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Abstract: Optical classification for water bodies was carried out based on satellite remote sensing
data, which avoided the limitation of having a limited amount of in situ measured spectral data.
Unsupervised cluster analysis was performed on 53,815 reflectance spectra extracted at 500-m inter-
vals based on the same season or quasi-same season Landsat 8 SR data using the algorithm of fuzzy
c-means. Lakes and reservoirs in the study area were comprehensively identified as three optical
types representing different limnological features. The shape and amplitude characteristics of the
reflectance spectra for the three optical water types indicated that one corresponds to the clearest
water, one corresponds to turbid water, and the other is moderate clear water. The novelty detection
technique was further used to label the match-ups of the in situ data set collected during 2006 to
2019 in 12 field surveys based on mathematical rules of the three optical water types. The results
confirmed that each optical water type was associated with different bio-optical properties, and
the total suspended matter of the clearest, moderate clear and turbid water types were 14.99 mg/L,
41.06 mg/L and 83.81 mg/L, respectively. Overall, the clearest, moderate clear and turbid waters in
the study area accounted for 49.3%, 36.7% and 14.0%, respectively. The spatial distribution of optical
water types in the study area was seamlessly mapped. Results showed that the bio-optical conditions
of the water distributed across the southeast region were roughly homogeneous, but in most of other
regions and within some water bodies, they showed a patchy distribution and heterogeneity. This
study is useful for monitoring water quality and provides a useful foundation to develop or tuning
algorithms to retrieve water quality parameters.

Keywords: Landsat imagery; spectra; optical water types; inland water

1. Introduction

Satellite remote sensing presents a significant opportunity for large spatio-temporal
water environment monitoring programs. The retrieval of water quality parameters such
as chlorophyll-a (chl-a), total suspended matter (TSM) and colored dissolved organic
matter (CDOM) in inland waters using the observations from satellite sensors is an
active field of research [1,2]. However, the estimation of key water quality parameters
of inland and coastal water bodies has no operational method due to the difficulty of
stripping the spectral signatures of different optically active constituents in water [3].
The wide range of concentrations of chl-a, TSM and CDOM and their independent vari-
ability make it difficult to develop a general algorithm for retrieval of the constituents
in complex lake systems [4–6]. Therefore, previous studies reporting retrieval of inland
or costal water quality parameters across several lakes or estuaries were tailored to
water bodies with similar optical properties [7–9]. Refining the optical classification
of inland water to improve the performance of water quality retrieval algorithms is
an effective way to deepen the research of water quality remote sensing [10–12]. Since
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optical water types can represent diverse ranges of water quality parameters such as
chl-a, TSM and CDOM content, they are extremely useful for detecting water eutrophic
and calibrating or tuning retrieval algorithms [13]. The purpose of researching the
optical characteristics is to optimize the band combination and obtain the best spec-
tral feature information, improving the accuracy of the algorithm for water quality
parameter estimation.

As early as the 1970s, Morel and Prieur (1977) distinguished the color of water
according to their absorption [14]. Thereafter, they firstly qualitatively defined Case
1 and 2 waters [14], depending on the predominance of water constituents such as
phytoplankton and other covarying compounds. For bio-optical modeling purposes
on global water scales, the Case 1 and 2 scheme is commonly used to classify global
water optical types. A large number of studies on the optical properties of open ocean
and marine water have been performed [15]. Case 2 water bodies with very complex
bio-optical properties were noticed by the water color community with the improvement
and refinement of satellites or sensors [4,16]. In order to solve the problem of estimating
the water quality parameters of complex waters, researchers have further introduced the
idea of optical classification of water bodies into the remote sensing of water color of
inland Case 2 waters [11,17]. The optical classification of water bodies is a comprehensive
evaluation result of the optical characteristics of water bodies, mainly based on inherent
optical quantity, remote sensing reflectance (Rrs) or water quality parameters [18,19]. The
Rrs as an apparent optical property (AOP) displays different shapes and magnitudes [13],
responding mostly to the backscattering and absorption properties of chl-a, TSM and
CDOM [20]. Even though Rrs could be modified by the light conditions, it was widely
used for identifying water optical types with distinct chl-a, TSM and CDOM content
due to its easy accessibility [11,15,21]. Statistical methods for clustering such as k-
means, hierarchical clustering and fuzzy clustering are widely used based on the spectral
shape or spectral magnitude [10,11]. Additionally, researchers developed algorithms
for identifying optical water types based on remote sensing data from different sensors,
e.g., Uudeberg et al. (2019) characterized the optical water types of lakes from inland
and coastal regions in Europe and developed specific methods for monitoring them
based on Sentinel MSI and OLCI imagery [11]; optical water types were identified
by Vantrepotte et al. (2012) for contrasted turbid coastal areas of the eastern English
Channel, southern North Sea and French Guiana using a clustering approach performed
on the spectrally normalized reflectance spectra [22].

Since the launch of Landsat, remote sensing data from multispectral sensors have
been widely used in remote sensing monitoring of inland and coastal water quality.
Wang et al. (2004) researched the relationship between Landsat TM and total organic
carbon (TOC), chemical oxygen demand (COD) and biochemical oxygen demand (BOD)
to monitor water quality change in Shenzhen Reservoir, China in 1988 and 1996 [23].
Gao et al. (2020) evaluated the Crosta method for the retrieval of water quality pa-
rameters from remote sensing data in the Pearl River estuary based on Landsat TM
data. They argued that the Crosta method is good for retrieval of TSM from Landsat
data [24]. Landsat satellite imagery was also used to investigate long-term trends in
phytoplankton blooms [25] and to show change of lake water clarity [1]. The accuracy of
the atmospheric correction method may be one of the factors influencing the accuracy of
remote sensing retrieval of water quality parameters. Many previous studies showed
that performance of the atmospheric corrections used to generate Landsat surface re-
flectance products is consistent with that of the water-specific atmospheric correction
algorithms [26].

A growing number of studies have assessed optical water types for several regions,
but none of them have comprehensively addressed inland waters bodies in Northeast
China. Optical water types have been researched for some water bodies in China [27,28],
but they lack research on suitable optical types of dissolved organic substances rich waters.
The water bodies in Northeast China are affected by continental territory and diversified
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environments resulting in aquatic systems with significant variability of TSM, chl-a and
CDOM content. Most waters in the Songnen Plain of Northeast China are turbid with high
TSM concentration [29]. Some big reservoirs and lakes across this region are oligotrophic,
water transparency is high and TSM, chl-a, and CDOM concentrations are low [30,31]. The
extensive range of environments in Northeast China has led to the occurrence of different
optical water types. Therefore, a study that focuses on water bodies in Northeast China
could improve the present characterization of optical water types in Northeast China. Due
to the limited in situ spectral data, the optical classification of waters based on in situ
spectral cannot be performed continuously.

The main aim of this study was (1) to identify optical water types using satellite remote
sensing data and define them for the optically complex inland water in Northeast China;
(2) to analyze the spectral characteristics and the bio-optical characteristics of the optical
types identified; (3) to analyze the spatial pattern of the optical variation of the water in the
study area. This research could be helpful to understand the variation characteristics of
water optical properties and for water quality management. This research is also important
for detecting eutrophic and improving the accuracy of water quality parameters retrieval.

2. Materials and Methods
2.1. Study Area

The study was carried out in water bodies across northeast of China (118◦E–135◦E,
38◦N–55◦N) (Figure 1). China is divided into five main lake regions by region, namely,
Eastern Lake Region (ELR), Northeast Lake Region (NLR), Mengxin Lake Region (MXR),
Qinghai-Tibet Plateau Lake Region (TQR), and Yunnan-Guizhou Lake Region (YGR) [32].
The selected study areas include the NLR region and the eastern part of the MXR region.
The study area belongs to the temperate humid, semi-humid monsoon climate zone,
surrounded by high mountains, and the Songnen Plain and Sanjiang Plain water systems
are distributed in the middle region. Numerous lakes distribute across the northeast of
China. The development and utilization of lakes in the study area are mainly irrigation and
aquaculture, and some have the function of drinking water source. This study considers
lakes and reservoirs, excluding rivers.

2.2. In Situ Data Collection and Processing

An in situ hyperspectral Rrs dataset from several widely-distributed lake and reservoirs
across the study area were used for the analysis of satellite data. A dataset of the in situ
TSM (mg/L) was used as the main bio-optical parameter in this research. Radiometric
measurements (n = 344) and water samples (n = 790) were collected from 2006 to 2019 in
12 field surveys encompassing the waters with different optical and limnological conditions
in the study area (Figure 1).

Water samples for the dataset of limnological parameter were taken from the water
surface (below 0.1 m) and stored in 1 L amber high-density polyethylene bottles and
then transported back to the laboratory at cold conditions for processing. For TSM
measurements, samples were filtered using the pre-ashed and pre-weighed Whatman
GF/F filters, and the dried filters were gravimetrically measured before and after filtra-
tion [33]. These samples covered large variations of TSM concentrations, representing
optically different types of waters and geographical background information. The in
situ radiometric measurements were measured using a portable ASD FieldSpec spec-
trometer (ASD, Inc., Boulder, CO). The details of in situ spectral measurements and
instrumentation could be found in [34]. The method of [31] was used for computing the
Rrs. The Rrs of each wavelength (from 400 to 900 nm) was acquired and derived. Using
the methods of [35], the Rrs shape was further emphasized by normalizing the Rrs using
its integer.
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Figure 1. The study area and distribution of the sampling points.

2.3. Satellite Data and Processing

The surface reflectance (SR) data from the Landsat 8 OLI sensor was used in this
study. The Landsat SR products generated by LEDAPS or LaSRC have been widely used
in remote sensing monitoring of water quality [33,36–38]. It has been demonstrated
that the performance of the atmospheric corrections methods used to generate these
surface reflectance products is consistent with the water-specific atmospheric correction
algorithms [39]. The images from August to October of 2019 covering the water bodies
of the study area were acquired for optical classification of water bodies, and there
is no cloud covering the water body in these images. In the absence of images, the
time limit is extended from May to October of 2019 or 2018 or 2020. Then, water
bodies were extracted by masking out the pixels with an average of NDWI and MNDWI
less than 0.15 based on the normalized difference water index (NDWI) and modified
NDWI (MNDWI).

Due to the large number and wide distribution of lakes and reservoirs in the study
area, it is a great challenge to comprehensively analyze the spectra of water bodies
through in situ hyperspectral measurement. Based on the continuous spectral sampling
from Landsat OLI at equal intervals, this research comprehensively conducted an anal-
ysis for the spectra of lakes and reservoirs in the study area. The 500 m × 500 m grid
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center points covering the lakes and reservoirs in the study area were generated using
the ArcGIS 10.3 software and were used as the spectra sampling points set. A total of
54,635 points were generated (Figure 2). The Rrs spectra of these spectra sampling points
were extracted based on the Landsat 8 SR data (B1–B5) obtained and used as spectra
clustering input.

In addition, some Landsat imagery overpasses during 2006 to 2019 were selected
to evaluate Landsat data and analyze limnological characteristics. For the analysis of
match-ups, cloud flags and values of 1 × 1 pixels in OLI images were used to con-
struct two datasets of match-ups (dataset of in situ Rrs-OLI and dataset of in situ TSM-
OLI). In situ Rrs and Landsat satellite overpasses were acquired on the same day. In
situ TSM and Landsat satellite overpasses were acquired on the same day or within
5 days. In total, 90 in situ Rrs-OLI match-ups and 693 in situ TSM-OLI match-ups were
obtained, respectively.
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2.4. Assessment of Satellite Bands Using in Situ Rrs

To validate the implementation capacity of the atmospherically corrected Landsat 8
OLI reflectance in the optical classification of water bodies, this study assessed the Landsat
8 OLI bands based on the 90 in situ Rrs matchups. The hyperspectral Rrs spectra were
resampled to 5 bands of Landsat 8 OLI based on the spectral response function which
excluded SWIR, Pan, Cirrus and TIRS bands. The bands were simulated from in situ Rrs
and spectral response function of the Landsat 8 OLI sensor as

Si(λ k) =

∫ λj
λi

S(λ)Rrs(λ)∫ λj
λi

S(λ)
(1)

where Si is the remote sensing reflectance convoluted from Landsat 8 OLI spectral bands;
λj and λi are the upper and lower limit of the band λk, respectively; and Sλ is the spectral
response function of the ith band of OLI.

The error and differences of the shape and magnitude between simulated spectra and
OLI spectra were used to assess the Landsat data. Considering the distributions of in situ
simulated (Si) and satellite (Ri) bands values, respectively, the mean absolute bias and mean
bias, root mean square error (RMSE) between them were adopted and could be respectively
expressed as

|bias|i =
1
N

N

∑
j=1
|S i − Ri| (2)

biasi =
1
N

N

∑
j=1

(S i − Ri) (3)

RMSEi =

√√√√ 1
N

N

∑
j=1

(S i − Ri)
2 (4)

where the i is the ith band; the j is the jth sample; N is the number of samples.

2.5. Clustering Algorithms and Establishment of Optical Water Types

Unsupervised classification technique was performed based on the whole spectra data
set from Landsat 8 OLI spectra, in order to split the spectra data into optically homogeneous
groups. The fuzzy c-means (FCM) is one of the most popular techniques among the
unsupervised classification techniques [10,40]. The FCM algorithm was selected in this
study because it can solve the overlap problem of an object might belong to two or more
clusters. For the FCM algorithm, the membership degrees of one object to different clusters
usually are quantitated between 0 and 1, and the sum of them is equal to 1 is as the
main constraint [41]. The membership matrixes and cluster centroids can be obtained
for a specific data set after the minimization of the objective function, which is defined
as follows:

J∅(U, V) =
N

∑
j=1

K

∑
i=1

u∅
ij

∣∣∣ |x j − vi

∣∣∣∣∣∣2
A

(5)

with

∑k
i=1 uij= 1 and 0 ≤∑N

j=1 uij ≤ N (6)
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where N represents the total number of objects in the spectra data set; K is the cluster

number; U is the membership matrix of the jth object xj to each cluster i;
∣∣∣ |x j−Vi

∣∣∣∣∣∣2
A

is the square of the feature distance between xj and cluster centroids vi; the Euclidean
distance was used as the matrix norm A, which was the rule of similarity measurement;
the weighting exponent φ (1 < φ < ∞) is the fuzzifier used to control the fuzziness of FCM
together with the matrix norm A.

This clustering framework needs to define the cluster number (K), which depends
on the specific data set. Since the FCM algorithm is an iterative update process, it is
important to wisely choose the starting centers at each iteration. In our research, the starting
centers of FCM were selected randomly in the clustering process, assuming the cluster K
was set from 2 to 10 and clustering was repeated 500 times by randomly bootstrapping
over 49,100 subsamples (about 90% of the whole data) to avoid inappropriate weight to
individual spectra. According to the research of Bi et al. (2019), the weighting exponent
φ was set to 1.3. The convergence tolerance of FCM was set to 0.001. The algorithm was
implemented based on the fuzzy-c-means software FuzME3.5 in this study.

The optimal number of cluster K was determined by calculating and comparing the
metrics for assessing clustering performance including fuzzy performance index (FPI),
improved classification entropy (MPE) and cluster independence index (S). For each unsu-
pervised clustering process of FCM, all these metrics values were computed. The optimal
K value was determined based on the lower values of all the metrics.

The cluster definition obtained from spectra clustering was preserved as optical water
type for labeling the satellite Rrs. For the definition of optical water types, the maximum
wavelength, slopes, and amplitude of Rrs were used as key features, and a mathemat-
ical rule set was created in order to associate the Satellite Rrs spectra with the optical
water types.

2.6. Satellite Rrs Labeling

For analysis of limnological features, each of Landsat OLI reflectance spectra from the
693 match-ups was labeled with an optical type. The novelty detection technique [42] was
used to associate each Landsat reflectance spectrum with different optical types defined.
The threshold of Mahalanobis distance was determined following the calculation result
of the Mahalanobis distance for cluster training set. For a given pixel of match-ups, the
class-matching procedure test was alternatively performed for each of the types. When
the Mahalanobis distance value was lower than the threshold, the spectrum statistically
belongs to corresponding type, otherwise it was considered to be very different from the
Rrs distribution of the defined type.

3. Results
3.1. Analysis of in Situ Rrs

A wide variability was found in the in situ Rrs spectra collected during the 12 field
surveys from 2006 to 2019 both in magnitude and shape (Figure 3a,b). All the in situ Rrs
spectra monotonely increased from 400 nm to approximately 560 nm where some started
decreasing down to 700 nm and others started increasing up to 700 nm, with however a
valley near 680 nm corresponding to the chlorophyll strong absorption (Figure 3a,b). All the
in situ Rrs spectra showed a decreased tendency in the wavelengths longer than 700 nm and
drop rapidly with increasing pure sea water absorption aw(λ) [43] approximately between
700 nm and 750 nm. In approximately between the 400 and 560 nm wavelengths domain,
the variability of spectra was relatively smaller, and it was minimal between the 700 nm and
900 nm wavelengths domain (Figure 3a,b). The greatest spectral variation both in the shape
and amplitude was observed between approximately 560 nm and 700 nm (Figure 3a,b),
where the standard deviation spectrum severely exceeds the mean spectrum (Figure 3b).
The remote sensing reflectance was lower at the wavelength range from 400 nm to 500 nm
(Figure 3a,b), which was caused by the strong absorption of chlorophyll, carotenoids
and yellow substances [22]. The reflection peak observed near 560 nm suggested an
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important role of backscattering by particles [35]. The impact of the maxima chlorophyll
absorptions and phycocyanin absorptions might also slightly be noticed around both 440
and 620 nm of some Rrs spectra (Figure 3a,b). Near the wavelength 700 nm, a secondary
peak corresponding to the chlorophyll a fluorescence was showed. The peak of the in situ
spectra was shown near 810 nm in the near-infrared region, but the peak of some spectra
was very obvious and of some others was weak (Figure 3a,b). These in situ spectra were
gathered from different sampling sites and collected during different years (Section 2.2),
indicating that the samples were representative.
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3.2. Comparing Landsat 8 OLI and In Situ Rrs

Landsat 8 OLI bands were simulated from 90 in situ Rrs match-ups and spectral
response function, and the results were shown in Figure 4a. The comparison of simu-
lated spectra derived by in situ spectra with the Landsat 8 OLI spectra was illustrated by
Figure 4a,b, and statistics were given in Table 1 for the OLI bands Costal, Blue, Green, Red
and NIR. Most of the simulated spectra curves (Figure 4a) were very similar in shape and
size to the Landsat 8 OLI surface reflectance curves (Figure 4b). In general, the reflectance
values at the Costal band (B1) and Blue band (B2) were lower, while at the Green band (B3)
and Red band (B4) were higher and at NIR (B5) dropped sharply (Figure 4a,b).

The mean bias at bands ranged from −0.001 to −0.005 mW cm−2 µm−1 sr−1. The
mean absolute bias was equal to 0.005, 0.006, 0.006, 0.006 and 0.006 mW cm−2 µm−1 sr−1 at
bands Costal, Blue, Green, Red and NIR, respectively (Table 1). The mean absolute bias and
mean bias at each band were both lower than its reflectance value by an order of magnitude.
The mean bias at the Green band (−0.001 mW cm−2 µm−1 sr−1) was lower than at other
bands, and the mean absolute bias at the Costal band (0.005 mW cm−2 µm−1 sr−1) was
lower than that at others (Table 1). The RMSE decreased with wavelength from 0.009 to
0.007 mW cm−2 µm−1 sr−1 (Table 1).
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Figure 4. Comparison of surface reflectance curves between Landsat and simulated Landsat spectra:
(a) for simulated Landsat bands, (b) for Landsat bands.

Table 1. Statistics of validation of the Landsat OLI Rrs.

Bands bias |bias| RMSE

B1 −0.003 0.005 0.009
B2 −0.002 0.006 0.008
B3 −0.001 0.006 0.008
B4 −0.002 0.006 0.008
B5 −0.005 0.006 0.007

3.3. Clusters and Assessment for Clustering

All spectral data from satellites were subjected to unsupervised clustering using
the FCM algorithm with m = 1.3. The values of metrics FPI, MPE and S were com-
puted in each unsupervised clustering process of FCM (the cluster K = 2, 3, 4, . . . , 10),
respectively (Figure 5). When K = 2, 5, 6, 7, 8, 9 or 10, FPI and MPE and S were
higher than K = 3 or 4, which was inconsistent with the evaluation criteria of the
metric (the lower the value, the better the clustering effect [44]). When K = 3, the
values of FPI were lowest (0.0685). The values of MPE and S were lowest (0.0708 and
0.1907, respectively) when K = 4. Overall, their average was the lowest when K = 4
(Figure 5), so the FCM could obtain appropriate membership distributions in which



Remote Sens. 2022, 14, 1910 10 of 17

the majority of the spectra are strongly associated with one given cluster. Four opti-
mized clusters were obtained by utilizing FCM with the FPI, MPE and S was 0.0751,
0.0708 and 0.1907, respectively, showing a well-performed clustering structure. Among
the 54635 spectra participating in the clustering, 48.5%%, 36.1%, 1.5% and 13.8% of
them belong to clusters ‘a’, ‘b’, ‘c’ and ‘d’ (Figure 6). The centroids of cluster ‘c’ were
obviously far away from the other three clusters in the distribution on the first two
principal component (PC1 and PC2) (Figure 6). The variation in the distribution of clus-
ter centroids reflected the difference in the shape and amplitude of the spectra among
these clusters.

Remote Sens. 2022, 14, x FOR PEER REVIEW 11 of 18 
 

 

 
Figure 5. The metrics of spectra clustering derived from Landsat 8 OLI data. 

 
Figure 6. The clustering scatters of the spectra and the values of PC1 and PC2. 

3.4. Optical Water Types and Limnological Features 
The centroid spectra curves of the above four clusters generated by clustering were 

shown in Figure 7. Among them, the cluster ‘c’ was obviously not the signals of the water 
body (Figure 7), and it was generated by the mixed pixels and land pixels at the water 

Figure 5. The metrics of spectra clustering derived from Landsat 8 OLI data.

3.4. Optical Water Types and Limnological Features

The centroid spectra curves of the above four clusters generated by clustering were
shown in Figure 7. Among them, the cluster ‘c’ was obviously not the signals of the
water body (Figure 7), and it was generated by the mixed pixels and land pixels at the
water edge. Except for this non-aqueous cluster, the water spectra of the study area
were clustered into three clusters representing three optical water types (clusters ‘a’, ‘b’
and ‘d’ in Figures 6 and 7). For analysis, these three water clusters were re-arranged into
Type 1, Type 2 and Type 3, respectively (Figure 8). Compared to the other types, the mean
reflectance of Type 2 spectrum displayed the least values at all the bands as well as the
reflectance at green band was higher than at red band. The reflectance at all bands of Type 3
was the highest. In view of this, the Type 1 was defined as: the reflectivity at the green band
(B3) is higher than at the red band (B4), and the reflectance of the green band is greater than
0.02; the Type 2 was defined as: the reflectance at the green band (B3) is higher than at the
red band (B4), and the reflectance of the green band is less than 0.02; and the Type 3 was
defined as: the reflectance at the red band (B4) is greater than at the green band (B3).
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These mathematical rules of the definition of optical water types were applied to
label 693 reflectance spectra from OLI matched with the in situ TSM measurements by
the novelty detection technique. As a result, all these spectra were detected as one of
these three types, and this underlined the significant representativeness of our data set
generated in the entire study area, although a year only. Of these reflectance spectra, 279
were labeled as type 1; 212 were labeled as type 2, and 202 were labeled as type 3 (Table 2).
The distributions of each type for TSM were also analyzed (Table 2). The variation and
aggregation of each type performed obviously for TSM. The type 2 corresponded to the
most transparent water with the lowest average TSM of 14.99 mg/L; the turbid type 3
showed the highest TSM value of 83.81 mg/L, and the average TSM of the moderate clear
type 1 was 41.06 mg/L (Table 2).

Table 2. Statistics of TSM concentration for different optical water types.

Classification N
TSM (mg/L)

Min Mean Max

Type 1 279 1.00 41.06 293.99
Type 2 212 0.83 14.99 126.03
Type 3 202 4.50 83.81 472.19
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3.5. Spatial Pattern of Optical WATER Types

The type 1, type 2 and type 3 were assigned to the satellite Rrs of 49.3%, 36.7% and
14.0% of the water grids from the study area, respectively, meaning that a small part of the
water in the lakes and reservoirs of the study area was turbid. Figure 9 shows the spatial
distribution pattern of 3 types of water in the study area. The waters in the southeastern
region of the study area corresponded mostly to the optical Type 2 that represented clear
water (Figure 9). The central and northeast regions of the study area are the Songnen
Plain and the Sanjiang Plain, respectively, and most of the water in these regions was more
turbid Type 1 and Type 3 (Figure 9). Most of the water in the northwestern region was
also classified as Type 1 or Type 3 (Figure 9). In other regions of the study area, the spatial
distribution of the optical water types presented more likely a patchy distribution. For the
perspective of a water body, the variation of the optical property within some water bodies
was relatively weak, e.g., Lake Lake Hulun (Figure 9), where the water was mostly Type 1.
In contrast, there were also some water bodies where the water exhibited different optical
water types, e.g., Lake Songhua and Lake Xingkai.
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4. Discussion
4.1. Applicability of OLI SR Product in Water Optical Classification

Most of the simulated in situ spectra curves (Figure 4a) were very similar in shape
and size to the Landsat 8 OLI surface reflectance curves (Figure 4b). The mean absolute
bias and mean bias at each band were both lower than its reflectance value by an order
of magnitude. These statistics at bands Blue, Green and Red agreed with the analysis
published by Song et al. (2020). The uncertainty of the Costal and Blue bands was due
to the low values of reflectance at these spectral regions that are prone to produce large
relative differences [45]. These differences at all bands might be explained by the optical
properties of the measure stations that were not properly represented by the aerosol models
available in the process of atmospheric correction [45]. Even so, Landsat 8 OLI SR data
were acceptable for optical classification of the inland water in the study area, because
a higher mean absolute bias value was only due to the translation of the larger negative
bias or positive bias from a few samples’ spectra. It was considered that the results of the
classification appear to be fairly independent of the documented Rrs uncertainties, even if
the reduction of the bias affecting bands reflectance would further tune the classification [35].
Furthermore, a growing number of studies have demonstrated that the Landsat surface
reflectance products can be used to accurately estimate inland or costal water quality
parameters [37–39], which proves the ability of Landsat surface reflectance to reflect the
properties of water bodies.

4.2. Optical Water Types from Unsupervised Clustering

Unsupervised clustering methods such as the FCM algorithm aim to identify the most
characteristic optical water types by clustering all samples into different types and retain all
data in the analysis [27]. All available water spectral samples were clustered into three types
in this research (Figure 8). Whether in terms of shape or amplitude, the average spectra
of these three optical water types all showed significant distinction (Figure 8). Type 1
represented moderate clear water (average TSM was 41.06 mg/L) with the reflectance
relatively higher than Type 2 and lower than Type 3. The Type 2 pattern was directly related
to the fact that this class corresponded to water with low optical substance concentrations
and the highest water transparency (average TSM was 14.99 mg/L). Type 3 was turbid
water with high TSM concentration (average TSM was 83.81 mg/L) due to its reflectance
maximum at all bands and its reflectance at the red band being higher than at the green
band. The analysis of in situ Rrs confirmed that there were spatio-temporal differences in
the water compositions and their concentration in the study area, indicating the spatio-
temporal variability of their bio-optical feature. Thus, it was proved that each optical
water type was associated with a specific bio-optical condition, implying the reliability of
optical classification. Furthermore, this optical variation directly indicated the wide range
of bio-optical and biogeochemical conditions covered by the current data set [22]. The
spatial distribution pattern of optical water types (Figure 9) indicates that unsupervised
clustering could effectively monitor the optical variability of water bodies. The water in the
southeastern region of the study area is mostly the clearest Type 2 (Figure 9) due to the high
vegetation coverage and weak impact from human activities in this region. Most water in
the central and northeast regions of the study area is moderately clear and turbid Type 1
and Type 3 (Figure 9), which is related to the intense agricultural activity. The northwestern
region might be related to the poor vegetation coverage, so the water in this region is also
classified as Type 1 or Type 3 (Figure 9). Other regions of the study area are affected by
local natural and human factors, resulting in the patchy distribution of the optical water
types (Figure 9). The regional heterogeneity of optical water types could be explained by
the differences of regional natural factors and human activities, and the variability within a
water body could be attributed to some local factors.
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5. Conclusions

A total of 53,815 (excluding 820 non-water spectra) reflectance spectra of water were
extracted at 500 m intervals from the same season or quasi-same season Landsat SR data
and used for spectral cluster analysis to generate optical water types. The clustering results
were assessed to generate the optical water types representing the bio-optical conditions
of water bodies in the study area. The optical water types were further defined according
to shape and magnitude, and their bio-optical conditions were analyzed by in-situ TSM
data collected from different dates and sites. In addition, the spatial distribution of optical
water types in the study area was seamlessly mapped. The key findings of this study are
summarized below:

(1) The water environmental conditions of lakes and reservoirs across the study area had
variability among regions and within some water bodies, which was manifested in
three optical types. Most lakes and reservoirs were moderately clear or very clear,
while only a few were turbid.

(2) The novelty detection technique did not find a new type (different from the defined
three types) in the labeling process of the reflectance spectra of the 693 match-ups
collected from different dates. Therefore, this additionally showed that these three
optical water types provided by contemporaneous or quasi-contemporaneous Landsat
8 data represent not only spatial variability but also temporal variability.

(3) The total suspended solids content in different optical water types showed obvious
differences. Thus, the difference of the total suspended matter content in water could
reflect the variation of water optical properties.

(4) The applicability of Landsat OLI in such optically-based unsupervised clustering
approaches for different scale applications was demonstrated by the analysis from the
clustering and the bio-optical conditions of the optical water types.
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