 12.55 1.76

*** 0.72 14.44 1.91 0.45 18.65 1.35

Gr * 0.74 14.10 1.97 0.68 15.32 1.77
** 0.68 14.74 1.78 0.58 15.46 1.53

*** 0.67 15.15 1.75 0.58 16.48 1.54

SWC R * 0.56 3.68 1.51 0.26 4.43 1.16
** 0.60 3.44 1.59 0.10 4.15 1.05

*** 0.57 3.54 1.52 –0.07 3.79 0.96

G * 0.38 3.53 1.27 –0.68 8.90 0.77
** 0.62 3.64 1.62 –0.05 4.11 0.98

*** 0.57 3.76 1.53 0.30 2.44 1.20

B * 0.09 4.41 1.05 0.05 3.81 1.03
** 0.26 4.40 1.17 0.13 2.93 1.07

*** –0.05 4.58 0.98 –0.35 3.94 0.86

Gr * 0.57 3.70 1.52 –0.16 4.02 0.93
** 0.61 3.60 1.60 0.47 3.04 1.38

*** 0.57 3.67 1.52 0.03 2.79 1.01

Notes: Subscript letter m and v represent the results of modeling and validation. The bold line is the optimal model for estimating SSC and SWC. R, G, B and Gr
mean red, green, blue and gray. SSC and SWC represent soil salt content and soil water content. * means P < 0.05, ** means P < 0.01, *** means P < 0.001
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Though  soil  salt  content  has  significantly  positive
correlation  with  the  average  brightness  value,  there  are
also many brightness levels negatively related with soil
salt  content  (Xu et  al.,  2020). To explain this,  we plot-
ted the proportion of each brightness level for each col-
or component in total digital images and showed in Fig. 6.
It  indicated  that  most  pixels  had  comparatively  high
brightness  values,  and  only  a  few  pixels  had  small
brightness values.  Hence,  the correlation coefficients at
the high brightness range possess the large weight. Back
to  look  at  the Fig.  4,  the  positive  relationship  between
soil salt  content and brightness levels is mainly distrib-
uted at the high-brightness range (about 180–255). This
brightness  range  happens  to  be  the  brightness  region
with  the  largest  pixel  proportions.  Consequently,  the
high positive correlation coefficients  with the most  im-
age  pixels  make  the  soil  salt  content  be  significantly
positive with average brightness value. As to soil water
content,  there  are  three  brightness  ranges  having  the
positive correlation and one brightness range having the
negative  correlation.  In  terms  of  pixel  proportion,  only
one  positive  correlation  at  the  high-brightness  range
(about  200–255)  and  one  negative  correlation  at  the
middle-brightness  range  (about  130–200)  matter.  The
positive  correlation  coefficients  are  smaller  than  the
negative  correlation  coefficients,  but  the  positive  ones
have more  pixels  than  the  negative  ones.  The  compre-
hensive result makes soil water content appear to posit-
ively  weak  correlation  with  average  brightness  value.
Soil  salt  content  relates  significantly  to  many  more
brightness levels  than  soil  water  content  does,  espe-

cially at the high-brightness range where the most pixels
concentrated. These phenomena imply that soil salt con-
tent  can  be  estimated  more  accurately  than  soil  water
content. 

4.2　Effects of variable selection on models
Variable selection is commonly used for building mod-
els with  a  great  many of  variables,  especially  for  spec-
tral models (Rossel and Behrens, 2010; Shi et al., 2014;
Vohland et  al.,  2014; Xu et  al.,  2016; Xu et  al.,  2020).
We  dissect  every  pixel  in  the  image,  and  consider  that
the brightness  value  of  each  pixel  in  an  image  can  re-
flect  the soil  properties.  Hence all  the brightness  levels
should be the potential variables for modeling soil prop-
erties.  However,  not  all  of  them are  very  relevant  with
soil  properties,  so  variable  selection  is  necessary  to
screen  out  the  useful  variables  for  developing  accurate
models. P value, an important index for significance, is
able to mark the correlative brightness levels and there-
fore  can be an efficient  path to  select  useful  brightness
levels. Setting different P values will identify the differ-
ent  brightness  levels  chosen  as  the  input  variables  of
models.  The  number  of  variables  at P < 0.05  signific-
ance  level  is  surely  more  than  the  variable  number  at
P < 0.01 and P < 0.001 levels, but the variables with the
best  correlation  concentrated  at P <  0.001  level.  From
the Table 2, we can see that many brightness levels are
involved even at P < 0.001 level, so it is difficult to say
which one  works  best.  Through the  modeling  and  test-
ing of random forest models, we determine that soil salt
content can be well  estimated with blue color  compon-
ent and the brightness levels identified at P < 0.05 level,
and soil water content can be estimated barely satisfact-
ory with gray color component and the brightness levels
selected at P < 0.01 level. 

4.3　Potential applications
Digital camera as a scientific tool had received much at-
tention  in  soil  prediction  for  a  long  time  (Adamsen  et
al., 1999; Persson, 2005; d’Oleire-Oltmanns et al., 2012;
Moonrungsee  et  al.,  2015; Xu et  al.,  2021a).  However,
most of them conducted in the laboratory,  and few had
practical application. Our study is completely carried on
in the field, the data and image process are conducive to
build soil properties inversion models for in-situ condi-
tions. This study focused on the sample points, and had
certain  meanings  for  precise  field  management.  With
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the  rapid  development  of  unmanned  aerial  vehicles
(UAV), unmanned aerial systems (UAS) for monitoring
soil  conditions  is  easy  to  build,  and  has  great  practical
value  and  bright  prospects  on  large  scales.  Ongoing
work  will  focus  on  the  practical  application  with  the
combination  of  digital  camera  and  UAV.  Additionally,
the three color components (RGB) extracted from digit-
al images are commonly consistent with the channels of
many satellite sensors (Cantrell et al., 2010). This indic-
ates that digital images may have some relation with re-
mote  sensing  data  and  further  have  great  potential  for
large-scale application. 

5　Conclusions

Digital image is a comprehensive reflection of soil sur-
face  condition.  Soil  salt  content  and  soil  water  content
influence  comprehensively  the  surface  soil  brightness,
which will  reflect on the digital images. In light of this
phenomenon,  we  believe  that  soil  salt  content  and  soil
water  content  can  be  modeled  with  image  brightness.
We dissected each brightness levels and discovered the
relationship between soil properties and soil brightness,
and develop the inversion models with random forest al-
gorithm.  Our  findings  indicated  that  soil  salt  content
was better estimated by digital images (Rv

2 = 0.79, RM-
SEv = 12 g/kg, and RPDv = 2.18), and soil water content
inversion  model  was  barely  satisfied  (Rv

2 =  0.47, RM-
SEv = 3.04 %, and RPDv = 1.38). This work provides an
effective approach to assess soil properties using digital
camera images, and we can further explore the relation-
ship  between  soil  properties  and  digital  images,  which
helps  to  promote the development  precision agriculture
and land management in coastal area.
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