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More water and nutrients from artificially-drained agricultural land reach surface waters
by leaching through macropores than by percolating through the soil matrix. However,
the Soil and Water Assessment Tool (SWAT) describes water flows poorly in land
with subsurface drainage because it does not partition water between macropore and
matrix transport processes. We produced a new percolation algorithm to distinguish
the macropore flow pathway, which was integrated in the SWAT-MAC model and used
to predict water flows in a 30 km2 agricultural subwatershed in southern Quebec,
Canada. Partitioning of subsurface flow between macropore and matrix components was
reasonable, compared to a chemical-based hydrograph separation of streamflow in this
subwatershed. The macropore flow algorithm also improved water allocation between
the annual surface runoff and subsurface flow in the SWAT-MAC model. We predict
more macropore flow into tile drains under fine-textured soils than coarse-textured
soils, which is consistent with experimental observations. However, macropore flow
was underestimated in the non-growing season and over-predicted during the growing
season, which can be adjusted in the macropore flow algorithm by accounting
for dynamic macropore connectivity or effective macroporosity. There are too few
observations of regional-specific effects of soil moisture and management practices on
macropore flow to correct the algorithm at this time. We conclude that the percolation
algorithm of SWAT-MAC represents the macropore flow pathway and improves the
description of water movement through agricultural soils with subsurface drainage
systems, which are important for transferring water and nutrients to downstream aquatic
systems in cold, humid temperate regions.
Keywords: SWAT model, preferential transport, matrix flow, algorithm, artificial tile drainage, subsurface water,
leaching, vadose zone

INTRODUCTION
The Soil and Water Assessment Tool (SWAT) is used widely for water quality modeling at the
watershed scale (Gassman et al., 2007). In agricultural regions where land is systematically drained
by installing subsurface tile drainage, such as in Quebec, Canada (Gollamudi, 2006; Michaud
et al., 2009), it is important to describe accurately subsurface pathways that transport phosphorus
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capacity (FCly ) in a soil layer, water moves from that layer to the
soil layer immediately beneath it. The daily volume of percolation
(mm) into a given soil layer depends on the SWly :

(P) into tile drains, since P is a main cause of eutrophication
in surface waters. An important pathway for P loss from soil is
macropores, which include cracks and soil pores with minimum
equivalent diameters of 0.3–0.5 mm (Jarvis, 2007). A greater
proportion of water flows through macropores than the soil
matrix, and the high water volume contributes to subsurface
transport of P, particularly in fine-sized sediments (de Jonge et al.,
2004; Vidon and Cuadra, 2011; Poirier et al., 2012).
Because SWAT (version 2005) overestimated runoff and
underestimated tile drain flow in Quebec watersheds, a modified
version of SWAT called SWAT-QC was developed to better
predict the balance between surface and subsurface drainage
(Michaud et al., 2008). Modifications to the SWAT-QC model
increased the tile drainage from <100 mm per year to values
that are closer to measured tile drainage volumes, which can be
>200 mm per year in Quebec. However, surface runoff was still
over-predicted and subsurface drainage was still under-predicted
(Michaud et al., 2008). Moreover, neither SWAT nor SWATQC explicitly describe macropore flow for non-Vertisolic soils
(Neitsch et al., 2011). Thus, a new algorithm was needed to
partition percolating water into macropore and matrix flows,
considering the factors that control macropore flow in nonVertisolic soils of the cold, humid temperate region.
This study incorporates a macropore flow algorithm into
SWAT, creating a new version of the model that is called the
SWAT-MAC (Quebec version 2). This macropore flow algorithm
considers soil properties and hydrologic factors that control
macropore flow in Quebec soils. The main objective of this work
is to demonstrate how this new percolation algorithm, which
explicitly moves water into macropores in the SWAT model,
will affect the predicted surface and subsurface water flows in
an agricultural subwatershed in southern Quebec. A secondary
objective was to validate the macropore flow estimated with
SWAT-MAC by comparing the model output with results from
a chemical-based hydrograph separation method for streamflow
in the same agricultural subwatershed.

percolationly (SW ly ) = (SW ly − FCly ) ×





1 − exp 

−24 h

SATly −FCly
Ksat,ly






if SWly > FCly

(1)

where SATly (mm) is the water content at saturation and Ksat,ly
(mm h−1 ) is the saturated hydraulic conductivity, for the soil
layer ly in Equation (1).

Modified Percolation Algorithm in the
SWAT-MAC Model
Most SWAT versions assume that each soil layer of a
non-Vertisolic soil is homogenous. In contrast, the SWATMAC divides each soil layer into a matrix domain and a
macropore domain containing water that bypassed the soil
matrix. Macropore flow is assumed to represent the water flowing
downward through soil cracks, root channels, and burrows. Thus,
macropore flow is part of the preferential flow pathway, which
by definition includes water transferred through soil cracks and
burrows, finger flow, and lateral flow (Allaire et al., 2009). In each
HRU, the water in the macropore domain is then routed to tile
drains (if tile drains are present) or into the vadose zone (if tile
drains are not present).
In the SWAT-MAC, the daily water volume that enters
the macropore domain (qmac,ly , mm) through preferential flow
is determined for each soil layer from Equation (2) or (3),
depending on the soil water content (SWly ) relative to the field
capacity (FCly ):


SWly
qmac,ly = Ily − ICmat,ly × fly ×
if SWly ≤ FCly
FCly

(2)

MATERIALS AND METHODS


qmac,ly = Ily − ICmat,ly × fly

Default Percolation Algorithm in the Soil
and Water Assessment Tool

(3)

where ICmat,ly is the daily infiltration capacity (mm) of the matrix
domain of layer ly, and fly is the macropore connectivity factor
(dimensionless value between 0 and 1) that the modeler adjusts
during the calibration and validation steps for layer ly. The Ily
represents the daily infiltration into layer ly from the soil surface
or due to water percolating downward, through the matrix,
from the overlying soil layer (mm), which is the same as the
unmodified SWAT (version 2009).
In the SWAT-MAC, the infiltration capacity (ICmat,ly , mm)
depends directly on the daily maximum amount of percolation
(mm) from a soil layer, which occurs when the soil water content
is at saturation [i.e., percolationly (SATly ), from Equation (1)].
Infiltration capacity is calculated as:

The SWAT (version 2009) is a semi-distributed, watershed-scale
hydrologic model with a daily time step that delineates subbasins
from the stream network and topography, so that each subbasin
has a main channel (Neitsch et al., 2011). Hydrologic response
units (HRUs) within each subbasin are described according to
their land use, soil, and topography. Within each HRU, the
model calculates surface runoff, tile drainage, and groundwater
resurgence transmitted to the main channel of each subbasin,
which then flows to the watershed outlet (Neitsch et al., 2011).
The SWAT uses a modified Curve Number method (USDASCS, 1972) to partition the net precipitation between surface
runoff and water that infiltrates the first or uppermost soil layer
within each HRU. After water enters the first soil layer, the SWAT
simulates the downward percolation of water using a “capacitytype approach”: if the water content (SWly , mm) exceeds the field
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if SWly > FCly


CNly
ICmat,ly = percolationly SATly ×
dly

2

(4)

July 2021 | Volume 3 | Article 704291

Poon et al.

Macropore Flow Algorithm for SWAT

FIGURE 1 | The Ewing subwatershed of the Pike River watershed in southern Quebec, Canada showing (A) the soils (and hydrologic soil groups in brackets),
described in Table 1. (B) Location of outlets of the 31 subbasins and the watershed in the model watershed setup.

TABLE 1 | Soil types and physico-chemical properties in the surface layer (0–15 cm) in the Ewing subwatershed of the Pike River watershed, southern Quebec, Canada.
Soil type (Hydrologic
soil group)a

Bulk density (g cm−3 ) Organic carbon (g kg−1 )b Clay (g kg−1 ) Sand (g kg−1 ) Kcsat (mm h−1 ) Texture

% of watershed area

GDG Grande Ligne (A)

1.65

15.9

50

880

108.1

Sand

RBC Rubicon (C)

1.50

13.9

100

590

45.1

Silt Loam

5.7
0.5

RHU Richelieu (C)

1.45

0.30

352

340

2.0

Clay Loam

15.3

SBV Sabrevois (D)

1.50

12.8

150

470

23.8

Loam

7.5

SDM St. Damase (B)

1.60

20.1

80

710

71.6

Sandy Loam

4.1

SEG Ste. Brigide (C)

1.60

18.6

120

480

37.1

Loam

2.3

SJU St. Jude (B)

1.67

11.0

60

860

93.8

Loamy Sand

15.4

SSE St. Sébastien (B)

1.50

32.3

190

510

31.6

Loam

14.8

SSL Ste. Rosalie (D)

1.36

23.7

510

50

5.6

Silty Clay

23.1

SUF Suffield (C)

1.35

37.6

260

340

22.8

Loam

0.1

SXD St. Alexandre (B)

1.42

15.5

200

487

17.6

Loam

3.5

Organic, peat

1.55

58.0

120

530

68.5

n/a

1.1

Organic, other

1.10

81.8

248

388

19.0

n/a

6.3

a Hydrologic
b Soil
cK
sat,

soil groups as determined by the USDA-NRCS (2009).
organic carbon reported by Tabi et al. (1990).
is the saturated hydraulic conductivity, determined by the pedotransfer function of Saxton and Rawls (2006), using the organic carbon, clay, and sand contents as data inputs.

where dly is the thickness (mm) of the soil layer ly defined
from the soil input data, and CN1y (mm) is the curve number
adjustment parameter.
The CNly values modify the infiltration capacity to account for
the effect of the Curve Number method on infiltration into the
uppermost soil layer (i.e., layer 1). Whereas infiltration (Ily ) into
the uppermost soil layer is the net precipitation reduced by the
amount of runoff, the infiltration into the underlying soil layers
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(i.e., layers 2, 3, 4, etc.) is simply the matrix flow that percolates
from the layer immediately above. Consequently, the CNly was
set to 50 mm for layer 1 and 150 mm for all underlying layers
in this study, based on the goodness-of-fit of curves describing
the water movement through soil via preferential flow, deduced
from experimental observation of soil profiles of tile-drained
fields in the study region (Chikhaoui et al., 2008; Michaud et al.,
2019). Because soil layer thickness (dly ) and CNly both affect the
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infiltration capacity (Equation 4), the CNly values may depend on
the soil layer thicknesses in the model input data for a particular
site. In this study, the mean thickness of the underlying soil layers
was 326 mm and the median thickness was 290 mm, based on 11
mineral soil profiles that were each 1,000 mm deep.
The macropore connectivity factor (fly ) is the only factor
in the modified percolation algorithm that is adjusted during
calibration and validation, and it may be adjusted for each layer
in each HRU. The fly indicates the degree of connectivity between
macropores and tile drains (if tile drains are present) or between
macropores and the vadose zone (if tile drains are absent).
If all fly values are zero, the SWAT-MAC does not simulate
macropore flow and gives identical output as the unmodified
SWAT (version 2009).

TABLE 2 | Parameter values used in SWAT-MAC, taken from the unmodified
SWAT after it was calibrated for the Ewing subwatershed of the Pike River
watershed, southern Quebec, Canada.
SWAT input file

Parameter code

MGT

CN2 and CNOP

BSNb

The Ewing subwatershed (32.2 km2 ) is located within the Pike
River watershed, southern Quebec, Canada (Figure 1), which
is an important tributary of Missisquoi Bay, Lake Champlain.
Given the recurring issue of cyanobacterial blooms in the
bay, intervening on the Pike River and other transboundary
watersheds to reduce the influx of phosphorus to the bay is a
priority for the governments of Quebec, Canada and the state of
Vermont, USA (IJC, 2020).
Ewing’s land use is mainly agricultural on this flat
(mean slope < 1%) subwatershed. Soil types range from
clayey Inceptisols to sandy Sposodols (Michaud et al.,
2007). Agriculture is the dominant land use (98% of the
area), and crops include grain corn (Zea mays L.) that is
cultivated in rotation with soybeans (Glycine max (L.) Merr.),
small grains and hay (perennial forages) (Figure 1). The
subwatershed has an average (1981–2010) annual precipitation
of approximately 1,100 mm, half of which falls between May
and September, with about 200 mm snowfall each year. Average
mean daily temperatures are 21◦ C in July and −9.1◦ C in
January Environment Climate Change Canada (2020).
Several studies have been conducted on the Ewing
subwatershed and the transboundary Pike River watershed
in the past two decades, for the purpose of describing
phosphorus transfers from agricultural land use to downstream
ecosystems. The current SWAT-MAC development builds from
preceding work on monitoring and modeling hydrologic
responses and nutrient fluxes within these watersheds.
Chikhaoui et al. (2008), Poirier et al. (2012), and Michaud
et al. (2019) gathered critical hydrometric observations
describing preferential tile flows and nutrient fluxes at plot,
field and micro-watershed scales within the study region, which
provided experimental evidence for the percolation algorithm
development and validation.

GW

24

GDRAIN

12

SFTMP

−4.46

SMTMP

0.31

SMFMX

3.72

SMFMN

2.72

TIMP

0.24
102.43

SNO50COV

0.05

GW_DELAY

21.37

ALPHA_BF

0.57

GWQMN

23.79

REVAPMN
RCHRG_DP

0.04
107.14
0.16

ESCO

0.65

EPCO

0.69

RTE

CH_K2

14.31

SUB

CH_K1

12.18

SOL

SOL_EC(layer)c

0.15 in “fly = 0.15” scenario
0.35 in “fly = 0.35” scenario

More information about the SWAT input file and parameter code are available from Neitsch
et al. (2011).
a Default values refer to those from the Soil Conservation Service for CN2 and CNOP,
reported by Neitsch et al. (2011).
b Parameters that affect snowmelt and snowfall in cold climates.
c SOL_EC(layer) is used in SWAT-MAC to set the macropore connectivity factor (f ). The
ly
same fly value was used in all soil layers of a hydrologic response unit with mineral soils in
each SWAT simulation. The fly value = 0 in all layers of organic soils.

Développement en Agroenvironnement. Soil physico-chemical
properties, including the saturated hydraulic conductivity (Ksat ),
are reported in Table 1. The land use map was for the
2008 growing season, as reported by Financière Agricole
du Québec. (2011). The HRUs were defined with an 8%
threshold that eliminated land uses that represent <1% of the
watershed’s area.
Daily precipitation and temperature from the weather archive
of Environment Climate Change Canada (2020) was used for
the model warm-up period (2001–2003), calibration (October 1,
2007 to September 30, 2010), and validation (October 1, 2004 to
September 30, 2007). Potential evapotranspiration was estimated
with the Penman-Monteith method. Model predictions of daily
streamflow were compared with measurements from the Centre
d’Expertise Hydrique du Québec.
All HRUs with annual crops were assumed to have tile
drains. For HRUs with hay (perennial forages), tile drains
were assumed to be present in the six HRUs of the soil
hydrologic groups C and D but absent in the seven HRUs

Parameterizing the SWAT Model for the
Study Area
The graphical ArcSWAT interface was used to delineate 31
subbasins and 314 HRUs in the Ewing subwatershed using
a soil map, a digital elevation model (DEM), and a land
use map. The soil map (1:63,360) and the 1-m resolution
DEM were obtained from the Institut de Recherche et de
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900

TDRAIN

GW_REVAP

HRU

17.5% less than default valuesa

DDRAIN

SNOCOVMX

Study Area

Value used in SWAT-MAC
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FIGURE 2 | Simulated stream flow rates with (A) unmodified SWAT, (B) SWAT-MAC using 0.15 as the macropore connectivity factor (fly ), and (C) SWAT-MAC using
fly = 0.35. Flow rate is truncated at 12 mm d−1 so peaks <5 mm d−1 are visible.

Validation of the SWAT-MAC Output

of the soil hydrologic groups A and B. Consequently, there
were 2,100 ha of HRUs with tile drainage in the 3,000 ha
model watershed. Drain depth was set at 900 mm, the time
required for drains to fill to capacity was 24 h, and the time
for drainage water to reach the nearest waterway was 12 h. For
simplicity, we assumed no crop rotation occurred during the
simulation period (2001–2010), and management schedules for
each crop type were based on the common agronomic practices
in this region.
Predictions of daily streamflow with the unmodified SWAT
and SWAT-MAC were evaluated by visually comparing the
hydrographs and with three statistics: (1) the Pearson correlation
coefficient (r), (2) the Nash Sutcliffe coefficient (NSE), and (3)
percent bias (PBIAS). Output from the calibrated and validated
models was considered to be satisfactory when r >0.75, according
to the recommendation of Donigan (2002) for a daily time step,
and when NSE >0.50 and PBIAS < ±0.25 for a monthly time
step, based on Moriasi et al. (2007).

Frontiers in Water | www.frontiersin.org

After a satisfactory calibration was achieved for daily streamflow
predictions with the unmodified SWAT, these calibrated
parameter values (Table 2) were used for SWAT-MAC
simulations. To determine how the SWAT-MAC’s modified
percolation algorithm affected the streamflow (water yield)
and its components, the macropore connectivity factor (fly )
was adjusted during SWAT-MAC simulations. Two scenarios
were considered: fly = 0.15, which represents low macropore
connectivity and fly = 0.35 that has high macropore connectivity.
For simplicity, each soil layer in the HRUs was assigned the
same value of fly in a particular SWAT-MAC simulation. No
macropore flow is expected in organic soils (Watts and Dexter,
1998; Jarvis et al., 2009), so the fly was set to zero for all layers of
organic soils, which represent 7.4% of the land area in the HRUs
of the Ewing subwatershed (Michaud et al., 2009).
The SWAT-MAC predicts field-level hydrologic processes that
contribute to streamflow, and these predictions were compared
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to an independent set of streamflow estimates from a chemicalbased hydrograph separation model described by Michaud et al.
(2019). Briefly, the chemical-based hydrograph separation model
relied on measurements of electrical conductivity in surface
runoff and tile drainage water from 10 fields in the Ewing
subwatershed, along with concurrent measurements of water
quality at the Ewing subwatershed outlet, to separate the stream
hydrograph into four components: surface runoff, water exiting
the tile drainage through matrix flow, water exiting the tile
drainage via preferential flow, and groundwater resurgence
(Michaud et al., 2019). Preferential flow was the source of 30–44%
of tile drainage discharge, and this percolating water contained
about 75–88% of the total phosphorus that exited the subsurface
drainage system. Monthly estimates of streamflow from the fourcomponent hydrograph separation model were compared to
simulations generated by the SWAT-MAC model for periods
when water was not frozen (29 months in total) from July 2007 to
November 2010. Predicted values from the SWAT-MAC model
and the chemical-based hydrograph separation method were
compared visually and with the r, NSE, and PBIAS statistics.
We also discuss the similarity between SWAT-MAC simulations
and the hydrograph separation of streamflow in the Ewing
subwatershed based on an electrical conductivity time series
(2007–2011), described by Umuhire et al. (2021).

TABLE 3 | Goodness-of-fit statistics for streamflow from the Ewing subwatershed
of the Pike River watershed, southern Quebec, Canada.
Evaluation period

Oct 2007–Sep 2010
(Calibration)

Oct 2004–Sep 2007
(Validation)

SWAT-MAC

SWAT-MAC

fly = 0.15a

fly = 0.35a

r = 0.76b

r = 0.76

r = 0.76

NSE = 0.51c

NSE = 0.51

NSE = 0.51

PBIAS = −0.04d

PBIAS = −0.05

PBIAS = −0.06

r = 0.77

r = 0.78

r = 0.78

NSE = 0.58

NSE = 0.59

NSE = 0.60

PBIAS = 0.25

PBIAS = 0.23

PBIAS = 0.21

a Streamflow in the calibration and validation periods was predicted with a daily time
step function in unmodified SWAT and SWAT-MAC with two scenarios: low macropore
connectivity factor (fly ) of 0.15 and high macropore connectivity factor (fly ) of 0.35.
b r, Pearson correlation coefficient.
c NSE, Nash Sutcliffe coefficient.
d PBIAS, percent bias.

surface runoff was less sensitive, with a decrease of only 4%
(5 mm) along the 0–0.15 fly gradient and a decrease of 10%
(14 mm) along the 0–0.35 fly gradient. The sensitivity of tile
drainage and surface runoff yields to the fly value depends on soil
type. In HRUs with the Saint-Rosalie clay loam, surface runoff
decreased by 23% (44 mm) and tile drainage yield increased by
103% (126 mm) when the fly increased from 0 to 0.35. For the
Saint-Jude sandy loam, the effect of the 0–0.35 fly gradient on
surface runoff water yield was minimal, and greater macropore
connectivity only slightly increased (by 9.6 mm) the tile drainage
water yield.

RESULTS
The calibration and validation of the daily streamflow was
satisfactory for the unmodified SWAT and two SWAT-MAC
scenarios of fly = 0.15, “low macropore connectivity” and
fly = 0.35, “high macropore connectivity.” The fly = 0.15
and fly = 0.35 scenarios were as effective as unmodified
SWAT in predicting peak flows (Figure 2), indicating that the
modified percolation algorithm in SWAT-MAC does not affect
the estimated streamflow value. Goodness-of-fit statistics in
the calibration period were similar for unmodified SWAT and
the SWAT-MAC scenarios (Table 3). In the validation period,
descriptive statistics related to the streamflow prediction indicate
less under-prediction bias with the SWAT-MAC scenarios than
with the unmodified SWAT (Table 3).

Subsurface Water Balance: Macropore and
Matrix Flow Through Tile Drains
The amount of water in tile drainage predicted from SWATMAC scenarios (fly = 0.15 and fly = 0.35) was correlated
(monthly r > 0.67) with the water volume through tile drainage
estimated by the four-component hydrograph separation method
of Michaud et al. (2019) (Figures 3A,B; Table 5). The fly =
0.15 scenario predicted macropore flow through tile drainage
with a positive NSE value when compared to the hydrograph
separation method. The fly = 0.15 scenario tended to underestimate the macropore flow through tile drainage, while the
fly = 0.35 scenario over-predicted the macropore flow through
tile drainage (Figures 3A,B; Table 5). Overall, the SWAT-MAC
prediction of Ewing streamflow separation during the 2005–2010
period is consistent with Umuhire et al. (2021), who determined
that 22–44% of the total water yield from April–November comes
from rapid flow pathways, which are conceptually equivalent to
the surface runoff and preferential flow through tile drainage. The
SWAT-MAC results predict that surface runoff and preferential
flow through tile drainage (delivered by macropores) sums to
39% (fly = 0.15 scenario) and 45% (fly = 0.35 scenario) of total
water yield during the same measurement period. Hence, this is
additional corroborating evidence that the percolation algorithm
is representing a realistic amount of macropore flow in these soils.

Annual Water Balance: Surface and
Subsurface Flows
The annual water balance calculated by the SWAT model
is consistent with local observations and agri-environmental
conditions in this region. Evapotranspiration was close to
half of total precipitation, which is expected for southern
Quebec (Deslandes et al., 2007). The annual water balance for
unmodified SWAT and the SWAT-MAC scenarios predicted
that approximately 55% of precipitation was lost through
evapotranspiration and 40% left the Ewing subwatershed in
streamflow from 2005 to 2010 (Table 4).
The tile drainage component of predicted total water yield was
sensitive to fly , with an increase of 15% (16 mm) after increasing
the fly from 0 to 0.15 and an increase of 37% (38 mm) in response
to increasing the fly from 0 to 0.35 (Table 4). The predicted
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TABLE 4 | Mean annual water balance in the Ewing subwatershed of the Pike River watershed, southern Quebec, Canada from 2005 to 2010, predicted by SWAT
(unmodified) and SWAT-MAC with two scenarios: low macropore connectivity factor, fly = 0.15 and high macropore connectivity factor, fly = 0.35.
SWAT
(unmodified)

SWAT-MAC
fly = 0.15

SWAT-MAC
fly = 0.35

mm

%precip

mm

%precip

mm

Precipitation

1,070

–

1,070

–

1,070

–

Evapotranspiration

598.0

55.9

593.0

55.4

585.4

54.7

Deep aquifer recharge

33.3

3.1

32.2

3.0

31.2

2.9

Streamflow subcomponent

mm

%stream-flow

mm

%stream-flow

mm

%stream-flow

Water balance component

%precip

Surface runoff (generated)a

173.4

–

167.5

–

157.6

–

Transmission losses

29.9

–

29.1

–

27.7

–

Surface runoff (net)b

143.5

33.4

138.4

31.8

129.8

29.4

8.6

2.0

7.8

1.8

7.1

1.6

Groundwater flow

174.0

40.4

168.1

38.7

162.9

36.9

Tile drainagec

104.1

24.2

120.5

27.7

142.2

32.2

0.0

0.0

31.9

7.3

68.7

15.6

430.1

–

434.9

–

442.0

–

Lateral flow

Macropore flow through tile drainaged
Streamflow
a Sum

of the surface runoff from all hydrologic response units.
runoff (net) contributes directly to streamflow.
drainage from macropore and matrix flow. The annual volume from the tile-drained area (70% of the subwatershed) was 162 mm in SWAT, 171 mm in SWAT-MAC (fly = 0.15) and
201 mm in SWAT-MAC (fly = 0.35).
d Tile drainage from macropore flow only. The annual volume from the tile-drained area (70% of the watershed area) was 45 mm in SWAT-MAC (f = 0.15) and 97 mm in SWAT-MAC
ly
(fly = 0.35).

b Surface
c Tile

Fine-textured soils were responsible for more of the
macropore flow that moved water to streamflow, according to
the SWAT-MAC model. In this study, the amount of macropore
flow and tile drainage volume increased as fly and the clay
content of the soils increased, based on annual estimates from the
SWAT-MAC (Table 6). Concurrently, the annual surface runoff
decreased as fly and the clay content of the soils increased.
Although annual estimates were generally robust, the seasonal
variation in water flow does not align perfectly between the
SWAT-MAC model and the hydrograph separation method.
This is due, in part, to the seasonal fluctuations in water
flow pathways in this agroclimatic region. On a seasonal basis,
Umuhire et al. (2021) estimated that rapid flow pathways
delivered 48% of the total water yield in spring, and this declined
to 20 and 36% of the total water yield in summer and fall,
respectively, based on an electrical conductivity signal-based flow
separation method.
Omitting the water fluxes from April and November
improved the goodness-of-fit for surface runoff and macropore
flow in the SWAT-MAC scenarios for the growing season (May
to October, representing 22 months of the 29 month simulation
from July 2007 to November 2010) according to the evaluation
statistics in Table 5. We can accept the macropore flow estimate
during this 22 month period when macropore connectivity was
set at fly = 0.15 in the SWAT-MAC because the value was
comparable to the preferential flow calculated in the hydrograph
separation method (monthly r = 0.60, NSE = 0.30), according to
the criteria of Moriasi et al. (2007). During the 7 months when
soils are not frozen but no crop is growing (i.e., the months
of April and November during the 29 month simulation from
July 2007 to November 2010), the best macropore flow estimate
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was obtained when macropore connectivity was assumed to be
fly = 0.35 (Figure 3C). We also considered that October could
be in the non-growing season, since crops reach physiological
maturity at this time of year, which reduces evapotranspiration.
When April, October and November were considered to have
fly = 0.35, this increased the monthly NSE from −0.44 to 0.30
for the macropore flow component and had minimal change
effect on the water volume in surface runoff and tile drainage
that was predicted by the SWAT-MAC model (Figure 3C).

DISCUSSION
The percolation algorithm of the SWAT-MAC model allowed
more water to be routed through subsurface tile drainage
while reducing surface runoff, without negatively impacting
streamflow predictions. The streamflow predictions were similar
or better aligned with in-field observations compared to the
unmodified SWAT. Since, the main objective of this study was
to describe how the new algorithm impacts the hydrologic
flow pathways, the same parameters from the calibration of
the unmodified SWAT model were used for the SWAT-MAC
scenarios. It may have been possible to improve the SWAT-MAC
streamflow predictions with additional calibration, including
fly as a calibration parameter. Such procedure was applied
to the David River watershed (323 km2 ) that is within the
same physiographic Montérégie region as the Ewing watershed.
SWAT-MAC was used to predict the effects of controlled
drainage and climate change scenarios (Michaud et al., 2018),
where fly was optimized at 0.30 for subsurface drained HRUs

7

July 2021 | Volume 3 | Article 704291

Poon et al.

Macropore Flow Algorithm for SWAT

FIGURE 3 | Monthly water level (mm) in streamflow originating from in-field hydrologic sources in the Ewing subwatershed, partitioned into (A) surface runoff, (B) tile
drainage, and (C) preferential flow through tile drainage. The preferential flow was assumed to be water moving through macropores. Monthly data estimated from a
four-component hydrograph separation model is plotted along with predictions from SWAT-MAC using fly = 0.15 and fly = 0.35 as the macropore connectivity factor
(fly ). Asterisks (*) indicate months for which the last week of results were not available.

following model calibration. The projected tile water yield
averaged 238 mm per year for the 1985–2015 period, which is
similar to the 251 mm yearly average at field sites monitored for
subsurface drainage discharge and nutrients during the 2014–
2017 period.
The new percolation algorithm does not overcome limitations
of the snowfall and snowmelt algorithms in the SWAT model
(Levesque et al., 2008), which remain uncertain in cold humid
temperate regions. However, the percolation algorithm does not
affect SWAT’s use of the empirical Curve Number method to
partition surface water between surface runoff and infiltration.
Still, Perrone and Madramootoo (1998) suggested adjusting
these empirical relationships, which are based on data mostly
from the midwestern United States, when applying the Curve
Number method to predict runoff in the southern Quebec
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region. This led Deslandes et al. (2007) and Michaud et al.
(2007) to reduce the default curve numbers, described by
Neitsch et al. (2011), by 20% for the unmodified SWAT
model to estimate annual runoff yields accurately. In this
study, the default curve numbers were reduced by 17.5% in all
model simulations.

Spatial Variation in Water Flow Predictions
Rather than decreasing curve numbers to reduce surface
runoff, the new percolation algorithm developed for SWATMAC will increase tile drainage according to soil properties,
resulting in greater potential for macropore flow to tile
drainage in fine-textured soils than coarse-textured soils. The
hydrograph separation method (Michaud et al., 2019) indicates
that macropore connectivity (fly ) between 0.15 and 0.35 will
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TABLE 5 | Goodness-of-fit statistics for surface runoff, tile drainage and macropore flow through tile drainage from the Ewing subwatershed of the Pike River watershed,
southern Quebec, Canada.
Evaluation period (number of months)
SWAT-MAC (fly = 0.15)
Streamflow
component

Entire period (n
= 29)

Surface runoff (net)a

Growing season
(n = 22)

SWAT-MAC (fly = 0.35)
Unfrozen soil, no
crop (n = 7)

Entire period
(n = 29)

Growing season
(n = 22)

Unfrozen soil, no
crop (n = 7)

r = 0.70

r = 0.69

r = 0.88

r = 0.73

r = 0.66

r = 0.91

NSE = 0.40

NSE = 0.44

NSE = 0.31

NSE = 0.34

NSE = 0.34

NSE = 0.31

PBIAS = 0.13

PBIAS = 0.07

PBIAS = 0.60

PBIAS = 0.29

PBIAS = 0.27

PBIAS = 0.63

r = 0.69

r = 0.76

r = 0.20

r = 0.67

r = 0.79

r = 0.06

NSE = 0.35

NSE = 0.48

NSE = −1.71

NSE = 0.44

NSE = −0.03

NSE = −1.44

PBIAS = 0.29

PBIAS = 0.30

PBIAS = 0.28

PBIAS = 0.10

PBIAS = 0.71

PBIAS = 0.23

r = 0.41

r = 0.60

r = −0.15

r = 0.48

r = 0.69

r = −0.18

NSE = 0.16

NSE = 0.30

NSE = −1.04

NSE = −0.51

NSE = −0.61

NSE = −0.61

PBIAS = 0.11

PBIAS = −0.12

PBIAS = 0.53

PBIAS = −0.92

PBIAS = −1.47

PBIAS = 0.02

Tile drainageb

Macropore flow
through tile drainagec

These streamflow components were estimated using a daily time step function of SWAT-MAC and summed on a monthly basis for 29 months from July 2007 to November, 2010 and
are illustrated in Figure 3. Predictions from a four-component hydrograph separation model are compared to SWAT-MAC with two scenarios: low macropore connectivity factor (fly )
of 0.15 and high macropore connectivity factor (fly ) of 0.35. Two evaluation periods are considered: the entire period when water could be transported through unfrozen soils, and the
growing season, which is from May to October in this region.
a Surface runoff (net) is the surface runoff (generated)—transmission losses.
b Tile drainage from macropore and matrix flow.
c Tile drainage from macropore flow only.

more macropores and the greatest potential for macropore flow.
Chemical-based hydrograph separation of tile drain discharge
revealed that 70% came from macropore flow in a field with
clay loam soil and 20% was from macropore flow in a sandy
loam soil in the Pike River watershed (Chikhaoui et al., 2008).
In fields with annual crops <30 km southeast of the Ewing
subwatershed, the surface runoff was 25–30% of total annual
drainage from a clay loam field and between 13 and 23% of
total annual drainage from a sandy loam field (Eastman et al.,
2010). The estimated values from the SWAT-MAC model and
hydrograph separation methods will need to be validated with
experimental measurements of macropore flow in the major soil
types of the study area, but the percolation algorithm provides
the modeler with the option to increase macropore flow based on
soil properties that vary spatially (among HRUs), by adjusting a
single factor (fly ).
The SWAT-MAC model partitioned the subsurface flow
reasonably, compared with results from the chemicalbased hydrograph separation method. The subsurface
transport of P increases with greater proportions of
subsurface water that flows through macropores relative
to the soil matrix, particularly in fine-sized sediments
(Vidon and Cuadra, 2011; Poirier et al., 2012). Without
the percolation algorithm developed for SWAT-MAC,
the model predictions of subsurface drainage flow would
not be partitioned at all between macropore and matrix
flow components.

TABLE 6 | Mean annual surface runoff, tile drainage, and macropore flow
predicted by SWAT-MAC under tile-drained areas of the three main soils in the
Ewing subwatershed of the Pike River watershed, southern Quebec, Canada, for
6 years (2005–2010).
Macropore connectivity factor, fly
Flow component

0.0a

0.15

0.35

St. Jude (SJU) sandy loam
16% of tile-drained area in subwatershed
Surface runoff (mm)b

134.8

134.6

134.3

Tile drainage (mm)

221.1

225.2

230.7

Via macropores (mm)

0.0

10.1

23.6

Via macropores (%)

0.0

4.5

10.2

St. Sébastien (SSE) loam
11% of tile-drained area in subwatershed
Surface runoff (mm)

128.6

126.6

123.6

Tile drainage (mm)

198.5

217.6

240.4

Via macropores (mm)

0.0

55.0

96.6

Via macropores (%)

0.0

25.3

40.2

Ste. Rosalie (SSL) clay loam
26% of tile-drained area in subwatershed
Surface runoff (mm)

192.6

177.1

148.8

Tile drainage (mm)

122.0

174.8

247.8

Via macropores (mm)

0.0

95.6

207.8

Via macropores (%)

0.0

54.7

83.9

aA

macropore connectivity factor of 0.0 is equivalent to modeling with unmodified SWAT.

b Surface runoff is the net surface runoff from the hydrologic response unit after accounting

for transmission losses.

Temporal Variation in Water Flow
Predictions

represent the water flow through macropores when soils are
unfrozen from April to November. Choosing the appropriate
fly value is more important for fine-textured soils, which have
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The temporal water flow during the growing season was
represented better with the SWAT-MAC model, based on its
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ability to represent peak events in the summer and fall months
that were not described at all by the unmodified SWAT. However,
the overall improvement of streamflow prediction was minimal
because of difficulty to represent larger peak flow events in the
spring, which are largely controlled by snowmelt and infiltration
processes that are not fully explained by the SWAT model
in cold, humid temperate regions. In another study in the
Pike River watershed, the unmodified SWAT did not predict
water outflows from agricultural fields after heavy rainfall events
during the summer (Deslandes et al., 2007). Macropore flow is
responsible for much of the water leaving fields in tile drainage,
according to the hydrograph separation method, hence it appears
that the percolation algorithm in the SWAT-MAC model can
represent water moving through the preferential flow pathway in
these soils.
Our results suggest that macropore connectivity is dynamic
throughout the year, since a constant fly value in the SWATMAC model does not reflect the temporal variation in macropore
flow. The best fit was achieved with a low fly = 0.15 during
the growing season (approximately May–October) and a high
fly = 0.35 when soils were not frozen and had no growing
crop (i.e., in the months of April and November). Conceptually,
changes in fly values should reflect physical changes in how
the macropores are connected through a soil profile with
tile drains. Greater macropore connectivity occurs when soil
cracks upon drying near the end of the growing season in
southern Ontario (Frey et al., 2012) and in Sweden (Messing and
Jarvis, 1993). Management could change macropore connectivity,
since secondary tillage breaks up macropores and reduces the
hydraulic conductivity of soils (Starr, 1990; Cullum, 2009). Most
of the agricultural land in the Ewing subwatershed is tilled with
a secondary tillage implement (e.g., disk harrow, vibrating tine
harrow) before the crop is planted. This could be responsible
for lower fly and hence less macropore flow during the growing
season. These possibilities still need to be evaluated under
realistic field conditions.
The percolation algorithm considers macropore connectivity,
but it does not fully describe the antecedent soil moisture
at the time of a rainfall event, which determines how much
water will be displaced from the soil matrix and move into the
macropores. Macropore flow typically begins when soil water
pressure approaches −10 to −6 cm (Jarvis, 2007), which can
occur with low rainfall intensity in a soil that is already near field
capacity, the usual condition in an unfrozen soil with no growing
crop (i.e., in the months of April and November) in this region.
Macropore flow was observed in silt loam and clay loam soils
when soil moisture was above field capacity, at all tested rainfall
intensities (as low as 1 mm h−1 ) (Coles and Trudgill, 1985).
In silty to sandy loam soils, macropore flow occurred in wet,
but not necessarily ponded soils, at a rainfall intensity of about
2 mm h−1 (Villholth et al., 1998). The percolation algorithm
considers that soil moisture below field capacity reduces the
fraction of excess infiltration that becomes macropore flow
in direct proportion to SWly /FCly (see Equations 2 and 3).
However, the algorithm does not consider how soil moisture at
or above field capacity affects water flow through macropores
between soil layers. This is a common problem in hydrologic
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models, which led Malone et al. (2001) to suggest that the Root
Zone Water Quality Model would better describe macropore
flow if it incorporated a dynamic effective macroporosity to
recognize that more macropores transmit water (and increase soil
hydraulic conductivity) as rainfall or soil moisture increases. In
conclusion, the percolation algorithm needs an additional soil
moisture factor to describe the water partitioning between the
soil matrix and macropores, since this affects the volume and
chemistry of soil water that enters streamflow and moves to
downstream environments.

CONCLUSIONS
A new percolation algorithm was added to the SWAT
model to generate the SWAT-MAC (Quebec version 2). The
percolation algorithm reflects the surface-subsurface water
flows from agricultural fields at the subwatershed scale. The
percolation algorithm gave a reasonable prediction of subsurface
flow partitioning into macropore and matrix flow pathways,
based on comparison with streamflow components derived
from a chemical-based hydrograph separation method in this
subwatershed. Soil texture was responsible for spatial variation
in macropore flow across the landscape. Seasonal variation
in macropore flow was attributed to temporal change in
macropore structure (i.e., macropore connectivity) or the portion
of macropores that transmit water (i.e., effective macroporosity)
in these fields. Experimental measurements of soil macroporosity
are needed to select the appropriate macropore connectivity
(fly ) values in dynamic field environments. We also recommend
that the percolation algorithm be updated to include a soil
moisture factor that describes water transfer between the soil
matrix and macropores during the growing season. This will
be accomplished by taking site-specific measurements that
consider the major soil types and management practices in the
study region.
The new percolation algorithm is an essential step towards
better prediction of P losses from agricultural watersheds where
preferential flow significantly contributes to P transport to
surface water via macropores that are connected to subsurface
drains. In these watersheds, the SWAT-MAC model allows for
partitioning of subsurface water into macropore and matrix flow
pathways. The next logical step will be to consider water as a
carrier for dissolved and particulate-bound P compounds, to
predict P transport through macropores.
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