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Abstract—In autonomous mapping surveys the autonomous
underwater vehicle (AUV) cannot rely on receiving position
aiding from a surface vehicle or any other external infrastructure.
The AUV can however use any payload sensor to restrict the
position error drift in the navigation system. In this paper
we consider using the bathymetric sensor in line-to-line terrain
navigation. Terrain navigation will limit position error growth,
and also ensure enough overlap between the lines such that
the survey area is covered. We show that sparse map coverage
from a line of bathymetry leads to a bias when used in a
straightforward implementation of the point mass filter terrain
navigation algorithm, and we develop a modification to the
algorithm that handles this robustly. The algorithm achieves good
performance when tested off-line on real data from a HUGIN
AUV equipped with the HISAS 1030 interferometric synthetic
aperture sonar.

I. INTRODUCTION

Accurate bathymetric mapping has been an essential
capability of Autonomous Underwater Vehicles (AUVs) ever
since the introduction of these vehicles into commercial
deep water surveys. To accurately georeference bathymetric
measurements of the sea floor, accurate navigation is a basic
requirement. Today these surveys are usually done with a
surface ship equipped with a high-accuracy GPS system,
continuously tracking the AUV with an acoustic ultra-
short-baseline (USBL) system throughout the mission. By
integrating the GPS-USBL underwater position measurements
with the low drift inertial navigation system (INS) typically
found on these AUVs, the position accuracy requirement is
usually met, after post-processing the navigation data [1].

An AUV that maps an area autonomously cannot depend on
the surface ship except possibly in the periods of launch and
recovery. The navigation of the AUV then becomes a major
challenge. If the water is shallow enough, frequent GPS-fixes
at the surface may suffice, and if there is infrastructure
like navigation transponders nearby, those can also be used.
However, no general solution exists for these scenarios today.
A completely autonomous solution is to use any payload
sensor carried by the AUV to improve its navigation, such
as multibeam echo sounders, imaging sonars, or cameras.
In this article we only consider the bathymetric sensors of
the AUV. Terrain navigation is now an established technique
for subsurface position updates of AUVs. By comparing
bathymetric measurements with an a priori known digital

Fig. 1. The HISAS 1030 mounted on a HUGIN 1000-MR AUV during
launch.

terrain model (DTM) of the sea floor, the best matching
position may be used to update the navigation system of the
AUV. This has been shown by several authors to efficiently
bind the position error of AUVs in suitable terrain [2]–[5].

The major drawback of this navigation technique is the
requirement that a DTM must be available before the start
of the AUV mission. This is especially obvious if the mission
of the AUV is to do a bathymetric survey of an unknown area.
A solution to this problem is to apply the popular technique
from robot navigation called Simultaneous Localization And
Mapping (SLAM), which also has been adopted for the case
of bathymetric mapping [6]. In this technique both the terrain
referenced position of the AUV and the map created by the
AUV are updated simultaneously in a common estimator. If the
AUV is equipped with a low drift navigation system, another
technique similar to SLAM is possible, in which the problem is
separated, local mapping first and then localization within the
local map, within the same mission [7], [8]. This will instead
give a relative position measurement that can be passed back
to the navigation system, and also used to update parameters
for the local maps [7].

In this article we explore the use of terrain navigation
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TABLE I
TYPICAL HISAS 1030 SYSTEM SPECIFICATIONS.

Center frequency [kHz] 100
Wavelength [cm] 1.5
Bandwidth [kHz] 30
Frequency range [kHz] 85-115
Along-track image resolution [cm] 3
Cross-track image resolution [cm] 3
Maximum range at 2 m/s [m] 175
Area coverage rate [km2/h] 2
Interferomtric baseline [cm] 28
Interferomtric baseline [wavelengths] 18.7

to lower position drift in a specific bathymetric survey-
pattern without an a priori known DTM. Real data from a
HUGIN AUV equipped with a HISAS 1030 interferometric
synthetic aperture sonar (SAS) are used in the post-processing
tests. From each survey-line we use interferometric SAS-
and sidescan sonar (SSS) processing to create reference
bathymetry. In the consecutive survey-lines the overlaps
are processed by a Bayesian line-to-line terrain navigation
algorithm, estimating relative position measurements and
corresponding accuracies for the INS. The grid-based terrain
navigation algorithm used by the HUGIN AUV is modified
herein to deal with the problem when we are missing map
information. This is a problem that occurs when parts of the
grid do not get any, or not enough, information back from
the DTM. This may be because the AUV is near the edge of
the DTM, or there are holes in the DTM [9].

In Section II the HISAS 1030 system, and the interfero-
metric processing is described in more detail. Modifications
to a Bayesian terrain navigation algorithm dealing with the
problem of sparse DTM coverage are developed in Section
III. Some preliminary results on data from a HUGIN AUV
are shown in Section IV, before conclusion and future work
are summarized in Section V.

II. HISAS 1030

The primary sensor on the HUGIN AUV is the HISAS
1030 synthetic aperture sonar [10]. The HISAS 1030 is a two-
sided broadband long-baseline interferometric sonar, which
was primarily developed for very high resolution seafloor
imaging, but with its two vertically separated receivers (on
each side) it is also capable of bathymetric measurements.
The HISAS 1030 delivers two-sided synthetic aperture sonar
imagery with around 3x3 cm resolution and 175 meters range
at nominal HUGIN speed. Figure 1 shows a picture of the
HISAS 1030 mounted on a HUGIN AUV during launch while
Table I summarizes typical system specifications.

A. Bathymetric measurements using HISAS 1030

The HISAS 1030 can produce bathymetric measurements
using interferometric processing (also called swath bathymetry
[11]). Figure 2 shows a sketch of the principle. Sidescan
or SAS images are beamformed on two vertically separated
receive arrays (Rx1 and Rx2 in the figure). The images are

Fig. 2. Sketch of the interferometric principle using two vertically separated
receive arrays.

coregistered [12] and from the phase differences between the
images we estimate a difference in time-of-flight, td, which
again relates to the path difference of the recorded sound wave.
Simple trigonometry then yields

z = r
ctd
Dz

, (1)

where z is the bathymetric estimate, r the range, c the sound
speed and Dz the baseline between the receive arrays.

B. Coarse sidescan (swath) bathymetry

The HISAS 1030 can produce two different bathymetric
products: Bathymetry based on sidescan lines and bathymetry
based on SAS images. Sidescan bathymetry is a ping-by-
ping product. For each transmitted pulse, a single slant-range
beam is formed. Then the beams are co-registered by re-
sampling them onto a common ground-plane [13]. From the
co-registered beams, patches of length L are correlated for a
large number of ranges. The maximum correlation coefficient
gives us an estimate of the coherence µ and time-delay δt.

The estimated coherence, µ can be converted to an equiva-
lent SNR, ρ

ρ =
µ

1− µ
. (2)

The Cramer-Rao lower bound (CRLB) of the time-delay
estimate can be found from the signal-to-noise ratio (SNR) and
the number of independent samples, N , used in the correlation
window [13]–[15]. Figure 3 shows the relative depth accuracy
for a few relevant SNRs and a correlation window of L = 3.2
meters (N = 93), which is also what we have used to generate
the results presented in this article.

The horizontal resolution, dx, in sidescan bathymetry is
given by sidescan resolution along-track

dx = 0.88
λ

Dx
r, (3)

where λ is the signal wavelength and Dx the along-track array
length. The HISAS has a signal wavelength of 15 mm (100



Fig. 3. The figure shows the standard deviation of the depth estimate as a
function of range using sidescan bathymetry on HISAS 1030. The different
curves indicate different SNRs.

kHz) and an array length of 1.2 meters. This corresponds to
0.55 meters resolution at 50 meters range, 1.1 meters at 100
meters and 2.2 meters at maximum range (200 meters). The
across-track resolution is given by the 3.2 meters correlation
window.

C. High resolution SAS bathymetry

SAS interferometry is in principle very similar to sidescan
bathymetry. The main difference is the input data: SAS images
instead of single-ping sidescan lines. This means that instead
of estimating the bathymetry on individual beams which may
point in slightly different directions, the bathymetry is esti-
mated on rectangular earth-fixed grids of a few by a few hun-
dred meters. The coregistration onto ground-range is identical
for sidescan and SAS bathymetry, so are the equations that
relate time-delay and relative depth. However, the correlation
step is slightly different: We use a two-dimensional correlation
window, which is only correlated along the range direction
[16]

Instead of using the CRLB to assess the depth accuracy,
we integrate the marginal probability density function of the
interferometric phase difference [12], [17]. According to [12]
the CRLB is a better model for a speckle scene – the case for
a SAS image of a general seafloor. However, for large cor-
relation windows and positive SNRs, the difference between
the CRLB and integrating the marginal probability density
function is neglectable. Figure 3 therefore also illustrates the
accuracy of SAS interferometry given the same number of
independent samples in each estimate.

The horizontal resolution is the primary difference between
sidescan bathymetry and SAS bathymetry. The bathymetric
resolutions are now given by the correlation window size
in both dimension. The data presented in this article were
generated using correlation windows of 18 by 18 cm which
corresponds to N = 27.5. Since the theoretical accuracy is
proportional to 1/

√
N , the accuracy in this case becomes a

factor of 1.8 worse than the accuracies presented in Figure 3,
but the resolutions are 18 times better across-track and 3-12
times better along-track.

III. BAYESIAN LINE-TO-LINE TERRAIN NAVIGATION

The high accuracy requirement of navigation in a mapping
scenario is mainly after post-processing. This means that

Fig. 4. The surface vessel tracks the AUV on the first line, and thereafter the
AUV maps the survey area autonomously, using line-to-line terrain navigation
to ensure complete coverage.

more computational complex algorithms may be used off-line
after the mission, and in particular the use of the SAS
bathymetry may be considered. In real-time the navigation
accuracy requirement is just to ensure that the overlap
between consecutive lines are large enough to enable line-
to-line terrain navigation, which then automatically ensures
that the survey area is covered. By using the bathymetric
mapping sensors in terrain navigation, and fusing these with
the navigation system, a self-consistent map of the target area
can be made [7].

Line-to-line terrain navigation alone can only improve the
navigation in a relative sense. The absolute (global) position
of the mapped area will therefore be constrained by mapping
some globally referenced lines of bathymetry as well. The
pattern for these lines will depend on the scenario, one
example is shown in Figure 4. In that case the surface vehicle
follows the AUV on the very first line, acoustically tracking
it with its GPS-USBL system. Thereafter the AUV navigates
autonomously using line-to-line terrain navigation to limit the
position error growth. On the last line the surface vehicle may
even return tracking the AUV before recovery, and through
navigation post-processing the global positioning of the last
line will also improve the overall navigation in the survey area.



Terrain navigation is loosely integrated with the INS in
the HUGIN AUV [5]. In this system the terrain navigation
algorithm receives updates of the estimated motion from
the INS, and correlates bathymetric measurements with the
DTM until a convergence/divergence criterion is met. In case
of convergence an integrity system checks if the solution is
valid, and can be fed back to the INS. The system proposed
herein differs in that line-to-line terrain navigation will only
give position updates relative to the previous line. In general
these must be integrated as a relative position update to the
INS, called macro-delta position measurements in the HUGIN
INS [18]. The integration of these measurements with the
INS is beyond the scope of this article. The reference lines
with global positioning can however be used in a regular
manner by the INS.

A. Mathematical Model

Only the measurement model of the problem is presented
here, for a more complete description, see e.g. [19]. Let
xk = (xk, yk, zk) denote the AUV’s position at time t = tk in
a local north-east-down system. At time tk the AUV measures
a bathymetric profile consisting of mk measurements, denoted
by the set of vectors (ξk,ηk, ζk) = {(ξk,i, ηk,i, ζk,i)}mki=1.
We assume the bathymetry is given by the scalar function
h(x) = h(x, y), which outputs sea floor depth at position x.
The measurement model is then given by

ζk = hk(xk) +wk. (4)

The measurement vector function in (4) hk(xk) =
{hk,i}mki=1 has scalar components

hk,i = h(xk + ξk,i, yk + ηk,i)− zk. (5)

The measurement noise wk is assumed to be zero-mean, white
and Gaussian distributed, and models both the sensor and
DTM errors. The level of this noise is calculated based on
the sensor accuracy indicated in Figure 3.

B. Measurement update

HUGIN’s terrain navigation system uses a nonlinear
Bayesian estimator, called a point mass filter (PMF) [20].
The filter calculates the probability density function (PDF)
of the position error on a floating grid Gk around the current
INS solution. The PDF diffuses on the grid according to the
estimated drift in the INS solution between the pings [19], and
for each ping the PDF is updated according to Bayes’ theorem

p(xk|Zk) = β−1
k p(ζk|xk)p(xk|Zk−1), (6)

where Zk denotes the set of all measurements up to time tk,
and βk is a normalization constant

βk =

∫
Gk

p(ζk|xk)p(xk|Zk−1)dxk. (7)

Since the measurement noise wk is zero-mean, white and
Gaussian, it is completely described by a covariance matrix

Ck, and the measurement likelihood function in (6) is then
given by

p(ζk|xk) =
1√

(2π)mk |Ck|
e−

1
2 (ζk−hk(xk))

TC−1
k

(zk−hk(xk)).

(8)
Line-to-line terrain navigation introduces some problems to

the regular algorithm. Using only an interferometric sidescan,
the survey pattern is designed to fill in the gap directly beneath
the AUV, such that every second line in the pattern have large
and small overlaps, see Figure 5. Small overlaps inherently
increases the probability of observing terrain without much
information. In flat terrain there is a well-known problem
of false fixes, where the algorithm occasionally calculates
high correlations between sensor noise and map noise. In
[5] this was solved by possibly rejecting these solutions in
an integrity system based on the terrain flatness, but in [21],
[22] a more constructive approach was developed in which the
likelihood function is exponentially weighted to increase the
estimator robustness. The 0 < α(xk) < 1 introduced in [22] (a
measure of actual terrain information) depends on the terrain
variation, map noise and sensor noise, and is calculated for
each grid point during measurement update. This method of
increasing the likelihood function robustness is implemented
by modifying the measurement likelihood function by

pmod(ζk|xk) = p(ζk|xk)α(xk), (9)

and is adopted to the variants of the PMF algorithms described
herein.
Another problem with the overlaps is that the algorithm will be
without map support for large portions of the grid Gk. In [5]
the terrain navigation algorithm is reset if any part of the grid
is without map support. This is not an option in the scenario
of line-to-line terrain navigation.

C. Point Mass Filter with sparse support

We will first give a more precise meaning of map support,
and we will omit the time subscript k when it is not necessary.
If xg ∈ G is a point on the grid, then we will say that xg
has map support if all the measurements {xg + [ξi, ηi]

T }mi=1

are in the domain of the terrain function h(x). Since we are
using DTMs based solely on one single survey line at the
time, the domain of the terrain function h(x) is limited, and
typically only offers sparse support in the grid. The derivation
of the PMF in [20] assumes the measurement function is
everywhere defined, so all modifications to the PMF to deal
with the problem of sparse support must be considered ad-hoc
within that framework.

Two problems with the sparse support of the point mass
filter are recognized. Some grid points will not receive any
information at all from the measurements, and an uneven
amount of measurements is used to calculate the likelihood
function for the different grid points. The first problem can
be circumvented by skipping update of the grid points lacking
support, while computing the supported grid points in a nearly



regular manner. During the renormalization step however, care
is taken in normalizing each region while respecting the initial
distribution. Let Gs ⊆ G denote the part of the grid with
measurement support, and P (Gs) =

∫
Gs
p(xk|Zk−1)dxk the

a priori probability of the AUV being in the supported part of
the grid, then the normalization in (7) is modified to

βk =
1

P (Gs)

∫
Gs

p(ζk|xk)p(xk|Zk−1)dxk. (10)

D. Regular log-likelihood

The second problem is that the number of measurements
is not the same for each supported grid point. Let m denote
the number of measurements, and let m(x) <= m denote the
number of measurements supported by the grid point x. Let
U(x) be an m(x)×m subsampling matrix at grid point x, that
picks out only those measurements that have support, i.e such
that δ(x) = U(x)(ζ−h(x)) have full support. The covariance
matrix of δ(x) is then given by C(x) = U(x)CU(x)T . A
straightforward modification of the PMF is then to compute
the log-likelihood of (8) as

log p(ζ|x) = −1

2
δ(x)TC(x)−1δ(x)

− 1

2
log |C(x)| − 1

2
log 2πm(x) (11)

This straightforward modification will be referred to as
PMF-reg.

E. Measurement normalization of the log-likelihood

The modification in (11) may seem reasonable, but can be
shown to fail consistently in special cases. SinceC(x) is a real
positive definite symmetric matrix det(C(x)) =

∏m(x)
i=1 λi,

where λi > 0 are the eigenvalues of C(x). We can also
compute the Cholesky decomposition C(x) = S(x)S(x)T ,
and introduce ε(x) = S(x)−1δ(x). If x is the true position
of the AUV, then ε(x) is standard normally distributed, which
implies that

ε(x)T ε(x) = δ(x)TC(x)−1δ(x) ∼ χ2
m(x) (12)

is chi-square distributed with m(x) degrees of freedom. Let
E[·] denote the expectation operator with respect to the mea-
surement error PDF, then

E[log p(ζ|x)] = −1

2
m(x)− 1

2

m(x)∑
i=1

log λi −
m(x)

2
log 2π,

(13)
which shows the dependency on the number of measurements
in the expected log-likelihood function at the true position. The
same argument can however be made near any local maximum
on the grid. This causes a problem that is most easily seen in
the special case of a flat sea floor h(x) ≡ h0 and uncorrelated
measurements with constant variance, i.e. λi = λ, then for any
point on the grid (13) becomes

E[log p(ζ|x)] = −1

2
m(x)(1 + log λ+ log 2π). (14)

In this case the expected log-likelihood varies linearly with the
number of supported measurements on the grid, even though
the sea floor is flat and without any actual information useful
for terrain navigation. The form of the bias in (14) motivates
multiplying the log-likelihood with 1/m(x). This is equivalent
to modifying the likelihood function by

pmod(ζk|xk) = p(ζk|xk)
α(x)
m(x) . (15)

This effectively removes the bias in the flat sea floor sce-
nario, but as a side-effect it also increases the measurement and
map variance in general. This modification with measurement
normalization will be referred to as PMF-nrm. Interestingly
this (ad-hoc) bias removing implementation of the measure-
ment likelihood function within the Bayesian framework, is
tightly connected to the normalized correlation measure used
to register sub-maps in [7].

IV. PRELIMINARY RESULTS

The Norwegian Defence Research Establishment (FFI) con-
ducted a series of missions with the HUGIN HUS AUV to
explore survey patterns for autonomous mapping. The HUGIN
HUS has a low-drift INS, based on a navigation grade IMU
(Honeywell HG9900), and is aided by a Doppler velocity
log (Teledyne RDI WHN 300) and a high quality pressure
sensor (Paroscientific DigiQuatz). Since the IMU is accurate
enough for gyrocompassing, the AUV’s attitude is known
accurately enough, and depth is accurately computed based
on the pressure sensor when compensated for atmospheric
pressure, tide and density variations in the water column. If
not aided by any position measurements the INS will start
to drift in horizontal position. HUGIN HUS has a real-time
terrain navigation system, but the system does not yet support
the line-to-line scenario described in this article. During the
missions the AUV was tracked on the GPS-USBL on board
FFI’s research vessel H.U. Sverdrup II, and occasionally
the AUV received GPS-USBL position updates in real-time
to simulate updates from a terrain navigation system. This
guaranteed sufficient overlap between the lines. The GPS-
USBL measurements were also used in the navigation post-
processing with NavLab [23] to create a reference solution.

A. Line-to-line terrain navigation

The terrain navigation algorithms are compared for an
example of both types of lines, with small (line l03) and large
(line l04) overlaps as shown in Figure 5. Only the interferomet-
ric sidescan sonar processing is used as measurement input to
the PMF. The PMF grid is 15 meters x 15 meters wide with 25
cm resolution, and use the post-processed navigation solution
as origin. The initial PDF was modeled as Gaussian distributed
with 3 meters standard deviation in both north and east. The
correlation sequence is reset after 25 pings. Convergence is
checked using criteria based on the estimated PDF having
large enough Kullback-Leibler divergence from the initial
PDF, and having similarities to a Gaussian PDF [24] such
that the position could be used by the INS. The post-processed
navigation solution was used as input to the PMF in these tests,



Fig. 5. Overview of the start of the survey pattern for the side-looking
bathymeter. The SSS bathymetry of line l04 is not shown, to indicate how
these measurements will infill the gap from line l03.

since we are only interested in the achievable performance of
terrain navigation. The reference line bathymetry and accuracy
maps are created based on both sidescan sonar (SSSB) and
synthetic aperture sonar (SASB) in this comparison. Figure 6
shows the comparison between PMF-reg and PMF-nrm in line
l03 with a small overlap to the SSSB reference line l02, and
Figure 7 shows the corresponding comparison using the SASB
reference from line l02. The PMF-nrm gives a much more
consistent and stable result than PMF-reg. The performance
of PMF-nrm is comparable between using SSSB and SASB
as reference, but more terrain navigation fixes are obtained
using SSSB. This is probably due to the fact that the practical
range of the SSSB is larger then SASB, which leads to larger
overlaps between the lines. Similarly, Figure 8 shows the
comparison between the algorithms in line l04 with a large
overlap to the SSSB reference line l03, and Figure 9 shows the
corresponding comparison using the SASB reference from line
l03. Again the PMF-nrm shows consistently high performance,
with more terrain navigation fixes using the SSSB reference.
PMF-reg is again largely unstable, except for the periods
where the confidence levels of PMF-nrm are tight. This is in
regions where the terrain has more variation. This is exactly
as would be expected from the analysis in Section III-E, the
problem is expected to be most significant in regions with
nearly flat terrain.

B. Self-consistent bathymetry

The similar PMF results from line l02 with SSSB reference
from line l01 is given in Figure 10. This line has large
overlap, which is also reflected in the tight confidence interval,
but there is a notable increasing bias in the north direction.

Fig. 6. Line l03: terrain navigation offset and confidence levels using PMF-
nrm with SSSB reference data from line l02 (blue), and the corresponding
results from PMF-reg (red).

Fig. 7. Line l03: terrain navigation offset and confidence levels using PMF-
nrm with SASB reference data from line l02 (blue), and the corresponding
results from PMF-reg (red).

The tests showed a similar trend using the SASB reference,
and we suspect it may be caused by a biased error in the
GPS-USBL position used by the automated navigation post-
processing. We reprocessed the navigation with NavLab using
the terrain navigation measurements instead, and compared the
maps based on both lines and the two position sources in the
navigation post-processing. A part of the result is shown in
Figure 11, where there are signs of inconsistency in the fused
bathymetry form line l02 and l03 when using GPS-USBL, that
are not present when using line-to-line terrain navigation. This
shows that terrain navigation can increase the self-consistency
of the survey map, even in the standard survey scenario when
the AUV is tracked on GPS-USBL by the surface vessel.

V. CONCLUSION AND FUTURE WORK

We have developed modifications to the PMF algorithm
for use in a line-to-line terrain navigation scenario. The
preliminary results indicate a great improvement using a



Fig. 8. Line l04: terrain navigation offset and confidence levels using PMF-
nrm with SSSB reference data from line l03 (blue), and the corresponding
results from PMF-reg (red).

Fig. 9. Line l04: terrain navigation offset and confidence levels using PMF-
nrm with SASB reference data from line l03 (blue), and the corresponding
results from PMF-reg (red).

normalization of the measurement likelihood function based
on the number of measurements supported on the grid of
the PMF, compared to a straightforward modification of the
PMF. The accuracy obtained is probably sufficient for both
large and small overlap lines, and the estimated accuracy
seems to be conservative (a predicted side-effect to this
particular modification of the PMF). We also found that the
algorithm performance does not depend much on using a
sidescan sonar bathymetry versus a synthetic aperture sonar
bathymetry in the reference line. This means that it may
suffice to use sidescan sonar bathymetry reference both in
real-time (to ensure survey coverage and overlaps) and in
post-processing of the AUV’s navigation. The post-processed
navigation can then be used to create a self-consistent high
resolution bathymetric map using both interferometric SSS-
and SAS-processing. This was demonstrated on the first
lines in the survey where line-to-line terrain navigation was

Fig. 10. Line l02: terrain navigation offset and confidence levels using PMF-
nrm with SASB reference data from line l01.

Fig. 11. SSSB bathy based on GPS-USBL aided INS in l03 (left) and terrain
navigation aided INS in l03 (right).

used to recreate the SSS bathymetry of the lines, removing
inconsistencies in the overlaps that were present even in the
GPS-USBL post-processed solution.

We will now focus our work on the integration of the
relative position measurements from line-to-line terrain navi-
gation with the INS, and the application of this in different
survey patterns. Although the processing chain will be more
complex, we will also consider estimating the position error
by correlating SAS bathymetry between both lines. This may
further increase the accuracy, as the measurements and the
reference map will then have equal resolution.
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