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Abstract

:

Attempts have been made to incorporate remote sensing techniques and in situ observations for enhanced water quality assessments. Estimations of nonoptical indicators sensitive to water environment changes, however, have not been fully studied, mainly due to complex nonlinear relationships between the observed values and surface reflectance. In this study, we applied a novel deep learning approach driven by a range of spectral properties to retrieve 6-year changes in water quality variables, i.e., Chl-a, BOD, TN, CODMn, NH3-N, and TP, on a monthly basis between 2013 and 2018 at Dongping Lake, an impounded lake located in the Yellow River in China. Band arithmetic was used to compute 26 predictors from Landsat 8 OLI imagery for model inputs. The results showed generally strong agreement between in situ and ConvLSTM-derived lake variables, generating R2 of 0.92, 0.88, 0.84, 0.80, 0.83, and 0.77 for TN, NH3-N, CODMn, Chl-a, TP, and BOD, which suggest good performance of the developed model. We then used statistical analysis to identify the spatial and temporal heterogeneity. The framework established in this study has applications in effective water quality monitoring and serves as an alarming tool for water-environment management in the complex inland lake waters.
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1. Introduction


Documentation related to water quality in different regions and water bodies combines to yield a complex water issue map of the world. Living in close proximity to endangered water bodies increases the risk of exposure to public health threats as well as a decline in residential property. On the other hand, the growing population and excess nutrient and chemical loads from anthropological activities have increased freshwater ecosystem stresses [1,2,3,4,5]. Further aggravated by uneven distribution and lack of water, the impaired water quality in China has posed an enormous threat to society and freshwater ecosystems. To address the problem, the Chinese government has come forward the with South–North Water Diversion Project (SNWDP), drawing water from the rainy low latitudes to relatively dry and less rainy high latitudes. Since 2002, the eastern route of the SNWDP (SNWDP-ER) has diverted enormous quantities of water and significantly impacted the water quality in its receiving areas [6,7]. Effective water quality monitoring is identified as the key to protecting and restoring the integrity of ecosystems, achieving sustainability in water quality, benefiting human well-being, and boosting socioeconomic development [8,9,10,11,12]. Traditional monitoring techniques, broadly defined as in situ observations, however, are considered too costly for local environmental uses for extracting the varying spatiotemporal features. This inevitably poses a challenge to addressing aquatic issues and public health concerns. Therefore, it has gradually evolved as a supplement and validation of other water quality monitoring methods.



For this reason, it is important to monitor the surface water in a more flexible and appropriate way. To date, numerous studies have explored the potential and utility of remote sensing techniques in bettering our knowledge of environmental characteristics on varying temporal and spatial scales. Satellites equipped with various optical and thermal sensors are more advantageous than in situ measurements in providing the ever-increasing stream of geospatial data covering large areas with high resolution, as well as being more economical [2,9,13,14,15,16,17,18,19,20]. Low- or medium-resolution hyperspectral sensors, such as MERIS, MODIS, and SeaWiFS, have been adopted by researchers for many years for water quality assessment, and research conducted in large rivers and lakes, estuaries, and coastal areas or on a regional scale has demonstrated applicability in satellite-based water quality estimations [15,21,22,23,24,25,26]. Nevertheless, they are not very suitable for monitoring small lakes or rivers due to limited spatial information. Much literature has revealed the efficacy of multispectral Landsat sensors, including TM (Thematic Mapper), MSS (Multispectral Scanner), ETM (Enhanced Thematic Mapper), and OLI (Operational Land Imager), for the retrieval of commonly measured water quality variables. Being quite accessible and with appropriate temporal frequency and spatial resolution, the Landsat satellite-based datasets enable monthly monitoring in smaller areas of inland water bodies and provide key information for local policymakers and water-environment, managers as well as researchers. Water constituents, such as chlorophyll, Secchi disk depth (SDD), total suspended matter (TSM), colored dissolved organic matter (CDOM), and others, defined as optically active variables, have been widely studied by many researchers [27,28,29,30,31,32,33,34,35,36,37]. However, several other important indices are nonoptically active, such as chemical oxygen demand (COD), biological oxygen demand (BOD), total nitrogen (TN), permanganate of chemical oxygen demand (CODMn), ammonia (NH3-N), and total phosphorus (TP), and have not been well explored and remain a challenging aspect of comprehensive water quality evaluation. Furthermore, most previous studies that estimated the water quality condition in the impounded lakes in China have rarely focused on specific seasons or were dependent on point scales with limited laboratory analytic data. This highlights the necessity to effectively estimate both optically active and inactive variables and examine their spatiotemporal patterns, thus facilitating a bigger picture of water quality conditions by aquatic environment managers.



Different approaches are introduced in water quality remote sensing investigations to enhance our knowledge of the water system. Typical methodology to interpret and evaluate the concentrations of different variables has evolved from empirical regression methods including simple linear regression and nonlinear multiple regression to principal component analysis (PCA) and neural networks [20,28,32,38]. A number of these investigations have also utilized band math algorithms to select both correlated single bands and band ratios for mapping the spatial distribution of indicators [30,39]. Nevertheless, some conventional regression models may not be optimal, especially when there are complex nonlinear relationships between water system behaviors and environmental factors. In recent years, rather than amending classical approaches, leveraging big-data tools and technologies in the water quality sector has become a consensus. Although some machine learning-based evaluations have shown promising results in tackling the low accuracy in time series using simple empirical models, it remains a challenge to thoroughly understand the complex bidirectional interactions between water constituents and solar radiation in temporal and spatial contexts [10,13,40,41,42]. Deep learning techniques provide an opportunity to learn the more sophisticated statistical characteristics, yet have sometimes forcibly separated the spatial or temporal correlation characteristics [15,43,44,45]. Recent studies looking into the abilities in the data-driven estimation of ecological factors, such as soil moisture, have found the novel artificial intelligence approach (AI) of convolutional long short-term memory (ConvLSTM) model dramatically outperformed classical sequence modeling methods in capturing the spatiotemporal correlations of the satellite image inputs. However, attempts at applying the ConvLSTM algorithm to water quality retrieval are still rare, which underlines the need for special attention applying to the challenging water quality modeling.



The fact that water quality issues are associated with plural environmental and anthropogenic factors has made the accurate prediction of water quality constituents particularly difficult. In this study, we developed a novel deep learning-based regression model of ConvLSTM, designed specifically for both optically active and inactive water quality modeling. By incorporating the Landsat 8 OLI imagery into the developed model, we attempt to propose a highly accurate method for inland lake monitoring that is potentially powerful in mapping the nonlinear spatial–spectral information at relatively high spatial resolution. In addition to retrieving the concentration of water quality parameters, detection of variations from different temporal and spatial perspectives for these water quality indicators were performed to provide better knowledge and insights into the contrasting spatiotemporal patterns in an impounded lake. Accordingly, the aims of the study were to: (1) investigate the utility of the ConvLSTM-based deep learning method with processed Landsat 8 OLI remotely sensed imagery, (2) to evaluate the accuracy of the ConvLSTM-derived concentration of both optically active and inactive water quality variables, and (3) to map the distribution for the range of water quality indicators and identify the dynamics in time and space. A schematic flowchart of the developed framework for water quality retrieval and spatiotemporal variation assessment using remote sensing and deep learning techniques is presented in Figure 1.




2. Materials and Methods


2.1. Study Area


Dongping Lake (DPL) is a typical inland freshwater lake, located in Dongping County, Tai’an City, western Shandong Province in China (116°00′~116°20′E, 35°50′–36°20′N) (Figure 2). Mainly recharged by the Liuchanghe River in the south, the lake water flows from south to north into the Yellow River in the west of Shandong (Figure 2b,c). The lake encompasses an area of 627 km2, stores 3980 million m3 of water, and has an average multiyear water depth of 1–2 m. This region has a warm temperate monsoon climate with an annual average temperature of 13.6 °C. Unevenly distributed over the year, most of the precipitation in this area happens in the flood season (from June to September), and the annual average rainfall is 663 mm [46,47,48].



Officially implemented on 15 November 2013, the SNWDP-ER draws water from the Yangzhou Jiangdu Water Conservancy Hub in Jiangsu Province, transfers water from a series of impounded lakes from south to north, and finally diverts water from Baliwan Pumping Station into Dongping Lake, which supplies water to the north of the Yellow River and Jiao Dong region. As the last level of water transfer and storage lake in the SNWDP-ER, the water quality of DPL is directly related to the water supply safety of the northern receiving area of the Yellow River and could have a great impact on the local ecology and economy. The months in which water transfer occurred in DPL during the study period are listed in Table 1 [7,49,50]. According to the files issued by the state council, the comprehensive water quality of DPL should be consistently up to the Class III standard according to the Chinese Environmental Quality Standard for Surface Water (GB3838-2002) before the water transfer. Nevertheless, the DPL has experienced several outbreaks of algae that have brought public awareness of the risk of eutrophication and water pollution issues [7,46,47].




2.2. Data


2.2.1. Satellite Data


Launched on 11 February 2013 by the National Aeronautics and Space Administration (NASA), Landsat 8 OLI is one of the most commonly used satellites for water quality monitoring. Being a sun-synchronous spaceborne satellite, the OLI sensor has an orbital altitude of 705 km and an orbital inclination of 98.2° with a revisit interval of 16 days. It has a spatial resolution of 15–30–100 meters with each image covering 170 km in width. Apart from all of the bands in the Enhanced Thematic Mapper Plus (ETM+) sensor mounted on Landsat 7, particular spectral properties were added to the Landsat 8 OLI sensor. There are two more bands in the OLI sensor, i.e., the blue band (band 1; 0.433–0.453 μm), mainly used for coastal zone observations, and the short-wave infrared band (band 9; 1.360–1.390 μm), representing a strong absorption feature for water vapor that can be used for cloud detection. As a result, there are a total of nine bands for OLI sensors with a wavelength ranging from 430 to 1380 nm. The Landsat 8 Operational Land Imager (OLI) datasets for the period between April 2013 to December 2018 were obtained via the publicly free website (http://glovis.usgs.gov/ (accessed on 24 June 2022)) supported by the US Geological Survey (USGS). In this study, a total of 69 scenes of OLI imagery with a cloud cover of less than 10% were gathered.




2.2.2. In Situ Water Quality Observation Data


A system of physicochemical indices according to the GB3838-2002 standard, including Chl-a, BOD, TN, CODMn, NH3-N, and TP, were obtained from the local government of Shandong Province [51,52]. The two national cross sections within the lake, i.e., Hunan (HN) and Hubei (HB) sections, provided in situ observations from April 2013 to December 2018 in the upper and middle reaches of the lake (Figure 2c). The measurements in accordance with the passing dates of the satellite were paired to the corresponding remotely sensed imagery, thus generating a total of 138 pairs of monthly datasets. The major over-standard pollutants exceeding the range of Class III surface water specified by the GB3838-2002 standard of DPL were found to be TN and TP for both national cross sections.





2.3. Method


2.3.1. Preparation and Processing of the Satellite Imagery


Solar radiation receives aerosols, mists, and features during transmission, resulting in the sensor’s raw image containing not only information reflected from the surface of the object but also some false information. Therefore, several preprocessing steps were applied for all Landsat 8 images before being used as inputs for the water quality model. As the Landsat 8 L1T images have been geometrically corrected by DEM, the overall preprocessing workflow began with radiometric calibration that converted the raw digital numbers (DNs) values for each band to units of top-of-atmosphere (TOA) reflectance with common reference values. With radiometric calibration, interference induced by the atmosphere and the sensor itself can be diminished as well. The calibrated data were then atmospherically corrected to allow the conversion from spectral radiance to water–surface reflectance. A simplified atmospheric radiative transfer model is used here for atmospheric correction, which takes into account the effect of atmospheric scattering, and also the effect of solar altitude angle in the transmission of surface information [29]:


   ρ  tg   =      L i  −  L  min        E 0  ⋅ cos    θ 0    ⋅ d    








where    ρ  tg     is the surface reflectance of the target and    L  ds     and    L  ts     denote the radiant brightness value and the dark object radiance at the sensor, respectively.    E 0  ⋅ d   is the solar irradiance at the top of the atmosphere, and    θ 0    is the solar zenith angle. The atmospheric correction is processed in ENVI 5.3 platform using the FLAASH methodology, which builds its physics-based algorithms based on the MODTRAN4 radiative transfer code. By allowing a range of choice of atmospheric models and accurately compensating for atmospheric effects, the procedure has facilitated remote sensing water quality monitoring in many applications.



The processed satellite products contained well-corrected surface reflectance values for the nine bands of Landsat 8 OLI imagery. The remotely sensed images were further masked to extract the water-only contents out of the undesired area. Representative square sampling areas of 90 × 90 m (3 × 3 pixel) were created, centered on the pixel where the two cross sections are located. These sampling areas were manually demarcated to diminish adjacency effects. Then, the value of each pixel within the small sets of samples was averaged for each band as input spectral data for the modeling process. The resulting Landsat imagery database generated a total of 69 scenes for Dongping Lake from April 2013 to 18 December 2018.




2.3.2. Feature Extraction


Band ratio/arithmetic, a semiempirical method for the retrieval of water quality parameters, has been extensively researched and applied in remotely sensed monitoring of inland water bodies. demonstrating promising results [53,54,55,56,57,58,59]. By establishing a mathematical ratio consisting of the reflectance of two or more spectral bands, the band arithmetic approach provides a number of new variables that would benefit the regression analysis of water constituents. The simple form of this method can be described as follows:


   p ^  = α        R 1     R 2       β  + γ  








where   p ^   is the estimated water quality variable,    R i    is the reflectance of Bandi, and α, β, and γ are the coefficients from the regression model. To better exploit the complex interaction between the measurements and the spectral signals from the sensors, as well as to extract extra biophysical properties for optically active and inactive constituents, a list of band ratios is computed from the processed OLI dataset. As displayed in Table 2, this produces a total of 26 predictor features representing the spectral reflectance features of the given sampling area, which are later used as the inputs of the estimation model.




2.3.3. ConvLSTM-Derived Water Quality Estimation


The convolutional long short-term memory (ConvLSTM) model, introduced by [41], was proposed as an extension of the fully connected LSTM (FC-LSTM) model and was originally applied to address the spatiotemporal sequence forecasting problem in precipitation nowcasting. By stacking multiple recurrent ConvLSTM layers, which are similar to those layers in LSTM, yet exchanging the internal matrix multiplications, with convolution operations, this algorithm includes convolutional structures in both the input-to-state and state-to-state transitions. As a key constituent of the model, the three-dimensional (3D) ConvLSTM layer height, weight, and depth make use of the weight sharing to reduce the number of parameters and their redundancy in the same way as in a convolutional neural network (CNN). The way that a ConvLSTM network treats input data as a sequence enables the mode to deal with time-series data as a recurrent neural network. As a result, both temporal and spatial information that contain complex and deep features can be encoded, thus facilitating more general spatiotemporal sequence modeling. Moreover, the adoption of the nonlinear ReLU activation function as part of the optimization strategies is also reported to promote modeling performance. The key to overcoming spatial data redundancy is related to the unique design of ConvLSTM, where the input    X t   , memory cell outputs    C t   , hidden states    H t   , and gates    i t   ,    f t   ,    o t    of the network are 3D tensors, with the last two dimensions representing spatial dimensions (rows and columns). The controlling equations of the model are shown below, where ‘ ∗ ’ denotes the convolution operator and ‘ ∘ ’ denotes the Hadamard product.


       i t  = σ    W  x i   ∗  X t  +  W  h i   ∗  H  t − 1   +  W  c i   ∘  C  t − 1   +  b i           f t  = σ    W  x f   ∗  X t  +  W  h f   ∗  H  t − 1   +  W  c f   ∘  C  t − 1   +  b f           C t  =  f t  ∘  C  t − 1   +  i t  ∘ tanh    W  x c   ∗  X t  +  W  h c   ∗  H  t − 1   +  b c           o t  = σ    W  x o   ∗  X t  +  W  h o   ∗  H  t − 1   +  W  c o   ∘  C t  +  b o           H t  =  o t  ∘ tanh    C t         



(1)







Current research has found an improvement in model performance with a smaller input size and a moderate number of convolutional layers. Layer numbers ranging from 2 to 7 are typically desirable for accurate modeling results. Considering the spatial resolution of the remotely sensed images and the computation cost, the input core size was set through optimization. The overall architecture of the designed regression model is composed of three convolutional layers and three fully connected layers. In between the three convolutional layers and the fully connected layers is one dropout layer, which serves as a controlling method in preventing the overfitting of the network by randomly dropping information between the layers. Within each convolutional layer, we adopted batch normalization and the ReLU activation function. After these structural layers, the spectral characteristics are ultimately converted to estimated water quality concentration. All regression modeling techniques conducted in this study were implemented in Python using Keras and TensorFlow.



In this study, the modeling results were evaluated by a set of commonly used statistical indices of the coefficient (listed in Table 3): determination (R2), mean square error (MSE), root mean square error (RMSE), mean absolute error (MAE), relative error (RE), and Nash–Sutcliffe efficiency (NSE).



Where the    y i    and     y ^  i    denote the observed and predicted concentration of water constituent,      y i   ¯    denotes the averaged observation value, and n is the number of sampling pairs. Typically, a model is considered well performing with high values of R2 and NSE and low values of MSE, RMSE, MAE, and RE.




2.3.4. Statistical Analysis


Influenced by the SNWDP, the water level, water volume and water retention time of the impounded lake vary greatly between different diversion seasons (i.e., the water-transfer and nontransfer periods), forming unique physicochemical characteristics different from those of general lakes. To provide useful information to lake-management practices, a one-way analysis of variance (ANOVA) was applied in this study to investigate the spatiotemporal patterns in the concentrations of Chl-a, BOD, TN, CODMn, NH3-N, and TP. In spatial terms, we quantitatively divided the lake into two areas by specifying a buffer zone with a width of 1.5 km inward from the lake boundary. As referenced in the literature, this buffer area has poorer hydrodynamic conditions with shallower waters and might suffer greater impact from the surrounding villages and intensive fish farming of the lake. The rest of the water portion is defined as the lake core area, characterized by relatively faster flow and deeper water and depth. In temporal terms, we analyzed and compared the variations in different water diversion periods and information on the schedule of water transfer are given in Table 1. In this study, we determined differences in water quality for different groups by setting a significance of p < 0.05, and the statistical techniques conducted here were performed on the R platform.






3. Results


3.1. Evaluation and Regression Results of the ConvLSTM Model


The input dataset applied in the model was made up of 26 variables of spectral data and in situ measurements, combined to produce 138 pairs of satellite observation data. This dataset is partitioned 70% for training (N = 97) and 30% for testing (N = 41). Concentrations of Chl-a, BOD, TN, CODMn, NH3-N, and TP are estimated using the ConvLSTM model, and the regression results for these six parameters are displayed in Figure 3. The modeling technique with ConvLSTM is proven quite accurate, producing R2 values are greater than 0.90 for all the parameters with the training dataset and a mean of 0.80 when applied to the testing dataset. By constituent, the best modeling results are seen when retrieving TN and NH3-N concentrations, followed by CODMn, Chl, TP, and BOD. The model produced mean testing MAE, MSR, and RMSE values of less than 0.20, 0.29, and 0.40 for all water constituents, respectively, and an averaged NSE for testing dataset of more than 0.71. The scattered plots of the observed water quality variables and the data-driven estimations are presented in Figure 4. In addition, the ConvLSTM avoids the overfitting problem to some extent with a relatively small difference in training and testing dataset. The proposed model proposed for BOD generated some errors estimating high values in the testing data. Overall, the model is proven quite powerful in capturing the hidden spectral features, especially for some optically inactive parameters, and successfully estimated a set of parameters, which indicated the utility in solving complex regression problems in water quality.




3.2. Water Quality Retrieval for the Landsat 8 OLI Images


The well-trained deep learning model was further applied to generate maps of water quality estimation for all variables derived from the OLI input images. To exhibit the capacity of the proposed model in mapping spatial patterns for water conditions, several scenes of interest for each year from 2013 to 2018 where water quality is inferior to Class III, as specified by the Chinese Environmental Quality Standard for Surface Water (GB3838-2002), were mapped. Figure 5a,b are the estimated water-environment variables on 2013.11.29 and 2014.7.11 where levels of TP and TN, TP, accordingly, are considered to exceed the standard. Scenes on 2015.5.18 with excessive concentration of CODMn (Figure 5c) and on 2016.9.2 for the undesirable level of TP, TN (Figure 5d) were also selected. Excessive concentrations of TP on 2017.11.24 were also identified (Figure 5e), and the last scene on 2018.4.17 was chosen where TN and TP did not meet the Class III standard. With a 30 m resolution of the Landsat 8 OLI images, the distinct spatial variation and pattern can now be clearly identified. There is an obvious difference in nearly all the water constituents between areas around and in the center of the lake such that the concentration around the lake is usually higher than in the middle part, a similar trend found throughout the chosen scenes. In addition, as shown in Figure 5a–c,f, high-value patches tend to cluster in the southeastern and southern parts of the lake. Numerically, three of these scenarios in Figure 5a,c,d have excessive phosphorus concentrations, with mean concentrations of 0.051, 0.094, and 0.054, respectively, the highest exceeding 88% of the phosphorus limit for Class III water (Figure 5c). With the techniques of remote sensing and deep learning, maps of these can better our knowledge of the spatial dynamics and trends in optically active and inactive parameters.




3.3. Spatiotemporal Dynamics of the Model-Retrieved Water Quality Variables


Displayed in the box plots of Figure 6 is the annual average of water quality parameters from 2013 to 2018, applying the ConvLSTM model to the entire OLI dataset. Analysis of the retrieved time series displayed trends in interannual variation and the timing of similar concentration turning points was identified among the variables. Most of the maximum pollution occurred between 2015 and 2016 for TP (0.1 ± 0.02), Chl (22.5 ± 1.42), CODMn (4.15 ± 0.55), TN (1.4 ± 0.23), BOD (3.3 ± 0.35), except a peak concentration for NH3-N (0.3 ± 0.04) in 2017. The results generated an overall decreasing trend for all variables for the studied years. As seen in the results, the temporal dynamics of TP, Chl and CODMn are generally aligned. The xx multiyear average concentration generated for CODMn, BOD and NH3-N in DPL displayed a decrease of 48.47%, 14.5% and 83.75% compared to Class III water limits while an average increase of 21.17% and 12.25% for TP, TN, also regarded as the main pollution factors of DPL, was found. Finally, compared to statistical data on the point scale (i.e., the national monitoring sections), all water constituents estimated on the entire lake area exhibited an increase in concentration, with the highest average increase in chlorophyll concentration 79.09% higher compared to the monitoring data. Finally, the temporal dynamics and trend analysis produced for all parameters on a lake scale might provide new insights into hard-to-observe spatial information, while illustrating the importance of spatial monitoring.



Examination of the one-way ANOVAs detected significant effects of water transfer periods on all water variables except an insignificant water diversion effect on BOD, as seen in Figure 7. Water quality parameters during the water diversion period generally produced higher concentrations in all study years than those in the nondiversion seasons (Figure 7a,b,d–f). The NH3-N and Chl displayed significantly higher values during the water transfer (0.2 ± 0.07 and 25.33 ± 13.58) than the respective lower concentrations of 0.13 ± 0.04 and 9.5 ± 3.67 in seasons without water transfer (p < 0.001). As seen in the results for TP and TN contents (Figure 7d,e), higher levels of pollution are identified in water-transfer seasons ranging from 0.08 ± 0.03 and 1.2 ± 0.62, respectively, compared to those in non-water-transfer seasons (0.05 ± 0.02 and 1.05 ± 0.58). The estimation of CODMn in Figure 7f is also characterized by a significantly higher concentration of 3.8 ± 0.59 during water transfer than that of 2.38 ± 0.520 during other times of the year. In contrast, the results in Figure 7c displayed a higher level of BOD in the non-water-transfer period with a mean concentration of 2.97 ± 1.55 than in the other period (3.5 ± 1.72).



Further exploration of the one-way ANOVAs using two sets of estimations generated for all variables in the central lake area and the lakeshore area (Figure 8) indicated significant spatial effects on water quality (with p values for all parameters less than 0.001). On brief inspection of the spatial statistics, a noticeable difference can be found between the internal and external parts of Dongping Lake based on the location in that the retrieved concentration is identified as a significant decreasing trend from the lake shore to the lake center. For example, the NH3-N content with a mean of 0.21 ± 0.04 mg/L at the lake shore zone is considerably higher than that distributed in the central lake portion with a mean of 0.11 ± 0.03. This is also apparent for TN and TP, the key factors prone to trigger water pollution in Dongping Lake, where the buffer zone around the lake shore show significantly higher concentrations compare to the central area (TN ranging from an averaged of 0.71 ± 0.45 to 1.53 ± 0.79 and TP ranging from an averaged 0.04 ± 0.01 to 0.07 ± 0.03). They displayed strong signals of spatial variations between different portions of the lake, which also align well with water quality maps given in Figure 8. In particular, the retrieved TP for 2015 displays a considerable exceedance (TP with a maximum of 0.05 mg/L for Class III) both in the lakeshore area and the central lake, with 0.063 mg/L and 0.037 mg/L more than the limit value, respectively. Moreover, this is respectively 107% and 169% higher than the average monitoring data for this year. Such spatial dynamics might be connected to the potential pollution sources near the lakeshore and the varying hydrodynamic pattern. In addition, the highly spatially heterogeneous water quality conditions highlight the need for lake-scale monitoring, as field records alone do not appear to be sufficient to detect patterns of pollution that may be at risk of exceedance.





4. Discussion


Utilizing a time series of Landsat 8 OLI dataset, a state-of-the-art deep learning approach was trained and tested for the retrieval of water quality parameters in Dongping Lake from 2013 to 2018 (Figure 1 and Figure 2). Having gained noticeable improvement in recent years, the ConvLSTM method was proven reliable, producing highly accurate predictions for Chl with an R2 of 0.80, BOD of 0.77, TN of 0.88, CODMn of 0.84, NH3-N of 0.88 and TP of 0.83 in this study (Figure 3), which suggest the potential of the technique in addressing water-environment problems. Trends of employing advanced regression methods, such as the SVR, neural networks, and the latest deep learning methodologies, have gained increasing interest among researchers because of their advances in accuracy and reliability, which have seen surging application in different scenarios [16,18,55,60,61,62]. Previous studies on water quality assessment in inland waters have demonstrated the great power of these novel models in capturing the complex nonlinear relationships between water quality variables and ground reflectance and in extracting those spectral features at both low and high levels. The selected optically inactive parameters in this study, such as TN, TP, and NH3-N, were retrieved accurately, among which TN generated even better accuracy than the optically active Chl. Complemented by a series of band arithmetic features by applying expert knowledge [18,63,64,65], as adopted in this study, implementation of the model with a number of spectral features thus enabled the model’s learning of both low-order and high-order interactions through its multilayer architecture for optically active and inactive water variables. This may further validate the hypothesis that the composition of water, in this case, is optically and nonoptically complex. However, the black-box structure of the model might be a potential stumbling block to illustrate the complex interactions in a real environmental system. However, some studies have reported the vanishing gradient problem that might affect modeling capacity, as the magnitude of the gradient decays during backpropagation [66,67]. Therefore, the introduction of a more sophisticated memory mechanism that ensures a stable flow of gradients may further improve the ability and accuracy of spatiotemporal prediction models, as suggested by some recent applications of improved deep learning methods [68,69]. Furthermore, incorporating the laws of pollutant transport, dispersion, and attenuation into the model prediction structure is expected to improve model accuracy and better elucidate the bio-optical properties of specific water bodies.



Previous studies on the trophic state of Dongping Lake have mainly focused on the singular indicator of aquatic health, such as chlorophyll concentration. Some other scholars have successfully applied Landsat series satellites to predict the spatial and temporal evolution of suspended particulate matter (SPM) concentration [7,46,50,70]. These studies have been applied to water quality estimation in specific months or seasons (e.g., the rainy seasons and the dry seasons); however, to the best of our knowledge, a holistic estimation of various water parameters and their temporal–spatial dynamics between the transferred and nontransferred periods of SNWDP-ER in Dongping Lake have rarely been addressed. Applying the trained and tested ConvLSTM model to a range of variables for training and testing datasets, the method shows practically good generalization ability, accurately fitting the high and low values of the in situ measurements (Figure 4). The developed model for BOD, however, underestimates the higher values in the testing data, which might have been linked to the limited monitoring data over the course of several years acquired in this study [14,45,71]. It is therefore beneficial to access and include more water quality observations with longer time series in future research. Another issue of the proposed model is related to adaptation and transferability in other inland waters. With varying hydrological regimes and topographical features, it is possible to produce less accurate water quality estimates than it does in this region. Since the examination of these properties is not the key problem this paper attempts to address, it would be useful to apply the model to additional study areas to provide a larger picture of regional water quality.



The unique hydrological and water-transfer characteristics of the impounded lakes may create different nutrient dynamics from those of general inland lakes. Employing the developed model to the entire DPL generated spatial maps for all variables based on the remotely sensed dataset, which enables further exploration of the temporal–spatial variations of the pollutants from a different perspective. Overall, the model-retrieved time series displayed a general decreasing trend in annual averages from 2013 to 2018 except slight fluctuation of NH3-N (Figure 6), which coincided with previous research on this lake. We further identified the temporal variations in diversion and nondiversion seasons, where all variables display significantly higher values in diversion seasons compared to those in the rest time of the year (p values < 0.001). There is disagreement about the effect of water transfer on water quality, with some researchers suggesting that water quality may be improved by increasing the water inflow thus diluting the originally polluted lake water and improving the eutrophic status of the impounded lakes, and others demonstrating that the resuspension of pollutants such as nitrogen and phosphorus caused by water-transfer practices and the introduction of new polluted water sources may increase the risk of algal outbreaks [2,5,15,72]. It is assumed that the release of nitrogen and phosphorus from the lake sediments due to increased water disturbance has altered the water quality distribution each year. This highlights the need to practice more effective lake management when the water transfer occurs.



The generated maps for water constituents displayed a consistent pattern where the concentration generally decreases from the lake shore to the central lake (Figure 5). This similar pattern is also apparent for most variables throughout the time series, with significantly higher values distributed in the lakeshore area (Figure 8). The dominant cultivated agriculture surrounding the lake and the fish farming within the lake might potentially lead to water degradation and related aquatic issues exacerbated by shallow water environment. Therefore, agricultural management practices and wise aquaculture may be the focus for improving lake water quality [7,15]. The results also identified significant temporal differences in terms of water diversion and nondiversion for the main pollution factors, which showed a clear declining trend from the water transfer period to the nontransfer period (Figure 6 and Figure 7), validated by other findings that the pollution might be more serious when the SWWDP is in operation. The environmental impact of water diversion, which occurs primarily during the dry season, may have outweighed the impact of excess nitrogen and phosphorus compounds in agricultural runoff during the rainy season, with average concentrations of total phosphorus, for example, about 37.5% higher during the transfer period than during the nontransfer period.



Overall, the attempts at developing a water quality estimation model in Dongping Lake are computationally efficient for quantifying the visualizing the temporal dynamic trends for both optically active and inactive variables. The good accuracy produced by this study supports the utility of water quality monitoring based on multispectral data, such as Landsat 8 OLI. The incorporation of spatiotemporal variation detection into the framework may provide a better understanding of the unique dynamics of inland and impounded lakes, thereby facilitating actionable responses to water quality problems.




5. Conclusions


Using the Landsat 8 OLI sensor, remotely sensed datasets on a semimonthly time scale between 2013 and 2018 was produced. Combing the original band spectral information and additional feature extracted from band arithmetic increased the available input data, which is required for the dynamic monitoring system, such as the impounded lakes. In this study, a novel deep learning architecture (ConvLSTM) was developed and tested with multiple metrics, which exhibited good estimation accuracy across optically active and inactive parameters with R2 greater than 0.77 for all water constituents. Applying the proposed ConvLSTM method to all available OLI data for the cross sections used in this study, a time series of retrieved water quality variables were accurately generated. Furthermore, employing the advanced technique to the OLI imagery produced relatively high-resolution spatial maps with ideal spatial coverage across Doping Lake. Spatial distribution maps were found to reflect a similar pattern in all the selected scenarios where concentrations in the center of the lake are usually greater than those in the buffer zone around the lake. In addition, high values tend to cluster in the southeast and south waters. Using the ANOVA and spatial statistics methods variations in temporal and spatial means were identified and analyzed. The results demonstrated distinct differences in water quality between the transfer period and the nontransfer period. Levels of most pollutants are significantly lower during the water diversion months under the operation of the South–North Water Diversion Project (p value < 0.001) except for BOD, and concentrations for all variables are significantly lower in the central portion of the lake (p value < 0.001). These findings highlight the need for actionable measures to address exceedance of priority pollutants (TN and TP) during water transfers. The results also proved the utility of deep learning and remote sensing techniques in water quality monitoring systems. The established workflow may serve as a low-cost but effective method for estimating conventional pollutants in Dongping Lake.
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Figure 1. A framework for water quality variable retrieval and spatiotemporal analysis based on remote sensing and deep learning techniques. 
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Figure 2. Geographic locations of the study area in China (a) and in Shandong Province (b), and the spatial distribution of the corresponding national water quality monitoring sections against a Landsat 8 false-color composite image (c). 
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Figure 3. Results of the regression modeling between OLI-derived spectral properties and the corresponding water quality data from national monitoring sections: (a) R2, (b) MAE, (c) MSE, (d) RMSE, (e) RB and (f) NSE. The blue represents the results from the training period, while the pink represents the results from the testing period. 
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Figure 4. Plots of the observed versus retrieved water quality concentrations when applying the ConvLSTM methodology to the training and testing datasets: (a) Chl in mg/m3; (b) BOD in mg/L; (c) CODMn in mg/L; (d) NH3-N in mg/L; (e) TN in mg/L and (f) TP in mg/L. 
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Figure 5. Maps for the estimated water quality variables for Dongping Lake on 2013.11.29 (a), 2014.7.11 (b), 2015.5.18 (c), 2016.9.2 (d), 2017.11.24 (e) and 2018.4.17 (f). 
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Figure 6. Box plots for averaged water quality parameters estimated by ConvLSTM model for Dongping Lake from 2013 to 2018: (a) BOD in mg/L, (b) TP, (c) TN in mg/L, (d) CODMn in mg/L, (e) Chl in mg/m3 in mg/L and (f) NH3-N in mg/L. The midline of the box indicates the median; bottom and top of the box represent upper and lower quartiles, respectively and the bottom and top whiskers represent 10th and 90th percentiles, respectively. 
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Figure 7. Temporal variations for Dongping Lake from 2013 to 2018 of (a) NH3-N in mg/L, (b) Chl in mg/m3, (c) BOD in mg/L, (d) TP in mg/L, (e) TN in mg/L and (f) CODMn in mg/L. The green bars represent water quality in the diversion seasons while the yellow ones in nondiversion seasons. The red lines represent the average concentration of water quality components for each year. 
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Figure 8. Annual average concentrations for the model-retrieved water quality variables for (a–e): (a) BOD, (b) TP, (c) TN, (d) CODMn, (e) Chl and (f) NH3-N (the units are consistent with those given earlier). The purple bars represent water quality in the central lake areas, while the yellow ones represent the lakeshore area. The green lines represent the average concentration of water quality components for each year. 






Figure 8. Annual average concentrations for the model-retrieved water quality variables for (a–e): (a) BOD, (b) TP, (c) TN, (d) CODMn, (e) Chl and (f) NH3-N (the units are consistent with those given earlier). The purple bars represent water quality in the central lake areas, while the yellow ones represent the lakeshore area. The green lines represent the average concentration of water quality components for each year.
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Table 1. Water-transfer and non-water-transfer months in Dongping Lake under SNWDP-ER operation.






Table 1. Water-transfer and non-water-transfer months in Dongping Lake under SNWDP-ER operation.





	Year
	Water-Transfer Period
	Non-Water-Transfer Period





	2013
	October to December
	January to September



	2014
	May to June
	January to April,

July to December



	2015
	April to July
	January to March,

August to November



	2016
	January to June, December
	July to November



	2017
	January to May,

October to December
	June to November



	2018
	January to May, December
	June to November
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Table 2. Spectral properties of raw bands and band ratios computed from the Landsat 8 OLI dataset.






Table 2. Spectral properties of raw bands and band ratios computed from the Landsat 8 OLI dataset.





	Features of Band/Band Ratio
	Band Arithmetic Formula





	Coastal
	OLI Band 1



	Blue
	OLI Band 2



	Green
	OLI Band 3



	Red
	OLI Band 4



	NIR
	OLI Band 5



	SWIR 1
	OLI Band 6



	SWIR 2
	OLI Band 7



	Cirrus
	OLI Band 9



	Ratio of Green and Red
	Band 3/Band 4



	Ratio of Red and Green
	Band 4/Band 3



	Ratio of Green and Blue
	Band 3/Band 2



	Ratio of Blue and Green
	Band 2/Band 3



	Ratio of Red and Blue
	Band 4/Band 2



	Ratio of Blue and Red
	Band 2/Band 4



	Ratio of Red and NIR
	Band 4/Band 5



	Ratio of NIR and Red
	Band 5/Band 4



	Ratio of Green and NIR
	Band 3/Band 5



	Ratio of NIR and Green
	Band 5/Band 3



	Ratio of Blue and NIR
	Band 2/Band 5



	Ratio of NIR and Blue
	Band 5/Band 2



	Normalized difference Green and Red
	(Band 3 −Band 4)/(Band 3+Band 4)



	Normalized difference NIR and Red
	(Band 5−Band 4)/(Band 5+Band 4)



	Normalized difference NIR and SWIR1
	(Band 5−Band 6)/(Band 5+Band 6)



	Normalized difference Green and NIR
	(Band 3−Band 5)/(Band 3+Band 5)



	Normalized difference SWIR 1 and SWIR2
	(Band 6−Band 7)/(Band 6+Band 7)



	Normalized difference Green and SWIR1
	(Band 3−Band 6)/(Band 3+Band 6)
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Table 3. Statistical and error metrics used for model evaluation.






Table 3. Statistical and error metrics used for model evaluation.





	
Indices

	
Abbreviation

	
Formula






	
Coefficient of determination

	
R2

	
    R 2  = 1 −     ∑  i = 1  n         y ^  i  −  y i     2      ∑  i = 1  n         y ¯  i  −  y i     2      

	
(2)




	
Mean square error

	
MSE

	
   M S E =  1 n    ∑  i = 1  n         y ^  i  −  y i     2    

	
(3)




	
Root mean square error

	
RMSE

	
   R M S E =    1 n    ∑  i = 1  n         y ^  i  −  y i     2      

	
(4)




	
Mean absolute error

	
MAE

	
   M A E =  1 n    ∑  i = 1  n       y ^  i  −  y i      

	
(5)




	
Relative error

	
RE

	
   R E =  1 n        y ^  i  −  y i     y i        

	
(6)




	
Nash–Sutcliffe efficiency

	
NSE

	
   N S E = 1 −     ∑  i = 1  n         y ^  i  −  y i     2      ∑  i = 1  n        y i  −    y i   ¯     2      

	
(7)
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