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Abstract

Water quality is an indicator of the health and safety of the environment which is subjected to natural and human-induced changes. Although
a considerable amount of research has been done to explain the different factors affecting water quality and the various approaches to predict
spatiotemporal water quality factors, there are several challenges in the water quality modeling scenarios. The article revisits the water quality
assessments conducted in the watersheds of southeastern United States using continuous time models with the aid of statistical analysis, remote
sensing, theoretical models, and bigdata based approaches. The review illuminates that the need of the hour is the inclusion of novel prediction
methods, quick access to updated and right water quality data, arriving at usable factors to improve prediction reliability, exploring combined
conceptual methods of analysis, and collecting more field reference data that can benchmark the developed water quality models.
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Abbreviations: GIS - Geographical Information System; SWIM - Surface Water Improvement and Management; SWAT - Soil and Water Assessment
Tool; MIKE SHE - Integrated Hydrological Modelling System; IDW - inverse distance weight; GRACE - Gravity Recovery and Climate Experiment;

MODIS - Moderate-resolution Imaging Spectroradiometer

Introduction

The natural and anthropogenic environment plays a critical role
in balancing the water cycle [1]. The changes in the environment
have impacted the quality [2] and quantity [3] of the water
resources, leading to degraded watershed systems. Water quality
is recognized as one main indicator of the health and safety of the
environment which is subjected to natural and human-induced
changes. Various factors have affected water quality and human
health throughout many watersheds and major river basins in
the southeastern United States. Many studies found that the main
hydrological responses of surface runoff, streamflow, and ground
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water levels that affect water quality are projected to decline
over the next 30 - 50 years in river basins encompassing regions
of intense agricultural activity, thus exacerbating water quality
problems in the United States [4].

Factors affecting water quality

The main factors that affect the health and quality of these
watersheds and basins include the presence of dissolved compounds
in the water, landscapes, climate change, urbanization, agricultural
activity, and laws and regulations limiting surface and ground water
use. Another factor crucially contributing to varying water quality
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is nutrient concentrations including nitrogen, phosphorus, carbon,
and organic compounds primarily caused by irrigation. High
agricultural activity deteriorates the water quality mainly using
fertilizers and chemicals causing the decline of available surface
and ground water resources. The southeastern United States has
experienced climate change that occurred due to the increase
in carbon dioxide emissions in the atmosphere resulting in the
increased incidence of snow, flooding, and droughts. [5] gives an
example of what a drought can do to the downstream and upstream
water users throughout the region. Lake Lanier, the main source of
drinking water to the Atlanta metro region, which also feeds the
Chattahoochee River and supplies water to the states of Alabama
and Florida has increased the rate of ground water abstraction in
the past two decades which eventually reduced the water quality
in the region. Additionally, climate change and land use land cover
changes can simultaneously affect streamflow and baseflow in
different ways resulting in declined quality of water. Studies that
used process-based continuous time models such as GIS, SWIM,
SWAT, FEFLOW, MODFLOW, and MIKE SHE showed that a decrease
in streamflow was influenced more strongly by climate change
while land use land cover changes impacted the baseflow [6]. The
most negative water quality impacts were predicted by continuous
time models such as SWAT and MIKE SHE under the combined
effects of land use and climate change with notable increases in
deforestation [7].

Spatial and temporal water quality trends

Few studies demonstrated the importance of environmental
vulnerability in catalyzing the space and time-wise water quality
impacts of coastal and water-bound regions in the Southeastern
United States. A study put forward the patterns of hydrologic
consequences of converting natural forested wetlands to pine
plantations in the southern United States at different years of
observation. These kinds of literature helped bring the importance
of space and time wise predictions of several water quality
parameters which can directly affect the freshwater demand,
ground water pumping and total water use on a regional extent [8].
Numerous studies indicated a strong association between seasons
of the year and variation in management practices of specific land
covers which crucially affect the land cover specific water quality
evaluation [9-11].[12] found that the periods between rainy seasons
are expected to alter the water lands in addition to the noticeable
changes caused in vegetative and agricultural areas. In contrast,
[13] showed that both summer and spring seasons were active
modifiers of land covers as well as vegetation indices. Therefore, the
temporal conditions of the water quality assessments are significant
for improved spatial representation of the land management and
vegetation scenarios for each subunit of the watersheds [14,15].
For these evaluations, various studies adopted multiple statistical
approaches including the IDW method for spatial interpolation
and mapping of the factors and indices affecting soil erosion loss
and water quality [16,17]. Such methods are mainly employed to
obtain comprehensive geospatial maps. They can generate even
the spatial attributes of cloud points and null data values from
the dynamic data variables in subunits of watersheds [18,19]. The

Citation: Pooja P Preetha and Madison Johns. A Review of Recent Water Quality Assessments in Watersheds of Southeastern
United States using Continuous Time Models. Glob J Eng Sci. 9(4): 2022. GJES.MS.ID.000717. DOI: 10.33552/GJES.2022.09.000717.

IDW method holds well for medium-sized and small watersheds
if the data source that go into the modeling process have defined
minimum and maximum ranges and are evenly distributed within
the watershed [20-22]. These data could be used to estimate
and geospatially map the water quality parameters derived from
the traditional or modified time step models. On the other hand,
parametric and non-parametric tests have been widely employed
to detect time-series trends annually, seasonally, monthly, and daily
for various constituents of water quality [23,24]. The continuous
models which are based on historical data, simulated data, as well
as surveyed data, have advantages and disadvantages. Hence, trend
detection tests must be employed for accurate trend detection of the
estimated water quality factors to check their temporal reliability.

Data needs for water quality predictions

Many shreds of studies implemented a unified approach
connecting hydrogeological continuous time step models and
progressively updated data from remote sensing to improve
the water quality predictions directly or indirectly. [25] found a
significant reduction in water storage throughout Alabama and
Mississippi by using GRACE satellites. This reduction in water
storage arose with an increase in ground water irrigation during
this period. Such studies emphasized the gaps in the existing surface
water regulations that pave way for regions to heavily rely on ground
water in one or more states of the United States [26]. Similarly,
studies utilized satellite data, hydrologic models, and climate
projections together to determine the potential water table changes
throughout various wetlands in the southeastern United States for
evaluating future water demands and supplies [27]. They predicted
that the future changes in precipitation and evapotranspiration
would alter the wetlands and ground water quality in the study
region significantly. Recently, studies have attempted to analyze
spatial and temporal trends of various constituents affecting water
quality for the southeastern United States by introducing bigdata
based systems such as machine learning, artificial intelligence, and
fuzzy logic-based methodologies in conventional modeling tools.
Such study outcomes elevated the range with which water quality
predictions occur [28].

By reinvestigating the existing literature in the field, this
review report develops an understanding of the recent spatial and
temporal water quality assessments conducted in the watersheds of
the southeastern United States comprehensively using continuous
time models. In addition, the review depicts the challenges
associated with the current research and the changes needed in
research methodology for advancing water quality predictions in
watersheds that can be implemented by hydrologic modelers.

Discussions

The implementation of the dynamic and novel factors in water
quality modeling including soil moisture content, atmospheric
deposition, vegetationindices,and solarradiation, notably enhanced
the closeness between the predicted estimates of sediment yields
and nutrient loading in watersheds of the Southeast United States
compared to the available true measurements through sampling
and surveying [29,30]. The findings from the comprehensive review
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indicated that the combined application of non-traditional water
quality models and online data sources powerfully represented
the sediment yield estimates both for the whole watershed and for
the spatial subunits in the watersheds. This finding is corroborated
by the studies of [31,32]. Hence expanding the avenues of water
quality data and its implementation can elevate the water quality
predictions in the conventional hydrologic models that work on
continuous time steps. The results also emphasized more efficacy
of soil erosion loss estimates and irrigation demand fluctuations
when all the satellite remotely sensed dynamic variables are used
in the continuous time model algorithms [33]. It was evidenced that
some of the studies used data with different spatial and temporal
resolutions to develop water quality models. Despite the different
spatial resolution of the various remotely sensed variables of the
studies ranging from 30 m to 2000 m in pixel wise spatial resolution
(LandSat, MODIS), around 59% of the studies could demonstrate
an advancement from the existing water quality predictions using
continuous time models [34].

Challenges in water quality predictions

The differences between the model predictions and real
measurements of various constituents of water quality in the
spatial and temporal extents in the watersheds can be attributed
to the modeling techniques, interpolation methods, and real
hydrogeological conditions involved in the study areas. They also
included the ambiguity in the space-wise trends from the IDW
technique when interpreting different factors from multiple data
sources, which were employed in models for watershed scales.
Additionally, the dynamic modification that was subjected to the
existing models of water quality is not all-inclusive. The unexplored
factors affecting water quality directly or indirectly including
surface-ground interactions, bacterial activity, and contaminant
transport might improve the precision and reliability of their
spatiotemporal estimates in watersheds [35-37].

Conclusion

As shown in the current review, several indicators can and
should be used to determine water quality in watersheds of the
Southeastern United States. Using one factor/one analysis method/
one mode of data collection contributing to water quality to
predict the real water quality of water bodies and their space and
time wise trends may produce ambiguities in the watershed scale
outcomes. Hence the water quality modeling process is complex
which demands for a variety of interrelated indicators that will
closely represent the actual conditions of the water body. The
article reviews the water quality assessments conducted in the
watersheds of southeastern United States using continuous time
models and with the aid of statistical analysis, remote sensing,
theoretical models, and bigdata based approaches. The review puts
forward the following points to improve water quality assessments
realistically:

. Successful inclusion of novel prediction methods to
estimate water quality factors of sediments and nutrients

. Quick access to updated and right water quality data that
can be fed into continuous time models
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. Arrive at usable factors based on the climate, land use land
cover, topography, and soil characteristics of the watershed to
improve the reliability of water quality predictions

. Explore combined conceptual methods of analysis in the
conventional water quality models

. Extensive collection of field and experimental reference
data that can benchmark the developed water quality models
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