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A B S T R A C T

Floodplain wetlands in the China side of the Amur River Basin (CARB) undergone consistent decreases because
of both natural and anthropogenic drivers. Monitoring floodplain wetlands dynamics and conversions over long-
time periods is thus fundamental to sustainable management and protection. Due to complexity and hetero-
geneity of floodplain environments, however, it is difficult to map wetlands accurately over a large area as the
CARB. To address this issue, we developed a novel and robust classification approach integrating image com-
positing algorithm, objected-based image analysis, and hierarchical random forest classification, named COHRF,
to delineate floodplain wetlands and surrounding land covers. Based on the COHRF classification approach,
4622 Landsat images were applied to produce a 30-m resolution dataset characterizing dynamics and conver-
sions of floodplain wetlands in the CARB during 1990–2018. Results show that (1) all floodplain land cover maps
in 1990, 2000, 2010, and 2018 had high mapping accuracies (ranging from 90 %±0.001–97%±0.005),
suggesting that COHRF is a robust classification approach; (2) CARB experienced an approximately 25 % net loss
of floodplain wetlands with an area declined from 8867 km2 to 6630 km2 during 1990–2018; (3) the lost
floodplain wetlands were mostly converted into croplands, while, there were 111 km2 and 256 km2 of wetlands
rehabilitated from croplands during periods of 2000–2010 and 2010–2018, respectively. To our knowledge, this
study is the first attempt that focus on delineating floodplain wetlands at a large-scale and produce the first 30-m
spatial resolution dataset demonstrating long-term dynamics of floodplain wetlands in the CARB. The COHRF
classification approach could be used to classify other ecosystems readily and robustly. The resultant dataset will
contribute to sustainable use and conservation of wetlands in the Amur River Basin and provide essential in-
formation for related researches.

1. Introduction

Wetlands cover about 6 % of the terrestrial surface and afford
multiple ecosystem services, such as flood storage, climate regulation,
and habitat provision (Liu et al., 2013; Mao et al., 2018a). As one of the
most important and fragile ecosystems, global wetlands have been lost
as much as 87 % of their original area in 1700 (Davidson, 2014; Hu
et al., 2017). Nowadays, due to enhanced human activities and climate
change, wetlands are still declining worldwide, especially in Asia and
many mid- and high- latitude regions (Asselen et al., 2013; Avis et al.,
2011; Zhang et al., 2017). Floodplains are relatively low and

periodically inundated areas adjacent to rivers, lakes, and oceans where
are rich in wetlands due to good hydrological conditions (Craft and
Casey, 2000; Kingsford, 2000). However, floodplain is among the most
dynamic regions worldwide (Venterink et al., 2006). Besides the con-
tinuous changing water surface impacted by climate change, flood-
plains have been converted for intensive agricultural exploitation
(Naiman and Decamps, 1997). Hence, tracking floodplain wetland
changes is of critical significance for wetland researches that is bene-
ficial to wetland management and policy- and decision-making pro-
cesses.

The Amur River Basin, which spans Russia, China, and Mongolia, is
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one of the largest ten river basins in the world (Sokolova et al., 2019).
The floodplains in the Amur River Basin create a corridor of wetlands,
without which millions of migratory waterfowls could not reach their
breeding grounds on the tundra at the Arctic shores (Simonov and
Dahmer, 2008). However, over 93 % of the human population in the
Amur River Basin resides in Northeast China. Human settlement and
agricultural development in the China side of the Amur River Basin
(CARB) have severely affected natural wetlands since the early 1950s
(Wang et al., 2011; Zou et al., 2018). Previous studies indicated that
more than half of the natural wetlands in the CARB have been con-
verted into agriculture and other anthropogenic land covers (Simonov
and Dahmer, 2008). In 1994, the governments of Russia, Mongolia, and
China agreed to protect floodplain wetlands in the basin (Simonov and
Dahmer, 2008). In the end of 2015, 30 %, 14 %, and 12 % of wetlands
in the China side, Mongolia side, and Russia side of the Amur River
basin were located in the protected areas (Egidarev et al., 2016).
However, establishment of protected areas could not automatically
ensure sufficient protection. A long-term holistic view of floodplain
wetlands in the CARB is fundamental to support wetland conservation
actions. Yet, all existed datasets do not focus on floodplain wetlands
and information about their dynamics.

Remote sensing has long been used to monitor wetlands, which is
accurate and cost-effective (Jia et al., 2019; Mao et al., 2020). Among
various remote sensing data, Landsat images providing large-scale
historical and current status of natural resources have been widely
employed for examining long-term wetland dynamics (Ji et al., 2015;
Jia et al., 2018). For several decades, numerous classification methods
were applied to monitor wetland changes ranging from manual to au-
tomatic interpretations, and from pixel- to object-based analysis (Ji
et al., 2018; Liu et al., 2018; Zhang et al., 2018). However, due to the
complexity of wetland landscape, efficiencies and accuracies of these
studies varied. Traditionally, pixel-based classification was used to map
wetlands, while this method generates serious “salt-and-pepper” effects.
In contrast, the object-based image analysis (OBIA), which segments
image into homogeneous objects and reduces the spectral variation of
“within-class”, has been successfully used in several wetland mapping
tasks (Hossain and Chen, 2019; Liu et al., 2017). For example, Mao
et al. (2020) used OBIA and decision tree algorithm to produce a na-
tional wetland map of China and achieved an overall accuracy over 95
%. Although the study has an extremely high accuracy, the classifica-
tion relied on manually intervened thresholds and post-processing.
Moreover, due to the complexity in geographical heterogeneity, uni-
versal thresholds could bring many uncertainties in broad scale appli-
cations (Zhao et al., 2020).

Machine learning algorithms (MLAs), which do not rely on statis-
tical assumptions about data distribution (Cooner et al., 2016; Maxwell
et al., 2018), could address the uncertainties brought by empirical de-
cision tree method. Among various forms of MLAs, the random forest
(RF) classifier has been widely adopted due to its robust and accurate
performance (Belgiu and Drăguţ, 2016; Gibson et al., 2020; Gislason
et al., 2006). Recently, the RF classifier has also been used to classify
wetlands (Murray et al., 2019). Whereas, most of previous RF-based
wetland classifications were pixel-based analysis. Yet, few studies fo-
cused on coupling OBIA with RF classifier (Belgiu and Drăguţ, 2016).

To apply a consistent classification method over a large area, it is
necessary to use spatially and temporally homogeneous images.
However, due to the cloud coverage, data gap and limited data avail-
ability (acquisition policies or archive consolidation issues), such
images are difficult to obtain (Wulder and Coops, 2014). In particular,
due to the spatio-temporal heterogeneity of water coverages in wetland
regions, landscapes and spectral features have extremely high intra-
class variabilities (Mao et al., 2018b). Thus, to delineate land covers in
wetland regions, direct application of the classification algorithms is
insufficient, especially on a broad scale.

Image compositing algorithm, a promising tool to overcome above-
mentioned limitations, could normalize all pixels to a homogeneous

situation. Composites built based on different rules could be specifically
suitable to distinguish different land covers (Bleyhl et al., 2017). For
example, standard deviation composite, which represents information
on the variability of spectral properties during a defined time period, is
well-suited for delineating land cover types with clear phenology
(Baumann et al., 2012; Griffiths et al., 2013). However, limited studies
used image compositing algorithms during classification of wetlands.
Therefore, researches that explore the usability of composites in map-
ping wetland areas are needed.

To address the aforementioned issues, the objectives of this study
are to: (1) propose a novel and robust classification approach by in-
tegrating image compositing algorithms, OBIA, and RF classifier; (2)
apply the proposed approach to map floodplain wetlands and sur-
rounding land covers in the CARB at a decadal interval from 1990 to
2018; and (3) analyze wetland dynamics and conversions during
1990–2018. The results generated in this study will be beneficial to
protection and management of the floodplain wetlands in the Amur
River basin and the world.

2. Materials and methods

2.1. Study area

The Amur River Basin, which ranks the tenth largest watershed
globally, has an area of over two million square kilometers (Simonov
and Dahmer, 2008; Sokolova et al., 2019). China side of the Amur River
Basin (CARB), locating in Northeast China (41°45′N to 53°33′N,
115°13′E to 135°05′E), includes almost the whole territory of the Hei-
longjiang and parts of the Jilin and Inner Mongolia provinces (Fig. 1).
Total area of the CARB is 890,308 km2. The Greater Khingan, Changbai
and Lesser Khingan Mountains are located in the western, eastern, and
northern side, respectively. The Songnen Plain is situated in the in-
terior, while the Sanjiang Plain is located in the northeastern. Major
tributaries of the Amur River in China side are the Ussuri and Songhua
rivers (Jia et al., 2015). The summers here are short, warm, and moist,
with an air temperature ranges of 16–18 °C in July. The winters are long
(November to March), arid, and cold. January is the coldest month with
an air temperature range from −31 to −15 °C. Nearly two thirds of
precipitation in the basin falls from June to August.

2.2. Landsat imagery and reference datasets

In this study, Landsat series images were used to track long-term
wetland changes. A complete coverage of the CARB was achieved by 78
tiles of Landsat paths/rows. To avoid influences of snow and ice, we
selected low cloud cover (less than 20 %) Landsat images captured
between May 1 st and October 31 st from the Google Earth Engine
(GEE) cloud computing platform. In order to achieve more observa-
tions, images acquired in years around 1990, 2000, 2010, and 2018
were also selected. At last, a total of 4622 Landsat surface reflectance
images from the Thematic Mapper (TM), Enhanced Thematic Mapper
Plus (ETM+), and Operational Land Imager (OLI) sensors, were ob-
tained to establish image collections for the year of 1990, 2000, 2010
and 2018, respectively.

To build high quality image collections, firstly, cloud pixels were
masked out based on the “simpleCloudScore” algorithm provided by
the GEE. The “simpleCloudScore” computes a simple cloud-likelihood
score in the range of 0–100, using a combination of brightness, tem-
perature, and normalized difference snow index (Wang et al., 2018). In
this study, pixels with cloud score larger than 10 were deemed as cloud
pixels and removed from the image. The remaining pixels were called
good-quality observations, and the number of good-quality observation
in each location of an individual pixel was called good observation
number (GO). Secondly, in order to facilitate the analysis of reflectance
characteristics, the widely used normalized difference vegetation index
(NDVI, normalized difference between reflectance of NIR and Red
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bands (Tucker, 1978)) and the modified normalized difference water
index (mNDWI, normalized difference between reflectance of Green
and SWIR bands (Xu, 2006)) were calculated and added to each image
of the cloud free image collection. We named these image collections as
image collection 1990 (IC_1990), image collection 2000 (IC_2000),
image collection 2010 (IC_2010), and image collection 2018 (IC_2018),
respectively (Table 1).

In order to collect samples that could be used to train and validate
classification methods and results, ground surveys were conducted
between May and October in 2018. We also collected historic field
survey data conducted in 2000 and 2010. Ground-survey samples for
the year of 1990 were acquired from historic maps, literatures, and
local experts. Finally, ground reference samples obtained in 1990,
2000, 2010, and 2018 are 5,065, 7,986, 16,660, and 22,434, respec-
tively. We randomly selected two thirds of these samples in each year as
training samples and the remaining as validation samples (Fig. 1).

In this study, the JRC Global Surface Water Mapping Layers (v1.1)
was used to delineate spatial extent of floodplain. This dataset provides
the spatial extents and dynamics of global surface water from
1984–2018. One image in the mapping layers consists of 7 maps, in-
cluding occurrence, change_abs, change_norm, seasonality, recurrence,
transition, and max_extent. The occurrence map, which characterizing

the frequency that water was present, was selected to delineate flood-
plain. For the frequency in the occurrence map, a value of 0 % means
areas that never covered by water and 100 % means permanent water
areas.

2.3. Land cover classification system

According to field surveys and considering our primary research
objectives, land covers in the floodplains were sorted in Table 2. In this
study, we defined floodplain wetland as vegetated wetland locating in
the floodplains, including swamp and marsh.

2.4. Methodologies

2.4.1. Basic idea
The flow chart of mapping floodplain wetlands and surrounding

land covers in the CARB is shown in Fig. 2. First of all, we delineated
spatial extents of CARB floodplain using the JRC dataset (see Section
2.2). Then, we developed a novel and robust classification approach by
integrating image compositing algorithm, OBIA, and hierarchical RF
classifier (COHRF). The classification approach includes three steps: (1)
getting image composites of the floodplain from good observation

Fig. 1. Geographical location for the China side of the Amur River Basin (CARB).

Table 1
General characteristics of image collections used in this study.

Image collection Acquisition time Sensor Image count GO/pixel

Image Collection 1990 (IC_1990) May 1 to Oct. 31, 1989 TM 323 Up to 48
May 1 to Oct. 31, 1990 TM 216
May 1 to Oct. 31, 1991 TM 286

Collection 2000 (IC_2000) May 1 to Oct. 31, 1999 TM/ETM+ 387 Up to 98
May 1 to Oct.31, 2000 TM/ETM+ 726
May 1 to Oct. 31, 2001 TM/ETM+ 769

Image Collection 2010 (IC_2010) May 1 to Oct. 31, 2009 TM 319 Up to 62
May 1 to Oct. 31, 2010 TM 306
May 1 to Oct. 31, 2011 TM 300

Image Collection 2018 (IC_2018) May 1 to Oct. 31, 2017 OLI 356 Up to 55
May 1 to Oct. 31, 2018 OLI 311
May 1 to Oct. 31, 2019 OLI 323

Note: Thematic Mapper (TM), Enhanced Thematic Mapper Plus (ETM+), and Operational Land Imager (OLI). GO means good observation.
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image collections; (2) segmenting composites into image objects based
on an optimal image segmentation algorithm; and (3) hierarchically
applying RF classifier on image objects to create binary results until
achieving classification of all land cover types. To further explain the-
ories and algorithms, we chose IC_2018 and the areas located at the
confluence of the Songhua and Nenjiang rivers (Fig. 1) as a case to show
how the COHRF classification approach works.

2.4.2. Delineating spatial extents of floodplains in the CARB
Floodplain includes stream channels, lands that hold flood flows

and regions covered by flood but do not suffer from heavy current.
According to this definition, floodplain in the CARB was delineated
based on the occurrence of surface water during recent three decades.
Firstly, we downloaded and converted the “occurrence map” to poly-
gons. Then, polygons with water occurrence frequency values ranging
from 1 % to 100 % were classified to floodplain category, while others
with the frequency value of 0 were deleted. To avoid noises, isolated
polygons with an area smaller than 1 km2 were also deleted.

2.4.3. Image compositing
In this study, image compositing algorithms of “qualityMosaic” and

“reduce” were used to create image composites that could reflect phe-
nology features. All the compositing algorithms were performed on the
GEE platform. First, we applied the “qualityMosaic” algorithm to form
the greenest and wettest composites, respectively. The “qualityMosaic”
algorithm, as defined by the GEE, selects pixels having the largest value
of a defined band in the image collection to composite a new image
(Wang et al., 2018). In this study, we created the greenest image by
“qualityMosaic” of the pixels with the largest NDVI value (Fig. 3a). This
image can depict the maximal extent of vegetation during a given time
period (Wang et al., 2018). The wettest image was created by “qual-
ityMosaic” of the pixels with the largest value of mNDWI (Fig. 3b). This
image depicts the maximal water extent during a given time period
(Wang et al., 2018). Among various water-related indices, we chose
mNDWI to build the wettest image because this index can suppress the
impervious surface and highlight water information, effectively (Xu,
2006), so that dams, roads, and outer edges of artificial ponds could be
effectively distinguished.

Second, the “reduce” algorithm in the GEE platform was used to
composite median and standard deviation composites, respectively. The
median composite reflecting the average reflectance during a given
time period was called the median image in this study (Fig. 3c). The
standard deviation composite, which reflects the variability of re-
flectance during a given time period, was called the std dev image in
this study (Fig. 3d). The std dev image enhances land covers with strong
phenology, and suppresses anthropogenic land covers. Textures in
image objects are thus highlighted. We then downloaded all these
composites from the GEE cloud.

2.4.4. Optimal image segmentation
Image segmentation is the first and most important step of OBIA,

and the homogeneous objects it generates are fundamental to the fol-
lowing classification procedures (Jia et al., 2018). There are three
parameters that controls the results of image segmentation, including
scale, shape, and compactness (Liu et al., 2017). Scale controls the
maximum number of pixel that each object contains, shape balances
regularity and spectral homogeneity, and compactness regulates com-
pactness and smoothness of an object. Because these parameters pri-
marily control the workloads of classification and the accuracy of
mapping results, it is necessary to determine optimal segmentation
parameters.

In this study, the Fuzzy-based Segmentation Parameter optimizer
(FbSP optimizer) was chosen to determine optimal segmentation
parameters. FbSP optimizer is a plug-in program which calculates the
optimal segmentation parameters for target objects with loop iteration

Table 2
Land cover classification system for floodplains in the CARB.

Category Ⅰ Category Ⅱ Code Description OLI image

Floodplain wetland Swamp 11 Natural wetland
dominated by woody
vegetation

Marsh 12 Natural wetland
dominated by
herbaceous vegetation

Permanent water Lake 21 Polygon waterbody
with standing water

River 22 Linear waterbody with
flowing water

Other natural land
cover

Woodland 31 Lands dominated by
trees and shrubs

Grassland 32 Lands with herbaceous
types of cover

Barren land 33 Lands has no more than
10 % vegetation
coverage

Anthropogenic
land cover

Paddy field 41 Lands used for growing
semiaquatic crops

Dry farmland 42 Lands used for growing
non-irrigated
cultivation of crops

Built-up land 43 Land covered by
buildings and other
impervious structures.

Note: R: G: B=OLI Bands 5: 4: 3.

Fig. 2. Workflow of mapping floodplain wetlands and other land covers.
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for the eCognition software (Liu et al., 2017). In the case study area, the
optimal segmentation parameters of scale, shape, and compactness
were 74, 0.29, and 0.42, respectively. An example of optimal segmen-
tation result is presented in Fig. 4. The optimal segmentation reduced
redundant objects and retained useful information. Therefore, it could
efficiently reduce the workloads. All these procedures were conducted
in the eCognition Developer version 9.2.

2.4.5. Hierarchical random forest classification
In this study, to enhance the robustness of classification, we hier-

archically applied the RF classifier to classify image objects. The RF
classifier has been confirmed more accurate and robust than other
classifiers (Breiman, 2001; Rodriguez-Galiano et al., 2012). Besides the
original spectral features, spatial features, i.e. textural and shape, could
also be used to distinguish different land covers. For example, Mao et al.
(2020) indicated that shape features (border index, elliptic fit and
rectangular fit) could be used to separate river and lake.

In this study, we selected 18 spectral and 13 spatial features
(Table 3) to classify different land covers. The flow chart of the

hierarchical random forest classification is shown in Fig. 5. All proce-
dures were operated in the eCognition Developer version 9.2.

2.5. Classification accuracy validation

In this study, the stratified random sampling method was selected to
validate land covers in the floodplains of the CARB. We randomly se-
lected ground-survey references (as described in Section 2.4) in each
stratum (land cover type) as validation points. At last, the number of
validation points of 1990, 2000, 2010 and 2018 was 1,056, 2,548,
3,985, and 7,470, respectively. According to previous studies, we ad-
justed accuracies of our classification maps by considering the area of
each stratum (Card, 1982; Olofsson et al., 2014). Based on a 95 %
confidence interval, the areas and accuracies were corrected with area-
adjusted accuracies. Based on these validation points, confusion ma-
trices with sample counts, classified area proportions, conjectured va-
lues of user's accuracies, conjectured values of producer's accuracies,
and standard deviations were calculated to evaluate the accuracy of our
resultant maps.

Fig. 3. Landsat OLI image composites derived from the IC_2018 (image collection of 2018) in the case study area (band combination: R: G: B=OLI Band 5: 4: 3): a,
the greenest image composite derived from the NDVI-based “qualityMosaic” compositing; b, the wettest image composite derived from the mNDWI-based
“qualityMosaic” compositing; c, the standard deviation (std dev) image composite derived from “reduce” algorithm based on the standard deviation value; d, the
median image composite derived from “reduce” algorithm based on the median value.
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3. Results

3.1. Spatial distribution of floodplains in the CARB

Areas covered ever by surface water during 1984–2018 were
deemed to be floodplains (Fig. 6). The total area of floodplains in the
CARB was estimated to be 30,957 km2, accounting for 4 % of the whole
CARB. There were 47 % (14,541 km2) and 22 % (6714 km2) of the total
floodplains respectively locating in the Songnen Plain and Sanjiang
Plain.

3.2. Accuracy assessment of floodplain land cover maps

Table 4 presents a full confusion matrix for classification results in
2018 with information of sample counts, mapped area proportions (Wi),
conjectured values of user’s accuracies (UAi), conjectured values of
producer’s accuracies (PAi), and the standard deviations (Si) of the
strata. The overall accuracy of the land cover map in 2018 was 97
%±0.005. The swamp and marsh had a user’s accuracy of 93
%±0.020 and 99 %±0.007, respectively. All other land covers were
had user’s accuracies higher than 90 %, while the producer’s accuracies
of built-up land, woodland, grassland and barren land were lower than
90 %. Confusion matrices for mapping results of 1990, 2000, and 2010
revealed that user’s and producer’s accuracies of floodplain wetland
ranged from 92 %±0.001–99%±0.020, and user’s and producer’s
accuracies of other land covers ranged from 84
%±0.003–96%±0.017. The overall accuracy of classification maps
in 1990, 2000, and 2010 was 90 %±0.001, 96 %±0.025, and 94
%±0.002, respectively. Validation reflected by confusion matrices
demonstrated a high consistency between our resultant maps and
ground-survey points.

3.3. Spatial patterns of floodplain wetlands

The spatial distributions of floodplain wetlands in the CARB for
1990, 2000, 2010 and 2018 are illustrated in Fig. 7. Swamps were
mainly identified in the northern Greater Khingan Mountains and
northern Sanjiang Plain. Marshes in the Songnen Plain and Sanjiang
Plain were relatively dense. However, from 1990 to 2018, numerous
small patches of marshes faded away dramatically. The most significant
shrinkage was observed in the central Sanjiang Plain.

3.4. Temporal changes of floodplain wetlands and other land covers

Temporal changes of areal extents and proportions of all land cover
types for the year of 1990, 2000, 2010, and 2018 are shown in Table 5
and Fig. 8, respectively. For floodplain wetlands, the most significant
change from 1990 to 2018 was found for marshes with approximately
25 % net loss and area declined from 8867 km2 to 6630 km2. The areal
extents of swamp were relatively stable. For other categories, lakes
occupied the largest proportion of the floodplains, while the areal ex-
tents decreased from 1990 to 2010 and then increased from 2010 to
2018. River area increased from 2000 to 2010 and decreased from 2010
to 2018. The most dramatic change happened in paddy field with areal
increase from 913 km2 to 1984 km2 occurred from 1990 to 2018,
equivalent to over twice of its primary area. Dry farmland, grassland,
and barren land experienced trends of fluctuating (increased at first and
decreased later). Areas of woodland and built-up land were stable.

3.5. Conversions between floodplain wetland and anthropogenic land covers

A sankey diagram was used to visualize conversions among different
land cover types from 1990 to 2018 (Fig. 9). Marsh was the dominant
floodplain wetland type that converted into anthropogenic land covers.

Fig. 4. Comparison of original segmentation (a) and optimal segmentation (b). a, the parameter of scale, shape and compactness is 40, 0.50 and 0.50, respectively; b,
the parameter of scale, shape, and compactness is 74, 0.29, and 0.42, respectively.

Table 3
Features used in the hierarchical random forest classification.

Feature type Ⅰ Feature type Ⅱ Object feature

Spectral feature Spectral band Mean value of band 1–7, Standard deviation of band 1 to 7
Spectral index NDVI, NDWI, mNDWI, LSWI

Spatial feature Texture Homogeneity, Contrast, Entropy, Correlation, Dissimilarity, Angular Second Moment
Shape Asymmetry, Border index, Compactness, Density, Elliptic fit, Rectangular fit, Shape index
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The area of marsh converted into paddy field and dry farmland was
817 km2, 430 km2, and 578 km2 during 1990–2000, 2000–2010, and
2010–2018, accounting for 85 %, 73 %, and 71 % of their losses, re-
spectively. The majority of these conversions occurred in the Sanjiang
and Songnen plains. Additionally, during 1990–2000 and 2000–2010,
there were 187 km2 and 340 km2 of lakes changed to barren lands,
respectively. These conversions occurred mainly in the Songnen Plain.

However, during 2010–2018, all these barren lands changed back to
lakes due to heavy precipitation during 2010–2018. Likewise, more
than 750 km2 and 280 km2 of marshes locating adjacent to lakes and
rivers changed to surface water from 2010 to 2018. Concurrently, in the
Sanjiang Plain, 367 km2, 222 km2, 193 km2, and 116 km2 of rivers, dry
farmlands, grasslands, and paddy fields were converted into marshes
from 2010 to 2018, respectively.

Fig. 5. Workflow of the hierarchical random forest classification. OBIA means object-based image analysis, RF means random forest classier.

Fig. 6. Geographical distribution of floodplains in the China side of the Amur River Basin (CARB).
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4. Discussion

4.1. Reliability and uncertainty of the COHRF classification approach

This study developed a novel and robust classification approach

(COHRF) by integrating image compositing algorithms, OBIA, and
random forest classifier to classify floodplain wetlands and other land
covers. To the best of our knowledge, this study is the first attempt
focusing on the floodplain wetland dynamics and conversion on a re-
gional scale. The successful implementation of this study could be

Table 4
Confusion matrix of classification result of 2018 based on randomly selected ground-survey points in each stratum. Area of each stratum was used to adjust mapping
accuracies, and the standard error (Si) was presented with a 95 % confidence interval (Card, 1982; Olofsson et al., 2014).

Class Sw Ma Lk Rv Pf Df Bu Wl Gl Bl

Sw 582 15 0 8 1 2 0 16 4 0
Ma 1 921 0 0 6 0 0 0 3 0
Lk 0 3 680 7 0 0 0 0 2 2
Rv 0 2 5 537 3 3 0 1 5 6
Pf 2 5 0 2 475 0 0 4 3 5
Df 0 3 0 0 5 1078 4 4 3 7
Bu 0 0 0 0 2 6 764 0 1 5
Wl 6 0 0 5 0 2 0 857 2 0
Gl 0 8 4 2 0 2 4 2 782 6
Bl 0 0 3 5 0 6 9 3 2 567
Wi 0.006 0.225 0.330 0.177 0.067 0.125 0.005 0.012 0.031 0.021
UAi± Si 0.93±0.020 0.99±0.007 0.98± 0.010 0.96±0.017 0.96±0.018 0.98± 0.009 0.98± 0.009 0.98± 0.009 0.97± 0.013 0.95±0.017
PAi± Si 0.90±0.000 0.98±0.001 0.99± 0.002 0.98±0.002 0.96±0.001 0.99± 0.001 0.84± 0.000 0.88± 0.000 0.88± 0.001 0.82±0.001
Overall Accuracy 0.97 ± 0.005

Note: Wi is the proportion of area mapped as class i. UAi is the estimated User’s accuracy, PAi is the estimated Producer accuracy. Sw, Swamp; Ma, Marsh; Lk, Lake;
Rv, River; Pf, Paddy field; Df, Dry farmland; Bu, Built-up Land; Wl, Woodland; Gl, Grassland; Bl, Barren land.

Fig. 7. Spatial distributions of floodplain wetlands in the China side of the Amur River Basin (CARB) for the year of 1990, 2000, 2010, and 2018.
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attributed to two factors including the robust performance of COHRF
classification and the immense computing power of the GEE platform.

In this study, the COHRF classification has two novelties that en-
hanced the robust and accuracy of classification procedures and results.
The first one is instead of applying OBIA and RF classifier directly to a
single image, the COHRF adopted image composites as input data. The
homogeneous image composites allow us to apply the consistent ap-
proach and obtain promising classification results over large areas
(Coesfeld et al., 2018; Hermosilla et al., 2015). For example, the
greenest image, which was composited by pixels with the maximum
NDVI value, could robustly classify seasonal submerged marshes into
vegetation rather than surface water. The other novety is instead of
using RF classifier to directly get a ten-category land cover map, the
COHRF employed a hierarchical RF classification to get a two-category
map at each node. As shown in Fig. 5, the greenest image was only used
to create a two-category map containing vegetation and non-vegeta-
tion. Thus, the classification results derived from each node were ex-
tremely robust and accurate.

The GEE platform benefited our broad scale classification from three
aspects, i.e. providing full-storage dataset, sharing super computing
power, and offering online code editor. In terms of dataset, GEE syn-
chronizes all Landsat images from the Earth Resources Observation and
Science (EROS) center of United States Geological Survey (USGS) (Dong
et al., 2016; Wang et al., 2020). In terms of computing power, by uti-
lizing millions of servers over the world, GEE’s parallel processing

platform is powerful (Gorelick, 2012). Likewise, in terms of code editor,
GEE provides online highly-interactive algorithm development for fast
designing and visualization of complex analyses using the Javascript
Application Programming Interface (API).

Errors and uncertainties of land cover classifications were caused
mainly by data gaps emerged from the processes of selecting low cloud-
cover images and removing clouds. These data gaps affected the spatial
homogeneity of image composites that led to further misclassifications.
For example, for the reason of lacking July and August cloud-free pixels
in woodland areas, the NDVI values of these pixels in the greenest
image could be lower than the maximum value they should be so that
such woodland may be misclassified into grassland. Although we tried
our best to reduce such uncertainties by building multi-year time-
period image collections (such as 1989–1991, 1999–2001, 2009–2011,
and 2017–2019), such uncertainty could not be completely avoided for
broad scale classifications. In the future, we could combine other multi-
spectral data with higher spatial and temporal resolutions, i.e. Gaofen-2
and Sentinel-2, to reduce the uncertainties and improve accuracies.

4.2. Losses of floodplain wetlands in the CARB

According to our results, agricultural exploitations have directly
caused a large area of floodplain wetland losses in the CARB.
Population expansion and broad scale agricultural activities have long
been the primary threats to wetlands, since the CARB is one of the

Table 5
Areal extents and changes with standard errors (SEs) for all land covers in the CARB from 1990 to 2018.

Class 1990 (km2) 2000 (km2) 2010 (km2) 2018 (km2) 1990–2000 (%) 2000–2010 (%) 2010–2018 (%)

Swamp 174±40 191±16 186±26 172±18 0 0 0
Marsh 8,867±121 7,978±56 7,274±89 6,630±73 −10% −9% −9%
Lake 9,519± 189 9,298± 76 8,622± 152 9,710±110 −2% −7% 13 %
River 4,877± 207 4,762± 2121 5,612± 169 5,213±115 0 18 % −7%
Paddy field 913±74 1,110± 52 1,462± 79 1,984±60 22 % 32 % 36 %
Dry farmland 3,341± 79 3,973± 31 3,813± 68 3,686±46 19% −4% −3%
Built-up land 90±34 103±17 124±43 150±15 0 0 0
Woodland 301±64 354±39 325±35 353±28 0 0 0
Grassland 788±95 957±55 1190±68 909±65 21% 24 % −24 %
Barren land 569±99 713±50 830±80 632±65 25 % 16 % −24 %

Note: Areal changes less than the SEs were deemed as no change with a rate of 0%.

Fig. 8. Areal proportions of different land covers in floodplains of the CARB in 1990, 2000, 2010, and 2018.
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major grain-producing regions of China (Wang et al., 2011; Yan, 2020).
As indicated by Mao et al. (2018), during 1990–2010 in Northeast
China, 86 % of natural wetland losses were caused by agricultural en-
croachment. Previous researches also indicated that most of croplands
in the Sanjiang and Songnen Plain were developed at the expense of
natural wetlands (Wang et al., 2011; Yu et al., 2018). In particular, from
the mid-1980s to 2000, Chinese government implemented the “Com-
prehensive Agricultural Development Project”, which caused large
areas of marshes changed into croplands (Chen et al., 2018; Mao et al.,
2018a; Yan, 2020). For example, during this period, cropland in the
Sanjiang Plain increased by 10,400 km2, most of which was emerged
from marsh conversion (Liu et al., 2004; Wang et al., 2011).

Besides direct reclamation, indirect impacts including transferring
wetland water for agricultural irrigation and climate change, also
caused remarkable losses of wetlands (Jia et al., 2015; Wang et al.,
2011; Zhang et al., 2010). These indirect factors led to water reduction
from marshes and further degrade marshes to grasslands (Zhang et al.,
2010). Such degradation was also observed in the CARB floodplains
(Fig. 9). Engineering construction also clearly affected the wetlands in
the floodplains (Yu et al., 2018). As regions that have high risk of flood
disaster, there were a lot of artificial reservoirs and embankments in the
CARB. The impervious surfaces caused fragmentation of wetlands in the
floodplains.

Although the hydrologic characteristics of floodplain are extremely
suitable for the living of wetland vegetation, the rate of floodplain
wetland losses in the CARB was not lower than that in other parts of the
CARB. According to our study, from 1990 to 2018, the net wetland loss
in the floodplains of the whole basin, the Sanjiang Plain, and Songnen
Plain was 25 % (2223 km2), 33 % (985 km2), and 18 % (669 km2), re-
spectively. Other studies of this region also indicated a similar rate of
wetland loss. Liu et al. (2017) reported that wetlands in Heilongjiang
decreased from 52,260 km2 to 38,900 km2 during 1990–2014, ac-
counting for 25 % of total wetland extent in 1990. Chen et al. (2018)
reported about 30 % of marshes disappeared in the Sanjiang Plain
during 1990–2015 and 12 % of marshes lost in the Songnen Plain. Tian
et al. showed that about 10 % of marshes in the Songnen Plain dis-
appeared between 2000 and 2015.

4.3. Conservation and rehabilitation of floodplain wetlands in the CARB

As shown in Table 5, Figs. 8 and 9, during 1990–2018, the intensity

of wetland loss has been weakened. At the same time, the marsh re-
habilitation from cropland was enhanced. During 2000–2010 and
2010–2018, there were 111 km2 and 256 km2 of marshes rehabilitated
from croplands, respectively. These rehabilitations were promoted by a
series of projects issued by the Chinese and local governments. For
example, in 2003, the central government approved the 2002–2030
National Wetland Conservation Program, which aimed to restore nat-
ural wetlands and establish natural reserves (Mao et al., 2018a; Wang
et al., 2012). To date, there are over 40 national wetland reserves in the
CARB that result from the implementation of wetland conservation
projects and raise public awareness of protecting wetlands (Turner
et al., 2000; Yan, 2020). On another positive side, Russia and China
adopted the “Russian-Chinese Strategy for Development of Trans-
boundary Network of Protected Areas in the Amur River Basin for the
period till 2020” in 2011, which announced that protection and in-
ventory of wetlands were of the first priority. The strategy also served
as a basis for improving collaboration between different conservation
agencies and creating transboundary nature reserves (Egidarev et al.,
2016). Though numerous protection and rehabilitation efforts have
been taken in the CARB, the total area of floodplain wetlands is still
decreasing. The population increase and socioeconomic development in
the CARB are main reasons of wetland losses (Chen et al., 2018).
Therefore, to promote conservation and rehabilitation efforts, sustain-
able managements on natural wetlands are still needed (Mao et al.,
2018a).

5. Conclusions

In this study, we proposed a readily and robustly used classification
approach (COHRF) to delineate wetland and other land covers from
floodplains based on full growing season Landsat imagery. The basic
idea of the COHRF is building spatial and spectral homogeneous images
using image compositing algorithms at first, and then hierarchically
applying OBIA and RF classifier to classify image composites. Owing to
the complete storage of Landsat data and super computing power of the
GEE platform, the COHRF classification could readily and robustly
delineate wetland and other land covers over large-scales. By applying
the COHRF classification to Landsat series images, we produced a 30-m
resolution dataset that reflected dynamics and conversions of floodplain
wetlands in the CARB during 1990–2018. According to accuracy as-
sessments, all maps in the dataset had high producer’s and user’s

Fig. 9. Sankey diagram for conversions among land cover types from 1990 to 2018.
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accuracies. Classification results indicated that the areal extent of
marshes decreased from 8867 km2 to 6630 km2 from 1990 to 2018 with
a net loss of 25 %, while these marshes were transformed mostly into
paddy fields and dry farmlands, particularly in the Sanjiang and
Songnen plains. This indicates that agricultural activity was the domi-
nant contributor to marsh loss. The areal extents of swamp changed
rarely during the study period. The resultant dataset could provide
reliable information for the efforts of floodplain wetland management,
sustainable socio-economic development of floodplain, and other re-
lated researches.
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