Int J Appl Earth Obs Geoinformation 71 (2018) 109–120

Contents lists available at ScienceDirect

Int J Appl Earth Obs Geoinformation
journal homepage: www.elsevier.com/locate/jag

Evaluation of the sensitivity of China’s next-generation ocean satellite sensor
MWI onboard the Tiangong-2 space lab over inland waters

T

⁎

Zhigang Caoa,b, Hongtao Duana, , Qingjun Songc, Ming Shena,b, Ronghua Maa, Dong Liua
a

Key Laboratory of Watershed Geographic Sciences, Nanjing Institute of Geography and Limnology, Chinese Academy of Sciences, Nanjing, 210008, China
University of Chinese Academy of Sciences, Beijing, 100049, China
c
National Satellite Ocean Application Service, Beijing, 100081, China
b

A R T I C LE I N FO

A B S T R A C T

Keywords:
Tiangong-2
Lake Taihu
Satellite
SNR
Algal blooms

The Moderate-resolution Wide-wavelengths Imager (MWI) is the next-generation ocean-color sensor independently designed by China and was successfully launched on September 15, 2016 onboard the Tiangong-2 (TG-2) Space Lab. It is
currently urgent to assess the capability and data quality of the MWI sensor to determine its future applications. In this
study, we ﬁrst assessed the signal-to-noise ratio (SNR) and the radiometric sensitivity of the MWI. With this goal, we chose
the third largest freshwater lake in China, Lake Taihu, as our test area and assessed the capability of the MWI to monitor
the turbid inland waters by comparing its consistency with that of Moderate Resolution Imaging Spectroradiometer
(MODIS) data and Geostationary Ocean Color Imager (GOCI) data. Our results show that (1) the SNR values of the MWI
are greater than 400 in the visible band and are suﬃcient to eﬀectively avoid ocean-color data errors caused by the sensor
noise; however, the SNR values of the MWI are below 200 in the near-infrared (NIR) band and are lower than the
theoretical expectation for the design of ocean-color sensors; (2) on the one hand, the MWI-derived remote sensing
reﬂectance (Rrs) data have large errors in the blue band (R2 < 0.20, MAPE < 50%) but reduced errors in the red and
NIR bands with a high correlation (R2 > 0.90, MAPE < 10%) compared with in situ Rrs; on the other hand, the MWIderived Rrs data are generally consistent with the MODIS- and GOCI-derived Rrs data (R2 > 0.90, MAPE < 10%); and
(3) the MWI-derived concentration distributions of cyanobacterial algal blooms and suspended particulate matter (SPM)
in Lake Taihu exhibit high spatial resolutions and good accuracies and are in good agreement with the corresponding
distributions yielded by the MODIS and GOCI satellites (R2 > 0.90, MAPE < 10%). However, the MWI cannot detect
signals at the important 700–710 bands and consequently has a relatively weak capability to detect chlorophyll-a (Chla)
concentrations in inland waters. In summary, as the Chinese next-generation ocean-color sensor, the overall performance
metrics of the MWI approach the present international level. Meanwhile, we suggest that the band of the MWI can be
further optimized to improve the derived SNR values in the near-infrared band in order to satisfy the requirements of
satellite observations over inland waters.

1. Introduction
Inland waters, such as rivers, lakes, and reservoirs, interact directly with
human society and thus play an indispensable role in recreation, the food
supply, commerce, transportation, and human health (Guo, 2007; Palmer
et al., 2015). The assessment and monitoring of inland waters are crucial to
our ability to understand and disentangle the eﬀects of environmental
changes on freshwater ecosystems and to model their future changes. Satellite
remote sensing has been widely applied to monitor inland waters over the
past decade, and a number of ocean-color sensors have been used for lake
surveys (Duan et al., 2014a; Kutser et al., 2005; Matthews, 2011), including
the Sea-viewing Wide Field-of-view Sensor (SeaWiFS), the MODerate
resolution Imaging Spectroradiometer (MODIS), the MEdium Resolution
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Imaging Spectrometer (MERIS), the Korean Geostationary Ocean Color Imager (GOCI), the Visible Infrared Imaging Radiometer Suite (VIIRS) and most
recently, the Ocean and Land Color Instrument (OLCI). These mainstream
ocean-color sensors are equipped with typical spatial resolutions of
300–1000 m, approximately daily data acquisition rates, typically 8–18
spectral bands, and high signal-to-noise ratios (SNRs) for accurate radiometric
performances over water targets (Ruddick et al., 2016). However, the optically active constituents (OACs) of inland lakes are quite complex, often vary
at a fast speed and thus independently require improved spectral and
radiometric resolutions, as well as improved spatial and temporal resolutions
with respect to those of currently existing satellites (IOCCG, 2012; Mouw
et al., 2015; Palmer et al., 2015).
Tiangong-2 (TG-2) is a Chinese space laboratory and part of the Project
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economic development in its reaches, Lake Taihu has been strongly
disturbed by human activities and has suﬀered from severe eutrophication, with frequent occurrences of cyanobacterial blooms and
high Chla concentrations (Duan et al., 2009). Moreover, algae are easily
accumulated in lakes and bays, and after their deaths, decomposition
occurs and produces a large quantity of colored dissolved organic
matter (CDOM), which eventually leads to black water bodies (Duan
et al., 2016; Duan et al., 2014b). Additionally, Lake Taihu is shallow
(average water depth of 1.8 m); hence, sediments are easily re-suspended due to winds (Zhang et al., 2014b). River-water systems are
well-developed, and a large amount of turbid water ﬂows into Lake
Taihu every year. Consequently, it is highly turbid, and its optical
properties are controlled by suspended inorganic particles (Duan et al.,
2010). Thus, as a representative of water bodies with complex optical
properties, Lake Taihu is ideal for testing the capability of an oceancolor sensor to monitor inland waters.
The main goals of this study include (1) assessing the radiometric
capability of the MWI sensor (SNR, radiometric sensitivity); (2) assessing its capability and performance at obtaining water quality parameters for inland waters (e.g., Rrs, Chla, SPM); and (3) comparing MWIderived products with the products of mainstream ocean-water sensors,
such as MODIS, MERIS and GOCI. This study aims to understand the
capability and potential applications of the MWI to monitor inland
waters and to give detailed suggestions in order to magnify the role of
the MWI in monitoring the water quality of global inland lakes after its
oﬃcial satellite launch in the future.

921-2 space station program. On September 15, 2016, the newest-generation Chinese ocean-color sensor, the Moderate-resolution Wide-wavelengths
Image (MWI), onboard the TG-2 Space lab, was successfully launched,
which prepares China for loading ocean-color satellite sensors onboard
ocean series satellites (HY-1E and HY-1F) in the future and provides more
satellite data for aquatic remote sensing of the Earth. The MWI sensor has
14 programmable visible and NIR bands (400–1040 nm), two shortwave
infrared (SWIR) bands (1243–1252 nm and 1630–1654 nm), and two
thermal infrared bands (8.125–8.825 μm and 8.925–9.275 μm), whose designed spatial resolutions are 100 m, 200 m, and 400 m, respectively, at the
ground surface, an instantaneous ﬁeld of view (IFOV) angle of 42°, and a
swath width of 300 km (Wei et al., 2017). Since the MWI is similar to the
mainstream ocean-color sensors, such as MODIS and MERIS, the MWI is
expected to be a new source of ocean-color remote sensing data of inland
waters. In particular, the MWI has many visible and NIR bands that can be
applied to ocean-color observations, and its spatial resolution (100 m) is
also higher than those of current mainstream ocean-color sensors. Thus, the
MWI, in theory, can eﬀectively provide ocean-color remote sensing data for
inland waters, especially for those with severe eutrophication, highly turbid
waters, and small lakes and reservoirs.
There have been some preliminary assessments on the accuracy of the
MWI ocean-color products (He et al., 2017), which have shown that MWIderived Lwn values agree quite well with in situ Lwn and GOCI-derived Lwn
values, and the corresponding correlation coeﬃcients are all greater than
0.90. Speciﬁcally, the errors are all within 10% in the range of 443–750 nm
and are approximately 20% at 413 nm and 865 nm; additionally, MWIderived Chla concentrations are also in good agreement with the corresponding MODIS- and VIIRS-derived concentrations. However, unlike ocean
waters, the optical properties of inland waters, such as lakes, are more
complex and are severely aﬀected by human activities. So far, the capability
of the MWI to monitor these regions has not yet been assessed.
Lake Taihu, the third largest freshwater lake in China, has a surface
water area of 2338 km2 and is located in an economically well-developed region in eastern China. In the past 40 years, because of rapid

2. Materials and methods
2.1. Data
2.1.1. Field data
A ﬁeld trip was conducted on March 14, 2017 when the TG-2 space
lab with the MWI sensor ﬂew over Lake Taihu (Fig. 1), with a total of 12

Fig. 1. Location of Lake Taihu, China. The blue symbols indicate stations where in situ measurements were collected on 14 Mar 2017, and the red triangle is the
location of AERONET Taihu (https://aeronet.gsfc.nasa.gov/new_web/photo_db/Taihu.html). The right image is a view of the Lake Taihu captured by the Moderateresolution Wide-wavelengths Imager (MWI) instrument onboard the Chinese Tian-Gong II space lab (TG-2), which was launched on 15 Sep 2016. A turbid plume of
re-suspended sediment is clearly visible on the true-color Red-Green-Blue composite image (R: 665 nm, G: 565 nm, B: 490 nm), from the TG-2 MWI on 14 Mar 2017.
(For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article).
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Fig. 2. Location of the South Paciﬁc Ocean and the TG-2 MWI satellite image selected for SNR calculation. The view of Chla is downloaded from NOAA OCView. Note
that only no-cloud and clear-water pixels (Chla < 0.07 mg m−3) are selected for the SNR estimate.

and it is possible to distinguish a weak signal change caused by a
change in the composition of the water body, which thus ensures the
high quality of the corresponding satellite product. On the other hand, a
lower SNR means a higher level of data noise and easily leads to higher
uncertainty in the corresponding data product (Moses et al., 2012; Qi
et al., 2017). There are several methods of SNR estimation (Gao, 1993;
Li et al., 2015; Wettle et al., 2004), which generally estimate the mean
and standard deviation in a window that is a spatially homogeneous
area to represent the measured signal and noise. The method proposed
by (Hu et al., 2012c) ﬁnds the homogenous area using several criteria
instead of various window sizes and then estimates the SNR using the
same reference radiance derived from MODIS over typical ocean water.
It is more suitable for comparing the radiometric sensitivity of various
sensors in this study. Therefore, we implemented this method to estimate the SNR of the MWI using Matlab software, and the codes are
shared at the following location: https://github.com/zgcao/Tiangong2_
data-and-codes/blob/master/SNR_codes.zip. The detailed calculation
process can be summarized in the following three steps: (1) Cloud pixels
of MWI data over clear water were ﬁrst masked, and the typical
MODIS/Aqua-derived at-sensor radiance (Ltypical) values were then used
as constraints to ﬁnd the corresponding MWI pixels over clear water.
The Ltypical data were derived by (Hu et al., 2012c) using 255 MODIS/
Aqua scenes over clear water pixels, where the solar zenith angle was
45 ± 1°. Note that three MWI images over the Paciﬁc Ocean were used
to estimate the SNR (Fig. 2), where the water body has a low level of
nutrients, with the Chla concentration < 0.1 μg/L. (2) The clear water
pixels were further screened to eliminate those exceeding/below their
neighboring pixels within a 3 × 3 window, with the threshold being set
to 1.002. The details of window-size selection and threshold determination were addressed in (Hu et al., 2012c). This process was to
minimize any real pixel-to-pixel changes in the water body so that the
remaining pixels could catch changes due primarily to instrumental
noise. (3) By calculating the mean and standard deviations using qualiﬁed pixels in a 3 × 3 window, the obtained mean standard deviation
ratios correspond to the SNRs of the window (Eq. (1)). Finally, the
average of the SNRs calculated for each window was taken as the SNR
of the MWI for clear water:

sampling points collected. At each station, Rrs was measured with an
ASD Field Spec4 spectrometer following the NASA Ocean Optics protocols (Mueller and Fargion, 2003). The viewing angle of the measurement was ∼40° from the nadir, and the relative azimuth angle to
the sun was ∼135°. Water samples were collected at the surface
(∼50 cm) with a standard 2-l polyethylene water-fetching instrument
immediately after the Rrs measurement. The samples were stored with
ice bags for approximately four hours before conducting pigment absorption and concentration measurements in the laboratory.
The Chla concentrations were measured by a spectrophotometer
using NASA-recommended and community-accepted protocols (Mueller
et al., 2003). The SPM concentrations were gravimetrically determined
from samples collected on pre-combusted and pre-weighed GF/F ﬁlters
with a diameter of 47 mm and were dried at 105 °C for approximately
4 h (Cao et al., 2017).
2.1.2. Satellite data
Five scenes of TG-2 MWI Level-1 data were provided by the
National Satellite Ocean Application Service of China (NSOAS), which
contained calibrated data for the at-sensor radiance. Those interested
can download these data from the MSADC website via account registration and submitting an application for the data products free of
charge (http://www.msadc.cn/en). Two MWI images over Lake Taihu
from December 31, 2016 and March 14, 2017 were used to evaluate the
performance of the MWI product over inland waters; the other three
MWI images from October 14, 2016, December 16, 2016 and January
22, 2017 over the Paciﬁc Ocean were used to estimate the SNR as
suggested by Hu et al. (2012c). Note that the SNR can only be accurately estimated in homogenous areas with subtle signal changes; thus,
the data over coastal and inland waters were not used here. All MWI
images were projected using the geometric registration tool in ENVI 4.8
due to the geographical deviation in the MWI L1 data, while the Rrs of
the MWI was generated by radiometric transfer calculations of the
Second Simulation of the Satellite Signal in the Solar Spectrum (6S
model) (Shen et al., 2017) based on the mid-latitude summer atmosphere model, continent aerosol model, and aerosol optical thickness at
550 nm from the Aerosol Robotic Network (AERONET) Taihu site
(https://aeronet.gsfc.nasa.gov/new_web/photo_db/Taihu.html).
MODIS and GOCI data on December 31, 2016 and March 14, 2017 were
downloaded from NASA Achieve (https://oceandata.sci.gsfc.nasa.gov/)
and processed using the same methods as described earlier.

SNR =

1
N

N

∑
i=1

Li
σi

(1)

where Li and σi denote the mean and standard deviation of Ltypical, respectively, of qualiﬁed pixels in a 3 × 3 window.

2.2. SNR estimate
2.3. Radiometric sensitivity estimate
SNR is one of the most important performance parameters for an
ocean colour sensor. A higher SNR indicates a lower level of data noise,

Water bodies are dark targets, and the radiometric properties of the
111
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was specially designed for satellite sensors without a shortwave infrared (SWIR) band, such as the GOCI, was used to detect algal blooms
in Lake Taihu (Xing and Hu, 2016)：

sensor allow it to capture changes in water bodies, which is therefore a
prerequisite for ocean-color satellite observations over water bodies.
When the concentration of a certain matter in a water body increases,
the signals of some wavelengths show signiﬁcant concomitant changes
(e.g., increases or decreases), and these changes reﬂect that the corresponding wavelengths are sensitive to changes in this matter and can
therefore be used to easily detect the change in concentration of this
matter in the water body. In contrast, for signals of those wavelengths
with small or no ﬂuctuations, the corresponding wavelengths are insensitive to this matter. In addition, the radiometric sensitivity can also
provide a reference to determine sensitive bands for deriving matter
concentrations in water bodies using satellite remote sensing data.
The radiometric sensitivity of the MWI to variations in SPM and
Chla concentrations were assessed by Hydrolight and Modtran 4.6 numerical simulations (Berk et al., 2006; Mobley, 1994). According to the
radiative transfer equation, the radiance received by a sensor, Lt, is
primarily composed of the water-leaving radiance, sun glint, and atmospheric information:

Lt (λ ) = t (λ ) × L w (λ ) + Lr (λ ) + La (λ ) + Lra (λ ) + Lg (λ )

(2)

Lpath = La (λ ) + Lr (λ ) + Lra (λ )

(3)

VB-FAH = (RNIR−Rgreen)+(Rgreen-Rred)*(λNIR
−λgreen)

where R denotes the reﬂectance and λ the wavelength of NIR, red and
green bands. Here, the VB-FAH was derived from the MWI (865 nm,
665 nm, 565 nm), MODIS (859 nm, 645 nm, 555 nm) and GOCI
(865 nm, 660 nm, 555 nm) data on the same day. The VB-FAH of each
satellite data record can be obtained using the band math tool in ENVI
4.8.
2.4.2. SPM estimate
Remote sensing algorithms for estimating the SPM are established based
primarily on Rrs values in the red and NIR bands (Cao et al., 2017; Hou
et al., 2017; Miller and McKee, 2004). Here, we used the Rrs in the red band
(Rrs,red) to develop an empirical algorithm to estimate the SPM in Lake
Taihu (Neil et al., 2011; Shi et al., 2015), and the SPM distribution was
obtained using a batch script in Matlab. The model coeﬃcients of MODIS,
GOCI and MWI data were obtained according to the best ﬁts to Rrs,red
(R2 = 0.95, RMSE = 11.89 mg/L, MAPE = 13.60%):

where t(λ) denotes the diﬀuse surface-sensor transmittance, Lw is the
water-leaving radiance, La is the aerosol scattering, Lr is the atmospheric molecular scattering, i.e., Rayleigh scattering, Lra is the contribution from interaction between La and Lr, and the latter three radiances are also called the atmospheric path radiation, Lpath.
The water-leaving radiance, Lw, was obtained by the Hydrolight
simulation. By assuming that the water is optically deep and by inputting diﬀerent Chla and SPM concentrations and other boundary
conditions, we obtained the Lw for an input SPM concentration gradient
of 0–300 mg/L and an input Chla concentration gradient of 0–200 μg/L
(https://github.com/zgcao/Tiangong2_data-and-codes/blob/master/
simulated_Lw.xlsx). For the atmospheric path radiation, Lpath, the midlatitude summer atmospheric model and the continental aerosol model
were chosen to yield atmospheric proﬁle parameters, such as water
vapor and ozone, and aerosol information. Then, by ﬁxing the observational geometry, the Lpath was obtained by numerical simulation
using the MODTRAN codes. Note that the adopted observational geometry was chosen to avoid the eﬀect of sun glint so that Lg can be
directly neglected. After obtaining Lt(λ) values at diﬀerent wavelengths, we used the relative spectral response function (RSR) of the
MWI to convert Lt(λ) to the radiance at the central wavelength λ of the
corresponding waveband, Lt , λic :

Lt , λic =

⎧ MODIS: 4.812*exp(76.568*Rrs, 645)
SPM = GOCI : 6.687*exp(70.870*Rrs, 680)
⎨
⎩ MWI : 6.154*exp(74.796*Rrs, 682)

λ

λil

λl

2.5. Statistical analysis
Several metrics were used to perform statistical analysis in this
study, which include (1) the determination coeﬃcient (R2), (2) the
root-mean-square error (RMSE), and (3) the mean absolute percentage
error (MAPE). They can show statistical precision from diﬀerent perspectives. These metrics are deﬁned as follows:

RMSE =

N

∑ (yi − xi)2
i=1

1
N

N

∑
i=1

|yi − x i |
× 100%
xi

(8)

(9)

where N denotes the number of data pairs, the subscript i denotes individual data points, and x and y are the two variables being evaluated.
R2 presents the correlation degree of the coupled data in the modeling,
and the RMSE reﬂects the diﬀerence between the predicted values and
the true values; smaller RMSEs indicate higher evaluation accuracies.
The MAPE is a measure of the prediction accuracy of a forecasting
method; it usually expresses accuracy as a percentage, where smaller
MAPEs indicate better modeling results. The three metrics were calculated using Matlab by inputting coupled data in this study.

(4)

where λic , λil , and λiu denote the central wavelength and the upper and
lower wavelength boundaries, respectively, at waveband i.
Finally, the sensitivity of the TG-2 MWI to the Chla and SPM variations was calculated as follows:

Lcon − Lconref
NEΔL

1
N

MAPE (%) =

∫ Lt (λ) RSR (λ)/ ∫ RSR (λ) dλ

Sensitivity =

(7)

Although the number of samples used for developing the algorithm
was limited because the MWI rarely ﬂies over Lake Taihu, these samples
cover a wide range of SPM values, 0–200 mg/L, and the developed algorithm is therefore applicable to Lake Taihu.

u

λiu

−λgreen)/(2λNIR−λred
(6)

(5)

where Lcon and Lcon_ref denote the corresponding simulated and reference atmospheric radiances, respectively, for the simulated and reference concentrations of Chla or SPM, and NEΔL is the noise equivalent radiance calculated as the ratio of the input radiance to SNR
(IOCCG, 1998). In this study, the reference SPM concentration was set
to 5 mg/L and the reference Chla concentration to 5 μg/L.

3. Results
3.1. SNR
The sensitivity and dynamic ranges of the MODIS Aqua and TG-2
MWI are listed in Table 1. By choosing Ltypical as the reference radiance,
the MWI SNR estimates in the visible band (412–750 nm) are generally
larger than 300, and in particular, SNR estimates in the blue band
(412–490 nm) rank the highest and exceed 800. In comparison, SNR
estimates are relatively lower in the near-infrared band (820 nm and

2.4. Water quality retrieval
2.4.1. Detection of algal blooms
The Virtual-Baseline Floating macro-Algae Height (VB-FAH), which
112
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square root of the input radiance (Hu et al., 2012c), the ratios of the
MWI SNRs versus the instrument speciﬁcations are listed in the last
column of Table 1. The ratios of 665 nm, 682 nm, 750 nm and 820 nm
are close to 1.0, and the ratios are signiﬁcantly higher than 1.0 for other
bands. Under normal circumstances, SNR estimates based on satellite
data should be lower than the prelaunch speciﬁcations because of the
extra eﬀects from the atmosphere. SNR estimates in this paper, however, are higher than the prelaunch speciﬁcations in many wavebands.
In fact, by using a similar estimate method, Hu et al. (2012b, 2012c)
also obtained higher-than-prelaunch SNR values for GOCI (Hu et al.,
2012b, 2012c). The cause of such a phenomenon is currently unclear
though. Despite this fact, the Ltypical calculation and SNR estimate
methods in this study can still be used to assess the capability of a
sensor and to compare the capabilities of diﬀerent sensors.
Fig. 3 compares the SNR values of MODIS (1000 m), MERIS FR
(300 m), GOCI (500 m), and MWI (100 m), which were all calculated
using the same method, by adopting the Ltypical of MODIS as in (Hu
et al., 2012c). The observations in Fig. 3 show that the SNRs of MODIS
are much higher than those of all the other sensors, including the MWI.
This is because in addition to its excellent performance capability, the
noise of the MODIS sensor is further reduced by smoothing the data
over a 1000-m2 area (i.e., low spatial resolution). In addition, the SNRs
of the MWI are lower than those of MERIS in all wavebands by approximately 20% on average, especially at 865 nm and 682 nm, where
the former is only 50% of the latter. Moreover, although the MWI and
GOCI have comparable SNR values in the visible bands, the MWI has a
much higher spatial resolution and therefore a better performance
compared to GOCI; however, the SNRs of the MWI are much lower than
the SNRs of GOCI in the NIR bands. Because the NIR bands are commonly used for atmospheric calibration, the eﬀect of low SNR ratios
will propagate to the blue and green bands, thus resulting in uncertainties in the corresponding ocean-color products. Generally, the
MWI has relatively high SNRs in the visible bands, approaching the
international level for the same type of sensors, although its SNRs in the
NIR and SWIR wavebands still await further improvements.

Table 1
The sensitivity and dynamic range of the MODIS Aqua and TG-2 MWI.
MODIS Aqua (12-bit)
Ltypical
8.07
6.98
7.80
5.23
3.55
3.13
3.45
1.72
1.27
1.19
0.75
0.40
0.41
0.086
0.031

a

TG-2 MWI (12-bit)

λ (nm)

SNR

λ (nm)

SNR

LMWI

SNRc

Ratiod

412
443
469b
488
531
547
555b
645b
667
678
748
859b
869
1240b
1640b

1651 ± 105
2255 ± 100
631 ± 26
2209 ± 140
2122 ± 79
2402 ± 93
609 ± 61
161 ± 7
1422 ± 83
1366 ± 97
995 ± 49
157 ± 11
806 ± 38
48 ± 4
32 ± 3

413
443

864 ± 87
905 ± 93

7.86
7.02

390
515

1.47
1.33

490
520

792 ± 63
619 ± 60

5.31
4.58

557
556

1.20
1.20

565
620
665
682
750
820
865
1242
1642

760 ± 50
499 ± 43
376 ± 43
245 ± 40
256 ± 40
154 ± 32
287 ± 36
116 ± 44
54 ± 20

3.39
2.19
1.60
1.45
0.93
0.59
0.62
0.54
0.73

555
467
399
273
302
203
255
510
678

1.16
1.17
1.08
1.05
1.02
1.06
1.29
1.19
1.38

a
Ltypical (mW cm−2 μm-1 sr-1) was derived from MODIS over typical ocean
data at a solar angle of 45° [21] and used for all four sensors to determine their
SNRs.
b
These bands (nm) were designed for land applications, and they were often
used in coastal and inland waters due to the saturation of ocean application
bands.
c
The SNRs were from sensor speciﬁcations for input radiance LMWI (mW
cm−2 μm-1 sr-1), provided by [9].
d
This is the ratio of MWI SNR determined from this study versus the instrument speciﬁcation after adjusting the input radiance from LMWI to Ltypical
using a square root approximation.

865 nm), i.e., approximately 200. In addition, SNR estimates are signiﬁcantly lower in the SWIR band (1242 nm, 1642 nm), and the SNR at
1642 nm is only 54 ± 20. Thus, it is quite obvious that the SNR overall
continuously decreases with increasing wavelength, which is similar to
the SNR distribution trend of the MWI provided by NSOAS (Wei et al.,
2017). All MWI bands showed much higher SNRs than the NSOAS
speciﬁcations (SNRc in Table 1), especially in the blue band (higher
than ∼30%). One reason leading to this diﬀerence is that the speciﬁcations are for diﬀerent input radiances, LMWI, that are higher than
Ltypical for 443–1642 nm and lower for 412 nm. After adjusting the input
radiance of LMWI to Ltypical and assuming that SNR is proportional to the

3.2. Radiometric analysis
Fig. 4 illustrates the RSR functions of the MWI and MODIS oceancolor sensors in the visible and NIR bands. The MWI has more wavebands than MODIS in addition to its broader bandwidth and more
Fig. 3. SNRs of MODIS Aqua (1-km resolution),
MERIS FR (300-m resolution), GOCI (500-m
resolution) and TG-2 MWI (100-m resolution)
determined from on-orbit measurements over
homogeneous ocean areas under the radiance
input of Ltypical. The SNRs data of MODIS Aqua,
MERIS FR and GOCI were provided by [21] (For
interpretation of the references to colour in this
ﬁgure legend, the reader is referred to the web
version of this article).
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Fig. 4. The relative spectral response (RSR)
functions of TG-2 MWI (black solid lines) and
MODIS Aqua ocean bands (gray solid lines)
using remote sensing reﬂectance data (Rrs,
sr−1) for Lake Taihu water as a reference. (For
interpretation of the references to colour in this
ﬁgure legend, the reader is referred to the web
version of this article).

with increasing SPM concentration, the sensitivities of 750 nm, 820 nm,
and 865 nm rapidly increase and continuously increase for SPM concentrations exceeding 300 mg/L, which implies that the NIR bands can
still be potentially used for extremely turbid water bodies. Furthermore,
Fig. 5b represents the sensitivities of diﬀerent wavebands to the concentration variations of Chla. Although some wavebands show certain
sensitivities to increases in the Chla concentration, e.g., 565 nm,
620 nm, and 665 nm, the corresponding sensitivities are overall low,
which means that the MWI cannot be used to accurately derive Chla in
inland waters, which in turn demonstrates the importance of adding the
waveband near 710 nm to the MWI.

sensitive signal responses, all of which help avoid signal saturations
over turbid water bodies, such as coastal and inland waters, in order to
eﬀectively detect variations in water bodies. Regarding the Rrs spectrum of Lake Taihu, we found that the main characteristic spectral region of the MWI spans a wide range of wavebands, including 443 nm,
565 nm, 620 nm, 620 nm, 665 nm, 682 nm, 750 nm, and 820 nm. The
MWI is therefore a useful tool to derive the concentrations of matters in
inland waters. Of these bands, 620 nm and 665 nm are sensitive to
phytoplankton pigments (phycocyanin and chlorophyll) (Simis et al.,
2007), and 750 nm and 820 nm are eﬀective at detecting SPM concentrations in turbid water bodies (Dogliotti et al., 2015). However, the
MWI lacks the key band at 700–710 nm that is commonly used in NIR/
Red ratio algorithms (phycocyanin: 709/620 nm, Chla: 709/665 nm) to
derive phytoplankton pigments in turbid inland lakes (Duan et al.,
2012; Gitelson, 1992; Simis et al., 2007). This is a notable shortcoming
of the MWI sensor. In addition, the MWI cannot detect signals in the
ultraviolet band, so it is diﬃcult to derive CDOM concentrations, but
this is a common problem for all existing ocean-color sensors.
Based on radiative transfer simulation, we analyzed the radiometric
capability of the MWI to detect the variations in the concentrations of
SPM and Chla. Fig. 5 shows the obtained radiometric sensitivities of the
MWI to the variations in SPM and Chla concentrations in diﬀerent
wavebands by adopting the typical atmospheric condition (mid-latitude
summer atmosphere), aerosol model (continental aerosol model), and a
speciﬁc observed geometry (θs = 45°, θv = 45°, Δφ = 90°). When the
SPM concentration varies between –0–300 mg/L, the MWI shows excellent sensitivities in the red and NIR bands (Fig. 5a) but worse sensitivities in the blue and green bands. Within increasing SPM concentrations (> 200 mg/L), its sensitivity exhibits a logarithmic
increasing trend and gradually becomes stable in the red band (665 nm
and 682 nm), which is in contrast to the linear increases in sensitivity in
the NIR band (750 nm, 820 nm, and 865 nm). Thus, individual wavebands have varying sensitivities to SPM concentrations and are therefore applicable to monitoring diﬀerent levels of SPM concentrations.
For low SPM concentrations (SPM < 50), green and red bands both
show good sensitivities (sensitivity ≈ 5); for SPM concentrations higher
than 50 mg/L, the sensitivity of 565 nm to SPM remains the same; and
for SPM concentrations exceeding 100 mg/L, the sensitivity of 620 nm
gradually becomes stabilized (sensitivity ≈ 15). On the other hand,

3.3. Comparisons of MWI, GOCI and MODIS products
3.3.1. Rrs
The Rrs of the MWI and that of GOCI images on the same day are
shown in Fig. 6. The transit times of the two satellites over Lake Taihu
diﬀer by only 13 min and can therefore be considered to have synchronized transits, which means that the water-body conditions for
both satellite observations are exactly the same. The MWI-derived Rrs
values are quite high in the bands of –565–682 nm, exceeding 0.05
sr−1, and are the lowest in the blue band (413 nm), lying below 0.02
sr−1. This trend in Rrs with wavelength changes is similar to the waterbody information obtained for Hangzhou Bay by He et al. (2017) using
the UVeAC method (He et al., 2017). The MWI-derived Rrs values for
Lake Taihu exhibit good resolution in the spatial distribution, with the
values of the lake center and the south lake region being higher than
those of the north lake bay, which is consistent with the original RGB
quick view. By adopting GOCI Rrs values calculated using the same
method as the reference, we found that the MWI and GOCI-derived Rrs
values exhibit good consistencies in their distributions for all wavebands, except for the blue band, in which the GOCI-derived values are
overall slightly higher than the MWI-derived values; the two products
are in complete agreement for all other wavebands.
Fig. 7 and Table 2 summarize the quantitative statistical results for
the MWI-derived Rrs values with respect to the corresponding in situ Rrs
(Fig. 7a), GOCI (Fig. 7b) and MODIS-derived Rrs values (Fig. 7c) for 12
sampling points on March 4, 2017 (Fig. 1). In general, the MWI-derived
Rrs values are lower than the in situ Rrs (Fig. 7a), and the accuracies of
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Fig. 5. Sensitivity of TG-2 MWI bands (443–865 nm) with (a) diﬀerent SPM concentrations and (b) Chla concentrations.

southwest lakeshore region, there was a high-density algae region that
was approximately 10 km in length, with VB-FAH values reaching
above 0.1, far exceeding the typical VB-FAH values of water bodies
(≤0.02). Similarly, MODIS and GOCI-derived results show consistent
distributions for the algae blooms (Fig. 8b, c, e, and f). It should be
emphasized that the MWI obviously captured more details in the spatial
distribution of the algae blooms compared to MODIS and GOCI because
the spatial resolution of the MWI (100 m) far exceeds those of MODIS
(250 m) and GOCI (500 m).

the NIR, red, and blue bands were higher than that of the blue band.
The correlations between the MWI-derived and the in situ Rrs values are
low at 443 nm and 490 nm, and the errors are also the highest
(R2 < 0.20, MAPE > 45%); the R2 values are higher than 0.60
(MAPE < 35%) at 520 nm and 565 nm and exceed 0.90 (MAPE <
30%) at 665 nm and 682 nm. In the NIR bands (750 nm, 865 nm), the
R2 values are greater than 0.70, and the data points are uniformly
distributed on both sides of the 1:1 line. The aerosol models in the 6 s
model may not accurately describe the aerosol distribution over Lake
Taihu, where aerosol sources are complex because of its proximity to
urban areas; absorptive aerosols may also be present, resulting in a
lower compared with the ﬁeld data.
Since there exist some diﬀerences in the spatial scale and the passing time between the in situ measurements and the satellite observational data, we also compared the MWI-derived Rrs with GOCI and
MODIS Terra-derived Rrs on the same time. Note that we did not consider wavelength diﬀerences in the corresponding wavebands between
sensors. The R2 values between the MWI- and GOCI-derived Rrs are all
greater than 0.95 (Fig. 7b), with MAPE values of less than 10%, and the
Rrs values of all wavebands are uniformly distributed on both sides of
the 1:1 line, which suggests excellent consistency between the GOCI
and MWI-derived Rrs values for Lake Taihu. In addition, the MWI and
MODIS-derived Rrs values also show good agreement (R2 > 0.90,
MAPE < 10%, Fig. 7c). For Lake Taihu with no algae and with different SPM concentrations, the MWI-derived Rrs values are less than the
in situ Rrs values, although their shapes are in general agreement; the
corresponding GOCI-derived and MODIS-derived Rrs values have consistent shapes and generally overlapped with the MWI-derived Rrs values, which reveals excellent consistencies among the three sensors
(Fig. 7d, e, and f). It is noteworthy to note that in the blue band, the
consistency of the GOCI and MODIS-derived reﬂectance values with the
corresponding MWI-derived values is worsened with respect to those in
the other bands, especially at 413 nm, where the MODIS-derived reﬂectance is higher than the MWI-derived reﬂectance. This is because
the signal detected by a sensor decays in the blue band, which increases
the detection uncertainty of the sensor (Zhang et al., 2014a).

3.3.3. SPM
Fig. 9 represents the spatial distribution of the MWI, MODIS, and
GOCI-derived SPM concentrations on March 14, 2017. Observation of
this ﬁgure shows that the MWI-derived SPM concentrations show highresolution spatial patterns (Fig. 9d) that are consistent with the patterns
in the original RGB quick view (Fig. 9a). In the open water region of the
lake center and the southwest lake region, SPM concentrations are
higher, (> 150 mg/L) although lower concentrations (< 50 mg/L) are
found in the northern and eastern parts of the lake bay region. Meanwhile, by comparing the MODIS- and GOCI-derived SPM concentrations
(Fig. 9b, c, e, and f), it reveals that the SPM spatial distributions obtained by the three sensors show extremely good consistency. It is noteworthy that the MWI-derived SPM concentrations have subtle spatial
distributions with more spatial details, while in contrast, the MODIS
and GOCI-derived SPM concentrations appear as particles in their
spatial distributions that diﬀer from the subtle spatial transitions observed in the spatial distribution of MWI-derived SPM concentrations,
which is mainly caused by the diﬀerent spatial resolutions of the sensors. Moreover, we randomly chose 100 points over the entire lake to
compare the MWI, MODIS, and GOCI-derived SPM concentrations. The
results show that the SPM concentrations obtained by the three sensors
are in excellent agreement (R2 > 0.90, RMSE < 15 mg/L, MAPE <
15%) and that the data points are uniformly distributed on both sides
of the 1:1 line (Fig. 10). Given that Lake Taihu is quite representative of
turbid inland waters, we can conclude that the MWI performs well in
obtaining SPM data, and its capability is similar to or even exceeds
those of MODIS and GOCI sensors.

3.3.2. Algal blooms
Fig. 8 reveals the distinguishing capabilities of the sensors to detect
cyanobacterial blooms in Lake Taihu, including the TG-2 MWI (Fig. 8a
and d), MODIS Aqua (Fig. 8b and e), and GOCI (Fig. 8c and f), whose
observational times all lie within 30 min and can be considered as
synchronized. The MWI-derived VB-FAH spatial distribution reveals
that a large quantity of ﬂoating algae appeared in Lake Taihu on December 31, 2016 and extended northward from Meiliang Bay to the
southern lakeshore region of Lake Taihu; in particular, along the

4. Discussion
The SNR values of the MWI are overall lower than those of MODIS
and MERIS FR, comparable to those of GOCI in the visible band, although they are lower than those of GOCI in the NIR band. With a
spatial resolution of 100 m, the SNR values of the MWI are greater than
400 in the visible band, and this SNR level can eﬀectively avoid uncertainties caused by the noise of the ocean-color sensor itself. The SNR
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Fig. 6. The Rrs values derived from MWI and GOCI by the 6S atmospheric correction algorithm. Row 1 and Row 3 are the Rrs values derived from the MWI at 03:03 on
14 Mar 2017; Row 2 and Row 4 are the Rrs values derived from GOCI at 03:16 on 14 Mar 2017.

window (Hu et al., 2012c; Lee, 2009; Qi et al., 2017). In addition, the
SNR can also be further improved by averaging the data over a month
or a year in order to improve the quality of the MWI ocean-color product, which has been commonly used to generate long-term environment records.
The design of the MWI sensor included sensitive wavebands
(620 nm, 665 nm, 750 nm, and 820 nm) for detecting Chla, phycocyanobilin, and SPM in inland waters (Duan et al., 2012; Le et al., 2011;
Simis et al., 2007). In turn, the MWI application results for Lake Taihu
show that the MWI performs well in monitoring algal blooms and in
obtaining the concentrations of SPM in inland waters, given that the
MWI-derived results are quite consistent with the corresponding MODIS
and GOCI-derived results. In addition, due to a spatial resolution of
100 m, the MWI has greater capability to recognize spatial structures
and patterns of inland water qualities. However, the currently received

values of the MWI, however, are greatly reduced in the NIR band and
lie far below the minimal requirement of ocean-color sensors, i.e., 600
(Qi et al., 2017). In addition, the SNR values of the MWI are lower than
100 in the SWIR band and lie below the requirement of 100–200 recommended by the IOCCG (IOCCG, 2012). In particular, because the
atmospheric correction of inland waters relies on the SWIR band, low
SNR values in these wavebands can cause large uncertainties in atmospheric correction and thus lower the remote sensing accuracy for
matters such as Chla. Furthermore, in clear ocean bodies, waters are
clear and relatively homogenous, and in turn, the eﬀect of low SNR
ratios in the SWIR band will become more signiﬁcant (Hu et al., 2012a,
2012c). Considering that the atmosphere is quite homogeneous with
limited spatial variation and that the MWI has a spatial resolution of
100 m in the NIR and SWIR bands, the SNR values in these wavebands
could possibly be improved by smoothing pixels in a 3 × 3 or 5 × 5
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Fig. 7. (a)–(c) represent comparisons of MWI-derived Rrs values with in situ, MODIS and GOCI Rrs data at 16 sample stations on 14 Mar 2017, respectively. Statistical
results are tabulated in Table 2. (d)–(f) are comparisons of MWI values with in situ, GOCI and MODIS Rrs values of diﬀerent SPM concentrations.

Table 2
Comparison of Rrs between MWI and in situ, MODIS and GOCI, respectively. Note that only the bands present on all sensors are listed.

in situ
MODIS
GOCI

2

R
MAPE(%)
R2
MAPE(%)
R2
MAPE(%)

Rrs,412

Rrs,443

Rrs,490

Rrs,565

Rrs,665

Rrs,682

Rrs,750

Rrs,865

0.12
59.12
0.95
45.16
0.85
17.05

0.17
53.13
0.97
34.61
0.95
3.65

0.38
45.67
0.98
11.70
0.98
7.32

0.57
34.37
0.99
1.23
0.99
12.02

0.78
31.89
0.99
9.85
1.00
8.64

0.91
26.01
\
\
1.00
2.44

0.83
35.93
\
\
0.99
2.77

0.70
37.13
0.94
9.76
0.97
19.56
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Fig. 8. Algal blooms over Lake Taihu from MWI, MODIS and GOCI on 31, Dec 2016. (a)–(c) represent the respective false-color composite images; (d)–(f) are the
corresponding spatial distributions of VB-FAH [30]. The MWI shows a similar spatial pattern of VB-FAH to those of MODIS Aqua and GOCI, but with more details as a
result of its high spatial resolution of 100 m. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this
article).

is additionally supported by the MWI-derived algae blooms and SPM
concentrations. On the other hand, by comparing MWI-derived Rrs values with synchronized MODIS and GOCI-derived Rrs data, we found
that there exist excellent consistencies between diﬀerent satellite products (Table 2, R2 > 0.90, MAPE < 10%), thus revealing that the
performance of the MWI is comparable to those of MODIS and GOCI.
This in turn demonstrates that the MWI has a high reference value regarding its capability to obtain reﬂectance data for inland water bodies.
Currently, the MWI is loaded on the TG-2 space lab and is still at its
experimental stage in space. The TG-2 spacecraft is ﬂying at an altitude
of 343 km (Wei et al., 2017), which slightly diﬀers from polar satellites.
Although the assessment results of this study were obtained at orbit
height of 343 km and therefore cannot completely represent the quality
of data obtained after its oﬃcial launch, the observational results of
MWI over Lake Taihu have already revealed its great potential for inland water applications in the future.

MWI data consider the possible eﬀect of water vapor absorption near
710 nm (Kneizys et al., 1983); therefore, the MWI sensor does not
provide the reﬂection peak caused by the combined eﬀects of phytoplankton and water (Gitelson, 1992). In fact, 709 nm was the spectral
band selected for MERIS and has been widely and successfully used to
estimate the concentrations of phytoplankton pigment, thus greatly
limiting the capability of the MWI to detect phytoplankton pigment in
turbid water. In fact, the MWI sensor is programmable, and the 750 nm
band can be adjusted to the 710 nm band (the 413 nm band will be
simultaneously adjusted to 393 nm). Given the important role of phytoplankton pigment in inland water environments, we suggest that the
MWI sensor should have a ﬁxed waveband at 710 nm, which greatly
helps its remote sensing observation of inland waters.
The MWI-derived Rrs values from the adoption of the 6S atmospheric correction method diﬀer from the corresponding in situ Rrs
values, which can be explained from the following three aspects: (1)
The 6S algorithm was mainly designed for remote sensing observations
of ground surfaces and does not consider the contribution of sunlight in
the reﬂectance calculations (Morel, 1980); (2) the aerosol model embedded in the 6S codes is not fully applicable to Lake Taihu because
aerosols in urban surroundings can absorb light eﬀectively, and this can
lead to uncertainties in the calculated optical depth of the aerosols
(Shettle and Fenn, 1979); and (3) the assumption that the aerosol
parameters obtained at the AERONET station can be applied to aerosols
over Lake Taihu can also cause additional uncertainties in the MWI.
Indeed, despite of some diﬀerences with respect to in situ measurements, the MWI-derived data are well-correlated with the corresponding in situ spectrum in the blue, red, and NIR bands (R2 > 0.70,
MAPE < 30%), thus demonstrating that the MWI can be applied to
retrieve the water qualities of turbid water bodies to some extent. This

5. Conclusions
Based on a case study of Lake Taihu, we assessed the capability of
the Chinese next-generation ocean-color sensor, MWI, onboard the TG2 space lab. The SNR values of the MWI overall lie above 300 and satisfy the requirements on monitoring water bodies. The SNR values,
however, are quite low (< 200) in the NIR band, which likely causes
large detection uncertainties in the ocean-color products. For Lake
Taihu, the MWI-derived Rrs values are generally higher than the in situ
measured Rrs values at 12 stations, with the poorest agreement in the
blue band (R2 < 0.20, MAPE < 50%) and better agreement in the red
and NIR bands (R2 > 0.70, MAPE < 30%). In addition, a comparison
of MWI-derived Rrs values with the corresponding GOCI and MODIS118
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Fig. 9. Comparison of SPM values derived from MWI, GOCI and MODIS in Lake Taihu on 14 Mar 2017. (a)–(c) represent the true-color images of MWI, GOCI and
MODIS Terra, respectively, on 14 Mar 2017; (d)–(f) represent the corresponding spatial distributions of SPM values derived from MWI, GOCI and MODIS, corresponding to Fig. 9(a)–(c), respectively.

derived Rrs values reveals excellent correlations (R2 > 0.90), relatively
small uncertainties (MAPE < 10%), and thus good agreements. The
MWI-monitored algae bloom distribution and MWI-derived SPM concentrations are also quite similar to those obtained by MODIS and GOCI
(MAPE < 10%), but with more prominent details, showing the good
quality of the results obtained by the MWI. It is noteworthy to note that

due to the lack of adjacent wavebands at 709 nm, the performance of
the MWI is quite poor in monitoring phytoplankton pigments and needs
to be strengthened in the future.
To summarize, the MWI has the highest spatial resolution among
currently existing ocean-color sensors (100 m) and can therefore capture more detailed characteristics of inland water bodies. This study

Fig. 10. Comparison of MWI-derived SPM values with the GOCI and MODIS SPM values in Lake Taihu on 14 Mar 2017. The SPM values are from 100 points evenly
selected throughout the Lake Taihu. (a) Comparison between MWI and MODIS SPM data; (b) comparison between MWI and GOCI SPM data.
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provided the preliminary assessment of the MWI prior to its oﬃcial
launch and summarized the pros and cons of the MWI for inland water
observations, which can be used as a reference for future MWI improvements as well as other new sensor designs. Moreover, the data and
codes used in this study can be downloaded from the following website:
https://github.com/zgcao/Tiangong2_data-and-codes.
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