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Abstract
Topographic models are widely used
throughout the Earth Sciences to study
physical processes and quantify geomorphic
change. Fluvial geomorphology is no
exception, with Digital Elevation Models
commonly featuring in gravel-bed river
research where they are used to quantify
process dynamics such as sediment flux and
bed level change. Error is inherently present
in many of the datasets used to generate
topographical models. A range of methods
has been established to estimate error during
creation and assessment of topographic
models. This paper presents a case study from
the Makaroro River in Hawke’s Bay, New
Zealand, to highlight the importance of error
estimation. The freely available Geomorphic
Change Detection (GCD) plugin for ArcGIS
(also available as a stand-alone package) was
used to generate Digital Elevation Models
of a 2.2 km reach of the Makaroro River
and estimate elevation and volumetric error
from a range of potential sources. The data
were originally collected to assess reachscale dynamics on the Makaroro River using
morphological budgeting, but following
a record drought in Hawke’s Bay there was
insignificant morphological change evident
from field observations. The surveys therefore
offer the opportunity to demonstrate

the effect of potential elevation error on
morphological budgets derived from groundbased surveys considered to have little to no
true change, and to compare conventional
error estimation methods with those
emerging in the literature. Ground-based
surveys were undertaken in December 2012
and January 2013, allowing comparisons of
topographic change along the reach using
Digital Elevation Models (DEMs) and
DEMs of Difference (DoDs). Elevation
and volumetric error were estimated from a
range of error sources, as well as propagating
the error. A range of grid resolutions was
used to assess the best grid resolution
and error mask combination. An 0.1 m
resolution grid provided the most detailed
DoDs, and propagated error produced the
best error estimation, accounting for error
in survey method, surface roughness, slope,
and point density. Whilst conventional
morphological budgets have quantified
many of these sources of error, they have
applied a reach-averaged error estimate. The
research presented implements spatiallyvaried error estimations, segregated by
geomorphic units, to provide more accurate
error estimation and reliable morphological
budgets suitable for observing process
dynamics at the geomorphic unit scale.
While this paper does not seek to develop
a new methodology, we aim to highlight
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the benefit of implementing spatially-varied
error estimations in DoD-based research in
New Zealand gravel-bed rivers.
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Introduction
Digital Elevation Models (DEMs) provide a
potentially useful tool for river management
by: (i) providing information on system
responses to flow and sediment regime
changes; (ii) providing a direct measure of
channel stability; and (iii) revealing linkages
between hydraulic processes and river
geo
m orphology (Ashmore and Church,
1998). The morphological approach reveals
information on the storage and displacement
of bed material not revealed by direct
sediment transport measures (Ashmore and
Church, 1998). However, morphological
budgeting is still limited by the frequency
of the surveys, and detects only net change
between survey dates. There is therefore no
accounting for compensating scour and fill
(Lindsay and Ashmore, 2002), neither is
wash load taken into account, resulting in a
lower bound estimate of sediment transport
(Fuller et al., 2003a).
The methods used for topographic
data acquisition, processing, and analysis
introduce errors, resulting in uncertainties
in the derived topographic models. These
errors may have a significant impact on
analyses of physical processes and dynamics,
particularly over short temporal scales where
morphological change can be smaller than
the error inherent in the DEMs. This may
result in the misidentification of process
dynamics, and inaccurate quantification of
morphological change and sediment flux.
It is therefore important to identify and
understand the source of errors, and develop
methods to estimate and account for them.
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Error has traditionally been estimated
using reach-averaged values of surface
roughness or survey instrument precision
error (e.g., Schwendel et al., 2012), residual
error (Fuller et al., 2003b), or root mean
square error (Brasington et al., 2000; Milan et
al., 2007). These may be applied uniformly,
or varied on the basis of wet and dry areas
(e.g., Westaway et al., 2001; Brasington et al.,
2003; Lane et al., 2003; Milan et al., 2007).
One solution to improve the estimation of
error in DEMs is the use of masks (layers
that contain information about the DEM)
to delineate areas of discrete elevation
error during DEMs of Difference (DoD)
processing, e.g., Lane et al. (2003), Wheaton
(2008). The error masks can be used in the
DoD generation process to estimate error
in the calculated elevation and volumetric
changes. This approach is imbedded in the
freely available GCD plugin for ArcGIS and
moves beyond another recently proposed
solution to error detection, which uses a
spatially distributed level of change detection
based primarily on local elevation standard
deviation to filter error from DEMs (Milan
et al., 2011).
This paper uses a readily available GIS
to apply spatially-variable error estimations
from a range of sources to DEMs, as
recommended by Milan et al. (2011). The
impact of the different error estimations on
the volumetric change results derived from
DoDs is then assessed. This methodology
is applied to two ground-based topographic
survey datasets from the Makaroro River,
New Zealand. The Makaroro River offers the
potential opportunity to use very accurate
DoDs to study the reach dynamics of preand post-impoundment gravel-bed rivers, if
a proposal to develop the Ruataniwha Water
Storage Scheme (RWSS) dam is approved (see
Lister, 2013 for an overview of the scheme).
The topographic survey datasets were used to
develop DoDs of the study reach. A range of
error masks was produced using the Survey

Method, Surface Roughness, Fuzzy Inference
System, and Propagated Error Mask
approaches (described in later sections).
Individual DoDs were generated using these
discrete error masks. The processes were
repeated at a range of grid resolutions to
assess the effect that raster resolution has on
DoD quality and morphological budgets.

Study site

The Makaroro River is a wandering gravelbed river (sensu Ferguson and Werritty, 1983)
located in the Tukituki River Catchment,
Central Hawke’s Bay (Fig. 1), which is
the third largest watershed in the region
(Newsome and Wilde, 2008). The 122 km2
Makaroro River catchment originates in the
Legend

Figure 1 – A) Location of Burnt Bridge in relation to the Makaroro River, Waipawa River, Tukituki
River, and the Ruahine Ranges. B) Location of the study reach and survey extent in relation to
Burnt Bridge and the Waipawa River confluence.
47

Ruahine Ranges, flowing south and then east
to join the Waipawa River (Maclean, 2011;
Tonkin & Taylor Ltd, 2012b). The channel
is laterally confined by steep valley sides of
bedrock topography (Maclean, 2011; Young,
et al. 2013), and tends to follow the winding
valley shape, with a sinuosity of 1.1.
A dynamic sediment regime exists in the
Makaroro River due to the episodic flood
events in the catchment (Young et al., 2013).
Variations in sediment supply are the main
control on bed levels, and changes are not
uniform throughout the catchment, with
higher aggradation rates downstream (Tonkin
& Taylor Ltd, 2012b). Hawke’s Bay Regional
Council-surveyed cross-sections near Burnt
Bridge from 1992 to 2011 show a cumulative
volumetric gain of 1,580 m3 yr-1 in the lower
Makaroro (Tonkin & Taylor Ltd, 2012b).
Annual mean flow in the Makaroro River
is 6.36 m3s-1 with a 7-day mean annual low
flow estimated at 1.36 m 3s -1 (Tonkin &
Taylor Ltd, 2012a). Flows exhibit strong
seasonal variations, with average flows
over June to August equating to ~150%
of annual mean flow, and flows over
summer equating to ~60% of annual mean
flow (Tonkin & Taylor Ltd, 2012a). The
100-year flood peak is estimated at 340 m3s-1
and the estimated Probable Maximum Flood
is 800 m3s-1 based on modelled run-off from
Maximum Probable Rainfall (Tonkin &
Taylor Ltd, 2012a). Mean annual rainfall in
the catchment is 1750 mm (Tonkin & Taylor
Ltd, 2009).

The study site consists of a 2.2 km reach
of the Makaroro River, from the confluence
with the Waipawa River to 600 m upstream
of Burnt Bridge on Makaroro Road
(Fig. 1). Hawke’s Bay Regional Council
(HBRC) operate a stage recording station
at Burnt Bridge. The Burnt Bridge reach
is representative of the Makaroro River
planform, and characteristic clast sizes
recorded at Burnt Bridge are similar to those
reported by Tonkin & Taylor (2012b) at the
Mill site upstream of the proposed dam site
(Table 1). The meander wavelength of the
study reach is 266 m, making the 2.2 km
reach length suitable for studying morpho
dynamics based on estimated particle path
lengths of 0.5l at channel forming discharges
(Pyrce and Ashmore, 2003; 2005). The
channel slope at the study reach is 0.007 m/m.
The average wetted channel width at baseflows in the study reach is 12.3 m, and the
average active channel width is 41.2 m. The
dynamic nature of the reach is evident from
the numerous abandoned channels found
on many of the bars throughout the reach,
which often lead to large pools separated
from the main flow at the downstream end of
bars. Woody debris is found throughout the
channel, with tree trunks often found at the
head of channel bifurcations, accompanied
by scour holes. During sustained low flows,
the subaerial bars in the reach become
densely populated by lupin (Fig. 2), which
can dislodge during high flows and deposit in
the wetted channel. The site is approximately

Table 1 – Characteristic Makaroro River grain sizes for the Mill Site
(Tonkin & Taylor Ltd, 2012b) and the study reach at Burnt Bridge. Note:
the Mill Site was sampled using the sieve method so includes the sub-surface
material, whereas the Burnt Bridge reach was sampled using the Wolman
(1954) method, and therefore only includes the surface layer.
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D10 (mm)

D50 (mm)

Sample

D90 (mm)

1.6

16

Mill Site

88

11

22

Burnt Bridge

56

Figure 2 – Field observations showing
A) periphyton in the wetted channel and
B) Lupin growth on the subaerial bars, and
the minor bank erosion located on one of
the bends.

8 km downstream of the proposed RWSS
dam site, offering an opportunity to study
the potential post-impoundment changes to
channel dynamics and the sediment regime if
the proposed RWSS is approved.
The rationale for this study was originally
to assess the pre-impoundment reach-scale
dynamics of the Makaroro River on an annual
scale using DEMs as a postgraduate research
project. Topographic surveys were to be
conducted following high-flow events, with
a benchmark survey conducted in November
2012. During the 2012/2013 summer,
Hawke’s Bay experienced one of the most
severe droughts in 41 years, second only to
the 1997/1998 drought for the record period
(Porteous and Mullan, 2013). There was
only one higher flow event during the survey
period, with a peak flow of 8 m3s-1. This

flow did not inundate the bars, as evident
by the undisturbed bar vegetation (Fig. 2).
Field observations following the flow event
indicated little change to the periphyton and
macrophyte biomass in the wetted channel,
suggesting minimal bed disturbance from the
event. A small degree of vertical bank erosion
was evident on some bends where the banks
largely consisted of fine sediment (Fig. 2).
Following the summer drought, the winter
months consisted of frequent flooding, which,
combined with equipment issues, inhibited
further surveying during the research project
time frame. Therefore, only one further
survey, in January 2013 (following the small
high flow event), was conducted for the
project. However, this offers the opportunity
to assess the impact of potential error on
morphological budgets derived from surveys
conducted over relatively short time periods,
during which minimal change is expected.

Methodology
Surveying

Successive topographic surveys of the Burnt
Bridge reach were conducted in November
2012 and January 2013 using a real-time
kinematic-differential global positioning
system (RTK-dGPS) and a Total Station.
The January 2013 survey focused only on
the wetted channel because the bars had
not been inundated during this low flow
period, thus no fluvially-driven change could
have occurred. The RTK-dGPS survey was
conducted using a Trimble® 5800 base
station, Trimble® 5800 rover, and two
Leica® 1200 rover units. The base station
was established over a survey peg during
the 2012 survey on stable, elevated ground
near Burnt Bridge. The base station was
established over the same survey peg in the
2013 survey. In areas where satellite coverage
was too poor to get a fix with the RTK-dGPS
rovers a Trimble® S6 Robotic Total Station
was used.
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Point sampling densities were altered
based on a quasi-systematic point collection
(sensu Brasington et al., 2000), where higher
point densities were used over areas of
complex morphology (i.e., pools) and lower
point densities over areas of more uniform
topography (i.e., runs) (Table 2). During
collection of RTK-dGPS and Total Station
surveys it is important to consider how and
where the detail pole is being placed. Breaks
in slope were consciously surveyed to create
DEMs that best represent bed morphology.
Care was taken not to place the detail pole
on the top of protruding clasts, in large
interstitial spaces, or to dig the pole into
the bed. The detail pole was maintained
level using a spirit bubble level on the pole.
Consistent surveying methods were used
between operators and surveys. Survey marks
on Burnt Bridge were occupied in both
surveys as a stable control point between
surveys, as access to stable land surrounding
the reach was difficult.
Grain size distribution

Surface roughness introduces error into
DEMs, and has been associated with various
representative clast sizes (e.g., Fuller et al.,
2003a; 2003b). Protruding clasts may affect
the observer’s ability to place the detail pole
at a representative bed elevation. To estimate
the surface roughness error the bed surface
grain size distribution was calculated for each
geomorphic unit along the survey, in order

to produce spatially variable error masks to
account for pole placement errors. Clast data
were collected using the Wolman (1954) areal
sampling procedure using a gravel template
for measuring the clast b-axis. Use of a gravel
template largely eliminates errors associated
with identifying the b-axis as well as some
sampler bias error (Daniels and McCusker,
2010). One hundred clasts were randomly
sampled from the bed surface at each
geomorphic unit using the ‘big toe’ method,
where the clast under the sampler’s big toe is
measured, to maintain sampling randomness.
Representative clast sizes (D50 and D84) were
derived using cumulative frequency plots.
Geomorphic units are differentiated by
morphology and commonly have different
surface grain sizes, and therefore offer a
useful objective reference for segmentation of
Surface Roughness Error Masks. Geomorphic
units also provide a common working scale
between hydrologists, geomorphologists,
and ecologists. The geomorphic unit scale
is therefore a useful working scale to aid in
cross-disciplinary research for holistic river
management, as cross-disciplinary research
is often inhibited by differing working scales
(Brierley and Fryirs, 2008). Identification of
geomorphic units was conducted by simple
visual assessment based on changes in flow
dynamics, as more quantitative assessments
(e.g., Jowett, 2010; Belletti et al., 2014)
are time consuming and not necessary for
this study.

Table 2 – Unit average point densities, D50, D84 and slope for each geomorphic unit type in
the study reach. Note the increase in point density with increasing slope.
Geomorphic
Unit
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D50 (mm)

D84 (mm)

Slope (m/m)

Points/m2

Run

24.8

44.3

0.0052

0.462

Riffle

32.2

58.5

0.0086

0.496

Pool

13.3

21.6

0.0132

0.706

DEM generation

Triangular Irregular Networks (TINs, also
known as meshes) were created from the
survey point data for each survey period to
generate topographic models of the reach.
Erroneous surface features (artefacts) are
often created as a result of the meshing
process, particularly if there are issues with
some of the topographic data points (such
as elevation errors due to operator error).
Artefacts were identified (e.g., Fig. 3) and
removed appropriately.
A bounding polygon for each survey was
used to limit the TIN extent, removing
over-interpolated areas outside of the
surveyed area. Each TIN was converted to
a raster (grid) using ‘Natural Neighbours’
interpolation, suggested to be one of
the best interpolation methods for river
topography (e.g., Merwade et al., 2006), as
the interpolation uses a weighted average of
the neighborhood observations, and does not
extrapolate beyond the convex hull of the
observations (Yang et al., 2004), therefore
better representing curves. A range of raster
grid sizes from 2 m to 0.1 m was used to assess
the best grid size for representing process
dynamics. The rasters were made concurrent
and orthogonal to produce accurate DoDs.
The Geomorphic Change Detection (GCD)
5.0.36 plug-in for ArcMAP 10 (see http://
etal.joewheaton.org/) was used to create
the DoDs and calculate volumetric change
results. A slope raster was derived from
each DEM to create fuzzy inference system
(FIS) error surfaces. FIS are algorithms
used to quantify parameters that are often
qualitatively described (e.g., slope is input as
‘steep’ or ‘flat’, and the algorithm assigns an
estimated elevation error). GCD allows users
to create their own FIS algorithms, but this
paper uses the FIS algorithms provided with
GCD to estimate interpolation error. A point
density raster was created for each survey
using the survey point cloud, and used to
create the interpolation error raster.

Figure 3 – An example of a TIN artefact
(top image) created as a result of bank edge
survey points connecting to points on the bar.
The bottom image shows the removal of the
artefacts by connecting the bank edge points.
Error surfaces

The processes of data collection and
processing introduce a range of errors into
DEMs which are propagated into the DoDs.
By understanding how, and knowing where,
these errors are introduced it is possible to
estimate the potential elevation errors in each
DEM, and estimate the potential volumetric
error in calculations of geomorphic change
derived from the DoDs. A mask (a layer
representing the dataset area, or a segment
of the area), also known as an error surface,
can be created to represent the spatial
distribution of estimated elevation errors
associated with different data acquisition
and processing methods. In this study, an
individual error surface has been created
for the entire study reach for each source of
error that may occur in the data, as well as
a propagated error surface, which is created
by aggregating the discrete error surfaces
(Wheaton, 2008). GCD can use these error
surfaces as inputs during DoD generation to
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estimate the potential error in the elevation
and volumetric change results.
A DoD was produced without any error
estimation (unthresholded DoD) to show
the elevation change calculated between the
surveys when error is not accounted for. The
DoDs generated with error estimations can
then be compared to these unthresholded
DoDs to show the effect of including error
estimation on volumetric change results and
DoD rasters.
Propagated Error Mask

To produce the best estimation of elevation
change it is important to consider all sources
of error during DoD processing. Error is
introduced into the dataset from limitations in
survey instrument accuracy (survey method),
detail pole placement errors (estimated from
using surface roughness), and by the ability of
the dataset resolution to represent the surface
(estimated from the relationship between
survey point density and surface slope).
These errors are explained in subsequent
sections. The most conservative approach is
to add all of the individual errors together,
but this may lead to an over-estimation if
errors are independent and subject to random
uncertainties (Wheaton, 2008). In this case a
quadrature sum can be used instead (Taylor,
1997) (Eq. 1, after Brasington et al., 2003):

δu =

(δ z 12 +δ z 22 +!δ z 2n )

Table 3 –GCD default elevation error for each
survey method
Survey Method

Elevation Error (cm)

Total Station

±4

RTK-dGPS

±6

Traditionally, surveys using multiple
survey methods are thresholded using either
the highest error value or a propagated error
of the surveying methods and the error is
applied to the reach as a whole. To improve
error analysis, a spatially-variable error surface
is used based on the surveying method used
in different sections of the reach (Fig. 4).

(Eq. 1)

where δu is total error and δz is an error
term for each contributing error surface.
Propagated error masks were created for
each DEM by combining the error masks of
individual error parameters using Equation
1, with separate propagated surfaces created
using different characteristic grain sizes to
represent surface roughness errors.
Survey Method Error Mask

The Makaroro survey used two data
collection methods: RTK-dGPS and Total
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Station. Each of these methods has unique
instrument precision error. The GCD
default error values (Table 3) for each survey
instrument type were used to create the
Survey Method error surfaces.

Figure 4 – Example of a multi method survey
error mask. Areas in blue were surveyed using
RTK-dGPS, and areas in green were surveyed
using Total Station.
Surface Roughness Error Mask

Gravel-bed rivers generally have an irregular
surface topography created by heterogeneous
clast sizes (termed surface roughness). This
may result in “pole placement errors” during
surveying, where a detail pole may be placed

on top of a protruding clast, resulting in a
data point being generated that does not
represent the average surface elevation.
The largest errors in DoDs arise from areas
with high surface roughness and low point
densities (Williams, 2012), and therefore this
is a source of error that should be quantified.
Surface roughness can be quantified using
a representative clast size derived from the
clast size distribution, such as the D50 or
D84 ( e.g., Fuller et al., 2003a; 2003b; 2005;
Fuller and Hutchinson, 2007; Heritage et al.,
2009). Conventional studies use twice the
characteristic clast size to quantify an error
threshold (minimum level of detection) for
the DoDs (e.g., Fuller et al., 2003a; 2003b).
Any elevation change that is less than the
threshold value can be considered nonsignificant elevation change, as the change
may be the result of potential error introduced
by pole placement. Elevation change greater
than the error value is considered to be true
or significant change.
To improve on applying a global threshold
value, in this study spatially-variable Surface
Roughness Error Masks were created, one
for the D50 and one for the D84. Both D50
and D84 values were used to compare the

effects of grain size on the extent of error
estimation. The D50 and D84 were derived
for each geomorphic unit, following Brewer
and Passmore (2002), using a 100-pebble
Wolman count. The error surfaces were
segregated using the geomorphic unit
boundaries, and surface roughness defined
for each geomorphic unit. A uniform error
surface using reach-average surface roughness
was also created for comparison with the
spatially-variable method (Fig. 5).
Interpolation Error Mask

The relationship between surface slope and
survey point density affects how well a TIN
represents the river surface. Where breaks
in slope occur, judiciously surveyed points
are required to accurately represent the
surface. If survey point locations on surfaces
with irregular slope breaks are randomly
distributed the interpolation process may
misrepresent where the change in slope
occurs, or miss it all together, if point densities
are low. Wheaton et al. (2010) suggest the use
of an error surface based on a Fuzzy Inference
System (FIS) to estimate the error introduced
by slope and point density combinations. An
FIS is based on a fuzzy model, which is used

Figure 5 – Comparison of a
spatially-variable surface
roughness error mask vs.
a reach average surface
roughness error mask.
53

to quantify vagueness in parameters (Chen
et al., 1999). Fuzzy models require minimal
assumptions, and can deal with uncertainty
that can only be described by linguistic
terms (Wheaton et al., 2010). This makes
an FIS a useful tool for geomorphologists as
an FIS can be used to quantify uncertainty
for vague parameters such as low, medium,
and high slope if quantification of the exact
slope is unnecessary or hard to measure.
An FIS algorithm is created that assigns
estimated elevation errors to value categories
for different inputs (slope and point density
in this case). In this case, slope and point
density rasters are created, and the FIS system
looks at the slope and point density of each
cell and assigns an elevation error estimation.
An error surface is created from these error
estimations. The FIS used for this project was
developed by Wheaton (2008), based on five
geomorphic surveys conducted on a reach
during a one day period. No geomorphic
change occurred during this period;
therefore, the elevation differences between
each survey are the result of survey error. The
error inherent in slope and point density was
derived from these results to calibrate the FIS.
The FIS was supplied in the GCD plug-in.
This FIS was used within GCD for this study
to create Interpolation Error Masks for each
survey based on a slope raster derived from
each DEM, and a point density raster created
from the survey point clouds. However, care
should be taken when analysing these results,
as derivation of the slope raster from the
data points assumes that slope was accurately
represented in the survey. Slope classes within
the FIS were the default in GCD.
DoD production

DoDs were created using the GCD 5.0.36
plugin for ArcMAP 10.1. The new DEM
and old DEM were selected in the Change
Detection interface, and the thresholding
method chosen. GCD makes individual
DEMs orthogonal (same grid resolution and
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grid centre) and concurrent (orthogonal with
exactly equal extents), and creates a DoD.
The DoD is thresholded using the selected
inputs and method. These processes can be
performed individually, but GCD was used
to speed up the process, store DoDs in logical
folder systems, and create output graphs
and summaries of geomorphic change.
GCD produces data output files containing
geomorphic change information, including
unthresholded area and volumetric change,
thresholded area and volumetric change, as
well as estimated errors for each calculation.
Net volume change (NVC) was derived by
DEM differencing using the GCD plugin for
each unthresholded DEM and the range of
thresholded DEMs.

Results
Field observations

Field observations over the study period
suggested very little bed disturbance occurred,
with the highest peak flow over the time
being just above the mean annual flow, and
as such the morphological change between
survey dates is expected to be less than the
minimal level of detection. Therefore, we
would expect up to 100% of the calculated
change to be below the minimum level of
detection, particularly when the Propagated
Error Masks are used.
Resolution differences

There was a relatively low (< 9%) variation
in NVC between DoDs across the range of
raster resolutions (Table 4). NVCs ranged
from 2449 to 2520 m3 for the 2 m and 1 m
November to January unthresholded DoDs,
respectively, a 71 m 3 difference (2.8%).
NVCs for the Survey Method Error Mask
DoDs ranged from 2219 to 2275 m 3, a
difference of 56 m3 (2.4%), between the 2 m
and 0.25 m resolution rasters, respectively.
The rasters from 0.1 m to 1 m resolution
were separated by as little as 20 m3. The
greatest relative difference was found in the

Table 4 – Highest and lowest Net Volume Change (NVC) for each survey and error mask
combination, and the associated grid resolution
Error Mask

Lowest
NVC
(m3)

DoD
Res. with
Lowest
NVC (m)

Highest
NVC
(m3)

DoD
Res. with
Highest
NVC (m)

Mean NVC
for All
Resolutions
(m3)

2449
2219
754

2
2
0.1

2520
2275
810

1
0.25
2

2477
2256
777

71
56
56

2.8
2.5
6.9

2267

2

2341

1

2296

74

3.2

2267

2

2341

1

2296

74

3.2

2265

0.5

2388

2

2307

123

5.2

2429

0.5

2556

2

2469

127

5.0

552
621

0.5
0.5

603
676

1
1

571
640

51
55

8.5
8.1

Unthresholded
Survey Method
FIS
Surface Roughness:
Reach Avg. D84
Surface Roughness:
Reach Avg. D50
Surface Roughness:
Variable D84
Surface Roughness:
Variable D50
Propagated (D84)
Propagated (D50)

Propagated Error Masks using D84 Surface
Roughness, with NVC results ranging
from 552 to 603 m3 between the 0.5 m and
1 m resolutions, respectively, a difference of
51 m3 (8.5%).
Error mask differences

Thresholding the DoDs using an error mask
had a much greater effect on NVC than

Diff.
Diff.
Lowest & Lowest &
Highest
Highest
(m3)
(%)

choice of grid resolution. As raster resolution
only caused slight variations in results, the
results were averaged to give a mean NVC for
each error mask, allowing easier comparison
of the effect of the different error mask
methods (Table 5). These are reported as
thresholded NVC (NVCT), which is the
remainder of the NVC when the estimated
error is removed from the unthresholded

Table 5 – Average NVC and percentage of NVCU removed by each error mask (averages of
the grid resolutions)

Error Method
Unthresholded
Survey Method
FIS
Reach Avg. D84
Reach Avg. D50
D84
D50
Propagated (D84)
Propagated (D50)

Average Net Volume
Change (m3)(not
considering error)

Volume Change removed
from raw NVC (%)

2477
2256
777
2296
2296
2307
2469
571
640

0%
9%
69%
7%
7%
7%
0%
77%
74%
55

NVC (NVC U). The difference between
NVCU and NVCT is given as a percentage
difference for each error mask used for
thresholding. Surface Roughness Error
Masks resulted in no difference between
NVCU and NVCT when the spatially variable
D50 was used to quantify surface roughness,
and a 7% difference when reach-averaged
D84, reach-averaged D50, or spatially-variable
D84 were used. The greatest reduction in
NVC is seen when the interpolation error is
included, either as independent error mask
or in the propagated masks. There was 69%
difference between NVCU and NVCT using

the independent Interpolation Error Mask,
77% using the propagated D84, and 74%
using the propagated D50.
GCD also reports the percentage error
in the NVCT results, which are reported
in Table 6 for each error mask and grid
resolution. It is important here to make a
distinction between the thresholded volume
change results and the error calculations.
The thresholded volumes are calculated as
the volumes of all the cells with elevation
changes greater than the minimum level of
detection. However, this does not subtract
the minimum level of detection from changes

Table 6 – Error values for each error mask, showing differences between grid resolutions
Error Calculation

Unthresholded
Survey Method
FIS

Reach Avg. D84
Reach Avg. D50
D84

D50
Propagated (D84)
Propagated (D50)
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Grid Resolutions

% Error in
NVCT

Percent Erosion

Percent
Deposition

0.1 m, 0.25 m, 0.5 m, 1 m, 2m
0.1 m, 0.25 m, 0.5 m
1m
2m
0.1 m
0.25 m
0.5 m
1m
2m
0.1 m, 0.25 m, 0.5 m
1m
2m
0.1 m, 0.25 m, 0.5 m
1m
2m
0.1 m
0.25 m
0.5 m
1m
2m
0.1 m, 0.25 m, 0.5 m
1m
2m
0.1 m, 0.25 m, 0.5 m
1m
2m
0.1 m, 0.25 m, 0.5 m
1m
2m

0%
64%
63%
65%
99%
99%
100%
99%
106%
53%
52%
53%
36%
35%
36%
61%
60%
61%
60%
62%
39%
38%
41%
119%
117%
115%
113%
110%
110%

24%
23%
23%
23%
26%
26%
26%
26%
27%
25%
25%
25%
25%
25%
25%
23%
23%
23%
23%
23%
24%
24%
23%
28%
28%
27%
27%
27%
26%

76%
77%
77%
77%
74%
74%
74%
74%
73%
75%
75%
75%
75%
75%
75%
77%
77%
77%
77%
77%
76%
76%
77%
72%
72%
73%
73%
73%
74%

which exceeded the detection threshold. The
error estimates, given in Table 6 as % error,
and throughout this paper as ± error, account
for the total error that may be present in
change detections. This is calculated as
the propagated input errors multiplied by
the area, in this case on a cell by cell basis,
and therefore accounts for potential error in
elevation changes that exceed the minimum
level of detection. Surface Roughness Masks
had the lowest error, with values ranging
from 36% to 62%, with the greatest error in
the spatially variable D84 mask. The greatest
error occurred in NVCT results using the FIS
algorithm. The independent Interpolation
Error Mask had error values ranging from
99% to 106%, suggesting all of the volume
change recorded between surveys may be
systematic, and simply a result of slope and
point density. The Propagated Error Masks
had error values ranging from 110% to 119%.

Discussion
Effect of raster resolution

When using grids to represent topographic
data it is important to consider the grid
cell size (resolution), because cell size
determines the suitably of a grid to accurately
represent morphology. Misrepresentation of
morphology may have a significant impact
on volumetric change results derived from
differencing grids (DoDs). This may lead to
errors when determining quotas for gravel
extraction, quantifying the sediment being
trapped by dams (such as the RWSS dam),
or assessing whether a reach is aggrading
or degrading, leading to misinformed
and potentially problematic management
decisions. Resolution grids of 2 m were found
to produce extreme (minimum or maximum)
NVC results in seven of the nine DoD
comparisons shown in Table 4. The extreme
NVC results are attributed to coarse grid
resolutions oversimplifying breaks in slope
compared with the finer resolutions. This is

particularly evident on the edges of bars and
channels where significant breaks in slope may
occur within 2 m2, particularly on undercut
banks. Grid resolutions of 0.1 m and 0.25 m
produced the least number of extreme NVCs
(one out of the nine comparisons each),
which may be a result of the finer grids better
representing the breaks in slope. These results
support the use of grid resolutions smaller
than 2 m for DoD-based morphological
budgets. This is in accord with Brasington
et al. (2003) and Fuller et al. (2003b) who
suggest using a 1 m resolution or finer grid size
to provide a good balance between processing
time and result accuracy. Finer resolution
rasters provide better visual outputs, as DoDs
are less pixelated (Fig. 6) (nex page). This
makes definition of geomorphic units clearer,
providing better analysis of high resolution
geomorphic changes and processes, providing
the topographic survey sufficiently represents
topography. Raster resolution may therefore
be altered to suit the type of analysis required,
the amount of data to be processed, and time
available for processing.
Error surfaces

Error masks had a much more significant
effect on NVC than raster resolution. The
Interpolation Error Mask produced the
highest error estimations for any of the nonpropagated masks. This is a result of the
FIS calculating error estimations across the
spectrum of elevation changes depending on
the spatial distribution of slope and point
density as opposed to removing data below
a threshold elevation change (minimum level
of detection), as evident in Figure 7A-C. The
FIS method has advantages over removing
change below a global minimum detection
level (as proposed by Milan et al., 2011),
as it removes data below a spatially-varying
minimum elevation change. Traditional
error masking (e.g., Fuller et al., 2003b)
removed areas of low elevation change
below a minimal detection level, potentially
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Figure 6 –
Comparison of a
0.1 m and 2 m grid
resolution DoD
for a section of
the reach. Note
the extra detail
shown in the 0.1 m
resolution DoD.
Legend depicts
erosion in red and
deposition in blue.

removing key geomorphic processes, such
as fine sediment sheet deposition (cf. Milan
et al., 2011). Conventional approaches to
DoD thresholding may also leave areas of
significant error in the morphological budget
if the error exceeds the blanketed average
level of detection value. This is likely to
occur in rough, steep areas such as riffles or
undercut banks. It is of note that Figure 7C
suggests a predominantly, albeit small-scale,
aggradational trend in the reach between
these surveys. Systematic survey error was
not specifically quantified using reoccupied
control points. Nonetheless, systematic error
is accounted for by using the survey error
method mask set at ± 6 cm (Table 3).
It is important to accurately represent
areas of high steepness, particularly along bar
edges, as these are likely to be the location of
significant geomorphic change and may be
misrepresented in gridded DEMs. Higher
point densities over steep areas may therefore
provide more accurate average height values
which are represented by the grid cells. The
Interpolation Error Mask works well with a
quasi-systematic surveying method as the error
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masking is based on the relationship between
point density and slope. The quasi-systematic
approach assumes that high point densities
can be acquired in areas with steep or highly
variable slope, but this is not always the case,
as steep or variable slopes may occur in swift
flowing sections where surveying is difficult,
or under dense overhanging vegetation where
point acquisition is limited by interference
between vegetation and survey instruments.
Surveying high-slope areas at high-point
densities ensures not all high-slope areas are
thresholded from a budget, but low point
density, high slope areas may be identified
as potential sources of high error. The FIS
method also has the advantage of allowing
the user to create customised error estimates
for slope and point density relationships for
each survey, following Wheaton (2008). The
Interpolation Error Mask is less likely to be
required where consciously surveying breaklines in detail. However, in wetted channel
reaches where access may be problematic due
to flow conditions inhibiting detailed survey
of break lines, employing an Interpolation
Error Mask is certainly worthwhile.

Figure 7 – Comparison between
A) unthresholded,
B) survey method, and
C) FIS budget thresholding.
Red bars indicate erosion, blue bars indicate
deposition, and grey bars represent volume
change present in the unthresholded DoDs
that has been removed by thresholding.
Note the Survey Method Error Mask simply
removes data below a minimum elevation
change, whereas the Interpolation Error
Mask removes data below a spatially-varying
minimum elevation change.

The Interpolation Error Mask DoDs
also have the highest error percentages of
non-propagated masks, with error estimates
equalling or exceeding NVCT, and Propagated
Error Mask DoDs error estimates exceeding
NVCT (Table 6). This may suggest that
interpolation errors over-exaggerate error,
or alternatively, changes between November
2012 and January 2013 were below detectable
values or non-existent. The latter is likely
to hold true, as field observations suggest
minimal bed movement in many sections of
the reach, indicated by extensive growth of

periphyton across much of the channel. As
such, conventional DoD techniques may
be producing changes in elevation that are
simply a result of survey or observer error, and
true change may be minimal. This may have
considerable consequences for subsequent
management decisions, and may lead to the
development of unsuccessful management
strategies through incorrectly identified
process dynamics (cf. Milan et al., 2011).
A comparison between using the D50 and
D84 to represent surface roughness error on
the 0.1 m resolution DoDs shows a marginal
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difference in NVCT results. The spatiallyvariable D84 Surface Roughness Error Mask
DoD shows 77% deposition and 23%
erosion, with a NVCT of 2284 ± 1383 m3 for
the 0.1 m resolution DEM (± values are an
automatic output in GCD derived from error
inputs). The spatially-variable D50 Surface
Roughness Error Mask shows a NVCT of
2445 ± 952 m3, with 76% deposition and
24% erosion. The NVC U was 2480 m 3.
These are only marginal differences, but in
terms of budget thresholding, the D84 NVCT
removes 7% of the NVCU, compared to less
than 1% removed by the spatially-variable
D50 Surface Roughness Error Mask. The
small net volumetric differences using DoDs
masked using the D84 and D50 error masks
result from the small total net volume. The
selected surface roughness value could have
considerable impact on larger scale sediment
budgets. However, it is possible that the
difference (7% versus <1%) arises here
because of the low elevation changes between
2012 and 2013 relative to grain size, and if
the surface roughness was applied to longerterm surveys with greater elevation change
the difference between the D50 and D84 may
be less apparent. The results suggest that it
is important to consider carefully which clast
size metric to use for representation of surface
roughness, particularly when elevation
changes between surveys are close to the grain
scale. It Is beyond the scope of this paper to
suggest which clast size should be used to
represent surface roughness to account for
pole placement errors. This is a potential
avenue for future research.
Results for Surface Roughness Error Masks
also highlight the importance of spatiallyvariable error surfaces for analysis of higher
spatial resolution geomorphic processes.
Spatially-variable error surfaces provide a
better representation of roughness error for
geomorphic units, and allow unique patches,
such as fine sediment slugs, to be segregated
in error analysis. This is a significant
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advancement on conventional thresholding
using reach average surface roughness, which
may result in fine sediment slug deposits
being counted as error, or possible inclusion
of significant pole placement errors in rough
sections.
Grids of 0.1 m resolution should be used
for analysis of reach-scale dynamics, pro
viding topographic surveying is suitably
conducted, to allow for DoDs to be analysed
at a level of detail sufficient to clearly identify
and interpret geomorphic units and their
boundaries. The spatially-variable D 84
Surface Roughness Error Mask provides the
best representation for surface roughness,
which may introduce error into DEMs by
pole placement errors. The Spatially Variable
Surface Roughness Mask is also most likely
to preserve important small-scale elevation
changes by varying the degree of elevation
change removed over the DoD, leaving
important low roughness features such as fine
sediment sheets in the analysis. Propagated
error masks should be used where possible to
account for all sources of error.
Despite differences in resolution and error
masks, the results showed approximately
25% of change was erosion and 75%
deposition (Fig. 7 and Table 6). These results
support the HBRC survey results, which
show the reach has been aggrading over the
1992-2011 period (Tonkin & Taylor Ltd,
2012b). However, given that possible errors
associated with geomorphic change detection
may exceed 100%, there may in fact be no
change in this reach over the 2012-2013
summer period. This is the most likely
scenario given the low flows in the Makaroro
River over this time period. Quantifying
error is thus essential to avoid inappropriate
quantification of sediment flux and gravel
budgets derived from geomorphic change.

Conclusion
Repeat surveys of a 2.2 km reach of the
Makaroro River in Hawke’s Bay, New
Zealand were conducted to improve
assessment of reach-scale dynamics using
morphological budgeting. The methodology
presented uses a range of masks to quantify
potential error in the topographic surveys.
The methodology implemented in this
paper improves on conventional approaches
by producing spatially-variable error masks,
which are more suited to the spatiallyvariable nature of processes in gravel-bed
rivers. A FIS was used to assess error based on
the relationship between point density and
slope. Conventionally, these parameters are
accounted for using a quasi-systematic survey
method, but are not used to estimate error in
DoDs. Spatially varying the error improves
on the conventional blanket error approach
by more accurately identifying significant and
insignificant elevation changes. Improved
identification of significant and insignificant
volume changes may be important for
analysis of high resolution processes. The
Interpolation Error Mask therefore provides a
useful tool for analysis of processes occurring
in the reach, and should be employed in
future morphological budgets using DoD
analysis. These masks have also highlighted
the possibility for DoDs to show erroneous
volume change, which may be a result of
survey error as opposed to true change, and
this finding supports the need to understand
and consider the limitations of morphological
budgeting.
Grid resolution did not have a significant
impact on quantifying net volume change
in the reach, but resolution needs to be
considered for the quality of the DoD
produced and processing time. The results
show that a 0.1 m resolution grid produces the
best DoD for assessing spatial variability in
processes. Based on the results, it is suggested
that morphological budgets for gravel-bed
rivers deploy a 0.1 m grid resolution and

a propagated error using spatially-variable
masks, and quantify surface roughness using
the D84. The authors also highly recommend
the use of GCD to handle the morphological
budgeting workflow. GCD is available as
both a free ArcGIS plug-in and as a free
stand-alone package.
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Glossary
Error Mask/Surface: A layer (polygon or raster)
which contains information about the DEM,
or a segment of the DEM. For the purpose of
this paper the masks contain information on
error sources and elevation error estimation.
Masks may also include information such as
geomorphic feature types, vegetation cover etc.
Fuzzy Inference System (FIS): FIS algorithms
are used to assign error estimates for
continuous variables that are usually described
categorically. They use Fuzzy Set Theory to
define categories for continuous variables when
there may be ambiguity in defining categories.
For instance, there may be some ambiguity
when classifying slope as low, medium, or
high, with different observers setting slightly
different slope limits for each category. Where
there is some overlap in category boundaries,
the FIS weights the error value based on
membership of each category.
Minimum Level of Detection: The minimum
level of detection is the minimum elevation
change that can confidently be considered true
change and not a result of error. The minimum
level of detection is set at the maximum
estimated error. Change below the maximum
estimated error cannot be confidently detected.
Thresholded: A thresholded DEM or DoD has
had the estimated elevation error removed
from the calculated change. The calculated
change in thresholded models is that which
exceeds the minimum level of detection.
Thresholding: Thresholding a DEM or DoD
is the process of calculating the elevation or
volumetric error in the model and adjusting
the outputs appropriately.
Unthresholded: An unthresholded DEM or
DoD has not had the estimated elevation error
removed from the calculated change. The
calculated change in unthresholded models
may be below the minimum level of detection
and therefore a result of error.
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