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Abstract: Small water bodies ranging in size from 1 to 50,000 m2, are numerous, widely distributed,
and have various functions in water storage, agriculture, and fisheries. Small water bodies used
for agriculture and fisheries are economically significant in China, hence it is important to properly
identify and analyze them. In remote sensing technology, water body identification based on band
analysis, image classification, and water indices are often designed for large, homogenous water
bodies. Traditional water indices are often less accurate for small water bodies, which often contain
submerged or floating plants or easily confused with hill shade. Water quality inversion commonly
depends on establishing the relationship between the concentration of water constituents and the
observed spectral reflectance. However, individual variation in water quality in small water bodies is
enormous and often far beyond the range of existing water quality inversion models. In this study,
we propose a method for small water body identification and water quality estimation and test its
applicability in Wuhan. The kappa coefficient of small water body identification is over 0.95, and the
coefficient of determination of the water quality inversion model is over 0.9. Our results show that the
method proposed in this study can be employed to accurately monitor the dynamics of small water
bodies. Due to the outbreak of the COVID-19 pandemic, the intensity of human activities decreased.
As a response, significant changes in the water quality of small water bodies were observed. The
results also suggest that the water quality of small water bodies under different production modes
(intensive/casual) respond differently in spatial and temporal dimensions to the decrease in human
activities. These results illustrate that effective remote sensing monitoring of small water bodies can
provide valuable information on water quality.

Keywords: small water body; water body remote sensing; water quality; human activity intensity

1. Introduction

Small water bodies, both man-made and naturally formed, are numerous and widely
distributed. These water bodies are smaller than river, lakes, and oceans, and range in size
from 1 to 50,000 m2 [1,2]. They include ponds in mountains and forests, agriculture/fishery
water bodies, and landscape water bodies in cities. They serve various functions, including
ground water storage for domestic use, agriculture/fishery, and landscaping, and hence are
an important part of the water environment and ecology. Small water bodies, often located
near residential areas, may affect many aspects of human life, such as environmental pollu-
tion and disease transmission [3,4]. Moreover, in cities, they sometimes have an aesthetic
value, which can improve the mental wellbeing of citizens [5]. Therefore, the identification
and monitoring of small water bodies is necessary for environmental protection, controlling
water-borne diseases, and establishing habitable environments.
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Over the last few decades, remote sensing technology has dramatically changed the
methods of surface water monitoring. In particular, remote sensing has been successfully
applied to research on the spatial distribution and dynamics of water bodies on Earth [6–11].
The identification of water bodies by remote sensing is done using three main methods. (1)
Band analysis, which can comprehensively identify the range of a water body using the
optical characteristics of water across specific spectral bands [11]. (2) Image classification,
which allows pixels in remote sensing images to be classified by supervised and semi-
supervised classification algorithms, or by visual interpretation, based on the spectral,
spatial, and textural features [7]. Based on classification, land cover types including water
bodies can be distinguished. (3) Water indexing methods, in which spectral indices are
constructed based on the absorption features of water bodies, and determining a threshold
value for the index enables the identification of water bodies. This method aims to utilize
the multiband features to highlight the water body’s information from the image [12].
Index-based methods are widely applied as water indices help to suppress background
features and enhance the characteristics of water. The two commonly used water indices are
the normalized difference water index (NDWI) [6] and the modified normalized difference
water index (MNDWI) [8]. Other water indices help on some specific occasions. For
example, the enhanced water index (EWI) [9] effectively distinguishes the semi-dry channel
from the background noise, and the gaussian normalized water index (GNDWI) [10],
combined with the digital elevation model (DEM), helps in river identification.

Remote sensing is a powerful tool for monitoring water quality as data can be collected
rapidly, across a wide area, at low cost, and at regular periods. Monitoring water quality
by remote sensing depends on establishing relationships between the concentration of
water constituents and the observed spectral reflectance. This is commonly done by using
empirical [13], analytical [14,15], and semiempirical methods [16,17]. Empirical methods
allow water quality to be retrieved by using different statistical regression models that are
built based on the statistical characteristics of spectral data and the measured water quality.
Analytical methods allow water quality information to be obtained based solely on the
radiative transport model of water. The transport model is obtained by simultaneously
considering the spectral characteristics of the components in water and their relationship to
the absorption and backscattering coefficient of each component. Semi-empirical methods
estimate water quality parameters by using the statistical relationship between the suitable
wave bands and the measured water quality parameters, such as bio-optical models [18].
The deep learning method is a semi-empirical method that has been heavily researched in
recent years [16,19,20].

Most existing studies and models on water identification mainly focus on oceans,
large lakes, and rivers [21]. These models are not optimized for small water bodies, which
are highly dynamic in shape, form, and size. A large proportion of pixels of small water
bodies are often shown as mixed pixels in environmental remote sensing images such as
Landsat 7/8 and Sentinel 1/2. As a result, the existing water indices may not accurately
identify them, especially those near the edge of the water [12]. In addition, the optical
characteristics of water bodies are often confused with building shadows and field ridges.
Though these issues rarely effect remote sensing of large water bodies, they pose a serious
challenge in the identification of small water bodies.

It is also challenging to characterize water quality of small water bodies by using
models designed for large water bodies. It is widely known that the water bodies are
usually divided into two categories based on their optical characteristics, especially when
conducting water quality studies. The optical characteristics of Case I water bodies are dom-
inated by algae, while those of Case II water bodies are normally dominated by suspended
matter, chlorophyll, and soluble organic acids [22]. However, the water quality of small
water bodies is much more varied, and while some may have the characteristics of Case
II water bodies, others can be very clear (e.g., well-maintained landscape water) or have
their own characteristics (e.g., water bodies used for agriculture and fishery production).
However, few studies have focused on these factors. Furthermore, when compared to
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large water bodies, due to their much smaller volumes, small water bodies are much more
dynamic and sensitive to environmental changes, such as human activities and (micro)
climatic changes. This leads to significantly variable and relatively unstable characteristics.
Therefore, models known to accurately estimate water quality in large water bodies may
not be suitable for studying small water bodies.

The small water bodies in our study area can be classified according to their functions,
such as agriculture/fishery, natural, and scenic. Agricultural and fishery water bodies,
including paddy fields and aquaculture water bodies, are common and important small
water bodies in China. It is of great importance to identify and monitor agriculture/fishery-
related small water bodies in order to determine the quantity and quality of production.
The water quality of paddy fields is primarily influenced by nonpoint-source agricultural
pollution, such as fertilizers, pesticides, and other chemical substances [23]. The water
quality of aquaculture water is influenced by the residue of bait, the use of drugs and
antibiotics, and pond bottom silt [24]. For these reasons, the characteristics of the water
quality of agricultural and fishery water bodies in China tend to be extreme and significantly
different to other small water bodies, such as scenic water or naturally formed ponds. It is
therefore necessary to study agriculture/fishery water bodies specifically.

In this study, we propose a workflow that consists of small water body identification
and quality estimation. We validate the proposed method by conducting a case study
in Wuhan, China, and the method, to some extent, overcomes current weaknesses in
identifying small-size water bodies and provides a new model for monitoring dynamic
water quality specifically for small water bodies. Therefore, the method proposed in this
study can be employed to accurately monitor the dynamics of small water bodies, which is
an important but often overlooked aspect of the response of water environment to natural
and anthropogenic impacts.

2. Data
2.1. Study Area

Wuhan, covering an area of 8569.15 km2, is located in the east of Hubei Province,
China (Figure 1). It is characterized by hot rainy summers and warm humid winters [25].
The average annual rainfall is 1260.6 mm, and the average daily temperatures range from
4.0 ◦C to 29.1 ◦C. The total surface area of water bodies in Wuhan is 2117.6 km2, accounting
for 1/4 of the city’s area. There are 165 rivers with a length of more than 5 km and 166 lakes
that are listed in the protection directory of the city. In addition, there are 264 reservoirs
(including 3 large reservoirs and 6 medium reservoirs), with a total storage capacity of
875 million m3 [26]. Wuhan was in lockdown for 76 days from 23 January 2020, to 8 April
2020, due to COVID-19. During the lockdown period, human activities in Wuhan were
strictly restricted [27]. All individual businesses stopped producing and operating, while
to ensure food supply, large enterprises were allowed to carry out production activities
under the guidance of epidemic prevention regulations.

2.2. Remote Sensing Data

The Sentinel-2 satellite system consists of two satellites: Sentinel-2A (S2A) and Sentinel-
2B (S2B). They carry high-resolution multispectral imaging devices and a multispectral
instrument (MSI) for earth surface monitoring [28]. Sentinel-2 has 13 bands from visible to
short-wave infrared wavelengths and is the only multispectral satellite with three bands in
the red wavelength range [29].

The European Space Agency (ESA) classifies Sentinel data into five levels. The images
used in this study are Level-2A images, which are atmospheric bottom reflectance data,
corrected on the basis of Level-1C data [30]. Satellite image data are available on the ESA
official website (https://scihub.copernicus.eu/dhus/, accessed on 30 November 2020).

https://scihub.copernicus.eu/dhus/
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Figure 1. Study area, Wuhan.

To obtain satellite images for the entire city of Wuhan, Sentinel-2 images were re-
quired from the following tile numbers: N0214_R032_T49RGP, N0214_R032_T50RKU,
N0214_R032_T50RKV, and N0214_R032_T50RLV. Remote sensing images were acquired
on the following dates: 11/12/2019 (before the lockdown), 22/03/2020 (during the lock-
down), 04/01/2021 (one year after the initial outbreak) and 25/03/2021 (one year after the
lockdown period ended).

Mosaicking and resampling were done using SNAP software to obtain images of the
study area with a uniform spatial resolution of 10 m [31]. The method presented in this
study uses the spectral bands 2 to 8 as well as band 11 from the Level-2A data. These bands
include wavelengths from the visible to the mid-infrared.

2.3. Sampling Design of in Situ Water Sample Collection

After identifying the small water bodies, sampling sites were determined by ran-
dom function in conjunction with Google Earth high-precision (0.2 m) map images and
identification result. Among the initial sampling sites, 34 locations were finally selected
because of accessibility. Among the 34 locations, 22 sampling sites were small water bodies
categorized as “other”, and 12 sampling sites were “agriculture/fishery” water bodies
whose characteristics of water quality were much less varied (Figure 2). The samples were
collected on 26 December 2020. At least two water samples were collected from different
parts of each sampling site at a water depth of 2 m. The sampling apparatus is illustrated
in Figure 3.
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Figure 3. The sampling apparatus. The collection bottle was designed to collect and store the water
sample. The weight was used to increase the weight of the apparatus and make it sink to the bottom.
The wire connected every part of the apparatus and retrieve the apparatus.

2.4. Water Quality Data

Water quality indices related to human activities were the most important dataset in
this study. Studies have suggested that two indices, chemical oxygen demand (COD) and
water turbidity, are sensitive to human activities [32–35]. The chemical oxygen demand
(mg/L) determines the amount of oxygen consumed when organic matter in the water
sample is oxidized by a strong oxidant. COD reflects the degree of pollution caused by
reducing substances in the water [36]. The common methods for measuring COD are the
national standard method [37] and rapid digestion spectrophotometry [38]. Water turbidity
(nephelometric turbidity units—NTU) is the measurement of water opacity and is caused
by a large amount of visible suspended matter in water samples. The distribution of total
suspended matter and precipitated matter in water can improve the study of the settlement,
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decomposition, and diffusion of pollutants in water [39]. Turbidity is commonly measured
by using a turbidimeter, which works on the principle that suspended particles in water
scatter light beams passing through it. The water quality data of two indices were obtained
within 6 hours after sampling.

3. Method

The proposed method integrates identification and water quality inversion of small
water bodies (Figure 4).

Remote Sens. 2022, 14, x FOR PEER REVIEW 6 of 23 
 

 

(mg/L) determines the amount of oxygen consumed when organic matter in the water 

sample is oxidized by a strong oxidant. COD reflects the degree of pollution caused by 

reducing substances in the water [36]. The common methods for measuring COD are the 

national standard method [37] and rapid digestion spectrophotometry [38]. Water turbid-

ity (nephelometric turbidity units—NTU) is the measurement of water opacity and is 

caused by a large amount of visible suspended matter in water samples. The distribution 

of total suspended matter and precipitated matter in water can improve the study of the 

settlement, decomposition, and diffusion of pollutants in water [39]. Turbidity is com-

monly measured by using a turbidimeter, which works on the principle that suspended 

particles in water scatter light beams passing through it. The water quality data of two 

indices were obtained within 6 hours after sampling. 

3. Method 

The proposed method integrates identification and water quality inversion of small 

water bodies (Figure 4). 

 

Figure 4. Four-step method used in this study: small water body identification, water sample col-

lection, water quality inversion, and accuracy assessments. 

3.1. Small Waterbody Identification from Remote Sensing Images 

Water bodies in red–green–blue (RGB) images are identified using the color of the 

pixels. These achromatic characteristics can be more clearly reflected in the hue–satura-

tion–intensity (HSI) color space [21,40]. The hue represents the color perceived by the hu-

man eyes, the saturation represents the degree to which the color is diluted by white, and 

the intensity dimension resembles the lightness of the color. Hence, the identification 

method used in this study is based on a HSI false color composite image. 

Identification of small water bodies occurs over three steps: HSI color space construc-

tion, water identification, and classification of small water bodies (Figure 5). 

Figure 4. Four-step method used in this study: small water body identification, water sample
collection, water quality inversion, and accuracy assessments.

3.1. Small Waterbody Identification from Remote Sensing Images

Water bodies in red–green–blue (RGB) images are identified using the color of the
pixels. These achromatic characteristics can be more clearly reflected in the hue–saturation–
intensity (HSI) color space [21,40]. The hue represents the color perceived by the human
eyes, the saturation represents the degree to which the color is diluted by white, and the
intensity dimension resembles the lightness of the color. Hence, the identification method
used in this study is based on a HSI false color composite image.

Identification of small water bodies occurs over three steps: HSI color space construc-
tion, water identification, and classification of small water bodies (Figure 5).

The small water body identification method in this study requires two sets of HSI
false-color composite images. In the first set of HSI false color composite images, the
RGB channels are normalized difference building index (NDBI), normalized difference
vegetation index (NDVI), and MNDWI. These three difference indices are constructed to
distinguish between soil [41], buildings [41], vegetation [42], and water [43] from remote
sensing images. The corresponding formulas for these indices are presented in Table 1.
The normalized three indices are mapped to the color channels R, G, and B to obtain a
false color image. Then, the RGB color image is converted into an HSI color image (hue,
saturation, and intensity) [44]. The transformation formulas are presented in Table 2. This
HSI false-color composite image is the basis for small water identification. The second set
of HSI false color composite images includes one vegetation-related index (NDVI) and two
vegetation-related bands (bands 2 and 8) to reduce the interference of vegetation on the
identification of small water boundaries. In the water identification results of two sets,
the shadow of buildings and mountains could not be removed completely. Therefore, we
designed two other extraction processes to identify and remove the shadow.
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Figure 5. Process of small water body identification. Two groups of HSI false color images are
transformed from different RGB false color images. From these, four thresholds are determined to
obtain results 1–4. Further, the results are combined using combination operation to obtain the water
body identification result. After size screening and classification, the final small water body map is
obtained.

Table 1. Formulas of three indices and their representative land cover class.

Index Formula Representative Element

NDBI NDBI = Band(MIR)−Band(NIR)
Band(MIR)+Band(NIR)

Soil or building

NDVI NDVI = Band(NIR)−Band(Red)
Band(NIR)+Band(Red)

Vegetation

MNDWI MNDWI = Band(Green)−Band(MIR)
Band(Green)+Band(MIR)

Water

Table 2. The RGB to HSI transformation formulas. Vmax and Vmin refer to the maximum value and
the minimum value in R, G, and B channels.

Hue Saturation Intensity

Ht =


Green−Blue
Vmax−Vmin

i f Red = Vmax
Blue−Red
Vmax−Vmin

+ 2 i f Green = Vmax
Red−Green
Vmax−Vmin

+ 4 i f Blue = Vmax

H={ 60×Ht if Ht≥0
60×(Ht+6) if Ht<0

S =

{
Vmax−Vmin
Vmax+Vmin

i f I ≤ 1
2

Vmax−Vmin
2−Vmax−Vmin

i f I > 1
2

I =
Vmax + Vmin

2

Through several experiments, the suitable threshold ranges of identifying small water
bodies were determined (Table 3). It is noteworthy that because of different imaging
conditions, the thresholds should be adjusted subtly. Further, according to our criteria for
small water body identification, water bodies with an area > 50,000 m2 were removed from
the results. Finally, a distribution map of small water bodies (area < 50,000 m2) was created
from the results.
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Table 3. The threshold ranges of identifying small water bodies. The values in table are DN values.

Phase Results Threshold of H Threshold of S Threshold of I

Result 1 (210,270) (0.025,1) (0.5,1)
Result 2 (0,190) - (0,0.51)
Result 3 - - (0.28,1)
Result 4 (115,360) (0,73,1) (0,0.35)

The identified small water bodies were classified mainly based on the land-use
database (Figure 6). The small water bodies were firstly divided into two categories,
urban and suburban, according to whether they are within the third ring road of Wuhan.
Then, based on the GlobeLand30 land-use database (http://www.globallandcover.com/,
accessed on 30 November 2020), two categories were subdivided into “agriculture/fishery”
water bodies and “other” water bodies based on the land-use database. The classified
results were double checked according to distribution and morphological characteristics.
The “agriculture/fishery” water bodies were always regular in shape and concentrated
in distribution (shown as Figure 14a). The “other” water bodies included man-made wa-
ter bodies used for environmental purposes and ecological protection, as well as those
that were naturally formed. Therefore, four categories of small water bodies were ob-
tained: “urban agriculture/fishery”, “suburban agriculture/fishery”, “urban–other”, and
“suburban–other”.
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Figure 6. The decision tree of water classification. The classification is based on the official city plan
and land-use database. The concentrated distribution and regular shape degree are the main factors
to consider in visual interpretation check.

3.2. Accuracy Assessment of Small Waterbody Identification

The small water body identification results were assessed for accuracy using four error
indices: producer’s accuracy (PA), user’s accuracy (UA), overall accuracy (OA), and kappa
coefficient (K). Accuracy assessment zones were selected randomly from the study area,
including five zones of “agriculture/fishery” water bodies and five zones of other water
bodies (Figure 2). Each zone had 400 (20 × 20) pixels, and every pixel was regarded as

http://www.globallandcover.com/
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a sample point of accuracy assessment. The equations of PA, UA, OA, and K are shown
respectively below:

PA =
xii
xi+

(1)

UA =
xii
x+i

(2)

OA =
∑n

i=1 xii

N
(3)

K =
N × ∑n

i=1 xii − ∑n
i=1(xi+ × x+i)

N2 − ∑n
i=1(xi+ × x+i)

(4)

where xii is the number of pixels belonging to class i which are classified as class i, xi+ is
the number of pixels that are classified as class i, x+i is the number of pixels that belong to
class i, n is the number of classes and N is the total number of pixels that are involved into
assessment.

The ground truth value was based on Google Earth high-precision (0.2 m) map images.
Based on the error matrix, the four error indices (OA, UA, PA, and K) were calculated. Four
indexing methods commonly used in water identification study were used to compare with
the method we proposed in this study (Table 4).

Table 4. The common indexing methods in water identification study.

Method Formula Reference Number

NDWI NDWI = Band(Green)−Band(NIR)
Band(Green)+Band(NIR)

[5]

NDWI3 NDWI3 =
Band(NIR)−Band(MIR)
Band(NIR)+Band(MIR)

[45]

EWI EWI = Band(Green)−Band(NIR)−Band(MIR)
Band(Green)+Band(NIR)+Band(MIR)

[46]

MNDWI MNDWI = Band(Green)−Band(MIR)
Band(Green)+Band(MIR)

[7]

3.3. Water Quality Estimation from Remote Sensing Images

The water quality indices, COD, and water turbidity were measured according to
standard chemical experimental processes. To measure COD, high-range reagents (mea-
suring range: 0–150 mg/L) and ultra-low range reagents (measuring range: 0.3–40 mg/L)
were used to fully oxidize water samples, and COD was determined using a Hach DR3900
visible light spectrophotometer. Turbidity was measured using a Hash 2100Q portable
turbidimeter.

This study adopted a back-propagation neural network (BPNN) to simulate the water
quality of small water bodies. Compared to the linear model, BPNN works better when
there are significant differences in the samples. It was therefore chosen for this study as the
water quality of the small water bodies varied significantly.

The BPNN neural network is a multi-layer backward propagation feed-forward neural
network trained based on the error back propagation algorithm. The algorithm’s role is to
generate a model, calculate the minimum mean squared error between the actual output
and the desired output, and backpropagate the error to adjust the weights of each layer
of the network to minimize the error. The BPNN is divided into three parts: an input
layer, several hidden layers, and an output layer [47]. A neural network is a mapping
model between the input and target domains. The process of finding the mapping model
was completed in the hidden layers. Through the error between the observations and the
predictions, the back propagation and correction iterations were carried out until the error
was within the expected threshold. The main structure of BPNN is shown in Figure 7. The
crucial step was to adjust the weights of each layer of the network, which was done using
Equation (5)

W’ = W + a × error × input (5)
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where W’ is the new weight matrix, W is the original weight matrix, and a is the learning
rate, 0 < a < 1.
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Figure 7. The structure of the BNPP neural network. Wi represents the weight matrix of inputs, and
Wo represents the weight matrix of the output. Between hidden layers, there are also weight matrices.
There is an activation function, which is usually a sigmoid function, to link the input and the output
of every neural unit (N p).

The neural network fitting tool in MATLAB was selected for neural network train-
ing and fitting in this study. The input data comprised the reflectance of 8 bands; the
number of hidden layers was 10 and the target domains were the water quality in-
dices (COD and turbidity). The neural network fitting tool includes three training al-
gorithms: Levenberg–Marquardt, Bayesian regularization, and scaled conjugate gradient.
The Levenberg–Marquardt algorithm combines the Gauss–Newton method and the gra-
dient descent method to provide a numerical solution to the nonlinear local minimum.
This algorithm addresses the weaknesses of both methods, such as slow calculation of
gradient descent method and difficult computations of the Gauss–Newton method [48].
The Bayesian regularization algorithm can reduce the chance of overfitting by regularizing.
In addition, it can be used for problems where the number of features is much larger than
the number of training samples [49]. The scaled conjugate gradient algorithm combines the
negative gradient direction with the conjugate direction of the previous search direction
to calculate a new search direction. It is a more suitable training method for classification
problems [50].

3.4. Accuracy Assessment of Water Quality Estimation

The accuracy assessment of the water quality inversion model (BPNN model) was
evaluated using the coefficient of determination (r2). The sample set was divided randomly
into a training set (70%) and a test set (30%). The difference between the r2 of the training
and test sets were required to be no more than 5%, which ensured that there was no overfit-
ting in the model. The r2 of two sub-datasets should also have been as close as possible to
1 to indicate that the model expresses the relationship between spectral information and
water quality variables as accurately as possible.

4. Results
4.1. Small Water Body Identification

Figure 8 shows the water body identification results of the HSI method and four
index-based identification methods (MNDWI, EWI, NDWI3, and NDWI) from a part of
the study area. In this example, HSI identified each fish pond with a clear and separated
boundary (Figure 8b). However, MNDWI, EWI, NDWI3, and NDWI (Figure 8c, Figure 8d,
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Figure 8e, and Figure 8f, respectively) could not separate the fish ponds easily and clumped
several small water bodies together.
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Figure 8. Example of the identification results obtained for a part of the study. The remote sensing
images indicate (a) a true color image, and the identification results from (b) the HSI method, (c) the
EWI method, (d) the MNDWI method, (e) the NDWI3 method, and (f) the NDWI method.

Among the accuracy assessment zones, 2132 points were identified as small water
bodies, and 1868 points were identified as non-water bodies. The overall error indices OA,
UA, PA, and K of the HSI method were 0.980, 0.995, 0.967, and 0.959 respectively. To verify
the effectiveness of the HSI, the OA, UA, PA, and K values of the MNDWI, EWI, NDWI3,
and NDWI methods were also calculated. The values for those methods were found to be
significantly lower than the values for HSI (Table 5), which is another strong indicator that
the HSI method is more effective for identifying small water bodies.

Table 5. The overall accuracy assessment results of HSI, MNDWI, EWI, NDWI3 and NDWI methods.

HSI EWI MNDWI ndwi3 NDWI

OA 0.980 0.832 0.778 0.793 0.746
UA 0.995 0.772 0.711 0.740 0.680
PA 0.967 0.971 0.981 0.940 0.985
K 0.959 0.657 0.542 0.575 0.477

Figure 9 shows the small water body identification results for Wuhan. Small water
bodies were divided into four categories: “urban agriculture/fishery”, “urban–other”,
“suburban agriculture/fishery”, and “suburban–other” water bodies. However, due to
objective limitations such as the satellite spatial revolution and the edge effect, small water
bodies in the area range of 1–5000 m2 were not fully identified. Figure 10 illustrates the
detection rate of different size water bodies. Detection rates showed a decreasing trend as
the area shrunk. When the areas of small water bodies was in the range of 1000–50,000 m2,
the detection rates were close to 100%, while when the area is smaller than 500 m2, the
detection rates declined precipitously and were smaller than 50%. The total identified areas
of the four types of water bodies in the study area are listed in Table 6. In general, the total
area of small water bodies increased between December 2019 and January 2021.
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  Figure 9. Small water body identification results for Wuhan during the four investigated dates.
(a) 11 December 2019. (b) 22 March 2020. (c) 4 January 2021. (d) 25 March 2021.
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Table 6. The areas of the four types of water bodies.

Date
Water Area

(km2)
Small Water

Area
(km2)

Other Water Body
(km2)

Agriculture/Fishery Water Body
(km2)

Urban Suburban Urban Suburban

11/12/2019 1129.32 225.32 2.93 40.25 0.26 181.58
22/03/2020 1293.22 306.08 3.21 52.20 0.33 250.35
04/01/2021 1268.02 279.86 4.61 51.73 0.28 223.23
25/03/2021 1295.99 324.84 3.57 57.29 0.26 263.72

4.2. Water Quality Inversion

The reliability of the model increases as the coefficient of determination (r2) increases
to a maximum of 1. Values of r2 were calculated for the test dataset in different BPNN
models using three different training algorithms: Levenberg–Marquardt, Bayesian regu-
larization, and scaled conjugate gradient (Table 7). The highest r2 was obtained for the
scaled conjugate gradient algorithm when determining COD in “agriculture/fishery” wa-
ter bodies. However, the Levenberg–Marquardt algorithm produced the highest r2 when
determining the COD of “other” water bodies and the water turbidity for both water body
types.

Table 7. Values of coefficient of determination (r2) for the test dataset in different BPNN models.
The algorithm with the highest r2 value for water turbidity and COD measurements in “agricul-
ture/fishery” and “other” water bodies is highlighted in bold.

Training Algorithm Training r2 Test r2

water turbidity

agriculture/fishery
water body

Levenberg–Marquardt 0.9390 0.8782

Bayesian regularization 0.7636 0.6782

Scaled conjugate gradient 0.8694 0.5315

other water body
Levenberg–Marquardt 0.8081 0.8119

Bayesian regularization 0.6443 0.7224

Scaled conjugate gradient 0.7194 0.6808

COD

agriculture/fishery
water body

Levenberg–Marquardt 0.9215 0.6699

Bayesian regularization 0.9015 0.8679

Scaled conjugate gradient 0.8944 0.9586

other water body
Levenberg–Marquardt 0.8680 0.8753

Bayesian regularization 0.9001 0.4205

Scaled conjugate gradient 0.6484 0.1874

The detailed results of the water quality indices inversion in Wuhan over the four
investigated time periods are shown in Figure 11 (COD) and Figure 12 (turbidity index).

According to the national standard GB3838-83 [51], the COD of water for agriculture
and general landscape use should be less than 25 mg/L. In water quality results, the passing
rates of “agriculture/fishery” and “other” water bodies are 10.5% and 45.3%, respectively.
In addition, the overall passing rate of water bodies in term of COD in Wuhan is lower
than 30%.

The variation of water quality with time can be determined by plotting the median
COD and turbidity values against time (Figure 13). The two water quality indices of
“agriculture/fishery” water both showed a trend of decreasing in spring and increasing
in winter. In addition, the water quality of “agriculture/fishery” water bodies increased
significantly in January 2021. The variation of the quality of “other” water bodies was
relatively stable and showed no significant changes.
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Figure 11. Chemical oxygen demand (COD) index inversion results for small water bodies in Wuhan
during the four time periods. (a) 11/12/2019, mean = 50.1 mg/L; (b) 22/03/2020, mean = 53.3 mg/L;
(c) 04/01/2021, mean = 31.0 mg/L; (d) 25/03/2021, mean = 51.6 mg/L.
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Figure 12. Turbidity index inversion results for small water bodies in Wuhan during the four time
periods. (a) 11/12/2019, mean = 87.7 NTU, (b) 22/03/2020, mean = 85.6 NTU, (c) 04/01/2021,
mean = 58.6 NTU, (d) of 25/03/2021, mean = 75.1 NTU.
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Figure 13. Temporal changes in median values of COD and turbidity for the two types of water
bodies.

It is evident that the two types of water bodies show significantly different patterns
in the water quality indices inversion results. Figure 14 exemplifies the COD inversion
details of different water bodies in December 2019 from a section of the study area. Based
on the 11/12/2019 dataset, the COD and turbidity results for all small water body pixels
were plotted in a frequency histogram (Figure 15). The histogram indicates that the water
quality of the “agriculture/fishery” water bodies was worse than the water quality of
the “other” water bodies. The median COD values for “agriculture/fishery” and “other”
water bodies corresponded to 58.9 mg/L, and 26.9 mg/L, respectively, in which the latter
was approximately 1/2 of the former value. The median turbidity value for “agricul-
ture/fishery” water bodies (89.6 NTU) was three times the value for ”other” water bodies
(26.4 NTU). The frequency histograms of other three dates are shown in Supplementary
Material, Figures S1–S3.
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Figure 14. 11/12/2019 COD inversion results from a small section of the study area. (a) COD
inversion results of water for “agriculture/fishery” water bodies, mean = 36.0 mg/L. (b) COD
inversion results of “other” water bodies, mean = 11.4 mg/L.
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Figure 15. Frequency histograms of water quality inversion on 11 December 2019 for urban (left) and
suburban (right) water bodies. Blue is “agriculture/fishery” water bodies, green is “other” water
bodies. The red line is the threshold of the national standard of water quality (GB3838-83).

5. Discussion
5.1. HSI Color Space

The identification approach based on the HSI color space yielded excellent results.
This is attributed to the fact that the HSI color structure decomposes the characteristics of
the water body. Hue is related to the bandwidth of the light and represents the perception
of color in the human eye. Based on this, the water bodies can be preliminarily identified.
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Saturation represents the purity degree of hue and reflects the degree of mixing of different
features in one pixel. Combining hue and saturation helps to separate the mixed pixels
that contain vegetation and water features. Intensity represents brightness and can be
used to distinguish between shadows and water. This attribute is helpful in identifying
urban water bodies and suburban water bodies, which are often mistaken as building
shadows and mountain shadows, respectively. The combination of HSI indices can identify
mountain shadows, building shadows, small water bodies, and paddy fields.

5.2. BPNN

The coefficients of determination r2 of the quality estimation results in the study
approached 0.9 without overfitting. This indicates that the specific model generated by the
BPNN is effective in Wuhan. However, compared with literature that also employed BPNN
to estimate indices of surface water quality, our estimations are not as accurate [36,52].
Considering the characteristics of the small water bodies, the highly dynamic nature of
small water bodies in shape, size, and quality with time, small water bodies are more
vulnerable and more susceptible to impacts from the surrounding environment, especially
from human activities. They often show stronger spatial and temporal heterogeneity, while
larger water bodies are usually more stable and less spatially dynamic and thus more
predictable. Small water bodies by definition have a smaller ratio of area to perimeter.
Therefore, compared to larger water bodies, remotely sensed images of small water bodies
have proportionally more mixed pixels. This may also be one of the reasons for the slight
lack of estimation accuracy in this study.

5.3. Water Quality Response to Intensity of Human Activities during COVID-19 Lockdown

The quality inversion results indicate that a decrease in the intensity of human activities
can improve the water quality of small water bodies, although there is a time delay for
this effect to occur. The change in water quality of “agriculture/fishery” water bodies
with time is predominately caused by the production process. After the winter harvest,
“agriculture/fishery” water bodies are refilled with fresh water, which increases water
quality. In the spring, fertilizers and pesticides are added to the water, which lowers water
quality. As shown in Figure 12, the water quality of “agriculture/fishery” water bodies
during the lockdown period fluctuated slightly in line with the normal seasonal trend
(March 2021); however, the water quality improved significantly one year after the end of
the lockdown. It is reasonable to assume that this significant improvement was due to the
change in the intensity of human activities, especially considering there were no abnormal
climate conditions during this period. A decrease in the intensity of human activities may
therefore be conducive to the recovery of water quality in small water bodies up to a year
after human activities occurs.

5.4. Spatial Variation in the Water Quality Due to COVID-19 Lockdown

The results show the spatial distribution of water quality in small water bodies across
Wuhan as well as the water quality of “agriculture/fishery” water bodies being worse in
eastern Wuhan than in western Wuhan (Figures 11 and 12). This spatial distribution also
indicates that the degree to which the intensity of human activities decreased during the
COVID-19 lockdown differed between the two locations. Through the field investigation,
we found that eastern Wuhan is a large-scale agriculture/fishery base, and that while pro-
duction and human activities were reduced during lockdown, they did not stop. However,
in western Wuhan, all production ceased during lockdown. The epidemic related policies
impacted the production mode of each agriculture/fishery differently, which led to the
spatial variation in the water quality of “agriculture/fishery” water bodies.

5.5. Limitations and Further Study

The study has potential limitations. The inversion model in this study may not be
reusable in other regions. The water samples involved in constructing the model are all
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collected in Wuhan. According to the national standard of water quality [51], the passing
rate of the “agriculture/fishery” water bodies in Wuhan is only 10.5%. This indicates the
water quality of “agriculture/fishery” water is poor. Therefore, only in areas of poor water
quality can this model be more accurately inverted for water quality.

The method proposed in this paper is very effective for the dynamic monitoring of
small water bodies but can be optimized in the following aspects. First, corresponding to
the availability of cloudless data, more water samples should be collected to optimize the
inversion model; increasing the number of water samples would enrich the training sample
set and thereby optimize the inversion model. Second, the time series should be extended
so that the response of small water bodies to changes in the intensity of human activities
and the nuanced causality of the response can be comprehensively analyzed.

The proposed method for small water body identification and water quality analysis
process can be applied to a wide variety of scenarios. For example, a large number of
mosquitoes breed in ponds, shallow gullies, and other small water bodies in cities. The
proposed model can be used to analyze urban small water bodies and help prevent the
spread of mosquito-borne diseases [53]. The occurrence of mosquito-borne diseases can be
identified by analyzing the density of urban populations, accurately locating and analyzing
the water quality of small water bodies, and implementing interventions in high-risk water
areas to prevent the transmission of mosquito-borne diseases.

6. Conclusions

This study proposed a method that integrates identification and water quality inver-
sion of small water bodies (1–50,000 m2). The results from the small water body identifi-
cation confirm the applicability of the Sentinel-2 sensor and HSI method in Wuhan and
feasibility of the scheme for small water identification [21,44]. The accuracy assessment
indicates that the HSI method can accurately identify various types of small water bodies
while preserving the edge details. The BPNN model, which combines COD and turbidity
with the relevant waveband values in the Sentinel-2 image, is adopted to achieve rapid and
accurate inversion of water quality.

To, conclude, the method presented provides targeted adjustments to the existing
research on water environment using remote sensing based on the characteristics of small
water bodies. Small water bodies are present on the image as mixed images due to their
small size, which makes identification difficult. Further, the water quality of small water
bodies is highly variable and cannot be inverted by the inversion models for Case I and
Case II water bodies. The method proposed in this study fills in the gaps. In addition,
high-precision identification and water quality inversion are accomplished simultaneously
for a comprehensive understanding of small water bodies. Using this method, the response
of small water bodies to human activities was discussed in terms of the temporal and
spatial dimensions. We found that changes in the intensity of human activities influence
the water quality of “agriculture/fishery” water bodies and this influence has a lag. There
are also spatial differences in the water quality of “agriculture/fishery” water bodies due
to the different production methods used in different parts of Wuhan.

Supplementary Materials: The following are available online at http://www.mdpi.com/xxx/s1.
Figure S1. Frequency histograms of water quality inversion on 22 March 2020 for urban (left) and
suburban (right) water bodies. Blue is ‘agriculture/fishery’ water bodies, green is ‘other’ water
bodies. Figure S2. Frequency histograms of water quality inversion on 4 January 2021 for urban (left)
and suburban (right) water bodies. Blue is ‘agriculture/fishery’ water bodies, green is ‘other’ water
bodies. Figure S3. Frequency histograms of water quality inversion on 25 March 2021 for urban (left)
and suburban (right) water bodies. Blue is ‘agriculture/fishery’ water bodies, green is ‘other’ water
bodies.
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