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ABSTRACT
A dynamic, physical model was created to simulate runoff of Lagawe River Sub-watershed. A
tipping-bucket rain gauge was installed to gather event-based rainfall data and a water-level recorder
was installed on a straight segment of Lagawe River to gather water depth. Land use/land cover data
was derived from the image classification of Landsat data. Elevation, slope, and local drainage direction
maps were generated from digital elevation model using GIS processing techniques. Manning’s
equation was utilized to model the velocity of runoff. The maps, rainfall, and water-level data served as
input to the physical, dynamic model, which was written using PCRaster language. An R2 of 0.82 was
achieved between the correlation of the measured and predicted streamflow. Also, the t-statistic showed
no significant difference between the measured and predicted streamflow. Based on the statistical
analyses and indices, the dynamic, physical model was able to simulate runoff and predict streamflow.
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INTRODUCTION
The FAO (Food and Agriculture Organization) defines a watershed as a geographical area
drained by a watercourse (FAO, n.d.). Watershed provides ecosystem services. Healthy watersheds
provide valuable services to society, including the supply and purification of fresh water (Postel and
Thompson 2005). The Forest Management Bureau of the Philippines classifies watersheds according to
their sizes: river basin (>100,000 ha), large watershed (>50,000 ha), medium watershed (>10,000),
small watershed (>1,000 ha), and micro watershed (<1,000 ha) (FMB n.d.).
Rain falling within the confines of a watershed enters the soil surface through a process called
infiltration. Rain-water in excess of the soil’s instantaneous infiltration capacity accumulates in the
soil’s surface, then flows downslope as surface runoff through various stream channels, until the stream
channels converge into one. Ground water flow contributes significantly to streamflow (Frisbee et al.
2011), especially for large watersheds. During rainstorm events, however, surface runoff becomes the
major source of streamflow (Wu et al. 2018; Pandey et al. 2008).
Streamflow is the volumetric discharge expressed in volume per unit time (typically cubic feet
per second (ft3/s) or cubic meters per second (m3/s)) that takes place in a stream or channel and varies
in time and space (Wiche and Holmes 2016). Streamflow varies from stream to stream, depending on
the physical properties of the watershed or river basin. Wider and deeper channels can convey a higher
volume of water than narrower and shallower ones. Streamflow also depends on the physical condition
of the stream. Slope, meandering as oppose to straight, and the presence of rocks that increases surface
roughness highly affects the flow velocity of water.
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Streamflow is the indicator of the overall health of a watershed. Having accurate streamflow
data is an important factor in watershed planning and sustainable water resource management (Ravazi
and Coulibaly 2013). A healthy watershed should have continuous supply of water even during the dry
months. A stream that always dries-up during summer is an indicator that its watershed is not able to
store enough water, available through rainfall during the wet season, to maintain its base flow. Such a
condition is indicative of the poor or degraded condition of the watershed’s vegetative cover and soil.
Accurate prediction of streamflow is an essential ingredient for both water quality and quality
management (Mehr et al. 2013). Water quality is associated with soil erosion and runoff; soil erosion
and runoff are associated with land use and land cover. Water quality decreases as vegetation cover of
a watershed becomes degraded. Increase in urban lands are usually associated with an increase in high
streamflow, decrease in low streamflow, and an increased variability in streamflow because of the
increased impervious surface caused by urbanization decreases infiltration of precipitation and
increases runoff (Tu 2009).
Streamflow data is also used in the design of critical engineering structures, such as highways,
drainage systems, and reservoirs (Razavi and Coulibaly 2013). Properly designed bridges, drainage
systems, and irrigation canals should be able to handle peak streamflow coming from surface runoff.
Streamflow forecasting and modeling are classified into four categories: conceptual, metric,
physics-based, and data-driven (Besaw et al 2010). Conceptual models involves a simplified
conceptualization of a hydrologic process. Metric models are based on unit hydrograph theory and are
not based on hydrologic processes. Physically-based models involve a detailed interaction of various
physical processes controlling the behavior of a system (Wu and Chau 2011). Data driven models are
useful for river flow forecasting where the main concern is accurate prediction of runoff without any
underlying information on the physics of the hydrological process (He et al. 2014). According to
Kuchment et al. (1996), for a runoff model to help solve environmental problems related to the
hydrologic cycle, erosion, and water quality, physical process representation and available experimental
and observational data should be present.
Physically-based models have the following characteristics and advantages. First, physicallybased models have parameters with clear physical meaning. Second, physically-based models can
provide satisfactory results if effective values are used for some parameters instead of measured or a
priori values. Third, physically-based models provide an opportunity to use simulation to explore
different assumptions and hypothesis (Kuchment et al. 1996). The rainfall-runoff process can be
influenced by many factors such as weather conditions, land-use and vegetation cover, infiltration, and
evapotranspiration (Mehr et al. 2013). Predicting streamflow from surface runoff is complex due to the
non-homogenous conditions that exists within the watershed that directly affect the amount of runoff:
namely land use/land cover and soil conditions (Yan et al. 2013). However, through numerical
simulation, together with weather data and land-related inputs, the surface runoff and streamflow can
be modelled.
Runoff and soil erosion are processes that occur in a watershed. Quantification of the volume
of runoff is necessary in managing the land use of the watershed and its ability to supply water to a
reservoir. Tools such as models are needed by managers to properly assess the condition of the
watershed at various times and rainfall conditions. Thus, there is a need to develop a model that could
quantify runoff from a watershed based on land use and rainfall for better management of its land use.
This study sought to build a dynamic, physical model that can simulate runoff during rainstorm
events using GIS, remote sensing, and sensor technologies. Specifically it sought to (1) gather eventbased rainfall data through the installation of a tipping-bucket rain gauge with data recorder, (2) gather
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water-level data through the installation of water-level recorder, and (3) build a dynamic physical model
using GIS and PCRaster Software.
The model developed in this research can only be used to simulate surface runoff occurring
during erosive rainfall events, high intensity and long duration rainfalls. The model was calibrated using
such types of data. The model is also designed to work on extreme, rainfall events that occur only once
in every ten or twenty years. The model has been tested to work well on small watersheds, but will also
work in larger watersheds.
MATERIALS AND METHODS
Study area. The project site is the Lagawe River Sub-watershed located in Ifugao province, Philippines
(Fig. 1). The project site lies within the geographic extents of: 121⁰ 5’E – 121⁰ 9’E Longitude and 16⁰
48’N – 16⁰ 54’N Latitude. The sub-watershed has an approximate area of 7,392 hectares (Bato 2019),
based on computation using GIS (Geographic Information Systems) and is classified as a small
watershed by the Forest Management Bureau (FMB 2019).

Fig. 1.

Location of project area relative to the Philippines.

Installation of tipping-bucket rain gauge. A tipping-bucket rain gauge was installed within the
boundary of Lagawe River Sub-watershed in order to record event-based rainfall occurrences (Fig. 2).
Each bucket tip is equivalent to 0.2 millimeters of rainfall, every tip is recorded with date and time
stamp. Event-based rainfall data is needed as input to the dynamic model. The model required hightemporal-resolution rainfall data to predict streamflow to generate a river hydrograph for rainstorm
events. The rain gauge was installed in Barangay Poblacion, Hingyon municipality, Ifugao province.
The geographic coordinate of the rain gauge is: 121º 5’ 56.46” E, 16 º 51’ 8.66” N. The tipping-bucket
rain gauge was mounted on ½-inch galvanized pipe attached to the steel beam of the covered stage
within the property of the Catholic Church in Hingyon.
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Location of the tipping-bucket rain gauge and water level recorder installed
within Lagawe River Sub-watershed, Ifugao Province.

Installation of capacitive water-level recorder. Water depth was monitored using a capacitive waterlevel recorder (Fig. 2). Water depth was recorded every five-minutes, together with the date and time
of recording. The measured water depth was used to compare and assess the output hydrograph of the
model. The water level recorder was installed on a straight segment of the Lagawe River. The waterlevel recorder was installed on the lower segment of Lagawe River located in Barangay Boliwong,
Lagawe municipality, Ifugao province. The geographic coordinate is: 121º 8’ 0.00” E, 16º 48’ 32.03”
N. This water level recorder was encased in a PVC (Polyvinyl Chloride) pipe, with numerous holes,
attached to the riprap wall of the river. The PVC pipe provided the water level recorder security from
theft and protection from the elements. The holes on the pipe ensured that water can get-in-and-out of
the pipe for proper water level recording.
Rain and water-level data collection started May 4, 2015, when the sensors were installed and
ended December 17, 2015, when enough erosive rainfall data was gathered.
Data analysis and modelling. During rainstorm events, water normally flows from an area of higher
elevation to an area of lower elevation. Water flows through the soil surface as surface runoff or through
channels like rills and gullies. The rills and gullies are like river channels that carry surface runoff
downslope at a certain velocity. The velocity of surface runoff along these channels can be estimated
using Manning’s Equation (Equation 1).
𝑉=

2
1
𝑟 ⁄3 𝛼 ⁄2

𝑛

(Eq. 1)

Where:
𝑉 is velocity, m/sec
𝑟 is the hydraulic radius, m
𝛼 is the slope
𝑛 is Manning’s surface roughness index
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Manning’s n can be generated by recoding the land use map to create a Manning’s Roughness
Index Map. The hydraulic radius is the ratio of the cross-sectional area of flow to the wetted perimeter
(Equation 2).
ℎ×𝑤
𝑟=
(Eq. 2)
(2
𝑤+

× ℎ)

Where:
𝑟 is the hydraulic radius, m
ℎ is the height of flow, m
𝑤 is the width of flow, m
Surface runoff travels down the slope at a certain velocity, increasing, as the height of the
surface runoff increases, and decreasing, as the surface roughness increases. A uniform sloping surface
in a landscape could be assumed as a very wide channel without sides. In such a case, the hydraulic
radius, r, becomes the height of flow, h, (Hillel, 2004). Thus Equation 1 becomes:
𝑉=

2
1
ℎ ⁄3 𝛼 ⁄2

𝑛

(Eq. 3)

Where:
𝑉 is velocity, m/sec
ℎ is the height of flow, m
𝛼 is the slope
𝑛 is Manning’s surface roughness index
The dynamic, physical model conforms to the water balance equation (Equation 4) in
computing for the surface runoff of watersheds.
𝑅 = 𝑃 − (𝐼 + 𝐸)
(Eq. 4)
Where:
R is surface runoff
P is precipitation
I is infiltration
E is evapotranspiration
During erosive rainfall events, evapotranspiration can be ignored because its rate is very
insignificant compared to rainfall intensity. Thus Equation 4 becomes:
𝑅 =𝑃−𝐼
(Eq. 5)
Where:
𝑅 is surface runoff
𝑃 is precipitation
𝐼 is infiltration
Infiltration is highly dependent on time, moisture, and land use. During rainy season, the soil
is already close to saturation. During rain-storm events, the soil becomes saturated and infiltration is
already at its steady-state, which is very close to the saturated hydraulic conductivity.
In a watershed, which is in three-dimension with X, Y, and Z components (longitude, latitude,
and elevation or eastings, northings, and elevation), geographic information systems (GIS) will be used
to facilitate overlay and map algebra. PCRaster Software will be used for the dynamic, physical
modelling because of the following reasons: (1) PCRaster in GIS-based, (2) PCRaster allows the
modeler to work and modify equations, and (3) Only PCRaster has the ability to move materials (water)
following the LDD (local drainage direction) network in a dynamic manner. Without the LDD it would
be impossible to create this model.
Land within the sub-watershed have various land uses. Land use/ land cover of the watershed
was derived from the classification of Landsat 8 data (Fig. 3), supplemented by digitizing the location
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of rice terraces from Google Maps. From the land use map (Fig. 4h), a Manning’s n was assigned to
each land use class to generate a Manning’s n map (Fig. 4g). This map was one of the inputs of the soil
erosion and runoff model. The value of Manning’s n was based on Chow (1959). Table 1. shows the
value of Manning’s n assigned to each land use. Values of Manning’s n were adapted from Paningbatan
(2001). Slight adjustments on some of the Manning’s n values were made in order to fit the needs of
the model.
Table 1. Saturated hydraulic conductivity and Manning’s n values for various land uses.
Land use
Saturated hydraulic conductivity (Mm/Hr.)
Manning’s n
Forest
100.8
0.1
Brush
42.0
0.12
Grass
100.8
0.035
Very thin grass
33.0
0.03
Bare
0.6
0.025
River
0.0
0.04
Terrace
6.0
0.06
Trail
0.6
0.025
Urban
0.6
0.02

Fig. 3.

Landsat 8 satellite data of Lagawe River Sub-watershed, Ifugao Province. Path 116,
row 048, taken May 14, 2014. Watershed boundary is designated by the blue line.

The saturated hydraulic conductivity values used for various land uses is listed on Table 1.
These values were recoded into the land use map and a saturated hydraulic conductivity map (Fig. 4i)
was created for the sub-watershed. The values for saturated hydraulic of various land use/ land covers
were taken from an unpublished thesis of Bato (1996) and adapted for use in this study. The model
required the following maps and files as input (Fig. 4): (1) dem.map – DEM, (2) ldd.map – local
drainage direction map, (3) slope.map – slope map, (4) station.map – water-level gauging station map,
(5) rainstat.map – rain gauge station map, (6) mask.map – watershed boundary map, (7) mannings.map
– Manning’s Roughness Index Map, (8) landuse.map – land use map, (9) imap.map – hydraulic
conductivity map, and (10) rain.tss – rainfall intensity time series text file. The model outputted the
following maps and file: (1) zrun – surface runoff time series maps, (2) zsed – sediment time series
map, and (3) runoff.tss – predicted water-level time series text file. All the input and output maps are
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in raster format and share the same image dimension of rows: 246 and columns: 286 and an image
resolution of 50 meters per pixel.
The model was written in ASCII format using PCRaster commands and syntax. The model
code was divided into four parts: binding, timer, initial, and dynamic. The “binding” portion was where
the input and output files were set. The “timer” portion was where the number of time-steps was set.
Each time-step was equivalent to five seconds. The “initial” portion was the part of the model that
created the static maps. The “dynamic” portion was the part of the model where iteration occurred,
where time-series operations were performed, and where time-series maps and tables were created. Fig.
5 provides an overview of the model, the data inputs (maps and tabular data) and the data outputs (timeseries maps, tabular data, and graphical streamflow data). All the maps shown in Fig. 4 and the tabular
rainfall and water-level data are necessary to run the model.

a

b

c

d

e

f

g

h

i

Fig. 4.

Input maps required to run the model: (a) digital elevation model map, (b) local
drainage direction map, (c) slope map, (d) water-level gauging station map, (e) rain
gauge station map, (f) watershed boundary map, (g) Manning’s Roughness Index
Map, (h) land use map, and (i) infiltration capacity map.
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The modified version of Manning’s Equation (Equation 3) is operationalized in the model as
shown in code snippet in Fig. 6. Surface runoff velocity is computed using Manning’s Equation as
shown in line 43 of the code snippet. The flux Q or volume of water discharge per unit time is computed
in line 44. Because this section is “dynamic,” the codes are run iteratively, based on the number of timesteps. Each time-step is equal to five seconds. The total number of time-steps depend on the duration of
the rainstorm event. As the model runs, time-series maps are dynamically generated and the tabular
runoff data is populated per time-step. At the end of the model run, the streamflow hydrograph is
displayed.

Fig. 5.

Overview of the physically-based model for simulating runoff.

Fig. 6. Code snippet of the physically-based model for simulating runoff.
To determine how well the model performed in simulating surface runoff, correlation analysis,
the Welch t-test, and Nash and Sutcliffe indices were used to evaluate the results.
Correlation was performed to determine the “goodness-of-fit” between the measured and
predicted datasets. A good correlation should yield a high R2 value close to 1.0. The correlation analysis
was performed in Microsoft Excel 2019. The Welch t-test is a statistical test to determine if two sample
means (measured and the predicted), with unequal variances, are statistically different. The null
hypothesis of this statistical test is that there is no significant difference between the mean of the
measured and the predicted. The alternative hypothesis is that there is a significant difference between
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the mean of the measured and the predicted. For the null hypothesis to be accepted and the alternative
hypothesis to be rejected, the p-value (probability value) should be above 0.05 (5% level of significance)
and the t-statistic should be below 1.96. The Welch t-test was performed using R Software version 3.6.2.
The Nash and Sutcliffe (NSE) is an index of model performance. An NSE value of one
indicates a perfect prediction; a negative value indicates a less than-reliable prediction. A negative NSE
value also means that the sample mean is much better predictor than the model. The NSE index is
computed using Equation 6.
2

𝑁𝑆𝐸 = 1 −

∑𝑛𝑖=1(𝑋𝑚𝑖 − 𝑋𝑝𝑖 )
∑𝑛𝑖=𝑖(𝑋𝑚𝑖 − 𝑋̅𝑚 )2

Where:
E is the efficiency of the model
𝑋𝑚𝑖 is the measured value
𝑋𝑝𝑖 is the predicted value
𝑋̅𝑚 is the mean of the measured values

(Eq. 6)

RESULTS AND DISCUSSION
Four erosive rainstorm events were considered among the entire set of rainfall data gathered.
Other rainfall events that were deemed non-erosive due their low intensity and short duration were not
included in the analysis. Data from individual rainstorm events were lumped together for correlation
analysis. Fig.7 shows the overall correlation between the measured and the predicted streamflow. The
best-fit line has an R2 of 0.82, indicating a linearly positive relationship. This high R2 value is supported
visually by the similarity in the shape of the measured and predicted streamflow curves in Fig. 8 for
individual rainstorm events. The Welch Two Sample t-test yielded a t-statistic of 1.76, a probability
value of 0.08, and 558.51 degrees of freedom. The critical t-value at 5% level of significance is 1.96,
which is greater than the t-statistic value of 1.76. The probability value of 0.08 is also greater than 0.05
(5%) level of significance. The results of the physical model is significant, and the statistical test is in
favor of the null hypothesis and rejection of the alternative hypothesis: the physical, dynamic model is
able to simulate streamflow without any significant difference from the measured streamflow of Lagawe
River Sub-watershed.
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Table 2 shows the goodness-of-fit indices of streamflow curves for four rainstorm events in 2015.
Table 2.

Goodness of fit indices of streamflow curves for various rainstorm events.

Event No.
1

Date
May 12-13, 2015

R2
0.84

NSE
0.74

2
3
4

August 18, 2015
October 18-19, 2015
December 16, 2015

0.74
0.79
0.95

0.62
0.74
0.95

Figure 8 shows the predicted and measured streamflow curves for the Lagawe River for
individual rainstorm events, together with rainfall intensity and depth. Rainstorm event 1 (Fig. 8a),
with a rainfall depth of 37 mm., a rainfall duration of 3 hours, and a maximum intensity of 49 mm/hr.,
generated a maximum streamflow of about 160 m3/s, with a lag time of about 2 hours. Regression
analysis of the measured and predicted streamflow generated an R2 of 0.84 (Table 2), indicating that
the model has a predicting precision of 84% in the case of this rainstorm event. The NSE (Nash and
Sutcliffe, 1970) coefficient is 0.74, indicating that the model performed well in predicting streamflow
for this rainstorm event. An NSE value of equal to one indicates a perfect prediction; a negative value
indicates that the prediction is less reliable than using the sample mean.
The total volume of rainfall that fell within the watershed boundary for event 1 is 2,756,000
m3. This rainstorm generated an estimated total surface runoff volume of 122,000 m3, which eventually
flowed to the Magat River Reservoir. This stored water will be utilized for hydroelectric power
generation and irrigation.
Rainstorm event 2 (Fig. 8b), with a rainfall depth of 31 mm., a rainfall duration of 1½ hours,
and a maximum intensity of 50 mm/hr., generated a maximum streamflow of about 180 m3/s, with a lag
time of about 1.5 hours. Regression analysis yielded an R 2 of 0.74, indicating that the model has a
predicting precision of 74% in the case of this rainstorm event. The NSE coefficient is 0.64, indicating
that the model performed modestly in predicting streamflow for this rainstorm event.
The total volume of rainfall that fell within the watershed boundary for event 2 is 2,309,000
m3, which generated an estimated total surface runoff volume of 95,000 m3.
Rainstorm event 3 (Fig. 8c) occurred during the onslaught of Super Typhoon Lando
(International Name: Koppu) in the Philippines and brought extreme rainfall from October 14-21, 2015
(NASA 2015; NDRRMC 2015). Rainstorm event 3 generated a rainfall depth of 68 mm, a rainfall
duration of 7 hours, and a maximum intensity of 41 mm/hr. A maximum streamflow of about 160 m 3/s
was reached, with a lag time of about 1.5 hours. Regression analysis yielded an R2 of 0.79, indicating
that the model has a predicting precision of 79% in the case of this rainstorm event. The NSE coefficient
is 0.74, indicating that the model performed well in predicting streamflow for this rainstorm event.
The total volume of rainfall that fell within the watershed boundary is 5,041,000 m3. This
rainstorm generated an estimated total surface runoff volume of 422,000 m3. Rainstorm events with
high intensity and long duration, such as Rainstorm event 3, generated a high volume of rainfall, which
in turn generated a large volume of surface runoff.
Rainstorm event 4 (Fig. 8d), with a rainfall depth of 75 mm, a rainfall duration of 18 hours,
and a maximum intensity of 9.2 mm/hr., generated a maximum streamflow of 105 m3/s. Regression
analysis yielded an R2 of 0.95, indicating that the model has a predicting precision of 95% in the case
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of this rainstorm event. The NSE coefficient is 0.95, indicating that the model performed very well in
predicting streamflow for this rainstorm event.
A total of 5,578,000 m3 of rainfall fell within the watershed boundary for event 4, which
generated an estimated total surface runoff of 381,000 m3.

a

b

c

d

Fig. 8. Measured and predicted streamflow of Lagawe River and rainfall intensity and depth, (a) May
12-13, 2015, (b) August 18, 2015, (c) October 18-19, 2015, and (d) December 16, 2015.
CONCLUSION
A dynamic, physical model that can simulate runoff and streamflow during rainstorm events
using GIS, remote sensing, and sensor technologies have been developed. For the model to work and
to be operationalized, two data must be present. First is the satellite-based land use/land cover map and
the second is the event-based rainfall data. A satellite-based land use/ land cover map as a product of
an image classification process ensures that the most recent land use condition is reflected on the model.
This land use map shows the true condition of the landscape on the ground and will be used as the
surrogate date for Manning’s Roughness Coefficient and the infiltration capacity.
Event-based rainfall data is also very much needed by the model. Experience shows that daily
rainfall statistics is of less value as it does not show the varying intensities of rainfall as time progresses
and does not provide information on the duration of the rainfall or the number of rainfall episodes that
occur within a day.
Manning’s Equation is normally used by hydrologic engineers to compute for the flow velocity
and volume discharge of rivers. This study demonstrates clearly Manning’s Equation’s use to model
142

A physically-based model for simulating runoff…..
the flow of water across a landscape, with various land uses/ land covers as surface runoff. The flow of
surface runoff follows the local drainage divide of the watershed and will eventually converge at the
main channel of the river, where Manning’s Equation will again be used to compute for flow velocity
and volume. Thus, the use of Manning’s Equation is not limited to river channels, but can also be
adapted for surface flow, with uniform slope.
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