
High resolution 3D terrain mapping with low altitude

imagery

Simon Lacroix and Il-Kyun Jung

LAAS-CNRS

7, Av. du Colonel Roche

31077 Toulouse Cedex 4 France

Simon.Lacroix@laas.fr

Abstract

This paper presents an approach to build a

very high resolution digitial terrain model with

the imagery provided by a stereovision bench

mounted on-board a balloon flying at low alti-

tude. The approach is a “simultaneous local-

ization and mapping” procedure, that enables to

build a spatially consistent map, by allowing to

recover the balloon position with a very high ac-

curacy: only imagery is used for that purpose,

and no position sensor is required. Results show

the possibility to build a 5cm resolution digital

elevation map of several thousands square me-

ters areas from images acquired below 100m al-

titude.

1 Introduction

In the context of its field robotics activities, the
Robotics and AI group of LAAS/CNRS is de-
velopping an autonomous blimp project. The
long term objective is to tackle the various is-
sues raised by the deployment of air/ground au-
tonomous robots ensembles, in the context of
exploration, surveillance and intervention mis-
sions.

Figure 1: The autonomous airship Karma. Note the
two cameras mounted on the front and rear of the gon-
dola.

Aerial robots are essentially useful to gather

precise information on the overflown environ-
ment: such information can help operators to
analyse the terrain and detect potential areas
of interest for instance, but are also very useful
for ground rovers, by providing them a global
model of the environment they are evolving in.
For these purposes, the information gathered
through the aerial imagery has to be structured
into a spatially consistent model of the environ-
ment: a digital terrain map (DTM) is a well
suited model, as it can faithfully represent the
environment geometry, as well as color and tex-
ture information.

This paper summarizes our recent work on
DTM building from low altitude stereovision im-
agery. It especially insists on the way the stereo-
vision bench pose is recovered, using a “simulta-
neous localisation and mapping approach” that
does not require any additional localization sen-
sor. The next section presents the principle of
the approach. A section then summarizes the
basic vison algorithms on which we rely, and sec-
tion 4 presents the implementation of a Kalman
filter to solve the localization problem. Local-
ization results and DTM built are presented in
section 5.

2 Principle of the approach

Besides 3D data acquisition, the main difficulty
to build a terrain model that gathers a set of
data acquired during motion is to have a pre-
cise estimation of the sensor position: if this po-
sition is not precisely known, the built model is
eventually distorted and contains discrepancies.
A huge amount of work has of course been de-
voted to the localisation problem in robotics. In
the absence of any external abosulte reference,
the only way to guaranty a sound position esti-
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mate during motions is to rely on environment
features, that are detected and localized as they
are perceived by the robot. This approach is
known as “simultaneous localization and map-
ping”(“SLAM” - see e.g. [1, 9]): the robot posi-
tion is concurently estimated with the position
of landmarks that are detected by the robot ex-
teroceptive sensor. The usual SLAM procedure
is depicted in figure 2.

CBA D

Figure 2: Illustration of the SLAM problem with a
robot evolving on a plane: (a), environment features (or
landmarks) are perceived and located by an exterocep-
tive sensor with an uncertainty (observation). In (b),
the robot moves, and estimates its position change via
an other mean (e.g. odometry), with an associated un-
certainty (prediction). The landmarks are re-observed.
Thanks to matches of the landmarks perceived from the
two positions (c: data association), the uncertainties on
both the robot on the features can be reduced (d: fusion).
The process goes on, and incrementally estimates the
robot and landmarks position errors

The approach presented here uses only stereo-
vision to estimates both the robot motions (pre-
diction) and the landmark positions (observa-
tion) [6]. Landmarks are interest points, i.e. vi-
sual features that can be matched when per-
ceived from various positions, and whose 3D
coordinates are provided by stereovision. We
use an extended Kalman filter (EKF) as the re-
cursive filter: the state vector of the EKF is
the concatenation of the stereo bench position
(6 parameters) and the landmark’s positions (3
parameters for each landmark). The key algo-
rithm that allows both motion estimation be-
tween consecutive stereovision frames (predic-
tion) and the observation and matching of land-
marks (data association) is a robust interest
point matching algorithm [5].

The various algorithmic stages achieved every
time a stereovision image pair is acquired are the
following:

1. Stereovision: a dense 3D image is provided
by stereovision (section 3.1).

2. Interest points detection and matching be-
tween consecutive frames (section 3.2).

3. Landmark selection: a set of selection cri-
teria are applied to the matched interest
points, in order to partition them in three

sets: an a non-landmark set, a candidate-
landmarks set and observed-landmark set
(section 4.2).

4. Visual motion estimation (VME): the in-
terest points retained as ”non-landmarks”
are used to estimate the 6 motion parame-
ters between the previous and current steps
(section 3.3).

5. Update of the Kalman filter state (sec-
tion 4).

Finally, after every SLAM cycle defined by
these steps, a digital elevation map is updated
with the acquired images (section 5.2).

Step 3 is necessary for two reasons: first, only
non-landmarks points should be used to to esti-
mate the local motion, in order to de-correlate
the prediction and update steps of the Kalman
filter and second, new landmarks should be cau-
tiously added to the filter state, in order to avoid
a rapid growth of its dimension and to obtain
a regular landmark coverage of the perceived
scenes.

3 Basic algorithms

3.1 Stereovision

We use a classical pixel-based stereovision al-
gorithm, that relies on an off-line calibrated
binocular stereovision bench (figure 3). A
dense disparity image is produced thanks to
a correlation-based pixel matching algorithm,
false matches being filtered out thanks to a re-
verse correlation. The 3D coordinates of the
matched pixels are determined, with an associ-
ated uncertainty whose computation is depicted
in section 4.1.

Figure 3: A result of the stereovision algorithm, with
an image pair taken at about 30 m altitude. From left to
right: one of the original image, disparity map (shown
here in a blue/close red/far color scale), and 3D image,
rendered as a mesh for readability purposes. Pixels are
properly matched in all the perceived areas, even the low
textured ones.
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3.2 Interest points detection and

matching

Visual landmarks must be invariant to image
translation, rotation, scaling, partial illumina-
tion changes and viewpoint changes. Interest

points, such as detected by the popular Har-
ris detector, has proven to have good stability
properties [8]. When a there is prior knowl-
edge on the scale change, even approximate, a
scale adaptive version of Harris detector yields
a repeatability high enough to allow robust
matches [2].

To match interest points, we use a match-
ing algorithm that relies on local interest point
groups matching, imposing a combination of ge-
ometric and signal similarity constraints, thus
being more robust than approaches solely based
on local point signal characteristics (details can
be found in [5]). Figure 4 shows that this inter-
est point matching algorithm generates a lot of
good matches, even when the view point change
between the considered images is quite high.

Figure 4: A result of our interest point matching be-
tween two non registered aerial images

3.3 Visual motion estimation

The interest points matched between consecu-
tive images and the corresponding 3D coordi-
nates provided by stereovision are used to es-
timate the 6 displacement parameters between
the images, using the least square minimization
technique presented in [3]. The important point
here is to get rid of the outliers (wrong matches).
The outliers could be rejected using a robustly
estimated fundamental matrix computed on the
basis of the matches, but this would not cope
for stereovision errors, such as the ones that oc-
cur along depth discontinuities: inlier matches
in the image plane might become outliers when
considering the corresponding 3D coordinates.

Therefore, we use an outlier rejection method
that consider both matching and stereovision
errors. First, matches that imply a 3D point
whose coordinates uncertainties are over a

threshold are discarded (the threshold is empiri-
cally determined by statistical analysis of stere-
ovision errors). Then, the remaining matches
are analyzed according to the following proce-
dure: A 3D transformation is determined by
least-square minimization. The mean and stan-
dard deviation of the residual errors are com-
puted, and aA threshold is defined as k times the
residual error standard deviation: k should be
at least greater than 3. The 3D matches whose
error is over the threshold are then eliminated,
k is set to k− 1 and the procedure is re-iterated
until k = 3.

This outlier rejection algorithm yields a pre-
cise 3D motion estimation between consecutive
stereovision frames (see results in sections 4.1
and 5.1), which is used for the prediction stage
of the Kalman filter.

4 Kalman filter setup

The EKF is an extension of the standard lin-
ear Kalman filter, that linearizes the nonlinear
prediction and observation models around the
predicted state. The discrete nonlinear system
and the observations are modeled as:

x(k + 1) = f(x(k), u(k + 1)) + υ(k + 1)

z(k) = h(x(k)) + w(k)

where u(k) is a control input and υ, w are
vectors of temporally uncorrelated observation
errors with zero mean and covariance Pυ(k),
Pw(k).

In our approach, the state of the filter is
composed of the 6 position parameters xp =
[φ, θ, ψ, tx, ty, tz] of the stereovision bench and
of a set of N landmarks 3D coordinates mi =
[xi, yi, zi], 0 < i ≤ N :

x(k) = [xp,m1 · · ·mN ]

The associated state covariance has the fol-
lowing form:

P(k) =

[

Ppp(k) Ppm(k)

Ppm
T (k) Pmm(k)

]

where Ppp represents the stereo bench pose
covariance, Pmm the landmark covariance and
Ppm the cross-covariance between the bench
pose and landmark estimates. In the Kalman
filter framework, the state estimation encom-
passes three stages: prediction, observation and
update of the state and covariance estimates.
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Prediction. Under the assumption that land-
marks are stationary, the state prediction is:

x̂(k + 1 | k) = f(k)(x̂(k),u(k + 1))

where u(k+1) = (∆φ,∆θ,∆ψ,∆tx,∆ty,∆tz)
is the visual motion estimation result between k
and k+1 positions. The associated state covari-
ance prediction is written as:

Ppp(k + 1 | k) = ∇pf(k)Ppp(k)∇pf
T (k) +

∇uf(k)Ru(k)∇uf
T (k) + Pυ(k + 1) (1)

Ppm(k + 1 | k) = ∇pf(k)Ppm(k)

Pmm(k + 1 | k) = Pmm(k)

where Ru represents the error covariance of

the visual motion estimation result. Note that
the covariance of landmarks is not changed in
the prediction stage.
Observation. When observing the ith land-
mark, the observation model and the Jacobian
of the observation function are written as:

ẑi(k + 1 | k) = hi(k)(x̂(k + 1 | k))

∇hi(k) = [∇phi(k), 0 · · · 0,∇mi
hi(k), 0 · · · 0]

where hi(k)(x̂(k + 1 | k)) is a function of the
predicted robot state and the ith landmark in
the state vector of the filter, which maps the
state space into the observation state. The inno-
vation and the associated covariance is written
as:

νi(k + 1) = zi(k + 1) − ẑi(k + 1 | k) (2)

Si(k+1) = ∇hi(k)P(k+1 | k)∇hi
T (k)+Ri(k+1)

(3)
where Ri represents the error covariance of

ith landmark observation.
Update. The update stage fuses the prediction
and the observation to produce and estimate of
the state and its associated covariance, accord-
ing to the following formulas:

x̂(k+1 | k+1) = x̂(k+1 | k)+Ki(k+1)νi(k+1)
(4)

P(k+1 | k+1) = P(k+1 | k)−Ki(k+1)Si(k+1)KT
i (k+1)

(5)

in which Ki(k + 1) = P(k + 1 |
k)∇hT

i (k)S−1
i (k + 1) is the Kalman filter gain

matrix. If no observation are made (i.e. if no al-
ready mapped landmarks are re-perceived), the
observation and update stages are not activated:
the state and its covariance are just updated by
the prediction stage.

When detecting a new landmark, it is added
to the state vector of the filter, that becomes
x̂(k) = [x̂p(k), m̂1(k) · · · m̂N (k), m̂N+1(k)].
The landmark initialization model is:

m̂N+1(k) = g(k)(x̂p(k), zN+1(k)) (6)

P(k) =





Ppp(k) Ppm(k) Ppz(k)
T

Ppm
T (k) Pmm(k) Pmz(k)

T

Ppz(k) Pmz(k) Pzz(k)





(7)

Ppz(k) = ∇pg(k)Ppp(k), Pmz(k) = ∇pg(k)Ppm(k)

Pzz(k) = ∇pg(k)Ppp(k)∇pg
T (k)+∇zg(k)Rm(k)∇zg

T (k)

where zN+1(k) denotes the new landmark,
g(k) represents the initialization function using
the current robot pose estimate and Rm is the

error covariance of the new landmark.

4.1 Errors identification

Error identification is crucial to set up a Kalman
filter, as a precise determination of these errors
will avoid the empirical ”filter tuning” step. In
our context, the following errors must be esti-
mated:

• the landmark initialization error (Rm),

• the landmark observation error (Ri for the
observed landmark i),

• and the error of the input control u, which
is the visual motion estimation result (Ru).

Note that in our approach, the lumped pro-
cess noise υ is set to 0, landmarks being station-
ary and the robot pose prediction being directly
computed with the current pose and the result
of the visual motion estimation.
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Landmark initialization errors. Land-
marks are detected and matched on the video
images, their 3D coordinates being computed
by stereovision: the covariance matrix Rm on
landmarks is totally defined by the stereovision
error.

Statistics on image pairs acquired from the
same position show that the distribution of the
disparity computed on any given pixel can be
well approximated by a Gaussian [7], and that
there is a strong correlation between the shape
of the similarity score curve around its peak and
the standard deviation on the disparity: the
sharper the peak, the more precise the dispar-
ity (figure 5). This relation is the basis of our
error model: on line, during the stereo match-
ing phase, a standard deviation σd is associated
to each computed disparity d, using the curva-
ture of the similarity score curve at its peak (in
the matching phase, this curve is approximated
at its peak by fitting a parabola to determine a
sub-pixellic estimate of the disparity).
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Figure 5: Left: examples of some probability density
functions of disparities computed on a set of 100 im-
age pairs, with the corresponding Gaussian fit. Right:
Standard deviation of the disparities as a function of
the curvature of the similarity score curve at its peak.

Once matches are established, the coordinates
of the 3D points are computed with the usual
triangulation formula: z = bα

d
, x = βuz and

y = γvz, where z is the depth, b is the stereo
baseline, and α, βu and γv are calibration pa-
rameters (the two latter depending on (u, v),
the considered pixel image coordinates). Using
a first order approximation, it comes:

σz =
σd

bα
z2

The covariance matrix of the point coordi-
nates is then derived from the triangulation
equations. When a new landmark is observed,
its coordinates are added to the filter state, and
the state covariance is updated according to
equations (6) and (7).

Observation error. In our case, landmark
observation is based on interest point match-

ing. Outliers being rejected (section 3.3), only
interest point location errors are considered to
determine the matching error.

With the precise Harris detector, the sub-
pixellic coordinates of an interest point p be-
longs to one pixel. When perceived again from
a very close point of view (e.g. in two consecu-
tive images), most of the area corresponding to
this pixel is mapped into an other pixel, and the
matched interest point p′ coordinates lie within
this pixel. The expected matching error is there-
fore of the order of 0.5 pixel. But when the view-
point is very different (e.g. when re-perceiving
a landmark after a long loop), the projective
deformation of the 3D scene and possible occlu-
sions effects are much more important. In such
cases, the expected matching error value is then
set to 1 pixel, which is consistent with the max-
imum error of 1.5 pixel generally tolerated to
assess good matches [8].

The interest point matching error is combined
with the errors on the corresponding 3D esti-
mates to define the observation error. The prin-
ciple of this combination is illustrated in fig-
ure 6: the observation matching error is defined
by the reprojection of the matching error in the
3D scene. When the 2D matching error is set
to 1 pixel, the expected value of a matching
point p0 is defined by its 8 closest neighbors pk,
k = 1, 2, , , 8. The stereo error distribution being
a zero mean normal one, the expected 3D coor-
dinate and associated variance of the matching
point is computed as follows:

X̄ =
1

9

8
∑

i=0

Xi, σ
2

X̄
=

1

9

8
∑

i=0

(X̄ −Xi)
2 + σ

2
i

where X0 and Xk are the 3D point coordi-
nates of p0 and its neighbors, and σ0 and σk

are the corresponding variances.
When the expected matching error is set as

0.5 pixel, the 3D coordinates being only com-
puted on integer pixels by stereovision, we as-
sume the 3D surface variation is locally linear,
and the expected 3D coordinate and correspond-
ing variances of the observed point p0 are then:

X̄ =
1

9
(X0 +

8
∑

i=1

(
X0 + Xi

2
))

σ
2

X̄
=

1

9

8
∑

i=0

(
X̄ −Xi

2
)2 + (

σ0 + σi

2
)2

These coordinates and the associated vari-
ances are used in the equations (2) and (3).
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Figure 6: Principle of the combination of the matching
and stereovision errors. The points located in the square
box are the projection of P on the image plane. Small
ellipses indicate stereovision errors, the large dotted el-
lipsoid is the resulting observation error.

Motion estimation errors. Given a set of
3D matched points Q̂ = [X1, , ,XN ,X1, , ,X

′

N ],
the function which is minimized to determine
the corresponding motion is the following [3]:

J(û, Q̂) =

N
∑

n=1

(X′

n−R(φ̂, θ̂, ψ̂)Xn−[t̂x, t̂y, t̂z]
T )2

where û = (φ̂, θ̂, ψ̂, t̂x, t̂y, t̂z). û and Q̂ can be
written with random perturbations:

û = u + ∆u, Q̂ = Q + ∆Q

where the true u and Q are not observed. In
order to measure the uncertainty of local mo-
tion estimation, the uncertainties of 3D match-
ing points set are propagated to the optimal
motion estimate û. Assuming the optimal mo-
tion estimate extremizes the cost function and
its Jacobian, the uncertainties of landmarks Xn

and their observation X′

ncan be propagated by
taking Taylor series expansion of the Jacobian
around u and Q, as shown in [4]: considered
that Xn and X′

n are not correlated, the covari-
ance estimate Pû can be also written as:

Pû = (
∂g

∂u
(û, Q̂))−1(ΛX + ΛX′)(

∂g

∂u
(û, Q̂))−1

where g = ∂J
∂û

is the Jacobian of the cost func-
tion and

ΛX =

N
∑

n=1

∂g

∂Xn

(û,Xn)PXn
(
∂g

∂Xn

(û,Xn))T

ΛX′ =

N
∑

n=1

∂g

∂X′
n

(û,X′

n)PX′
n
(
∂g

∂X′
n

(û,X′

n))T

Pû = Ru is the input covariance matrix
which is used in equation (1) to estimate the
state variances during the filter prediction stage.

The mean of computed variances on the 6 mo-
tion parameters, and their dispersion are sum-
marized in table 1. The visual motion estima-
tion measures a few meters translations with a
few centimeters accuracy, and measures rota-
tions with a precision of the order of 0.1◦, with
a quite good regularity.

Φ Θ Ψ tx ty tz

mean errors 0.098 0.089 0.037 3.6 3.8 1.1

σ of errors 0.024 0.030 0.008 1.3 1.1 0.3

Table 1: Statistics on the estimated errors of the VME
computed on about 50 local motion estimations (in de-
grees and centimeters).

4.2 Landmark selection

As explained in the section 2, the 3D matches
established after the interest point matching
step are split into three sets. The observed-
landmarks set is simply the points that corre-
sponds to landmarks already in the state vector
of the EKF. The rest of the matches are then
studied, to select the set of candidate-landmarks
according to the following three criteria:
• Observability. Good landmarks should be

observable in several consecutive frames.
• Stability. The 3D coordinates of good

landmarks must be precisely estimated by stere-
ovision.
• Representability. Good landmarks must

efficiently represent a 3D scene. The stereovi-
sion bench state estimation will be more sta-
ble if landmarks are regularly dispatched in the
perceived scene, and this regularity will avoid a
rapid growth of the EKF state vector size. The
number of candidate landmarks that are checked
is determined on the basis of the number of new
interest point matches (i.e. the ones that do
not match with an already mapped landmark).
We use 10 % of the new interest points, as the
visual motion estimation technique requires a
lot of matches to yield a precise result. The
landmark selection is made according a heuristic
procedure so that they satisfy the above three
criteria.

5 Results

Our developments have been tested with hun-
dreds of images taken on-board a blimp, at al-
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titudes ranging from 20 to 35 m. The cam-
eras of the 2.2 m wide stereo bench are 1/2′′

1024×768 pixels CCD sensors, with a a 4.8 mm
focal length lens.

5.1 Positioning errors

We do not have any localization mean that could
be used as reference on-board the blimp (such
as a centimeter accuracy GPS). However, when
the blimp flies over an already perceived area,
the VME can provide an estimate of the relative
positions between the first and last image of the
sequence that overlaps. This reference is precise
enough, as compared to the cumulation of errors
induced with the VME applied on consecutive
frames.

Figure 1 shows the evolution of the stan-
dard deviation of the 6 position parameters of
the stereo bench when applying the EKF. Two
phases can be seen on this latter figure: until
image 200, the standard deviation grows, how-
ever much more slowly that when propagating
only the errors of the VME. A few landmarks
detected in the beginning of the sequence are
re-perceived in the following images: the stan-
dard deviations decreases, and stabilizes for the
subsequent images where some ”old” landmarks
are still observed. A drastic improvment on the
position uncertainties can be seen after image
350, where landmarks mapped in the beginning
of the trajectory are re-perceived.

The quantitative figures summarized in ta-
ble 5.1 compare the results of the final position
estimate with respect to the reference defined
by the VME applied between images 1 and 40:
the precision enhancement brought by the EKF
is noticeable, and the absolute estimated errors
are all bounded by twice the estimated stan-
dard deviations. The translation errors are be-
low 0.1 m in the three axes after an about 60 m
long trajectory, and angular errors are all below
half a degree.

5.2 Digital elevation maps

Thanks to the precise positioning estimation,
the processed stereovision images can be fused
after every update of the EKF into a digital ele-

vation map (DEM), that describes the environ-
ment as a function z = f(x, y), determined on
every cell (xi, yi) of a regular Cartesian grid.

Our algorithm to build a DEM simply com-
putes the elevation of each cell by averaging the
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Figure 7: A result of our SLAM implementation with
a sequence of 400 stereovision pair. Top image show the
reconstructed trajectory in orthogonal in 3D, the middle
image show the 355 landmarks mapped, with 1σ uncer-
tainty ellipses magnified by a factor of 40, and the two
bottom figures show the evolution of the standard devi-
ations of the blimp position parameters

elevations of the 3D points that are vertically
projected on the cell surface. Since a luminance
value is associated to each 3D point produced
by stereovision, it is also possible to compute a
mean luminance value for each map cell. Fig-
ure 8 shows a digital elevation built from 100
images pairs, and figure 9 shows the DTM built
using the 400 images used to recover the tra-
jectory of figure 7: the resolution of the grid is
here 0.1 m, and no map discrepancies can be
detected in the corresponding orthoimage.
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Reference VME SLAM SLAM

std. dev. abs. error std. dev. abs. error

Φ 0.10◦ 3.30◦ 0.21◦ 0.20◦

Θ 0.09◦ 2.40◦ 0.28◦ 0.61◦

Ψ 0.04◦ 0.56◦ 0.09◦ 0.11◦

tx 0.04 m 0.91 m 0.11 m 0.24 m

ty 0.04 m 1.47 m 0.08 m 0.07 m

tz 0.01 m 0.91 m 0.04 m 0.10 m

Table 2: Comparison of the errors made by the prop-
agation of the visual motion estimation alone and with
the SLAM EKF approach, using as a reference the VME
applied between images 1 and 40

Figure 8: The DEM computed with 100 images: or-
thoimage and 3D view of the bottom-left area. The map
covers an area of about 3500 m2.

Figure 9: A DTM computed with 400 images stereo-
scopic image pairs. The map covers an area of about
6000 m2.

6 Summary

We presented a vision-based SLAM approach
that allows the building of large high resolu-
tion terrain maps. The use of interest point as
landmarks allows an active selection of the land-
marks to properly map the environment without
any prior knowledge. Our interest point match-
ing algorithm provides robust data associations
which makes possible the matching of already
mapped landmark and the precise visual mo-
tion estimation between consecutive frames. A

rigorous study and identification of the various
errors estimates involved in the filter allows to
set it up properly, without any empirical tuning
stage.

Current work aims at transferring this tech-
nique to a sequence of monocular images, with
the help of a positionning sensor that provides
the prediction estimate to the Kalman filter.
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