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Abstract: Predicting the impact of climate change and human activities on river systems is imperative
for effective management of aquatic ecosystems. Unique information can be derived that is critical to
the survival of aquatic species under dynamic environmental conditions. Therefore, the response of
a tropical river system under climate and land-use changes from the aspects of water temperature
and dissolved oxygen concentration were evaluated. Nine designed projected climate change
scenarios and three future land-use scenarios were integrated into the Hydrological Simulation
Program FORTRAN (HSPF) model to determine the impact of climate change and land-use on water
temperature and dissolved oxygen (DO) concentration using basin-wide simulation of river system
in Malaysia. The model performance coefficients showed a good correlation between simulated and
observed streamflow, water temperature, and DO concentration in a monthly time step simulation.
The Nash–Sutcliffe Efficiency for streamflow was 0.88 for the calibration period and 0.82 for validation
period. For water temperature and DO concentration, data from three stations were calibrated and the
Nash–Sutcliffe Efficiency for both water temperature and DO ranged from 0.53 to 0.70. The output of
the calibrated model under climate change scenarios show that increased rainfall and air temperature
do not affects DO concentration and water temperature as much as the condition of a decrease
in rainfall and increase in air temperature. The regression model on changes in streamflow, DO
concentration, and water temperature under the climate change scenarios illustrates that scenarios
that produce high to moderate streamflow, produce small predicted change in water temperatures and
DO concentrations compared with the scenarios that produced a low streamflow. It was observed that
climate change slightly affects the relationship between water temperatures and DO concentrations
in the tropical rivers that we include in this study. This study demonstrates the potential impact
of climate and future land-use changes on tropical rivers and how they might affect the future
ecological systems. Most rivers in suburban areas will be ecologically unsuitable to some aquatic
species. In comparison, rivers surrounded by agricultural and forestlands are less affected by the
projected climate and land-uses changes. The results from this study provide a basis in which resource
management and mitigation actions can be developed.
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1. Introduction

The water temperature in a river system determines the availability, activities, and type of aquatic
life in the ecosystem in which it belongs [1]. Its physical properties depend on climatic variables [2], such
as air temperature [3,4], and precipitation [5]. As anticipated, the potential increase of some climatic
variables due to climate change is projected at both local and regional scales [6–9]. The evaluation of
the impact of climate change on river water temperature and its influences on dissolved oxygen (DO)
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availability in some climate groups illustrates that a variation of DO concentrations, either higher or
lower, can result in water quality deterioration and distortion of an aquatic ecosystem [10–14]. The
survival of aquatic animals depends on adequate DO levels in the water body. As water temperature
is inversely related to the DO concentration [15] and the fact that any change in the river water
temperature alters its DO concentration, draws a unique relationship between different physical
variables. In addition, other local conditions, such as land-use, pollution levels, and local hydrology
increase or decrease its variability [16–18].

Studies have shown that tropical rivers represent one of the most diverse freshwater ecosystems in
the world [19] and are also the most likely affected by anthropogenic activities and climate change [20].
Rivers in the tropics are more exposed to solar radiation with lower inter-annual and inter-seasonal
climatic variation and higher water temperatures [21]. Considering all these factors, coupled with the
predicted high temperatures that are manifested earlier than in other climatic groups [22], tropical
rivers will be directly affected. As expected, it will impact water availability, increase climatic
complexity leading to phenomena such as extreme rain events, and impairment of water bodies
(such as eutrophication). Consequently, changes in species composition, distribution, and habitats will
occur [23]. The impact of climate change on streams have been studied mostly in temperate systems,
and there effects on a broad range of scales have been outlined, but there impact on a constant high
temperatures region under dynamic climatic conditions and land-use changes little knowledge is
available [21]. Because lack of adequate awareness of the implications of these physical variables might
create a nonproductive aquatic ecosystem with risks to freshwater aquacultural practices and lead
to economic loss [24], the need to evaluate the interaction between climate and land-use changes in
tropical rivers.

In this study, the influence of climate and land-use changes and their interactions are evaluated
using rivers in the Skudai Watershed as a case study. The basin is located in the southern portion of the
Malaysia Peninsular. Three rivers have been selected because they represent the general characteristics
of the river system in a tropical region. In order to achieve the study objective, nine different climate
change scenarios were developed based on the predicted climate change in the study area. Extreme and
moderate emission scenarios are integrated with three future land-use scenarios unique to each of the
three rivers considered. The Hydrological Simulation Program-FORTRAN (HSPF) was used to model
the hydrology, water temperature and DO concentration of the rivers using basin-wide simulation.
Afterward, the model was used to project the future water temperature and DO concentration under
different climates, and the different land-use scenarios initially developed. It is assumed that climate
and land-use will induce an increase in water temperatures [25] and a reduction in DO concentration.
These multiple stressors are expected to reduce the survival of aquatic animals in the tropical rivers in
the near future [26]. The influence of climate change is likely to differ among small tropical streams
depending on land-use composition in the catchment and geographical location [21].

2. Materials and Methods

2.1. Study Site

The Skudai watershed is a coastal watershed located in the southern part of the Malaysia
peninsular and falls between 102◦59′54.19” E and 104◦11′8.54” E longitude and 1◦56′31.67” N and
1◦22′41.16” N latitude, as shown in Figure 1a,b. It measures 33.54 km in length by 16.29 km in width,
with a total drainage area of 287.44 km2. The entire length of the main river (Skudai River) is 42.8 km
and it discharges directly into the western Johor estuary.
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Figure 1. (a) Location of the study area; (b) stations and elevation details; and (c) land-use class 
distribution. 

The watershed encloses five major rivers: the Skudai River (Main River), and the Sengkang, 
Senai, Melana and Danga Rivers (Figure 1b). The general characteristics of the rivers are 
summarized in Table 1. The area is located near the equator, with a tropical climate characterised by 
uniformly high temperatures, high humidity and abundant rainfall [27]. It has an average annual 
rainfall of 2300 mm and a mean daily temperature between 21 °C and 32 °C [28]. Local soil data were 
collected from the soil survey division of the Ministry of Agriculture and Fisheries, Malaysia. The 
predominant soil texture in the watershed is sandy (78–81.2%), followed by clay (16.7–20%) and silt 
(2–2.1%) [29]. Based on the 2013 land-use data (Figure 1c) produced from a remote sensing 
technique, 36.9% of the watershed consist of urban areas, 31.5% of forestland, and 29.3% of 
agricultural land, while wetland and barren land cover 1.5% and 0.8%, respectively. 

Table 1. Characteristics of the major rivers in the study area. 

Names of Rivers Soil Texture 
Drainage 

Area (km2) 
Length of the 
Rivers (km) 

Average 
Slope (%)

Land-Use Composition of the River Catchment (%)
Built-up Agriculture Forest Wetland Barren Land

Sengkang Sandy loam 11.7 4.0 10.7 2.9 9.5 85.5 0.0 2.1 
Senai Sand Silty Clay 30.4 11.8 11.4 8.2 20.5 69.5 0.1 1.7 

Melana Sand Silty Clay 44.3 18.7 9.6 55.3 23.8 19.4 1.5 0.0 
Danga Sand Silty Clay 18.1 12.2 20.3 57.7 28.1 11.1 3.1 0.0 
Skudai Sandy Clay 182.9 42.8 11.7 44.5 31.9 21.1 1.9 0.6 

2.2. HSPF Model Description 

The Hydrological Simulation Program-Fortran (HSPF) model is a semi-distributed model that 
divides the watershed into smaller sub-catchment areas which in turn are treated as a single unit 
[30]. It simulates hydrologic and water quality processes in streams/rivers and on both pervious and 
impervious land surfaces. It divides the water movement after inflows in the watershed into 
overland flow, interflow, and groundwater flow [31]. It uses cell-based representation of land 
segments and drainage channels with subdivided storage columns to present the water availability 
for infiltration, runoff, and groundwater recharges. HSPF typically follows a routine simulation in 
agreement with the three operation modules that handle all the simulation processes [32]. Basic 
equations for water temperature and dissolved oxygen modeling in the HSPF model were 
documented by Donigian and Crawford [33] and showed that the model computes the water 
temperature (Tw) and DO concentration on the surface, interflows and groundwater outflows from 
pervious and impervious land segments using the nonlinear equation defined below; 

Figure 1. (a) Location of the study area; (b) stations and elevation details; and (c) land-use
class distribution.

The watershed encloses five major rivers: the Skudai River (Main River), and the Sengkang, Senai,
Melana and Danga Rivers (Figure 1b). The general characteristics of the rivers are summarized in
Table 1. The area is located near the equator, with a tropical climate characterised by uniformly high
temperatures, high humidity and abundant rainfall [27]. It has an average annual rainfall of 2300 mm
and a mean daily temperature between 21 ◦C and 32 ◦C [28]. Local soil data were collected from
the soil survey division of the Ministry of Agriculture and Fisheries, Malaysia. The predominant
soil texture in the watershed is sandy (78–81.2%), followed by clay (16.7–20%) and silt (2–2.1%) [29].
Based on the 2013 land-use data (Figure 1c) produced from a remote sensing technique, 36.9% of the
watershed consist of urban areas, 31.5% of forestland, and 29.3% of agricultural land, while wetland
and barren land cover 1.5% and 0.8%, respectively.

Table 1. Characteristics of the major rivers in the study area.

Names of
Rivers Soil Texture

Drainage
Area (km2)

Length of the
Rivers (km)

Average
Slope (%)

Land-Use Composition of the River Catchment (%)

Built-up AgricultureForest Wetland Barren Land

Sengkang Sandy loam 11.7 4.0 10.7 2.9 9.5 85.5 0.0 2.1
Senai Sand Silty Clay 30.4 11.8 11.4 8.2 20.5 69.5 0.1 1.7

Melana Sand Silty Clay 44.3 18.7 9.6 55.3 23.8 19.4 1.5 0.0
Danga Sand Silty Clay 18.1 12.2 20.3 57.7 28.1 11.1 3.1 0.0
Skudai Sandy Clay 182.9 42.8 11.7 44.5 31.9 21.1 1.9 0.6

2.2. HSPF Model Description

The Hydrological Simulation Program-Fortran (HSPF) model is a semi-distributed model that
divides the watershed into smaller sub-catchment areas which in turn are treated as a single unit [30].
It simulates hydrologic and water quality processes in streams/rivers and on both pervious and
impervious land surfaces. It divides the water movement after inflows in the watershed into overland
flow, interflow, and groundwater flow [31]. It uses cell-based representation of land segments and
drainage channels with subdivided storage columns to present the water availability for infiltration,
runoff, and groundwater recharges. HSPF typically follows a routine simulation in agreement with
the three operation modules that handle all the simulation processes [32]. Basic equations for water
temperature and dissolved oxygen modeling in the HSPF model were documented by Donigian and
Crawford [33] and showed that the model computes the water temperature (Tw) and DO concentration
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on the surface, interflows and groundwater outflows from pervious and impervious land segments
using the nonlinear equation defined below;

DO = 14.652− 0.41022Tw + 0.007991Tw
2 − 0.00007794Tw

3, (1)

At the reaches segment, the model utilizes meteorological information to compute temperature
balance. It simulates heat transfer by advection, assuming water temperature as a thermal
concentration and heat are convene across the air–water interface by five heat transfer processes
divided into two components [32]. The first components are those that increase heat content of water:
absorption of solar radiation, absorption of long wave radiation, and conduction-convection. The
components in the last segment consist of those that decrease heat content, such as emission of long
wave radiation, conduction-convection, and evaporation. Each of the two steps and their mechanism
is computed as separate processes combined by trapezoidal and Taylor series approximation. This
method is used to determine change in water temperature due to the five heat transfer processes at
a time step and is summarized by the equations;

∆Tw =
CvQT ×QT

(1 + K× CvQT)
, (2)

K = QB + QH + QE, (3)

QB =
σ
[

Tw
4 − 10−6 × KATRAD

(
1 + 0.0017C2)Ta

6
]
∆t

60
, (4)

QH = i× 10−4 × KCOND× w× (Tw − Ta), (5)

QE = p× 10−9 × KEVAP× w× (Ps − Pa), (6)

where DO = dissolved oxygen concentration (mg/L); Tw = water temperature (◦C or ◦F); ∆Tw = change
in water temperature (◦C or ◦F); Cv = conversion factor; QT = net heat exchange (kcal/m2.time);
QB = net heat transport by long wave radiation; QH = heat transport from conduction-convection;
QE = heat transport from evaporation; σ = Stephen–Boltzmann constant; Ta = air temperature (◦F or
◦C); KATRAD = atmospheric long wave radiation coefficient; C = cloud cover (okta); i = pressure
correction factor depending on elevation; KCOND = conduction-convection heat transfer coefficient; w
= wind speed (mi/hr. or m/s.); p = heat loss conversion factor; KEVAP = evaporation coefficient; Ps =
saturation vapor pressure at water surface (mbar); and Pa = air vapor pressure above water surface
(mbar). The factors KCOND, KATRAD and KEVAP are calibration parameters for water temperature
modeling and have a range of values that are specified in the model input data editor [32].

While in-stream DO concentration is computed using the oxygen balance method, whereby
DO and biochemical oxygen demand (BOD) state variables are maintained considering sinking of
BOD, benthal oxygen demand, longitudinal advection of DO and BOD, and oxygen depletion due to
decay of BOD material. The DO concentration is simulated at each time step and the saturated DO
concentration is computed using Equation (1).

2.2.1. Input Data

The topographic data used in this study were obtained from the Global Data Explorer, and the
pixel size is 7.5 min, one arc sec interval with 30 m resolution. They are used for watershed delineation
and development of hydrological response units (HRUs). The land use components of the Skudai
catchment were derived from remote sensing data. They were obtained from USGS EROS Data Centre
(EDC), through the USGS Global Visualization Viewer (GLOVIS). The enhanced thematic mapping
(ETM+) sensors imagery at spatial resolutions of 30 m × 30 m for the year 2013 was used to produce
the land-use data.
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Hourly precipitation records were collected from the Department of Irrigation and Drainage of
Malaysia (DID). Other meteorological data such as dew temperature, cloud cover, solar radiation,
evaporation and wind speed, and direction were obtained from the Malaysia Meteorological
Department (MMD) and the National Oceanic and Atmospheric Administration (NOAA) under
National Centre for Environmental Information (access on the platform of climate data online) all in
hourly time step. These data were used to build an input database for model runs via the watershed
data management file (WDM). Both hourly and monthly streamflow records of the watershed were
obtained from the DID, and in-stream monthly water quality data were obtained from the Department
of the Environment of Malaysia (DOE). Due to data limitation for streamflow, the water quality data
covered only the period of the streamflow record from 2002 to 2014.

The climate change data used in this study were prepared using the dynamical downscaling
method that is generated from the regional climate model known as RegCM4, derived from General
Circulation Models (GCMs) based on representative concentration pathways (RCPs) scenarios.
The data were produced from two emission scenarios according to the probability and location.
We used the scenario RPC 4.5 and RCP 8.5, because they represent the most likely scenarios for the
tropical regions for further details read [34].

2.2.2. Model Setup

The BASIN 4.1 Arc-view was used to process spatial data and coupled meteorological data via
watershed data management (WDM) file. After which, the HSPF user control input file was generated
and non-calibrated model of the study area was produced. The model is calibrated using observed
hydrological and water quality data via parameter adjustment processes. The HSPEXP+ subprogram
package [35] was used for the calibration and validation of the model. The HSPF model performance
was measured by computing the coefficient of determination (R2), the Nash–Sutcliffe coefficient (NS),
and percentage bias (PBIAS). The equations are listed below for the values of R2, NS and PBIAS,
as suggested by Moriasi et al. [36], to evaluate the model performances, and were utilized in measuring
the calibration and validation results.

R2 =

 ∑
(
Oi − Ôi

)(
Si − Ŝi

)√
∑
(
Si − Ŝi

)2
√

∑
(
Oi − Ôi

)2


2

, (7)

NS = 1− ∑(Si −Oi)
2

∑
(
Oi − Ôi

)2 , (8)

PBIAS =
∑(Oi − Si)

∑ Oi
× 100, (9)

where Oi and Si are the observed and simulated values, respectively; Ôi and Ŝi are the mean observed
and simulated values, respectively; and N is the total number of data items.

2.3. Sensitivity Analysis

The model parameter sensitivity needs to be evaluated for each model application because model
parameters are related to local basin physical characteristics [37]. We performed sensitivity analysis
to check potential errors due to relative sensitivity of the calibration parameters and some of the
model input data used in predicting water temperatures and DO concentrations from the calibration
process [38]. However, due to the multiple parameter adjustments in the HSPF model calibration,
a preliminary sensitivity analysis was first conducted to select the most sensitive parameters for each
component section of the model (hydrological, water temperature and DO sections) that affect water
temperature and DO concentration simulation results.

The significance of a single parameter to the total calibration parameters on the model that results
in the deviation of the model output was evaluated using perturbation analysis [39]. We combined the
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range of parameter values and designed a factor perturbation that was used to adjust the parameters
from their based values (as calibrated). Each parameter and input considered was adjusted by the
factors of 0.3, 0.6, 0.9, 1.2, 1.5, 1.8, and 2 while allowing all other parameters to remain fixed to provide
a basis for precision and comparison between each parameter [40]. The parameters evaluated by the
sensitivity analysis are summarized in Table 2. The parameters were chosen based on their importance
to both water temperature and DO concentration modeling. Therefore, only parameters that influenced
both water temperature and DO calibration were selected for the sensitivity analysis. We used mean
simulated water temperature and DO concentration values for the period 2002–2014 as the baseline
to determine the variability and influence of each parameter that was considered. The mean water
temperature and DO concentration were selected because of the short climatic variability that is
common in the tropics [26] and to evaluate the relationship between the calibration parameters and
the natural settings of the study area.

Table 2. Model parameters/input data used for Sensitivity Analysis.

Notation Definition Typical Range of
Calibration Values

Max. No. of
Calibration Values

LZSN Lower zone nominal soil moisture storage 2.0–15.0 100
INFILT Index to infiltration capacity 0.001–0.5 100
UZSN Upper zone nominal soil moisture storage 0.05–2.0 10

INFTW Interflow inflow parameter 1.0–10.0 -
AIR TEMP Air temperature - -

PREC Precipitation - -
KEVAP Evaporation coefficient 0.001–10 10
KCOND Conduction-convection heat transport coefficient 0.001–20 20
KATRAD Long wave radiation coefficient 0.001–20 20
CFSAEX Correction factor for solar radiation 0.001–2.0 2

We selected three stations representing the three major land-use categories in the basin and
the targeted rivers. The results were presented using graphical plots showing changes in the water
temperature and DO concentration at each station due to the influence of parameters for hydrology,
water temperature and DO calibration. The visual result allowed us to understand the impact of
a single parameter to water temperature and DO concentration and enabled us to measure their
influence on the model performance [40].

2.4. Climate Change Scenarios

It was observed that the potential future changes in air temperature drivers were increasing
independent of the General Circulation Model and emission scenario used. Hence, simulated stream
temperatures are forecast to increase significantly with future climate changes [41]. In this paper,
a regional climate model (RegCM4) was used to downscale the predicted daily rainfall at five rain
gauge stations and the mean air temperature at the Skudai watershed. The downscaling model was
first calibrated with data for the period 1956–2005. The large scale atmospheric variables were then
used for the projection of local climate for the period 2006–2100 using the RCP 4.5 and RCP 8.5 emission
scenarios. The rate of change in future precipitation and temperature using the baseline were produced
(Figure 2a,b).

The RegCM4 model predicted an increase in air temperature from 0.1 ◦C to 2.6 ◦C (Figure 2a)
before the end of the century and a percent change in rainfall from −50% to 40% (Figure 2b) in
the study area considering the two RCP scenarios. The projection shows a high variability in both
inter-annual and inter-seasonal rainfall. The observed anomalies based on the mean precipitation and
air temperature data from 1956 to 2005 shows a percentage increase and decrease in the projected mean
monthly precipitation from −50%, −30%, −20%, −10%, 0%, 10%, 20% up to 40%. The projected air
temperature is to increase by 0 ◦C, 1 ◦C, 2 ◦C, and 2.6 ◦C in the future. Nine climate change scenarios
were developed from the rate of change in future precipitation and temperatures using the projected
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precipitation and air temperature for the base years 2030 (Early century), 2050 (Mid-century), 2070
(Near the end of the century) and 2090 (End of the century), respectively, as shown in Table 3.Climate 2017, 5, 58  7 of 24 
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Figure 2. (a) Projected climate change for Skudai watershed from regional climate model (RegCM4) 
under RCP 4.5 and 8.5 scenarios for air temperature; and (b) projected climate change for Skudai 
watershed from RegCM4 model under RCP 4.5 and 8.5 scenarios for precipitation. 

The RegCM4 model predicted an increase in air temperature from 0.1 °C to 2.6 °C (Figure 2a) 
before the end of the century and a percent change in rainfall from −50% to 40% (Figure 2b) in the 
study area considering the two RCP scenarios. The projection shows a high variability in both 
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projected air temperature is to increase by 0 °C, 1 °C, 2 °C, and 2.6 °C in the future. Nine climate 
change scenarios were developed from the rate of change in future precipitation and temperatures 
using the projected precipitation and air temperature for the base years 2030 (Early century), 2050 
(Mid-century), 2070 (Near the end of the century) and 2090 (End of the century), respectively, as 
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Table 3. Change in temperature and precipitation for each designed climate scenarios with their 
monthly average. 
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Min. Max. Min. Max. Prec. (%) Temp. (°C)
S1 Baseline 2000 56.5 260.6 24.6 26.3 0 0 
S2 Early century (RCP 4.5) 2030 65.8 183.3 24.9 26.6 −15.4 0.6 

Figure 2. (a) Projected climate change for Skudai watershed from regional climate model (RegCM4)
under RCP 4.5 and 8.5 scenarios for air temperature; and (b) projected climate change for Skudai
watershed from RegCM4 model under RCP 4.5 and 8.5 scenarios for precipitation.

Table 3. Change in temperature and precipitation for each designed climate scenarios with their
monthly average.

Scenarios Description Base Year
Monthly Prec. (mm) Monthly Temp. (◦C) Prec. & Temp Anomaly

Min. Max. Min. Max. Prec. (%) Temp. (◦C)

S1 Baseline 2000 56.5 260.6 24.6 26.3 0 0
S2 Early century (RCP 4.5) 2030 65.8 183.3 24.9 26.6 −15.4 0.6
S3 Mid Century (RCP 4.5) 2050 89.7 246.5 25.3 27.2 11.6 1.0
S4 Near End Century (RCP 4.5) 2070 26.9 281.9 25.8 27.5 −4.6 1.2
S5 End Century (RCP 4.5) 2090 65.4 702.5 26.3 27.9 36.9 1.9
S6 Early century (RCP 8.5) 2030 71.2 320.8 25.1 26.4 11.2 0.5
S7 Mid Century (RCP 8.5) 2050 26.7 271.7 25.8 27.5 −34.4 1.4
S8 Near End Century (RCP 8.5) 2070 23.4 355.2 26.2 28.1 9.0 2.0
S9 End Century (RCP 8.5) 2090 39.9 256.9 26.6 28.2 −24.2 2.5

The observed time series data from 2000 to 2015 for air temperature and rainfall were used as
a baseline for the application of the scenarios. The designed nine climate change scenarios extracted from
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the two projected RCP emission scenarios were inputted into the model via the Climate Assessment Tool
(CAT) within BASINS program package utilizing the method described by Imhoff et al. [42].

2.5. Land-Use Scenarios

The rivers in the study area were sub-divided into two classes based on their catchment land-use.
The first category was the rivers predominantly covered by forest and agricultural lands, and the
second type were rivers covered by built-up areas. A developed scenario from the present land-use
was designed to determine whether land-use class distribution can increase/decrease the impact of
climate change on river water temperature and DO concentration in a tropical climate. Three rivers
were selected for the application of land-use scenarios based on their location and proposed future
development in their catchments. Table 4 shows the land-use scenarios of the three selected rivers.

Table 4. Rivers and Surrounding Land-use scenarios.

Names of
Rivers

Scenarios
Changes in Land-Use Composition within the River Catchment (%)

Built-Up Agriculture Forest Wetland Barren Land

Sengkang SL1 5.0 25.0 65.0 0.0 5.0
SL2 5.0 50.0 40.0 0.0 5.0
SL3 5.0 75.0 15.0 0.0 5.0

Senai NL1 25.0 20.0 53.2 0.1 1.7
NL2 50.0 20.0 28.2 0.1 1.7
NL3 75.0 20.0 3.2 0.1 1.7

Melana ML1 75.0 15.0 8.5 1.5 0.0
ML2 85.0 10.0 3.5 1.5 0.0
ML3 95.0 3.0 0.5 1.5 0.0

The catchment of Sengkang River at present is predominantly forestland that will be converted to
farmland in the future. Currently, the Senai River catchment is dominated by forest and agricultural
lands but in the future agricultural land will remain unchanged and forestland will be converted to
developed land. At the Melana River, it is projected that all the current forestland and agricultural
land in the catchment will be converted to built-up areas with a small percent of forestland retained as
a green area.

2.6. Evaluation of Scenarios

After calibration and validation of the model, the calibration parameters were maintained and
used to simulate the climate and land-use scenarios earlier explained. The results obtained from the
climate change scenarios were analyzed using statistical analysis. A statistical comparison method was
applied to investigate the impact of each climate change scenario on the potential water temperature
and DO concentration condition in tropical rivers. The method we used is referred as one-way Analysis
of Variance (ANOVA) [43–45]. This method is a form of univariate analysis, which uses the hypothesis
that the difference of one of the control variables has a significant influence on the total observed
variables. In our case, we used the climate change scenarios (S1–S9) as the control variables and the
daily simulated water temperature and DO concentration for each scenario as the observed variables.
We considered the major river (Skudai River) for this analysis, and divided it into three segments: the
upstream, mid-section and downstream. We selected Skudai River because all the other rivers in the
basin are tributaries to the Skudai River as well as to observe whether the impact of climate change
will vary along the river pathway (as it measures 42.8 km of length). In the case of rejecting the null
hypothesis of the equality of the output of water temperature and DO concentration from the scenarios
group, we used post hoc comparisons to find out how to discriminate particular water temperature
and DO concentration on the basis of the scenario group. That is, we sought to determine which water
temperature and DO concentration attributes from this group are best to identify the impact of climate
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change on tropical rivers (water temperature and DO concentration) by discriminating it from the
output results of other scenarios.

The relationships between water temperature and DO concentration under climate change
conditions were further evaluated. The objective was to determine the impact of climatic variables
(precipitation and air temperature) on the water temperature to DO concentration relationship. Because
studies have revealed the relationship between DO and water temperature to be strongly negative [46],
in an effort to identify the best regression model that suited water temperature and DO concentration
in the tropical climate, it was determined that the exponential model was found to be better suited to
modeling low DO concentrations at higher water temperatures in temperate climate [46]. In addition,
the relationship between the changes in streamflow to water temperature and DO concentration were
presented using the regression model. The aim was to observe whether climate change can influence
the interaction between the streamflow with water temperature and DO concentration in the tropical
climate because studies suggested that stream temperatures in the moderate flow conditions were
cooler than under low flow conditions [47]. Finally, the interaction between land-use and climate
change was evaluated using tributary (small) rivers in the watershed (Sengkang, Senai and Melana
rivers) and a graphical plot of their relationship was produced.

3. Results

3.1. Basin-Wide Simulation Result of HSPF Model

3.1.1. Hydrological Simulation

The gauge station for streamflow and water quality were in different locations (Figure 1b);
therefore the hydrological modeling (calibration of streamflow) result was separated from the water
temperature and DO concentration models. Initially, the HSPF model was calibrated using monthly
observed streamflow data. Sensitivity analysis of the calibration parameters was evaluated against
simulated flow time series generated at the hydrological gauge station of the Skudai watershed
using flow time series from January 2002 to December 2014. Five parameters were more sensitive
out of the thirteen parameters adjusted during the calibration processes (listed according to their
sensitivity index from higher to lower): Lower zone nominal soil moisture storage (LZSN), Index
to infiltration capacity (INFILT), Lower zone evapotranspiration (ET) parameter (LZETP), Base
groundwater recession (AGWRC), and Upper zone nominal soil moisture storage (UZSN) parameter.
Sequel to the calibration and validation of the model, a statistical performance check confirms a proper
calibration and validation of the model as shown in Table 5 [36].

Table 5. Hydrological Simulation Program FORTRAN (HSPF) model Performance Statistics (Hydrology).

Statistical Model Calibration Validation

Coefficient of determination (R2) 0.89 0.83
Nash–Sutcliffe Efficiency (NSE) 0.88 0.82

Percent bias (PBIAS) −6.28 −3.91

The coefficient of determination (R2) shows that the model describes 89% of the total variability in
the observed data onto monthly flow level. The model performance was good at 11% overestimation
of flow for a 53 months simulation period, and the validation result shows a satisfactory performance
with captured variability of 83% and an overestimation of 17% (Figure 3).
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3.1.2. Water Temperature and Dissolved Oxygen Simulation

Modeled stream temperatures and DO concentrations were compared to the observed monthly
data for water temperatures and DO concentrations for the period from 2002 to 2014 periods at three
monitoring locations (Figure 1b). The three locations were selected out of nine monitoring locations in
the Skudai watershed because they captured the water temperature and DO concentration level of
the three targeted rivers used as a case study in this research. The coefficient of the determinant (R2)
between predicted and observed monthly water temperature ranged from 0.64 (station 3S117—the
intersection between the Senai and Skudai Rivers) to 0.74 (3S110 station 3S110—downstream of
Sengkang River). Conversely, the R2 values for the DO concentration ranged from 0.55 to 0.65. The
results of statistical tests performed between observed and simulated monthly water temperature and
DO concentration are presented in Table 6.

Table 6. Statistical measurement of calibrated water temperature (Tw) and Dissolved Oxygen (DO).

Statistical Parameters
3S110 3S117 3S116

Tw DO Tw DO Tw DO

Average Monthly Values

Observed (in ◦C or mg/L) 26.20 5.13 26.68 2.80 27.66 3.19
Simulated (in ◦C or mg/L) 26.18 4.99 26.66 2.87 27.62 2.84

Standard Deviation

Observed 0.59 1.38 0.71 1.45 0.95 1.62
Simulated 0.62 1.18 0.68 1.32 0.90 1.48

Performance Statistics

T-test 0.94 1.88 1.60 −0.89 1.84 3.44
p-Value 0.34 0.06 0.11 0.38 0.07 0.04

Correlation coefficient 0.86 0.75 0.98 0.79 0.86 0.81
Coefficient of determination R2 0.74 0.55 0.70 0.62 0.64 0.65
Nash–Sutcliffe efficiency (NSE) 0.70 0.53 0.64 0.60 0.60 0.59

Percent Bias (PBIAS) 0.09 2.72 0.55 −2.31 0.84 10.80

The average (mean) monthly and standard deviation values indicated that the model produced
more variability in estimated DO concentration values, and less variability in the simulated water
temperature values when compared with the observed values. However, the paired sample t-test
indicated that the differences between the means of measured and simulated monthly water
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temperature and DO concentration were not significant at the 95% confidence level, except for the
result of the simulated DO at station 3S117. However, the R2 and NSE values showed a better
relationship between simulated water temperatures and DO concentrations with the observed values.
Figure 4a–c compares graphically the observed and the simulated monthly water temperature and DO
concentration values for the modeled period.
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3.2. Sensitivity Analysis

The sensitivity analysis results from the process designed to identify the most sensitive parameters
selected from the preliminary sensitivity analysis of 13 parameters under hydrological calibration
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processes indicate that Index to Infiltration Capacity (INFILT) was the most important hydrological
calibration parameter in our simulation (Figure 5), with Upper Zone Nominal Soil Moisture storage
(UZSN) and Interflow Inflow parameter (INFTW) following in relative importance. The lower zone
nominal soil moisture storage (LZSN) parameter was the least sensitivity among them. The nonlinear
response shown by the INFILT parameter aligned with the core equations of the model [32]. However,
UZSN, INFTW, and LZSN showed a linear response in this analysis. On the other hand, when INFILT
was increased up to a unit, the water temperature increases by 0.04 ◦C/unit (per unit means, at every
increase of 0.3 of the calibration parameter values) to 0.01 ◦C/unit and the DO concentration decreases
by 0.03 mg/L/unit to 0.01 mg/L/unit. In addition, as the UZSN, LZSN and INTFW parameters were
increased up to a unit, the water temperature increases from 0.003 ◦C/unit to 0.0002 ◦C/unit and DO
concentration decreases by 0.003 mg/L/unit to 0.0002 mg/L/unit at all three stations.

For the other parameters, the correction unit for solar radiation (CFSEAX) parameter showed
the highest sensitivity, followed by long wave radiation coefficient (KETRAD), then evaporation
coefficient (KVAP), and the least was conduction-convection heat transport coefficient (KCOND)
parameter. On increasing the initial CFSEAX parameter value above its base value to a unit, the
water temperature increased by 1.4 ◦C to 0.2 ◦C per unit, whereas DO concentration decreased by
0.6 mg/L/unit to 0.02 mg/L/unit. The second important parameter was KETRAD when increased
up by a unit; it resulted in an increased in the water temperature by 0.04 ◦C/unit to 0.01 ◦C/unit
and DO concentration decreased by 0.02 mg/L/unit to 0.008 mg/L/unit in all the three stations
considered. KCOND and KVAP parameters when increased up to unit, produced an increased in water
temperature by 0.002 ◦C/unit to 0.0003 ◦C/unit and DO concentration decreased by 0.01 mg/L/unit
to 0.0008 mg/L/unit across the three stations.

We also considered the sensitivity of the important input data that were critical to this research
and significant to the model output on water temperature and DO concentration simulation. Two
input data were analyzed, the air temperature and precipitation. Air temperature showed higher
sensitivity than precipitation to both water temperature and DO concentration, and precipitation
displayed a nonlinear response to water temperature with sensitivity fluctuating from 0.5 ◦C/unit to
0.1 ◦C/unit. The same response was observed with DO concentration with sensitivity varying from
0.5 mg/L/unit to 0.2 mg/L/unit. While the precipitation indicates a nonlinear response to water
temperature and DO concentration, the air temperature showed a linear response. The sensitivity
of the air temperature to water temperature fluctuates between 1.2 ◦C/unit to 0.2 ◦C/unit and DO
concentration sensitivity values varied from 0.3 mg/L/unit to 0.1 mg/L/unit.

By the sensitivity analysis performed, it was concluded that the water temperature and DO
concentration was highly sensitive to CFSEAX, air temperature, precipitation and then the INFILT
parameter. The CFSEAX parameter determined the percent of the river surface that was exposed
to direct solar radiation. These results were supported by the findings of Leach et al. [48], i.e., the
density of the vegetation along the rivers determines the water temperature level. High infiltration
reduced the quantity of the runoff, resulting in a low flow condition and increases the exposure time
of the water to both air temperature and solar radiation. However, increased precipitation caused
more water to flow out as runoff and therefore resulted in lower water temperature and increased DO
concentration. Increased air temperature will promote increased water temperature with decreases
in DO concentration, as conduction-convection has variable effects on water temperature due to
increasing solar radiation [48,49].

The results of the sensitivity analysis show that the uncertainty in the model parameters has
no effect on the simulation results of some of the model outputs considered (those parameters with
low sensitivity). However, the consideration of the uncertainty in the model parameters that show
high variability in the model output indicates their tendency to influence the simulation result. The
two highly sensitive parameters discussed earlier (INFILT and CFSEAX) control the uncertainty in
the water temperature and DO concentration simulated by the model. In addition, these parameters
can improve the performance of the model, as they have a short range of parameter adjustment (see
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Table 2) as compared to the other parameters with low sensitivity. Therefore, they can be considered
for the reduction of the uncertainty in the model output.

Furthermore, the sensitivity results of the weather data (air temperature and precipitation) show
that accurate measurement of weather data is essential for the model simulation. In our case, the
integration of the data from the five rain gauge stations in the model improved the accuracy of the
precipitation data as it captured the rainfall distribution in the Skudai watershed. For air temperature,
only one station was used as a data source because it was the only available location in the study
area. However, it will not affect the model output considerably because weather data are fixed to their
measured values (or nominal values) without any uncertainty [50].
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The vertical axis was divided into two components (Figure 5). The left hand side (LHS) axis
represents the parameters/input variables with small variability for the water temperature and DO
concentrations (LZSN, UZSN, KATRAD, KEVAP, INFILT, INFTW, and KCOND). The right hand side
(RHS) axis represents the parameters/input variables with wide variability for water temperature and
DO concentration (AIR TEMP, PREC, and CFSAEX).

3.3. Climate Change Assessment

A tropical climate is associated with consistently high temperatures and abundant rainfall. Equally,
future climate projections show further increases in air temperature and more variable rainfall. The
integration of the projected climate change using nine climate scenarios into the calibrated model of
a tropical catchment provides information on the possible shifts in the river water temperature and
DO concentration in the future. In this subsection, we present the results of the analyses of the feature
group scenarios, as explained in Section 2.6.

3.3.1. Analysis of the Water Temperature Variability under Climate Change Scenarios

The results of the ANOVA analysis showed that the mean values of the analyzed water
temperatures along the river pathway (upstream, mid-section and downstream) significantly differed
among the scenarios (p < 0.01) as shown Table 7. From the univariate results (ANOVA), we conclude
that the water temperature varied significantly for each scenario because the F-distribution of the nine
scenarios produced p-value less than 0.01. These results allowed us to apply post-hoc comparisons
for each of the simulated water temperature outputs from the nine climate scenarios. The results are
presented in the form of tables made up of homogenous subsets of scenarios as shown in Figure 6.
The results of the post hoc analysis revealed that all sections of the river pathway considered separately
influence each scenario to a large extent. However, we used p-values for each subset to define the
significant scenarios, because the p-value indicates that the scenario subset produced the same water
temperature at each section of the river (p > 0.01). Scenarios S7 and S9 are well distinguished from the
other scenarios in the upstream portion of the river. Scenario S7 has a mean water temperature higher
than that of S9 scenario, with the fact that S9 scenario has a higher air temperature compared to S7.
The result indicates that the upstream water temperature of the river is more sensitive to precipitation
changes than to air temperature. It was further buttressed by the subset Group 1 scenarios, showing
that scenarios S1, S3, S5, and S6 are similar. Thus, it is difficult to differentiate these scenarios based
on water temperature conditions, as they have no statistically significant differences. These group
scenarios have a common feature of positive precipitation. In addition, no single scenario is well
distinguished from the other scenarios for the mid-section and downstream portions of the river,
meaning that, from the mid-section of the river to the downstream section, the water temperature
output produced by all the scenarios cannot be distinguished by single significant statistical difference
but only in a group and at subset level.

Table 7. Comparison of the results of one-way ANOVA (water temperature).

Skudai Rivers
Section Sources d.f Sum of Square Mean Square F-Statistics p-Value

Upstream
Scenarios 1377.0 8.0 172.1 151.6 0.0
Residual 57,791.0 50,914.0 1.1

Total 59,168.0 50,922.0

Mid-section
Scenarios 745.8 8.0 93.2 44.2 0.0
Residual 107,509.3 50,914.0 2.1

Total 108,255.1 50,922.0

Downstream
Scenarios 421.5 8.0 52.7 48.4 0.0
Residual 55,376.7 50,914.0 1.1

Total 55,798.1 50,922.0
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However, the result indicates that in the mid-section and downstream section a decrease of precipitation
above 24% (scenario S9) cannot be distinguished by mean air temperature output (i.e., no significant
difference). In addition, an increase in precipitation from 0% (S1 scenario) to 9% (S8 scenario) produced
similar mean water temperatures independent of the air temperature increase (from 0 ◦C to 2 ◦C).

In general, the variability of water temperature under climate changes conditions decreases from
upstream to downstream. It can be observed from the mean differences of water temperature along the
three section of the main river (Figure 6). In addition, the water temperature along the river pathway
increases at the minimum of 1 ◦C between each section of the river. The Homogenous subset group
classified all the scenarios based on the outcome of the water temperature conditions. For example,
subgroup one scenarios produced a lower impact on water temperature compared to subgroup three
scenarios and subgroup five scenarios. Therefore, scenarios S7 is the best scenario to identify the
impact of climate change on tropical rivers follow by scenario S9, but the least scenario that poorly
identified the impact of climate change on water temperature in a tropical river is scenario S5 and S6.
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3.3.2. Analysis of the DO Concentration under Climate Change Scenarios

The results of the one-way ANOVA illustrate that the mean values of the DO concentrations were
significantly different for the group scenarios (p < 0.01). Table 8 shows the results of the analysis in
detail. The homogeneous grouping indicates (Figure 7) that, at the upstream, S7 and S5 scenarios
produced a different mean DO concentration at subset levels one and six, respectively. However,
the rest of the scenarios provided mean DO levels with no statistical significant difference at various
subset levels. The same condition was observed at the mid-section of the Skudai River, while at the
downstream only scenario S5 produced a distinctive mean DO concentration. When a mean value for
a particular scenario is distant from the other mean values, then this scenario is very easy to distinguish
from the others.

For example, scenarios S7 and S5 are well distinguished from the other scenarios on the upstream
and mid-section portion of the river (Figure 7), whereas mean values of the downstream for scenario S1,
S3 and S8 are similar, and these scenarios are situated in the same group, so these scenarios are difficult
to differentiate based on mean DO concentration values. Similarly, at the upstream and mid-section
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portion, scenarios S3, S6, and S8 are in the same group and possess no statistically significant difference.
However, scenario S5 is distinguished among the scenarios in all the three sections of the river.

Table 8. Comparison of the results of one-way ANOVA (DO concentration).

Skudai Rivers Section Sources d.f Sum of Square Mean Square F-Statistics p-Value

Upstream
Scenarios 1672.5 8.0 209.1 121.9 0.0
Residual 87,282.1 50,913.0 1.7

Total 88,954.6 50,921.0

Mid-section
Scenarios 3254.4 8.0 406.8 135.3 0.0
Residual 153,042.1 50,913.0 3.0

Total 156,296.5 50,921.0

Downstream
Scenarios 1854.6 8.0 231.8 90.0 0.0
Residual 131,153.9 50,913.0 2.6

Total 133,008.5 50,921.0

The results show that the DO concentration in the river follows a uniform pattern as indicated in
the group classes. The DO concentration homogenous scenario levels differ from those for the water
temperature. For the DO concentration, S5 scenario is the best scenario to identify the impact of climate
change on tropical rivers followed by scenario S6, but the scenarios that most poorly identified the
impact of climate change on water temperature in a tropical river are scenarios S7 and S9. The results
show that the mean DO concentration produced by each scenario considering the three section of
the river, it shows that the mean DO at the upstream is higher compared with the mid-section and
downstream portions of the river. The last two sections of the river produced related DO concentrations
across the nine scenarios.

Comparing the outcome of the post-hoc comparisons for water temperature and DO concentration,
the result shows that the two constituents have a negative correlation. However, the relationship
between these two parameters will be discussed in the next section.
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3.3.3. Interaction between DO Concentration and Water Temperature under Climate Change Scenarios

Figure 8 presents the set of regression models that were developed based on a change in
water temperature and DO concentration under climate change conditions with monthly time steps.
Regression models for the mean DO concentration and water temperature proved to be a poor fit when
using an exponential regression model compared to the polynomial model because the coefficient of
the determinant (R2) for the exponential regression is lower than that of the polynomial regression.
From the regression results (Figure 8), the relationship between DO and water temperature is stronger
under the increased precipitation scenarios in comparison to then decreased precipitation scenarios.
Scenarios S7 and S9 produced R2 values of 0.449 and 0.495 using the exponential regression model
and 0.754 and 0.774 values for polynomial regression model, respectively, while scenarios S3, S5, S6,
and S8 produced R2 values of 0.588, 0.628, 0.589 and 0.582 derived from the exponential regression
model and 0.793, 0.796, 0.793 and 0.792 derived from the polynomial regression model, respectively.
This result shows that climate change conditions will not affect the relationship between DO and
water temperature significantly. On the other hand, the variations in the regression models indicate
the impact of climate changes on the water temperature and DO relationship. It also shows that the
scenarios produced a similar but different result at each precipitation and air temperature fluctuation.
Finally, low DO and high water temperature are best related using the polynomial regression model
compared with the exponential regression model in the studied rivers. However, river flow conditions
might influence this relationship because the changes in timing and form of precipitation can affect the
timing of maximum and minimum flows in a river system [51].

Climate 2017, 5, 58  17 of 24 

 

3.3.3. Interaction between DO Concentration and Water Temperature under Climate Change 
Scenarios 

Figure 8 presents the set of regression models that were developed based on a change in water 
temperature and DO concentration under climate change conditions with monthly time steps. 
Regression models for the mean DO concentration and water temperature proved to be a poor fit 
when using an exponential regression model compared to the polynomial model because the 
coefficient of the determinant (R2) for the exponential regression is lower than that of the polynomial 
regression. From the regression results (Figure 8), the relationship between DO and water 
temperature is stronger under the increased precipitation scenarios in comparison to then decreased 
precipitation scenarios. Scenarios S7 and S9 produced R2 values of 0.449 and 0.495 using the 
exponential regression model and 0.754 and 0.774 values for polynomial regression model, 
respectively, while scenarios S3, S5, S6, and S8 produced R2 values of 0.588, 0.628, 0.589 and 0.582 
derived from the exponential regression model and 0.793, 0.796, 0.793 and 0.792 derived from the 
polynomial regression model, respectively. This result shows that climate change conditions will not 
affect the relationship between DO and water temperature significantly. On the other hand, the 
variations in the regression models indicate the impact of climate changes on the water temperature 
and DO relationship. It also shows that the scenarios produced a similar but different result at each 
precipitation and air temperature fluctuation. Finally, low DO and high water temperature are best 
related using the polynomial regression model compared with the exponential regression model in 
the studied rivers. However, river flow conditions might influence this relationship because the 
changes in timing and form of precipitation can affect the timing of maximum and minimum flows 
in a river system [51]. 

 

 
Figure 8. Correlation plot between simulated water temperature and dissolved oxygen concentration 
under different climate change scenarios (red lines represent the polynomial regression and blue 
lines represent the exponential regression): (a) S1 (b) S2 (c) S3 (d) S4 (e) S5 (f) S6 (g) S7 (h) S8 (i) S9 

Figure 8. Correlation plot between simulated water temperature and dissolved oxygen concentration
under different climate change scenarios (red lines represent the polynomial regression and blue lines
represent the exponential regression): (a) S1 (b) S2 (c) S3 (d) S4 (e) S5 (f) S6 (g) S7 (h) S8 (i) S9.



Climate 2017, 5, 58 18 of 24

3.3.4. Interaction between Streamflow, Water Temperature, and DO Concentration under Climate
Change Conditions

The correlation between streamflow alongside river water temperature and DO concentration for
each scenario is presented in Figure 9. The results indicate that the relationship between streamflow
and DO are better than that between streamflow and water temperature. However, the variability
in streamflow shows slightly more impact on water temperature than DO concentration. It can be
observed from the R2 values across the nine scenarios.

The regression model indicates the impact of climate change on the water temperature and
DO conditions because each scenario produces a different maximum flow condition with a different
average flow. For example, scenario S5 produced a maximum streamflow of 24 m3/s and an average
flow of 8.5 m3/s, while scenario S7 produced a maximum streamflow of 10 m3/s and an average flow
of 4.9 m3/s. As these scenarios produced different streamflow condition, so they influenced the DO and
water temperature levels. For example, scenario S5 produced the maximum water temperature value of
30.5 ◦C with DO level of 0.57 mg/L at a flow of 1.0 m3/s, but scenario S7 generated a maximum water
temperature of 30.8 ◦C with DO level of 0.20 mg/L at a flow of 1.0 m3/s. In summary, the regression
model indicates that climate change scenarios have a tendency to modify the streamflow pattern in the
tropical rivers and subsequently influence the water temperature and DO concentration. However, the
variations in the streamflow do not indicate a severe impact on the water temperature compared to
the DO concentration. The evaluation of the impact of climate change on water temperature and DO
level under streamflow variability discussed in this section and compared with the previous analysis
indicates they would have a small prospect across the nine scenarios.
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3.4. Influence of Land-Use on Water Temperature and DO Concentration under Climate Change Scenarios

The effect of river catchment land-use on water temperature and DO concentrations are evaluated
using three designed scenarios based on planned future development for three selected rivers.
Figure 10a–c shows the result of the variability of DO levels and water temperatures due to land-use
changes under different climate scenarios. In the Sengkang River, as agricultural land increases, the DO
concentration and water temperature in the river decrease slightly.

A maximum increase of 0.03 ◦C in water temperature and a decrease of 0.27 mg/L in DO
concentration is observed under future land-use scenarios at different climate change conditions using
the existing land-use generated DO concentration, and water temperature mean values as benchmarks.
It implies that conversion of forestlands to agricultural lands will not considerably affect the DO
concentration and the water temperature under climate change conditions.

On the other hand, the Senai River shows a moderate variability in the water temperature and
the DO concentration with a maximum increase of 0.25 ◦C and a decrease of 1.2 mg/L, respectively
under future land-use scenarios. However, the Melana River shows a lower variability in both water
temperature and DO concentration compared to the Senai River. It undergoes a maximum decrease
of 0.5 mg/L in the DO concentration and maximum increase in the water temperature of 0.15 ◦C.
However, the results show that land-use changes in the catchment of the river contribute to increases
in water temperature and decreases as in DO concentration. Conversion of forest to built-up land
will result in a substantial increase or decrease in water temperature and a substantial decrease in
DO concentration compared to the conversion of forest to farmland. This means that an increase in
urbanization will lead to an increase in river water temperature and a decrease in DO concentration in
the future under the projected climate change. This situation will result in a distortion of the aquatic
ecosystems and lead to water quality impairment in some of the local temporal rivers. However,
rivers having agricultural or forest dominated drainage basins are expected to have a better ecological
condition and accommodate most aquatic species independent of future climate changes.

Climate 2017, 5, 58  19 of 24 

 

The effect of river catchment land-use on water temperature and DO concentrations are 
evaluated using three designed scenarios based on planned future development for three selected 
rivers. Figure 10a–c shows the result of the variability of DO levels and water temperatures due to 
land-use changes under different climate scenarios. In the Sengkang River, as agricultural land 
increases, the DO concentration and water temperature in the river decrease slightly. 

A maximum increase of 0.03 °C in water temperature and a decrease of 0.27 mg/L in DO 
concentration is observed under future land-use scenarios at different climate change conditions 
using the existing land-use generated DO concentration, and water temperature mean values as 
benchmarks. It implies that conversion of forestlands to agricultural lands will not considerably 
affect the DO concentration and the water temperature under climate change conditions. 

On the other hand, the Senai River shows a moderate variability in the water temperature and 
the DO concentration with a maximum increase of 0.25 °C and a decrease of 1.2 mg/L, respectively 
under future land-use scenarios. However, the Melana River shows a lower variability in both water 
temperature and DO concentration compared to the Senai River. It undergoes a maximum decrease 
of 0.5 mg/L in the DO concentration and maximum increase in the water temperature of 0.15 °C. 
However, the results show that land-use changes in the catchment of the river contribute to increases 
in water temperature and decreases as in DO concentration. Conversion of forest to built-up land 
will result in a substantial increase or decrease in water temperature and a substantial decrease in 
DO concentration compared to the conversion of forest to farmland. This means that an increase in 
urbanization will lead to an increase in river water temperature and a decrease in DO concentration 
in the future under the projected climate change. This situation will result in a distortion of the 
aquatic ecosystems and lead to water quality impairment in some of the local temporal rivers. 
However, rivers having agricultural or forest dominated drainage basins are expected to have a 
better ecological condition and accommodate most aquatic species independent of future climate 
changes. 

 

Figure 10. Interactions between land-use and climate change on three small tropical rivers and their 
impacts on water temperature and DO concentration: (a) Sengkang River; (b) Senai River; and (c) 
Melana River. 

4. Discussion 

This study presents the impact of climate change on the water temperature and DO 
concentration in tropical rivers using basin-wide simulation. Rivers in the Skudai watershed in 

Figure 10. Interactions between land-use and climate change on three small tropical rivers and
their impacts on water temperature and DO concentration: (a) Sengkang River; (b) Senai River; and
(c) Melana River.

4. Discussion

This study presents the impact of climate change on the water temperature and DO concentration
in tropical rivers using basin-wide simulation. Rivers in the Skudai watershed in Malaysia were
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selected and subjected to nine climate change scenarios developed from the RegCM4 regional climate
model. The RegCM4 model uses RCP 4.5 and 8.5 emission scenarios to project future climate change.
In this study, we combined the two emission scenarios (RCP 4.5 and RCP 8.5) to developed nine climate
change scenarios in which they were integrated to the calibrated water temperature and DO models of
the Skudai watershed.

A sensitivity analysis of the model parameters was conducted to determine the significance
that a single calibration parameter and input data have on the model result and to evaluate the
uncertainty these parameters might have on the model output. We used perturbation analysis, and
the result obtained shows that the correction factor for solar radiation (CFSEAX) parameter and the
infiltration index (INFILT) parameter were the most sensitive parameters. The result obtained is
similar to the result demonstrated by Cheng and Wiley [40]. They illustrate that stream temperature
is more sensitive to solar radiation and depth. In our case, the infiltration index parameter (INFILT)
determined the hydrological soil group and defined the in situ soil hydrologic conditions [37]. This
means that the higher the infiltration rate, the less the runoff [52], and the river water depth decreases
and hence influences the water temperature and DO concentration responses in the model calibration.
Studies have shown that there is a good correlation between intensity precipitation and infiltration
depth because water from a high-intensity rainfall event infiltrates more deeply compared with
a low-intensity rainfall event [53].

The effect of increases in air temperature and variability in precipitation on the tropical rivers
will change the water temperature conditions. The decrease in precipitation mostly influences likely
changes in water temperature. The result of the statistical analysis shows that extreme climate change
scenarios distinguish themselves from the mild climate scenarios. The result is in agreement with
the result published in similar studies conducted by different climatic groups [18,54]. In addition,
Lenderink and Van Meijgaard [55] show that changes in short-duration precipitation and temperature
extremes can have significant impacts on the river system. The result of the post-hoc comparisons
on the climate scenarios to their mean projected water temperatures shows that small changes in
precipitation and air temperature produced similar mean water temperatures in tropical rivers.

Similarly, the impact of climate change on the DO concentration in the tropical rivers shows that
DO concentrations declined in the tropical rivers in parallel with water temperature increase and
a similar relationship has been discussed by others [15,56]. It was observed that the water temperature
and DO concentration along the river section varied independently of climate variability. It was
connected to the river channel condition, vegetation cover, hydrology, river physical properties, solar
radiation and flow [57–61]. The mid-section and downstream portions of the rivers show a high
resistance to climate change compared to the upstream section of the river. Because at the mid-section
and downstream portions, the flow conditions are higher compared to the upstream and this is as
a result of the contribution from the other tributary rivers that discharge into the main river which
is mostly connected at the mid-section and the downstream parts. Woltemade [49] shows that quick
changes in water temperature were associated with low discharge conditions and high flows influence
low water temperature. The regression model developed from the relationship between streamflow and
water temperature/DO concentration indicate a similar outcome. Because scenarios with tendencies to
generate high streamflow produce low water temperature and high DO concentrations level compared
with those scenarios that have strong tendencies to produced low streamflows. Besides, the correlation
between water temperature and DO concentration in the tropical rivers are better under climate change
scenarios with increased precipitation than those with decreased precipitation. It should be noted that
changes of climate variables such as precipitation and temperature from the future climate projections
will undoubtedly result in changes in streamflow, which also impacts water quality [51].

The predicted water temperature and DO concentration under the nine climate change scenarios
indicate that tropical rivers have high resistance to climate change under the scenarios that show
increased air temperature with increased precipitation but little resistance to climate change scenarios
with low precipitation conditions and increased air temperature. This means that extreme scenarios are
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likely to affect water temperature and DO concentration in the tropical rivers. However, our studies
reveal that the interaction between land-use and climate change can produce a different outcomes.
It depends on the land-use composition and climate change scenarios [18]. Conversion of forest to
built-up land resulted in an increase in water temperature and a decrease in the DO concentration
compared to the conversion of forest to farmland. In the latter, the warmer water temperatures
and lower DO concentrations might result in an increase in the nutrient flux and subsequently
influences nutrient cycling [62]. In the former, it will reduce water temperature and increase the DO
concentration. Thus, multiple stressors and climate change might change the prediction level of river
water temperature and DO concentration in an agricultural dominated catchment [63]. However, in
our case, we considered the conventional agricultural practices only in the study area and their impact
are not considered in our scope of studies.

The projected mean DO concentration from the climate change scenarios indicates a DO level
between 2.9 mg/L to 4.9 mg/L across the river system. However, a DO concentration level lower
than 5.0 mg/L can put excessive stress on fish, and a DO concentration between 3 mg/L and 2 mg/L
may result in fish kill [64]. Based on the common aquacultural practices (shrimp, climbing perch,
and catfish) in the study area, the range of DO level and water temperature will not significantly
affect the aquacultural species in the rivers. However, other environmental factors besides climate
and land-use also control the long-term behavior of stream temperature [65], and these factors, which
are not included in our study, might be detrimental to the ecosystem in which our study does not
include. Future climate change indeed will impact the species composition of tropical rivers, leading
to a dominance of warm water species that are able to adapt to a low DO concentration level and
a consistently high water temperatures condition. As suggested by Hansen et al. [66], warm water
species can quickly adapt to climate change compared to cold-water species. Understanding the
effects of climate and predicting the effects of future climate change on water temperature and DO
concentration on the river ecology is critical for effective resource management [67]. Thus, our results
provide a basis in which significant management planning and mitigation actions can be taken.

5. Conclusions

This study demonstrates the likely impact of climate change on river water temperatures and DO
concentrations in tropical rivers. Observed time series water temperature and DO concentration data
for rivers in a Malaysian catchment area were used to calibrate a model using basin-wide simulation.
The HSPF model was used to predict the impact of climate change on the stream water temperature
and DO concentration. The results show that an increase in rainfall and air temperature will have little
effect on water temperatures and DO concentrations as compared to a situation where an increase in air
temperature and a decrease in rainfall occur. The latter will trigger higher water temperature and lower
DO concentration. The relationships between streamflow, water temperatures and DO concentrations
were evaluated, and they show that high to moderate streamflows lower water temperature and
increase the DO concentration. Assessing the interaction between land-use changes in the river
catchment on DO concentration and water temperature under different climate scenarios shows that
land-use changes in the river catchment increase water temperatures and decrease DO concentrations.
In addition, the land-use composition of the river catchment determines the water temperature and
DO concentration changes in the river system. The impact of climate change and future development
on the tropical rivers and how they might affect the future aquatic ecological system was briefly
explained. As most rivers in suburban areas will be uninhabitable to most aquatic species as compared
to agricultural and forest dominated rivers.
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