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ABSTRACT ARTICLE HISTORY
Recently, smart mobility has become a important activity in trans- Received 17 October 2022
portation systems such as public, autonomous and shared trans- Accepted 7 May 2023
ports. These systems require reliable navigation applications that KEYWORDS

lead to precise localisation and optimised route. The GPS system Intelligent transportation;
may face problems such as signal degradation caused by conical GNSS-based navigation;
effects, affecting the reliability and accuracy of the signal, or signal digital roadmap and

loss in poor visibility environments. By using other sensors, the elevation model; particle

vehicle location system can overcome these GPS problems. This filtering
work focuses on the estimation of the inclination, which will be
used to optimise the route planning for the EV or HEV especially in
order to control the energy consumption. This paper presents
a multi-sensor fusion method, based on GNSS, INS, OSM and DEM
data fused using a non-linear particle filter, to estimate and improve
the slopes of road segments. A new statistical modelling of the DEM
errors related to the spatial sampling of elevation data is proposed.
This method is based on the definition of a geometrical window,
called Adjacent Sliding Window (ASW), which dynamically selects
the elevation data in the vicinity of the road. The proposed method
is evaluated in a suburban transport network. The experimental
results show the benefits of the vehicle attitude and road slope
estimation accuracies.

1. Introduction

In recent years, the smart cities have been working on transitioning to Electric
Vehicle (EV) technology due to its environmental benefits and limited energy needs
(Quddus et al. 2007; Shankar and Marco 2013, Veneri and Veneri 2017, Qu et al.
2019). Electric transport can reduce fuel consumption as well as air pollution.
However, this technology requires advanced information such as road topology
and driving behaviour information (Ohnishi et al. 2000, Wang et al. 2015, Liao et al.
2017, Jiang et al. 2019). The inclination of the road is one of the most important
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parameters that is used in these intelligent transport applications. Indeed, it
influences the vehicle route planning algorithm that can optimise the energy
consumption (Kaul et al. 2013, Boucher and Noyer 2014, Patel et al. 2016).

There are works that present a solution for determining the positioning accuracy
of navigation systems based on the Twice Distance Root Mean Square (2DRMS)
(Specht 2021). Also, many works that are interested in the estimation of slopes
have been developed in the past. They use geometric, statistical and machine
learning approaches. For instance, Ustunel et al. presented three methods (geo-
metry-based, local feature-based and covariance-based) for estimating road slopes
from instantaneous road images obtained by a front monocular camera (Ustunel
and Masazade 2019). However, Korayem et al. proposes two approaches for esti-
mating slope and bank angles for vehicles using a model-based and machine
learning approach (Habibnejad Korayem et al. 2021). A Progressive Recursive
Least Squares (PRLS) algorithm for real-time estimation of vehicle mass and road
slope is proposed by Ling et al. (2021). Slope information can be used in many
applications such as Adaptive Cruise Control (ACC) (Wang et al. 2021) and speed
tracking control for electric vehicles (Zhang et al. 2022). It is also used in green
transportation methods (bikes, scooters, etc.).

The paper describes a multi-sensor fusion system that is presented as
a solution to estimate the navigation parameters of a land vehicle navigate
in an open environment. In addition, a novel approach to modelling elevation
data is proposed with the aim of improving the accuracy of estimating the
vehicle elevation and road segment slopes. This fusion system uses the position-
ing coordinates delivered by the GNSS (Global Navigation Satellite System), the
acceleration and attitude angles readings (Inertial Navigation System (INS) measure-
ments) delivered by the ublox EVK-M8U sensor. Also, the 2D coordinates and
elevation data from digital road map and elevation model are used. The
GNSS/INS measurements are fused with the OpenStreetMap (OSM)" database using
a matching criterion based on the computation of the Mahalanobis distance
(Mahalanobis 1936, Wang et al. 2008, Gong et al. 2015, Aftatah et al. 2016). This
matching step is applied to increase the accuracy of the 2D localisation. Then, in
order to obtain 3D accurate positioning (Al-Assaad et al. 2018, Tighe and
Chamberlain 2009, Ciepluch et al. 2010, Rafone 2013), a Digital Elevation Model
(DEM) is used to improve and limit the altitude errors caused by the GNSS system
(Boucher and Noyer 2018). A new statistical modelling method of the errors
related to the spatial sampling of elevation data is proposed. The method is
based on a model that takes into account the DEM data as a sliding weighted
window. This fusion system benefits from the performance of a Particle Filter (PF)
and probabilistic map-matching algorithms to estimate the location and attitude of
a vehicle. Thus, the OSM database that contains a 2D model of the road net-
work, is enriched with the estimated inclination of road sections. Note that, the
work presented in this article is an extended version of the work presented in this
paper (Boucher et al. 2021).

This method is evaluated in true experimental scenario. Data are obtained from an
instrumented vehicle in a context of urban traffic in the city of Calais, France. Results show
a high efficiency in estimation road slopes.
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2, 3D state modelling

In this estimation method, the three parameters that represent the dynamics of the
vehicle are the position, the velocity and the acceleration along the three coordinates x,
y and z that are attached to the ENU-UTM (East North Up-Universal Transverse Mercator)
navigation frame with z corresponding to the altitude of the EGM96 reference frame. So,
let X, be the following state vector: equation (1)

Xk = (Xk7 V;((7 Yxka Yk, V{, Yia Zy, Viv Yi)T (1)

This method is based on a non-linear filter that deals with sequential correction steps
based on GNSS positioning, acceleration and pitch angle measurements. Then, two steps
of cartographic correction are applied based on road and elevation maps. This paper
presents a general framework for the estimation of 3D vehicle parameters with road slope
estimation.

2.1. Dynamics equation

The vehicle dynamics can be described by a third-order kinematic state model along the
three coordinates axes u = {x, y,z}: equation (2)

Vi 10 0\ /[y o/
Vi | =14 1 o) v |+ ()
Uk 0 4 1 Uk Q)

fU

where:

- F, is the dynamics matrix and Ay is a navigation rate of the system,

- (QXH, v Q) are the additive white Gaussian noises. These noises take into consid-
eration the intrinsic correlations between the three components.

Therefore, the matrix form of the 3D dynamics is presented as follows: equa-
tion (3)

Xierr = F(Xe, Q) = FX + Qi 3)
where F is the matrix function of the linear dynamic flow of the system: equation (4)

Fx D 3x3 D 3x3 1 0 0
D 3x3 F @ 3x3 . A 10

F= y with Fir=F,=F, =
D33 D3z F o 0 A 1

where (J3,3 is a null square matrix of a 3 x 3 dimension.

2.2. Measurement equations

In this estimation method, the GNSS positions, accelerations, and pitch angle
measurements are collected using a u-blox EVK-M8U receiver. Then, the OSM road
network and World 30 terrain surface maps are used as supplementary sensors to refine
the 2D/3D position.
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2.2.1. GNSS measurement
The GNSS measurements are collected using the u-blox EVK-M8U, whose antenna is fixed
on the top of the vehicle. The position measurements are expressed in the ENU (UTM)

navigation frame. They are noted by Z,%%°*: equation (5)

GNSS

X
k+1
GNSS dnss GNSS GNSS
Zi = Yk(mss =H (Xks1) + Vi 5)
Zk
H SNSS (X,.1) is the linear function of the GNSS measurement and V,2** ~A/(0, RSN ) is
an additive white Gaussian noise with zero mean and R,%N>° the noise covariance matrix.

k+1

2.2.2. Acceleration measurement
The accelerations are measured by a triaxial inertial sensor. They are expressed in the body
frame of the vehicle. Therefore, they are transformed into the North-East Down (NED)
coordinate frame using the well-known rotation matrices. The measurement is denoted
Z 2S¢ by: equation (6)
ACC Vk} ! ACC ACC
Zin = sz+1 =H "™ (Xes1) + Vi (6)
Vi

where HA(X,,,) is the linear function of the acceleration measurement, and
VASE~N(0,RAC) is a white Gaussian noise with zero mean with RASC the noise
covariance matrix.

2.2.3. Pitch angle measurement
In this fusion method, the acquired pitch angle, described in the ENU frame, is used
to estimate the road inclination.

The measurement Z,AT" is written as follows: equation (7)

ZMT = (1) = h AT (Xigr) + VAT 7)

where h ATT (Xk+1) is the non-linear measurement function, given by equation (8)

h AT (Xe11) = arctan

2.2.4. OSM digital road network

In order to increase the accuracy, map matching is done after GNSS and INS
measurements correction. Map data are usually extracted from a Geographic
Information System (GIS). They are composed of a set of roads modelled by
segments (Haklay and Weber 2008). Each road segment is characterised by two
end nodes [N1; N2]. Each node is identified by its ground location (x 3™,y M)
and its ground orientation O,ﬁM, as illustrated in Figure 1.
These map data are established as potential candidates for the measurement equation.

Each candidate is modelled as follows: equation (9)
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Figure 1. lllustration of OSM road network measurement.

OSM

Xkt1
29— [ G ) =h O™ ) + 1 ©
6k+1

h 9M (X, 1) is the non-linear measurement function, which relates the state vector to the
map measurements, represented by equation (10)

Xk+1
h OSM Xi1) = ,Vk+1vy (10)
arctan(\/ﬁ—“)
k+1

and VO™ is a white Gaussian noise. This model makes it possible to integrate the
statistical aspects of the inhomogeneities cartographic measurement and errors of the
terrain. The use of this type of measurements requires the integration of a map-matching

step between the GNSS/ACC estimate and the OSM road map.

2.2.5. Elevation terrain surface
The last step of this algorithm is to correct the vehicle altitude. The role of this step is to
limit the errors of GNSS altitude measurements. The algorithm fuses the previously
estimated parameters, using the OSM road map, with the digital elevation model.
Figure 2 illustrates the overall mapping data for the elevation model.

These elevation data are characterised by their location in the ENU ground
frame (x25M,y,DEM ZPEM) The measurements Z.25" are modelled as follows:
equation (11)

DEM

Xkt
Z5" = ykggx = h "M (X, 1q) + V05 an
Zk

where h PEM (X, ;) is the non-linear measurement function that relates the state vector to
the measurements of the DEM, presented by: equation (12)
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Figure 2. lllustration of the digital elevation model measurements.

Xk+1
h DEM (Xky1) = Yk+1 (12)

___H
Zk+1 cos(ay+1)

H denotes the height from the road to the vehicle roof where the EVK-M8U receiver
antenna is placed. The term a1 is the angle between the ground and the road plane at
time k+ 1 [5].

3. Roads inclination estimation

The objective of the proposed method is to estimate the vehicle dynamic parameters with
the inclination of the roads in a selected area. After the initialisation of the particles, an
evolution step of the state vector is realised. The GNSS/INS correction steps are based
on the GNSS position, acceleration, and pitch angle measurements at time instant.
Then, an OSM correction step is applied to increase the accuracy of 2D localisation based
on a map-matching criterion that relies on the computation of Mahalanobis distances.
This correction step allows us to select the road segment travelled by the vehicle. The
details of GNSS/INS/OSM correction steps are presented in (Al-Assaad et al. 2018).
Following the 2D OSM-matching step, the DEM correction procedure is applied to
determine the elevation zone where the vehicle is driving and the vertical MSL-
elevation of the vehicle. This method relies on a TIN (Triangulated Irregular Network)
geometric approach (Shunlin et al. 2012). A new method of altitude correction applied
for the terrain surface model is introduced in this part. This method is not limited to
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Figure 3. The fusion algorithm structure.

a specific sensor kind or data model. The general structure of the fusion algorithm is
shown in Figure 3.

3.1. Initialization and evolution of particles

The particle filter consists in the generation of a set of random measures {X{, W;'(}’I.V=1
characterised by the posterior probability density function p(Xox|Z1.x). The set of these
particles {X,"(7 i=1,... ,N} is characterised by a set of associated weights for each particle
{w;'(,i: 1,...,N}. The constant N is the number of particles of a state Xi. The initial
weights w}, are equal and normalised to 1/N for the whole set of particles: equation (13)

N .
Z wy =1 (13)
i=1
The evolution of a state vector X,"(+1 of a vehicle is given by equation (14)
Lo = X0 (1)

where :
- F is the dynamic matrix of the state vector X} at the time k;
- O is the vector of additive white Gaussian noise.

3.2. General correction principle

The filter uses the GNSS position, acceleration, pitch angle, OSM road network and World
30 terrain surface model to estimate vehicle dynamics. Each measurement is denote by,
where a represents GNSS, ACC, ATT, OSM and DEM, respectively. The measurement
equation can be expressed as equation (15) follows:

k1 = h* X)) + Vi (15)
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The weight calculation step consists to correct the normalised weights of the particles
w;'(+1 by the available measurement, using the Bayes rule: equation (16)

. P(Zk_H \X,’< 1) )
w _ + ' w
o 25\1:1 P(ZkH |X/I<+1) ‘

The log-likelihood function V(zk‘ X.,) is written as follows: equation (17)
1141

V(Zk+1 ) In(P(ZkH |X/i+1))~ | ZII:-H - H”XL+1 ||/2eu (7)
where:

- U presents the GNSS position data available at the instant k + 1;

|| . I3 is equal to (.)"R*""(.)". Then, the weights of the particles are normalised as
follows: equation (18)

wi
Tkl (18)

i
W, =
k+1 N i
2 Wi

3.3. GNSS/ACC/ATT correction

After the initialisation of the particle, three correction steps are applied, starting
with the correction based on the GNSS measurement available at time instant using
the correction Eq.16. Then, the same equation is used for the two correction steps using
the acceleration and attitude measurements.

3.4. OSM-road data integration

After the GNSS/INS integration, the 2D position can be refined by matching it with road
network data. This map-matching is based on the correlation of the 2D predicted position
with the OSM road database. The intermediate predicted measurement is calculated as
follows: equation (19)

N
Zkg?\//lkﬂ = Z W’k+1h oM (Xl’<+1) (19)
i=1

where h %M is a non-linear function that relates the state vector to the road
measurements.
Many methods have been proposed in the literature to refine the ground location

2,2+ using a road network data. This solution is based on the minimisation of the

Mahalanobis distance between the 2D predicted position and each candidate of the OSM
road network at time k + 1.

Road network data are generally modelled by the interconnected nodes. To refine
the map modelling, each candidate for the matching procedure is described by the
orthogonal projection of the predicted 2D position onto each road segment in the
vicinity of the vehicle, if possible, otherwise by the nearest node to this projection
(Figure 4). The set of these orthogonal projections Z,,?SM is presented by: equa-
tion (20)
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N32

Figure 4. Orthogonal projections on the road network.

Zn?SM = projim (ZAlgwkH) (20)

where m = {1,..,m ma } presents the maximum number of projections onto the road
network.
The road measurement also contains the orientation of the road 62°". The Mahalanobis

distance dp, = d(Z,,?SM : @2?’}"“1) is calculated for the two-way direction road (6;,6,),

presented as follows: equation (21)

0 osmy T
2,010 = (g, 50, g0) o
Zn?SM 0, — (Xr%SM7 r?)SM’ equM + 77)
Thus, the Mahalanobis distance can be written for (6,,8,) as follows: equation (22)
(da)” = (07 (Pg™) "'D? @
2 ~ —1
(d2,)" = (D%)"(P3M) D
with:
OSM 0 205
: Dj _ Z"BSNH; - Ak&%m
* D* =Z 7" = 2 kg

e Equation (23) PESM presents the error covariance matrix of the predicted road map
measurement. It is written as follows:
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2
N , N

HOSM ' OSM,,j ' OSM,i

P = Z Wit (Zk+1 I) - (Z Wi1 2k I) (23)
i p

The OSM correction is applied only if the Mahalanobis distance is less than the constraint
of a threshold value &: equation (24)

A E AL (24

The Z9°M measure that minimises this criterion is used to correct the prediction estima-
tion after GNSS/INS integration. After the measurement has been determined, the

particle weights W;(H are recalculated using the log-likelihood Eq.16, where u represents

the OSM measure Z?ﬂ". Then, the normalise step is applied using Eq. 18.

3.5. Adjacent sliding window method

One of the original contributions of this work is the use of DEMs in the estimation of road
parameters, and in particular of their 3D orientation (inclination). This method, based on
a particle filtering approach, exploits the DEM elevations to fuse them with the 2D/3D
measurements delivered by the GPS/INS/MAP sensors integrated on the vehicle.

Since GNSS elevation measurements are known to be inaccurate, the method
proposes to integrate the DEM as a new database providing spatially distributed
measurements to limit this error. The proposed non-linear filter enables to consider
a dynamic management of the DEM measurements by associating only the spatial
discretisation points adapted to the road travelled by the vehicle. By doing so, this
approach allows to take into account the topology in the immediate neighbourhood of
the road by integrating weighting masks whose geometry can be easily adapted in
a dynamic way.

A new statistical approach, called the Adjacent Sliding Window (ASW) method, is
proposed to improve the estimation of vehicle elevation and road inclination. The
principle of the ASW method is based on a correlation of the road data (road on which the
vehicle is travelling) with the topology of the associated terrain (digital elevation model).
This method allows a selective approach of the DEM by focusing on the neighbourhood of
the area travelled by the vehicle. It includes two steps: first, the selection of the elevation
points surrounding the road segment and then, the computation of the new altitude
measurement using these elevations.

The shape and size of the window as well as the number of selected points vary
depending on the point selection method. This method is adaptable to any kind of
elevation model. Fig. 5, 6 , 7 and 8 show the elevation data, with a road segment
presented by its two ends [N1; N2] and the selected DEM points, presented in red colour.
The M-point is the intermediate predicted position.

These figures represent, respectively, the selection by an empty rectangle, a full
rectangle, a rectangular sliding windows and an ASW around the road segment. In
the experimentation, the first three methods do not select the optimum elevation
points. The selection points are far from the segment in the first method, but in the
two other methods, they are points that do not represent the ground reality because
they are away from the road segment. Therefore, the ASW method was used to
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Figure 5. Example of points selection method: empty rectangle.
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Figure 6. Example of points selection method: full rectangle.

x10°

achieve a more precise estimation of altitude. This method selects the points
closest to the road segment using the sliding window that traverses the segment. In
Figure 7, the points, circled in black, represent the points that are not taken into the

ASW method.
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Figure 8. Example of points selection method: adjacent sliding window.

The selected points (xi,yi,2);_; _n can be represented in a 3D plane by equa-
tion (25)

ZmDEM = {XkEEMJ}L (25)

A least squares method is employed to establish a correlation between the predicted
measurement and the elevation measurements, which enables the computation of the
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parameters of the 3D mean plan equation defining this set of points. The following
equation is used to calculate the z elevation of the predicted measurement using the
2D position equation (26):

2= a3 e + 09 i + € (26)

This elevation measure is used to correct the weight of the particle through equation (16),
where u represents the elevation measurement z. Then, the normalisation step is applied
using equation (18).

3.6. State vector estimation

After the GNSS/INS/OSM/World 30 data integration, the state vector Xy 1 of the vehicle at
time instant k + 1 is estimated as follows: equation (27)

N
X1 = Z Wi X (27)
=1

4. Experiments results

The proposed method is tested in a real framework using OSM et DEM data. Maps
enhancements are presented here by focusing on road features estimation. The objective
of using this map is to take advantage of its accuracy to improve the estimation of roads
inclination (Jacobsen 2014, Klomp et al. 2014, Arungwa et al. 2018). The experimentation
context is shown in Figure 9.

Figure 9. Experimental context.
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4.1. Experiments configuration

The test vehicle is equipped with a u-blox EVK-M8U sensor for collecting the GNSS/
INS data, at 1Hz navigation rate. The receiver is placed on the top of the vehicle with H =
1.55 m. The OSM dataset consists of 417 road segments modelled by 73 polylines. A JOSM
editor is used to extract the cartography data. The vehicle is driven on this portion of this
map and in the same experimental context as in Al-Assaadet al. (2018). In this article, two
terrain surface models ASTER GDEM2? et World 30° are used. These two datasets contain
a grid of 14,560 MSL-points with a 30 m ground sampling distance. ASTER GDEM?2 data are
accompanied with a quality parameter that refers to the measurement accuracy of the
elevation. The World 30 model is a fused data model using corrected public data as input,
such as Shuttle Radar Topographic Mission (SRTM), ASTER GDEM, and GTOPO30 data. For
this reason, this model provides seamless and more accurate information about the
elevation data. The data acquisition lasted for a total of 549 s.

To verify the efficiency and robustness of this estimation method, we performed the
acquisition on both straight roads and curves. The experiment is conducted in a suburban
area. The trajectory starts with an ascending slope to take the A216 highway, then a steep
downward slope (about 90 degrees) to join the A16 highway and finally make an
ascending turn to return to the starting point by taking the same path but in the opposite
direction. The average speed reached by the vehicle is 60 km/h.

4.2. Results of 3D localisation

Figure 10 shows the comparison of the elevation profiles of the GNSS measurements, the
value of elevation estimated by the ASW method and the road elevation. Here, the
differences in elevation are explained by the location of the receiver antenna on the
roof of the vehicle and the height of the road. These results show the effectiveness of the
ASW method in detecting elevation variation when changing road segments and the
presence of ascending/descending slopes. For example, this method has detected the
variation of slopes between t = 250s and t = 300s.
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Figure 10. Elevation profiles of GNSS/ASW/road elevation measurements.
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Figure 11. Comparison of ASTER/World 30 altitude estimates.

The comparison of the altitude estimation results obtained by the particle filter using
successive GNSS/ACC/OSM/ASTER corrections and those of the particle filter using GNSS/
INS/OSM/World 30 corrections is shown in Figure 11. Moreover, all matched OSM road
segments numbers are plotted. The vehicle travelled through interchanges that have
both ascending and descending slopes.

The ASW method using the World 30 DEM shows elevation variations closer to the
reference than the ASTER GDEM2. The computed error statistics give standard deviations
of 30 cm for the MSL elevation estimated using the World 30 data instead of 60 cm with
the ASTER data. This gain in elevation estimation also affects the overall 3D position
estimation. An improvement in the estimation of elevation measurements has been
noticed following the refinement of the selection of elevation points. This improvement
directly affects the estimation of the slopes.

4.3. Road segment inclination

The least squares method is used to estimate the slope of the roads. It requires to identify
the segment travelled by the vehicle in the OSM database and the estimated elevation of
the vehicle. As detailed in (Boucher and Noyer 2018), at least four consecutive GNSS
instants on the segment are needed to improve the road slope estimation. Fig. 12 shows
the estimation results of the all roads inclination percentage for the two elevation maps:
ASTER GDEM2 and World 30. The results show a coherence between the estimates of
the slopes between the two models.

However, it is hard to compare ASTER-based and World30-based estimation
accuracies since no ground truth is available concerning the road slopes.
However, a heuristical comparison can be derived from the experimental results.
Indeed, the A16 highway consists in the segments #83 to #79 (as shown in
Figure 13). At this location, the A16 highway is flat, following the recording profile.
Therefore, the estimates using the World 30 model are more accurate than the
estimates using the ASTER model. However, in the opposite direction of circulation,
the two models present similar results (for the segments #156, #157, #1 and #2).
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Moreover, the results show a significant difference between the slope estimates for
segment #319. As can be seen in Figure 14, the segment #319 is located on the
bridge where the road slope is close to zero. The World 30-based estimation is far
more accurate (approximately equal to —0.4%) whereas the Aster-based estimate is
approximately equal to 3.78% (as shown in Figure 12). The same remark can be
done for the segment #235 (as shown in Figure 14), the World 30-based estimation

accuracies are closer to the experimental values than the ASTER-based ones.

It shows the efficiency of the method for estimating road slopes regardless of the
topological variations. The number of altitudes, the length of the road segment, the
vehicle speed, and the GNSS/INS measurement frequency are the parameters that affect
the accuracy of the slope estimation.
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5. Conclusion

This paper presents a method to estimate roads inclination to enrich the OSM database.
This parameter has an impact on the management of the energy consumption for the
hybrid/electric vehicle (HEV/EV) (Anselma et al. 2019, Guessouri 2019; Jo 2013) and on the
route planning applications. The proposed algorithm is based on the fusion of GNSS
positioning, INS, OSM road network and DEM. This approach relies on particle filtering
that fuses data sequentially in order to estimate the heading and pitch angles of the
vehicle. It uses a probabilistic map-matching method based on the calculation of
Mahalanobis distance to identify the travelled road of the OSM road network. This
paper presents a general framework to improve the estimation of vehicle altitude
and road segment slopes. It uses a statistical modelling based on a weighted
window principle to select the optimal elevation measurements taking into account
the variation of the topology around the road segment. This modelling is suitable
for other elevation models that are considered as new sensors providing new
elevation measurements. The ability of this method to estimate the road slopes tra-
velled by the vehicle has been shown on real data in a suburban environment. Then, these
slope estimates will be used to enrich the OSM database. It can be noted that the road
slope estimates can also be used to enrich the OSM database and then to procure better
experience and information for route planning softwares.

Notes

1. OSM : OpenStreetMap, https://www.openstreetmap.org

2. ASTER GDEM?2 : Advanced Spaceborne Thermal Emission and Reflection Radiometer Global
Digital Elevation Map version 2, https://asterweb.jpl.nasa.gov/gdem.asp

3. World 30 : NEXTMap World 30" Digital Surface Model, https://www.intermap.com/nextmap


https://www.openstreetmap.org
https://asterweb.jpl.nasa.gov/gdem.asp
https://www.intermap.com/nextmap
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