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ABSTRACT 

Remote sensing imagery has been used to estimate both spatial and temporal variation of optical surface water quality 

parameters (SWQPs) at different water bodies. These optical SWQPs can be traditionally quantified using regression-based 

techniques by relating remote sensing data to concentrations of SWQPs. Due to the presence of various pollutants at the same 

time, the relationship between satellite spectral signatures and concentrations of SWQPs turns out to be non-linear. Therefore, 

conventional regression-based techniques fail to estimate concentrations of SWQPs from space with highly accurate results. In 

our study, an artificial intelligence modeling method, the Landsat8-based-back-propagation neural network (L8-based-BPNN), is 

developed for the first time to quantify concentrations of both optical SWOPs, such as total suspended solids (TSS), and non-

optical parameters, such as dissolved oxygen (DO), from Landsat8 imagery. The resulting coefficients of determination (R
2
), 

using the developed L8-based-BPNN models, were 0.976 and 0.942 for TSS and DO respectively. While in estimating TSS and 

DO by using support vector machine method, R
2
 were 0.930 and 0.887 respectively. These findings demonstrate that our L8-

based-BPNN method will ease the performing of routine water quality monitoring. 

Keywords: remote sensing; surface water quality parameters; Landsat8; back-propagation neural network; total suspended 

solids; dissolved oxygen 

INTRODUCTION 

Due to the increase of anthropogenic activities, water quality monitoring and estimation becomes a critical task (Gaballah, et al. 
2005). Water quality is significantly linked to human production, thus, to help the decision makers in taking the right action at the 
right time, the relevant information systems require continuously updated information about water quality. Basically, conventional 
water quality monitoring techniques are costly and time-consuming  (Murdoch, Baron and Miller 2000). Thus, remote sensing is 
found to be an effective compensation to traditional techniques for estimating concentrations of surface water quality parameters 
(SWQPs) and providing wide spatial coverage as well as detecting temporal changes (He, et al. 2008, Yang, et al. 2011, Matias, et 
al. 2015). Remote sensing estimation of SWQPs is based mainly on finding the corresponding relationship between satellite 
signatures and concentrations of SWQPs; however, it is often critical to draw a theoretical expression for this relationship. Bearing 
that in mind, the estimation of concentrations of SWQPs from space is commonly achievable via regression-based techniques (He, 
et al. 2008, Yang, et al. 2011, Matias, et al. 2015, Yunlin, et al. 2016).  

Theoretically, water quality is complex to have a simple relationship with satellite spectral information. Moreover, it is a 
challenge for regression techniques to model such a non-linear relationship between satellite data and concentrations of SWQPs, 
especially non-optical parameters (Xiang, et al. 2016). Therefore, our focus in this research is to explore an appropriate learning-
based algorithm to estimate both optical and non-optical SWQPs from Landsat8 data since these data are freely available and 
acquired by a recent satellite sensor. In literature, few researchers have attempted to estimate concentrations of SWQPs using two 
learning-based algorithms; namely Levenberg-Marquardt (LM) and Cascade Correlation (CC).  

The LM learning algorithm has been utilized by (Zhang, et al. 2002, Ribeiro, et al. 2008, Yirgalem 2012, Ali, et al. 2013) to 
develop empirical models for estimating chlorophyll, TSS, turbidity, and secchi disk depth in different water bodies. The 
determination coefficients (R

2
) of the network testing data were ≥ 0.84. The CC learning algorithm has been utilized by 

(Diamantopoulou, Antonopoulos and Papamichail 2007) to derive empirical models for estimating the monthly values of power of 
hydrogen (pH) and electrical conductivity (EC), over the Axios River, Greece. The results showed that the R

2
 values for both pH 

and EC were > 0.87. Based on what has been reviewed, the LM learning-based algorithm works well only if the error surface is 
smooth; otherwise there is no guarantee to find the global minima (Holger, et al. 2010). Also, the CC learning-based algorithm is 
supposed to be useful in solving regression problems; however, its propensity to overfit on the training data is considered as a very 
critical disadvantage (Tetko and Villa 1997). Additionally, other methods, such as support vector machine (SVM), have the defect 
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of selecting the optimum kernel function and its corresponding parameters because of the absence of theoretical guidance (Horvath 
2003). 

 On the other hand, the BPNN algorithm can result in good generalization when small or large datasets are used (MacKay 
1992). As an important pattern recognition algorithm, the BPNN is found to be an appropriate tool for water quality assessment, 
which is a typical pattern recognition problem. Therefore, in our study, the BPNN algorithm is proposed to retrieve concentrations 
of optical and non-optical SWQPs from the Landsat8 satellite data. The identified objectives of this research are to: (1) develop a 
L8-based-PBNN model for estimating concentrations of each SWQP from the Landsat8 satellite data, and (2) produce a spatial 
distribution map for each optical and non-optical SWQP over the selected study area. 

THE PROPOSED METHOD 

Remotely sensed data 

The full Landsat8 scenes are available at Level 1T (terrain corrected) at Landsat websites maintained by the U.S. Geological 
Survey (USGS). The Level 1T product is a geometrically corrected image and rectified to the Universal Transverse Mercator 
(UTM) projection, WGS 84 datum. Basically, digital numbers (DNs) of the Landsat8 satellite images are stored in 16 bits unsigned 
integer format. Thus, DNs were rescaled to obtain the top of atmospheric (TOA) reflectance using radiometric rescaling 
coefficients. To remove the effects of the atmosphere, surface reflectance values were calculated using the Dark Object Subtraction 
(DOS) method (Chavez 1988). This method is found to be efficient in discriminating and mapping wetland areas and well accepted 
by the geospatial community to correct light scattering in remote sensing data (Song, et al. 2001). Finally, to delineate the 
concentrations of different SWQPs over any water body, the water surface was masked using the normalized difference water index 
method (Mcfeeters 1996). 

In situ measurements 

In this study, 38 water sample points were randomly selected and distributed over the study area of the Saint John River (SJR) 
during three field trips in June 2015, April and May 2016, as shown in Fig. 1. Coordinates of each point were recorded using a 
handset GPS. Sampling trips were selected at different seasons, spring and summer, to represent the maximum variation in 
sampling concentrations. In order to carry out this study efficiently, water samples were collected just beneath water surface and at 
the same acquisition time of the Landsat8 scenes over the selected study area. At each station, TSS and DO were analyzed 
according to the standard methods for lab examination of water and wastewater suggested by the American Public Health 
Association (APHA 2005). 

 

Fig. 1. Water sampling locations 

Mapping SWQP concentrations using the BPNN algorithm 

The BPNN is one of the most popular learning-based algorithms utilized in digital image processing field. Input values are feed-
forwarded into the ANN layer nodes. These input values are multiplied by weights of the connecting nodes and the values of the 
hidden and output layer nodes are computed. The sigmoid activation function is also utilized to allow greater similarity to the real 
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biological neurons (Suliman and Zhang 2014). Next step is to calculate the error signal of each node. The actual output of the 
network is compared to the target output to determine the error signal. The gradient descent technique is commonly used with the 
back-propagation algorithm to back propagate the error and locate the global minima in the error surface. The error is first back 
propagated from the output layer to the hidden layer. This is where the learning rate can be brought to the gradient descent equation. 
The learning process can be controlled by using an appropriate learning rate to achieve the minimum error in the error function. 
Then, the error signal has to be propagated from the hidden layer down to the input layer. Generally, the network is trained to find 
out the optimal set of weights, which can ideally produce the correct output for the relative input. 

The proposed BPNN was adopted to model the non-linear relationship between SWQP concentrations and Landsat8 surface 
reflectance. In our study, Landsat8 bands were used to form the input layer. While concentrations of SWQPs were selected to 
compose the output layer, the number of hidden layers and the number of neurons in each hidden layer was experimentally selected. 
The performance of the network was assessed by using both the desired and actual outputs (Suliman and Zhang 2014). 

 𝐸 = 0.50 ∗  (𝑇𝑘 −  𝑂𝑘)2
𝑘    (1) 

where 𝑇𝑘  is the desired output; 𝑂𝑘  is the network actual output. 
 

RESULTS AND DISCUSSION 

Concentrations of SWQPs 

38 water samples were collected over 70 km of the SJR and analyzed for optical and non-optical SWQPs. The statistics, shown 
in Table 1, for TSS and DO were measured from the collected water samples. Basically, TSS concentrations in spring (i.e. April 
and May) were higher than their concentrations in summer (i.e. late June). The main reason is that rainfall and snowmelt are 
considered as the main contributors to the annual flows of the SJR and consequently wash sediments from agriculture and forestry 
into the river. 

 

 

Estimation and validation of the L8-based-BPNN models 

Coastal blue (CB), blue (B), green (G), red (R), near-infrared (NIR), shortwave infrared 1 (SWIR1), and shortwave infrared 2 
(SWIR2) spectral bands were selected to form the input layer. These bands were significantly correlated (i.e. correlation ≥ 0.50) 
with TSS and DO. The proposed architecture consisted of three layers (i.e. input, hidden, and output) with a sigmoid activation 
function which is proved to be sufficient for non-linear modelling purposes. While the number of input neurons was selected to be 
equal to the selected Landsat8 input bands, the number of output neurons was selected to be one at a time. The main basis of using 
one SWQP at a time is to accelerate the computations of the developed models and to reduce the complexity of the ANN. An 
appropriate selection of the proper number of hidden neurons besides a suitable transfer function is indeed a critical task. In our 
study, twenty processing elements (PEs) were experimentally selected to form the hidden layer. Actually, using less than twenty 
neurons led to an underfitting problem, while using more than twenty resulted in slow learning and overfitting problems. 

The BPNN algorithm was found to be computationally efficient as 4 and 3 seconds were achieved, at the network training 
phase, for TSS and DO respectively. Furthermore, finding the global minima was guaranteed by utilizing an appropriate learning 
rate. In our study, a learning rate value of 0.01 was adjusted to achieve the minimum error in the error function. Using the BPNN 
algorithm, the RMSEs for TSS were 0.092, 0.226, and 0.999 mg/l for the network training, validation, and testing datasets. For DO, 
the training, validation, and testing RMSEs were 0.073, 0.188, 0.455 mg/l respectively. Actually, it is very obvious that the 
developed L8-based-BPNN was proved to be very efficient in monitoring and estimating concentrations of different SWQPs with 
highly acceptable results. As shown in Fig. 2, coefficients of determination were found to be very high (R

2
 ≥ 93%) at the network 

testing phase along with p-value < 0.005. The threshold values of the validation RMSE were selected to be 0.230 and 0.200 for TSS 
and DO respectively. As shown in Fig. 3, TSS and DO error curves showed that the training has been stopped at epoch 34 and 22 
respectively by reaching the stopping point introduced by the validation data set. Visually, it was observed that there is no further 
significant improvement in the network performance after realizing the stopping points. 

Table 1. Statistics of concentrations of both optical and non-optical SWQPs 

SWQPs Mean 
Minimum  

(Min) 

Maximum 

(Max) 

Standard deviation 

(Std) 
TSS (mg/l) 4.78 1.20 11.40 3.61 

DO (mg/l) 11.06 6.99 14.14 2.51 
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Fig. 2. Graphical fit results of TSS (a) and DO (b) 

 

 

Fig. 3. Training, validation, and testing error curves of TSS (a) and DO (b) 
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L8-based-BPNN spatial concentration maps 

The whole Landsat8 surface reflectance data, as an ASCII output from PCI Geomatica, were used pixel by pixel as an input to 
the developed L8-based-BPNN model in order to generate spatial concentration maps for  TSS and DO, as shown in Fig. 4. 

 

Fig. 4. Spatial concentration maps for TSS (a) and DO (b) 

Comparison of other model results 

The performance of SVM has been proved to be useful in digital image processing applications. Therefore, the addition of a 
compare experiment with SVM method was carried out to justify the performance of the developed L8-based-BPNN approach. As 
shown in Table 2, comparing the experimental results of the SVM to the developed L8-based-BPNN, it can be indicated that the 
non-linear retrieve system, which was established by the developed L8-based-BPNN, can provide highly accurate estimation of 
different SWQP concentrations. 
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Table 2. Comparison of the BPNN and SVM correlation results 

SWQPs 

BPNN SVM 

R
2
 

validation 

RMSE 

validation 

R
2
 

validation 

RMSE 

validation 

TSS (mg/l) 0.976 0.226 0.930 0.755 

DO (mg/l) 0.942 0.188 0.887 0.730 

 

CONCLUSIONS 

Water bodies have been deteriorated due to the overload of several pollutants such as sediments and nutrients coming from 
human, agricultural, and industrial activities. These pollutants lead to deterioration of water storage capacity and negatively affect 
aquatic life. To overcome these problems, monitoring and estimating optically and non-optically active SWQPs from remotely 
sensed data is critical to provide the appropriate treatment at the proper time. In our study, the L8-based-BPNN approach was 
developed to estimate concentrations of both optical and non-optical SWQPs. It was shown that the Landsat8 multi-spectral bands 
can be used to map SWQP concentrations in the study area of the SJR. Moreover, highly accurate L8-based-BPNN models, with R

2
 

≥ 93% at the network testing phase, were obtained to retrieve TSS and DO concentrations from the Landsat8 satellite data. The 
future work is to carry out further studies on the SJR at different times of the year to develop generalized models for estimating 
different SWQPs without being dependent on water sampling. 

ACKNOWLEDGEMENT 

This research is supported by the Egyptian Cultural Affairs & Mission Sector and the Canada Research Chair Program. The 

authors would like to thank Prof. Dr. Katy Haralampides and Dennis Connor for their participation in the field work. 

REFERENCES 

Ali, Moridnejad., et al., 2013. Applying artificial neural networks to estimate suspended sediment concentrations along 

the southern coast of the Caspian Sea using MODIS images, Arab J Geosci 8: pp. 891-901. 

APHA, 2005. Standards Methods for the Examination of Water and Wastewater. 21
th

. American Public Health 

Association Washington DC, USA. 

Chavez, P. S., 1988. An improved dark-object subtraction technique for atmospheric scattering correction of 

multispectral data, Remote Sensing of Environment 24: pp. 459-479. 

Diamantopoulou, M.J., V.Z. Antonopoulos, and D.M. Papamichail, 2007. Cascade correlation artificial neural networks 

for estimating missing monthly values of water quality parameters in rivers, Water Resour Manage 21: pp. 649-662. 

Gaballah, M., K. Khalaf, A. Beckand, and A. Lopez, 2005. Water Pollution in Relation to Agricultural Activity Impact in 

Egypt, Journal of Applied Sciences Vol. 1, No. 1: pp. 9-17. 

He, W., S. Chen, X. Liu, and J. Chen, 2008. Water Quality Monitoring in Slightly-Polluted Inland Water Body through 

Remote Sensing-A Case Study in Guanting Reservoir, Beijing, China, Frontiers Environment Sciences Engineering China 2 (2): 

pp.163-171. 

Holger, R. Maier., Jain. Ashu, C. Dandy. Graeme, and K.P. Sudheer, 2010. Methods used for the development of neural 

networks for the prediction of water resource variables in river systems: Current status and future directions, Environmental 

Modelling & Software 25: pp. 891-909. 

Horvath, G., 2003. Neural networks in system identification. In J. A. K. Suykens, et al., eds. (Amesterdam: IOS Press). 

MacKay, J. C. David, 1992 "Computation and Neural Systems, Neural Computation Vol. 4, No. 3: pp. 415-447. 



ASPRS 2017 Annual Conference - Imaging & Geospatial Technology Forum (IGTF) 

 

 

Matias, Bonansea., Claudia Rodriguez. María, Pinotti. Lucio, and Ferrero. Susana, 2015. Using multi-temporal Landsat 

imagery and linear mixed models for assessing water quality parameters in Río Tercero reservoir (Argentina), Remote Sensing of 

Environment 185: pp. 28-41. 

Mcfeeters, S. K., 1996. The use of the Normalized Difference Water Index (NDWI) in the delineation of open water 

features, INT. J. REMOTE SENSING VOL. 17, No.7: pp. 1425-1432. 

Murdoch, P. S., J. S. Baron, and T. L. Miller, Potential Effects of Climate Change on Surface-Water Quality in North 

America, J. Am. Water Resour. Assoc: pp. 347-366. 

Ribeiro, H. M. C., A. C. Almeida, B. R. P. Rocha, and A. V. Krusche, 2008. Water Quality Monitoring in Large 

Reservoirs Using Remote Sensing and Neural Networks, IEEE LATIN AMERICA TRANSACTIONS: pp. 419-423. 

Song, C., C. E. Woodcock, K. C. Seto, M. P. Lenney, and S. A. Macomber, 2001. Classification and change detection 

using Landsat TM data: when and how to correct atmospheric effects, Remote Sensing of Environment 75: pp. 230-244. 

Suliman, A., and Y. Zhang, 2014. A Review on Back-Propagation Neural Networks in the Application of Remote 

Sensing Image Classification, Journal of Earth Science and Engineering 5: pp. 52-65. 

Tetko, I.V., and A. E.P. Villa, 1997. An enhancement of generalization ability in cascade correlation algorithm by 

avoidance of overfitting/overtraining problem, Neural Processing Letters no. 6: pp. 43-50. 

Xiang, Yu., Yi. Huapeng, Liu. Xiangyang, Wang. Yebao, Liu. Xin, and Zhang. Hua, 2016. Remote-sensing estimation of 

dissolved inorganic nitrogen concentration in the Bohai Sea using band combinations derived from MODIS data, International 

Journal of Remote Sensing 37:2: pp. 327-340. 

Yang, B., Y. P. Liu, F. P. Ou, and M. H. Yuan, 2011. Temporal and Spatial Analysis of COD Concentration in East 

Dongting Lake by Using of Remotely Sensed Data, Procedia Environment Sciences 10: pp. 2703-2708. 

Yirgalem, C., 2012. Water quality monitoring using remote sensing and an artificial neural network, Springer Science + 

Business Media B.V. Water air soil pollut 223: pp. 4875-4887. 

Yunlin, Zhang., Shi. Kun, Zhou. Yongqiang, Liu. Xiaohan, and Qin. Boqiang, 2016. Monitoring the river plume induced 

by heavy rainfall events in large, shallow, Lake Taihu using MODIS 250 m imagery, Remote Sensing of Environment 173: pp. 

109-121. 

Zhang, Y. Z., J. T. Pulliainen, S. S. Koponen, and M. T. Hallikainen, 2002. Application of an empirical neural network to 

surface water quality estimation in the Gulf of Finland using combined optical data and microwave data, Remote Sensing of 

Environment 81: pp. 327-336. 

 
 


