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Chromophoric dissolved organic matter (CDOM), characterized by unique optical properties, is an
essential indicator for understanding aquatic organic matter dynamics within global carbon cycles. Soil
erosion, a major source of CDOM received by lakes, transports terrestrial organic matter to water bodies,
altering sources, bioavailability and molecular complexity of CDOM significantly. Yet, the spatial patterns
of CDOM in lakes from different soil erosion regions are still unknown. Here, we developed a robust
machine learning framework (RMSEcalibration ¼ 0.87 m-1) to estimate CDOM concentrations in lakes by
integrating over 1300 in situ water samples with Landsat 8 OLI surface reflectance data. We then applied
this model to map the spatial distribution of CDOM across lakes larger than 0.1 km2 in 2020. Our analysis
revealed distinct spatial patterns, with mean CDOM absorption coefficients at 355 nm of 3.73 m-1 in
freeze-thaw erosion regions, 6.31 m-1 in wind erosion regions, and 3.72 m-1 in hydraulic erosion regions,
reflecting significant variations driven by erosion intensity. Two axes of PCA analysis explained over 48%
variations of CDOM for different soil erosion types. Chemical characterization indicated that polycyclic
aromatic predominated in wind and hydraulic erosion regions, whereas freeze-thaw erosion regions
exhibited higher proportions of peptides and unsaturated aliphatic compounds. This study highlights the
crucial connection between terrestrial soil erosion processes and aquatic DOM composition, providing
vital insights for evaluating global carbon cycling and carbon storage within inland ecosystems.
© 2025 The Authors. Published by Elsevier B.V. on behalf of Chinese Society for Environmental Sciences,
Harbin Institute of Technology, Chinese Research Academy of Environmental Sciences. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Climatic changes and social development related to the econ-
omy and environmental protection affect the carbon balance of
aquatic systems [1]. Dissolved organic matter (DOM) in aquatic
environments is mainly derived from terrestrial and aquatic mi-
croorganisms, which provide energy for food webs and absorb ul-
traviolet radiation [2,3]. Chromophoric dissolved organic matter
(CDOM) is an important watercolor parameter for evaluating the
content of aquatic DOM. Allochthonous organic matter from
terrestrial sources is a significant part of aquatic DOM [4,5] and is
generally influenced by regional watershed attributes, such as land
use, soil erosion, and climatic conditions. The transport of organic
carbon from soils to lakes and, ultimately, to oceans plays an
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important role in the terrestrial carbon cycle.
With the rapid development of China, soil erosion has become a

significant problem. Natural and anthropogenic factors, including
precipitation and seasonal water flows, affect soil and water loss.
Different watershed slopes contribute to the terrestrial carbon pool
transformation into aquatic DOM in waterways through varying
flow rates and soil leaching times. As soil erosion is influenced by
precipitation, catchment runoff, land use, and land cover types [6],
the transport of mobile sediment in overland flow often carries
high rates of DOM and nutrients from terrestrial areas to bodies of
water [7,8]. However, few studies have mainly focused on the in-
dividual effects of land use on soil erosion or terrestrial sources of
DOM in watersheds. Special absorption parameter at 254 nm
(SUVA254) is calculated with the CDOM absorbance at 254 nm and
dissolved organic carbon concentration (DOC), which indicates the
aromaticity of CDOM [9,10]. Fourier transform ion cyclotron reso-
nance mass spectrometry (FT-ICR MS) is a powerful technique for
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detecting the molecular structure of DOM that could help explain
the sources of DOM in the biogeochemical processes of aquatic
systems and terrestrial cycles. The soil type, erosion rate, and pre-
cipitation conditions can somewhat affect the CDOM sources [11].
The variations in sources and the composition of DOM in aquatic
systems can be evaluated using the aromaticity index (AI), molec-
ular lability index (MLB), and other molecular parameters to detect
the degradation theory of aquatic DOM. The large-scale area of
China has uneven climate conditions, causing variations in the
types and degrees of soil erosion that affect DOM import into
receivingwaterways. Understanding the spatial variations in CDOM
in different erosion regions is essential to illustrate a more detailed
terrestrial path for DOM transport to various areas. This under-
standing will increase the accuracy of assessing carbon cycle pro-
cesses for carbon neutrality in aquatic and terrestrial ecosystems.

CDOM, one of the threewatercolor parameters, offers significant
advantages when remote sensing techniques are used to explore
spatial distribution. This approach saves substantial manpower,
material, and financial resources compared with traditional in situ
field trips. Although empirical or semi-analytical algorithms for
CDOM have been widely developed for regional lakes [12,13],
general CDOM models for large-scale areas of China remain sparse.
Due to the complex optical properties in different regions, devel-
oping empirical or semi-analytical algorithms for large-scale areas
is challenging. Machine learning algorithms, including eXtreme
gradient boosting (XGBoost) and support vector machine (SVM),
can help establish CDOM algorithms without requiring an optical
type or regional classification [14,15]. XGBoost represents an effi-
cient and scalable instantiation of the gradient boosting framework
[16]. This algorithm constitutes an optimized, distributed gradient
boosting library, and it incorporates the feature sampling approach
used in random forests to compute variable importance and in-
crease model efficiency. We believe that using remote sensing
retrieval of CDOM combined with the Google Earth Engine (GEE)
platform to explore the CDOM distribution across different erosion
regions can elucidate the quantity, quality, and related alteration
processes of DOM imports. This broad perspective will enrich our
understanding of global carbon cycles.

Given the lack of a general CDOM algorithm for large-scale re-
gions in China and the limited studies on the linkage between
CDOM and soil erosion, this study aims to address these gaps
despite many works emphasizing the important role of terrestrial
sources for CDOM. We seek to establish a large-scale machine
learning model for the CDOM absorption coefficient with high ac-
curacy for Chinese lakes in different soil erosion regions and to
evaluate the spatial trends and potential factors influencing CDOM
content concerning soil erosion types and intensity. The objectives
of the study are to (1) develop and validate a uniform and simple
model for CDOM retrieval in lakes across China; (2) map CDOM
parameters in lakes (>0.1 km2) to identify spatial patterns using
Landsat 8 Operational Land Imager (OLI) data across different soil
erosion types and degrees in China; (3) identify the potential fac-
tors contributing to CDOM content in different soil erosion regions;
and (4) discuss the relationships between CDOM content and
terrestrial soil organic matter (SOM) to propose the potential
linkage for terrestrial organic matter transport to receiving
waterways.

2. Methods and materials

2.1. Field trips and laboratory analysis in the study regions

The study area encompasses the entire catchment in China.
Variations in soil and water losses across these catchments are
influenced by differing soil properties resulting from various
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lithology and land use types driven by human activities. The first-
level division of soil erosion in China is categorized into three
types: hydraulic erosion (northeast monsoon area), wind erosion
(northwest arid area), and freezeethaw erosion (Qingzang Plateau).
This classification aligns with the basic division of natural geogra-
phy in China. According to the Soil Erosion Classification and
Grading Standard (SL 190-96), soil erosion is classified into three
degrees (weak, moderate, and severe) across different erosion re-
gions. The degree classification and the corresponding standards
for soil erosion levels are shown in Supplementary Materials
Table S1.

In total, 1337 water samples from 255 lakes distributed across
different soil erosion regions in China were collected from 2015 to
2021. The samples were stored in polyethylene bottles at 4 �C
during field trips. Each sample was filtered on the night of collec-
tion to ensure the dataset's accuracy. The filtered samples were
transported to the laboratory for CDOM parameter analysis within
two days. A global positioning system (GPS) receiver recorded the
sampling locations (Supplementary Material Table S2). The CDOM
absorption coefficient from 200 to 800 nm was measured with an
ultravioletevisible spectrophotometer (Shimadzu UV-2600PC) af-
ter filtering through 0.22-mm polycarbonate membrane filters. The
CDOM absorption coefficient at 355 nm (aCDOM(355)) was used to
represent the CDOM concentration in this study. SUVA254 (CDOM
coefficient at 254 nm divided by DOC) was used to evaluate the
aromaticity of CDOM [9].

2.2. Image Acquisition and model calibration

The in situ datasets in the ice-free period for the CDOM ab-
sorption coefficient (aCDOM(355)) were used to match up the sur-
face reflectance product of the cloud-free Landsat 8 OLI images
with a time window of ±7 days (the effect of cloud contamination
<8%) from the GEE platform. The Landsat 8 OLI images downloaded
on the GEE platform have been widely used for monitoring CDOM
and other water quality parameters for inland waters and have
been proven to perform well [17]. The surface reflectance product
conducted the process of atmospheric correction with the Land
Surface Reflectance Code (LaSRC) software. The band collected by
each image on the GEE platform was divided by 10,000, and the
value was divided by p to obtain the remote sensing reflectance
(Rrs(l)) for constructing the CDOM model. The original lake
boundary datasets were obtained from the HydroLAKES dataset,
and the disturbance of the nearshore region was attenuated by
reducing the area by 3 pixels [18]. The normalized difference water
index (NDWI) was used to extract pixels for the lakes. The mean
reflectance of a 3 � 3 pixel area around the GPS coordinates of the
sampling sites was calculated to establish the models [19]. In total,
1337 samples from 255 lakes were selected to calibrate (n ¼ 928)
and validate (n ¼ 409) the model performance. Four machine
learning algorithms, including SVM, gradient boosting decision tree
(GBDT), XGBoost, and random forest (RF), were used to calibrate
the CDOM absorptionmodels. Comprehensive descriptions of these
models can be found in the Supplementary Materials (S1). The
XGBoost algorithm is an optimized distributed gradient boosting
library based on second-order Taylor series expansion. It in-
corporates the feature sampling method of random forests to
calculate variable importance, thereby increasing model diversity,
reducing overfitting, and improvingmodel efficiency. Therefore, we
chose the XGBoost model as the final calibrated model. The models
were developed using packages in R software. Finally, we used the
optimal model to retrieve the CDOM coefficient in lakes (>0.1 km2)
across China using the Landsat 8 OLI surface reflectance product
embedded on the GEE platform to demonstrate spatial CDOM
variation in different soil erosion regions across China.



Fig. 1. The calibration results for aCDOM(355) (n ¼ 928). a, Support vector machine
(SVM); b, Random forest; c, Gradient boosting decision tree (GBDT); d, eXtreme
Gradient Boosting (XGBoost). The grey circles represent the samples for calibration, the
black line represents the linear fit lines, and the red line represents the 1:1 goodness-
fit-lines.
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2.3. Datasets for natural and anthropogenic factors

Land use data (http://www.globallandcover.com/Chinese/
GLC30Download/index.aspx), climate conditions (precipitation,
temperature, andwind speed) (http://data.cma.cn/), and social data
(http://data.cnki.net/Yearbook) were used to evaluate the factors
contributing to CDOM sources and quantity. These datasets were
assembled with mapped lakes using the third catchment boundary.
The soil carbon density datasets were taken from a previous study
(https://doi.org/10.11922/sciencedb.603). The spatial distribution
data of soil erosion in China are based on the industry standard SL
190-96, “Soil Erosion Classification and Grading Standard” of the
People's Republic of China. According to the soil erosion types and
intensity classification, three degrees (weak, moderate, and severe)
in different soil erosion regions were classified. The degree classi-
fication and the corresponding standards for soil erosion levels are
shown in Supplementary Materials Table S1.

2.4. FT-ICR MS analysis for molecular composition

The lake samples were collected and filtered through a 0.45 mm
Whatman glass fiber filter membrane during the field trips. The
samples were further filtered in the laboratory through a 0.2-mm
pre-cleaned polycarbonate filter membrane and extracted using
solid-phase extraction (Agilent Bond Elut PPL) [20]. The molecular
compounds of DOM were analyzed using a negative ion Apollo II
electrospray ionization with an Ultra FT-ICR mass spectrometer.
Detailed extraction and data processing methods can be found in a
previous study [10]. C, H, O, N, S, and P represent the numbers of
carbon, hydrogen, oxygen, nitrogen, sulfur, and phosphorus atoms
in all the DOM formulas, respectively. A modified AI (calculated by
(1þC�0.5O�S�0.5H)/(C�0.5O�S�N�P)) and MLB (calculated by
dividing the number of formulas with H/C� 1.5 by the total number
of formulas) were calculated [21]. The percentages of the formulas
(CHO, CHNO, CHOS, and CHNOS) were determined. The compounds
were classified into polycyclic aromatics, highly aromatic (HA)
compounds, highly unsaturated (HU) compounds, unsaturated
aliphatic (UA) compounds, saturated compounds, and peptides
[22e24]. Detailed information on the FT-ICR MS analysis is pro-
vided in the Supplementary Materials S3.

2.5. Statistical analysis

The determination coefficient (R2) and root mean square error
(RMSE) were used to assess model performance betweenmeasured
and predicted aCDOM(355) [25]. The difference analysis was carried
out using the SPSS package (version 16.0, Chicago, Illinois, USA),
with a significance level of p < 0.05. The spatial distribution of the
sampling sites and the mapping results were produced using Arc-
GIS 10.1 (Environmental Systems Research Institute, CA). Principal
component analysis (PCA) was conducted using Origin 9.0
(Microcal Software, Inc., MA, USA) based on the CDOM coefficient
and its potential factors in different soil erosion regions.

3. Results

3.1. Model calibration and validation across China

We used 1349 samples collected from field trips and found a
high variation in aCDOM(355) (0.038e15.991 m-1) across China,
matching the Rrs of the Landsat 8 images. Subsequently, we cali-
brated and validated universal models for CDOM absorption
retrieval. Preliminary correlation analyses of aCDOM(355) with all
possible single-band and band combinations of Landsat 8 images
were conducted to select the most sensitive spectral variables
3

(R2 > 0.50) based on 1337 pairs of matched data. Considering the
correlation coefficients, we identified the most sensitive spectral
variables as inputs for estimating aCDOM(355) (green, red, blue, near
infrared (NIR), shortwave infrared 1 (SWIR1), and shortwave
infrared 2 (SWIR2). To develop a remote sensing model of
aCDOM(355) with good performance and universality, the statistical
metrics of four machine learning algorithms, namely SVM, GBDT,
XGBoost, and RF, were computed to calibrate the models for the
aCDOM(355) estimates.

Among these models, RF and SVM exhibited poor performance,
with low determination coefficients (R2 ¼ 0.49e0.62,
RMSE ¼ 1.39e1.96 m-1). The XGBoost model, displaying a good
fitting performance (slope close to 1), outperformed the GBDT
model (R2 ¼ 0.87, slope ¼ 0.73) (Fig. 1). Similar results were
observed for validating the models, with XGBoost demonstrating
good performance (Fig. 2). Moreover, the XGBoost model achieved
the highest accuracy with the lowest RMSE (RMSEXGB,cal ¼ 0.87 m-1,
RMSEXGB,val ¼ 0.94 m-1). Thus, a machine learning model based on
several bands (blue, green, red, NIR, SWIR1, and SWIR2) of Landsat
reflectance provides a reliable estimate of CDOM content, and the
universal remote sensing CDOM model offers a reasonable method
for estimating CDOM in lakes across China.

3.2. CDOM distribution across China

We mapped the spatial characteristics of CDOM for over 20,000
lakes during the 2020 non-freezing period using the calibrated
XGBoost model mentioned in Section 3.1 with cloud-free Landsat 8
images. We generated an averaged CDOM distribution map for
lakes across China with a water area >0.1 km2 on the GEE platform.
Regarding CDOM content, the mean aCDOM(355) of lakes across
China was 3.68 m-1. Among these lakes, 6832 lakes had a CDOM
concentration range of 3e4 m�1, and the other 4530 lakes had a
CDOM range of 2e3 m�1 (Fig. 3). The mean CDOM of the lakes

http://www.globallandcover.com/Chinese/GLC30Download/index.aspx
http://www.globallandcover.com/Chinese/GLC30Download/index.aspx
http://data.cma.cn/
http://data.cnki.net/Yearbook
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Fig. 2. The validation results for aCDOM(355) (n ¼ 409). a, Support vector machine
(SVM); b, Random forest; c, Gradient boosting decision tree (GBDT); d, eXtreme
Gradient Boosting (XGBoost). The grey circles represent the samples for calibration, the
black line represents the linear fit lines, and the red line represents the 1:1 goodness-
fit-lines.

Fig. 4. The comparison of mean aCDOM(355) based on erosion types and intensities. a,
Freezeethaw erosion; b, Wind erosion; c, Hydraulic erosion.
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varied significantly, especially across different soil erosion regions.
Themean aCDOM(355) values for freezeethaw erosion regions, wind
erosion regions, and hydraulic erosion regions were 3.73, 6.31, and
3.72 m-1, respectively. Significant variations were observed among
different erosion regions based on the erosion intensity (p < 0.05).
For the freezeethaw erosion regions, as the erosion intensity
increased, the CDOM absorption significantly increased, while an
inverse relationship was observed for wind erosion and hydraulic
erosion (p < 0.05) (Fig. 4).
3.3. CDOM variation factors based on erosion types

Natural and anthropogenic factors contribute to variations in
CDOM concentration. In this study, the water area of lakes
Fig. 3. The number of lakes based on the range of aCDOM(355) across China.
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increased, while the aCDOM(355) of lakes significantly decreased.
Similar trends were also observed for different types of erosion
(Fig. 5). The mean aCDOM(355) of lakes in the wind erosion region
was consistently the highest among the different water area levels.
Regarding human activities, this study considered that aCDOM(355)
was not only related to the natural attributes of lakes but also
influenced by the intensity of human activity and level of social
development. This is supported by the finding that the aCDOM(355)
of lakes located in the western part of Hu's line was significantly
higher than that of lakes located east of Hu's line for three erosion
regions across China (Fig. 6). The PCA (Fig. 7) showed that
aCDOM(355) for wind erosion was positively correlated with wind
speed. By contrast, aCDOM(355) for the freezeethaw erosion region
was mostly affected by land use. Moreover, the aCDOM(355) in the
hydraulic erosion region was comprehensively influenced by mul-
tiple factors, including natural precipitation/temperature, human
activities (population), and land use types.
3.4. Molecular analysis of CDOM variations by FT-ICR MS

Regarding the molecular formulas of CDOM in lakes across
different erosion regions based on FT-ICR mass spectra, most DOM
samples were dominated by CHO-containing and CHNO-containing
formulas. High relative contents of CHOS- and CHNOS-containing
compounds were observed in CDOM from hydraulic erosion re-
gions and wind erosion regions. HU compounds and UA com-
pounds dominated the DOM composition in the lakes. Polycyclic
aromatic and aromatic compounds were more abundant in DOM
from the wind erosion and hydraulic erosion regions than in the
freezeethaw erosion regions. Conversely, lakes in the freezeethaw
Fig. 5. The trends of chromophoric dissolved organic matter (CDOM) absorption with
water area for soil erosion regions.



Fig. 6. The trends of chromophoric dissolved organic matter (CDOM) absorption with
population for soil erosion regions. a, The comparison of aCDOM(355); b, The compar-
ison of lake numbers.
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erosion regions exhibited relatively high levels of peptide and UA
compounds. The richness of MLB in DOM from lakes in the
freezeethaw erosion regions was significantly higher than in other
areas, while a contrasting trend was observed in AI (Fig. 8).
4. Discussion

4.1. Model uncertainties

Sentinel-2AMSI and Landsat-8 OLI are among the latest satellite
sensors that can be applied for inland watercolor remote sensing.
More empirical algorithms have been applied to Landsat-8 images
to observe CDOM absorption based on band ratio or machine
learning methodologies compared with the CDOM application of
Sentinel-2 for inland waters [26e28]. The Landsat series has many
image products (e.g., TM, ETMþ, and OLI) for a longer period. Using
the Landsat series would be more suitable for longer-term CDOM
inversion. The first step in developing a general inversion algorithm
was to determine the reflectance bands used in the algorithms. The
reflectance bands for blue, green, red, NIR, SWIR1, and SWIR2 were
sensitive to the CDOM coefficients, as mentioned in Section 3. The
strong absorption in the blue region of the CDOM spectrum
contributed to setting the blue region reflectance as the denomi-
nator for machine learning algorithms [29]. Other bands, such as
green and red, have also been used to propose inversion models for
different complex waters [30,31]. In this study, empirical single-
Fig. 7. The PCA analysis for chromophoric dissolved organic matter (CDOM) in
different regions. W: wind; POPU: population; PRE: precipitation; TEM: temperature.
The shrubland, grass, bareland, water, and farmland represent the proportion of land
use types individually. The circles with different colors represent samples in different
erosion regions. The red line represents the loading of each parameter on the principal
component (PC) analysis axis.
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band models or band ratio models of CDOM absorption co-
efficients were applied with poor performance. Thus, four
machine-learning algorithms were explored to retrieve CDOM
concentrations. Compared with analytical and semi-analytical al-
gorithms, empirical inversion methods have the advantages of
simplicity and high efficiency, as they aim to determine straight-
forwardly a function that best reflects the relationships between
CDOM parameters and reflectance information based on in situ
samples [32]. The XGBoost model (R2 ¼ 0.89) outperformed the
empirical models and other machine learning algorithms. Accord-
ing to Prairie [33], with a validation number of 409, t0.05 is 1.96. The
RMSE of XGBoost was 0.94, indicating that the precision of the
predicted CDOM coefficient for a 95% confidence level satisfied the
CDOM estimation to some extent. The comparison between
measured aCDOM(355) and predicted aCDOM(355) showed that the
predicted aCDOM(355) was higher than the measured aCDOM(355) at
the corresponding levels of soil erosion (Fig. 9). Specifically, high
levels of CDOM content could be underestimated to some extent,
even though the training data for calibration had a large-scale
distribution across China to improve the portability of the CDOM
absorption coefficient algorithm. The XGBoost model demon-
strated effectiveness across various CDOM properties, presenting
strengths and weaknesses. Notably, its performance remains
largely unaffected by disturbances arising from aerosol conditions
[15]. Considering the co-variances and a gradient descent on the
residual errors in the XGBoost model improves its ability to
generalize through a regularization design [34].

Previous studies have reported using bands 1e7 of Landsat 8 as
input elements of the algorithms and aCDOM(254) as the output
element to retrieve CDOM [35]. In addition, although reflectance at
longer wavelengths is generally insensitive to CDOM, practical
validation has shown that algorithm performance can be improved
using additional longer wavelengths [17,36]. We tested and
compared the model's accuracy of the blue, green, and red bands to
that of the model using the blue, green, red, NIR, SWIR1, and SWIR2
bands. We found that the model with the SWIR1 and SWIR2 bands
exhibited a more stable performance and that the validation results
also showed good performance with the SWIR1 and SWIR2 bands.
However, SWIR bands with strongly absorbing aerosols could lead
to uncertainties in remote sensing reflectance [37,38], which
should be considered in further studies.

4.2. Natural and anthropogenic contributions from a macro
perspective

Human land use and climatic conditions have significantly
changed CDOM sources in aquatic ecosystems [39]. In the hydraulic
erosion regions, PCA showed that temperature and precipitation
positively influenced soil-derived CDOM concentration and mi-
crobial humiceCDOM in waters. Previous studies have shown that
these effects of agricultural land use can be explained by the
preferential mobilization of topsoil DOM from agricultural water-
sheds [39]. Southern China is the main hydraulic erosion region
with a large population, and human activities significantly affect
DOM import. Other factors, such as agricultural activities and forest
areas, often cause soil erosion, leading to soil particles with DOM
ending up in neighboring streams through high runoff [40]. It has
been widely observed that agricultural soils may experience more
severe erosion than forest soils because of increased exposure to
open-air oxidation and DOM export [41].

In regions affected by wind erosion, DOM concentration signifi-
cantly correlated with wind speed. However, we observed that the
mean wind speeds ranged from 1.3 m s�1 in areas with weak wind
erosion to 0.77 m s�1 in regions experiencing strong wind erosion.
Thus, we noted a decrease in CDOM concentration from areas with



Fig. 8. The molecular distribution of aquatic dissolved organic matter (DOM) in different soil erosion regions. a, The percentage of molecular groups; b, The percentage of molecular
formulas; c, Molecular lability index; d, Aromaticity index. PCAs: polycyclic aromatics; HAs: highly aromatic compounds; HUs: highly unsaturated compounds; UAs: unsaturated
aliphatic compounds; Sat.: saturated compounds.

Fig. 9. The comparison of measured aCDOM(355) and predicted aCDOM(355) in different
regions. a, Freezeethaw erosion; b, Wind erosion; c, Hydraulic erosion.

Y. Shang, K. Song, Z. Wen et al. Environmental Science and Ecotechnology 25 (2025) 100570
weak wind erosion to those with strong wind erosion, suggesting
the efficacy of soil erosion protection measures. In regions affected
by freezeethaw erosion, the presence of grass and shrubland could
influence terrestrial CDOM concentration to some degree. In addi-
tion, the reduction in solar irradiation levels exceeding 7 kWh m�2

day�1 for freezeethaw erosion, less than 5 kWhm�2 day�1 for wind
erosion, and below 3 kWh m�2 day�1 for hydraulic erosion could
impede photochemical degradation and lead to a decrease in
aromaticity and the humic component ratio, as evidenced by SUVA
(Supplementary Material Fig. S1). The SUVA254 of DOM demon-
strated varying trends depending on soil erosion intensity for the
same types, highlighting disparities in human activities and climate
conditions across different erosion regions. In summary, CDOM ap-
pears to be significantly influenced by the interplay between land
use and climatic conditions in various erosion regions [42].

4.3. Effect of soil erosion on CDOM distribution from a molecular
perspective

The effects of human activities, land use, and soil erosion, along
with the runoff effect, accelerate the loss of loose particles on the
surface and cause numerous water quality issues [1]. Soil erosion, in
the form of transported suspended sediment, is often associated
with organic matter and nutrients from terrestrial areas being
carried to bodies of water [7]. In the freezeethaw erosion regions,
the lowest contents of polycyclic aromatics and AI showed that
strong solar radiation in this region triggers strong photochemical
activities, which decrease aromatic compounds through sufficient
photodegradation [43]. Prolonged water residence times in lakes
may enhance the oxidation process of HU compounds. Conversely,
the enhanced frequency and intensity of freezeethaw cycles
6

influence dissolved soil carbon through the burst of cells in soil
microorganisms in terrestrial ecosystems, increasing the trans-
formation of organic matter and nutrients into water bodies via
runoff flows [44]. In the case of wind erosion, the high contents of
polycyclic aromatics and AI can be attributed to the terrigenous
input of DOM in lakes. The high relative content of saturated
compounds in DOM in this region may be due to the heavy
eutrophic state of the lakes [45]. Moreover, wind erosion disturbs
water areas, causing organic matter on both sides of the lake banks
to flush into the water bodies. The fluctuation of water bodies with
wind disturbance brings more terrestrial DOM into lakes, thus
affecting the high aromatic levels for terrestrial organic matter
from a macro perspective and the content of black carbon and
polyphenols at the molecular level [46].

Compared with wind erosion, the highest AI and PACs and the
high levels of HAs in hydraulic erosion in South China indicate the
presence of many aromatic compounds. The highest content of
CHNO-containing compounds suggests that the source of DOM is
the degradation product of vascular plants [26]. In addition, sulfur-
containing compounds indicate that there are sources of organic
sulfur from human activities or pollution [47]. This result coincides
with the highest content of terrestrial-derived organic matter in
the hydraulic erosion region. Terrestrial sources of DOM in soil or
other ground components are transported to waters through pre-
cipitation, surface runoff, and underground runoff. For weak hy-
draulic erosion, increasing precipitation and runoff contribute to
terrestrial sources, while significant soil sediments entering waters
cause sediment resuspension [48,49]. Therefore, modifications in
the DOM compositions in lakes seem to be due to surface soil
erosion and aquatic production [50].
4.4. Implications of CDOM in terrestrial soil organic carbon

The transfer of organic carbon from soils to lakes and rivers
plays a vital role in the overall aquatic and terrestrial ecosystem
carbon cycle [50]. DOM constitutes only a small fraction of SOM
(<0.25%), but its mobile and active characteristics within the soil
contribute to its high bio-availability. Significant relationships be-
tween aquatic CDOM and terrestrial soil organic carbon (SOC)
density were established through meta-analysis and in situ mea-
surements, with an R-value of 0.65 (Fig. 10), indicating that the
enrichment of SOM affects the high concentration of DOM in
aquatic systems. Soil carbon cycling and nutrient cycling are
influenced by the diversity of soil microorganisms and spatially
variable distribution and rainfall intensity [1]. These significant
relationships are crucial for adjusting factors, such as rainfall



Fig. 10. The relationship between terrestrial soil organic carbon (SOC) and aquatic
chromophoric dissolved organic matter (CDOM) The blue circle represents the average
of aCDOM(355) and SOC in each basin. The red line is the linear fit line, and the red
shadow band represents the 95% prediction interval.
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erosion and soil erodibility, to generate soil loss maps and assess
water management levels. The detailed transfer mechanisms from
land to water bodies remain unknown despite the establishment of
general relationships between soil DOM and aquatic DOM. More-
over, the role of soil microorganisms in biogeochemical cycling,
transforming non-available nutrient elements into available forms
and subsequently increasing aquatic nutrient content, warrants
further investigation. Because DOM is integral to the global carbon
cycle, understanding the linkage between aquatic DOM and soil
DOM, including their sources, factors, and dynamics, is essential for
advancing our understanding of global carbon cycles and evalu-
ating carbon storage in inland ecosystems.
5. Conclusion

The remote sensing estimation of CDOM in lakes using Landsat 8
products on the GEE platform offers a new and effective way to
evaluate DOM distribution and sources based on erosion regions on
a national scale. The large number of in situ samples across China
and the strong performance of the XGBoost model
(RMSEXGB,cal ¼ 0.87 m-1) ensure the model's reliability. The mean
aCDOM(355) values for freezeethaw erosion regions, wind erosion
regions, and hydraulic erosion regions vary significantly. From a
molecular perspective, detailed variations in DOM compounds in
diverse erosion regions were demonstrated, showing links to nat-
ural and anthropogenic factors. This study evaluated variations in
CDOM distribution in lakes across China, considering terrestrial
SOM systems as a whole. We found that modifications in the DOM
compositions of lakes were also related to surface soil erosion,
climatic conditions, and human activities. The differences in CDOM
across the three erosion regions demonstrate that considering soil
erosion classification is essential for assessing regional carbon cy-
cles more precisely.
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