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Executive summary 

This deliverable defines the final version of the software and algorithms developed for positioning an autonomous 
vehicle in all weather conditions on a High Definition (HD) map developed in WP5 Task 5.4. This deliverable extends 
the results obtained in the initial version of the software and algorithms published in Deliverable D5.6 and in the 
publication of the Normal Distributions Transform (EA-NDT) based HD-mapping method (Manninen, Hyyti et al., 

2022). 

EA-NDT uses semantic information to filter dynamic objects of the environment from the map and to conclude how 
to process the static objects. The proposed method is designed to automatically compress the information into two 
types of detected static objects: planar objects (such as walls, fences, traffic signs, and ground plane) and cylindrical 
objects (such as tree trunks and poles). Only the point cloud from these aforementioned static objects around the 
road environment is used to build a map for positioning the vehicle. The proposed method uses a probabilistic 
representation of the environment to withstand more noise and errors in the input point cloud collected with a lidar 
sensor mounted on top of the vehicle. Compared to the original NDT proposed by Magnusson et al. (2007), EA-NDT 
leverages semantic segmentation to filter and divide the point cloud, considering the geometry of the environment. It 
allows compression of the map representation because of a more optimal representation of the original data. 
Similarly, it means that less data is needed for an equally accurate map representation of the environment. 

The work has two separate parts: 1) the building of the EA-NDT map, and 2) positioning on the map.  

Objectives 

This deliverable's objective is to test if the compressed map representation of EA-NDT will be justified by the 
positioning performance. We compare the positioning performance of EA-NDT against original NDT while 

simultaneously considering the memory usage of the map representation in real driving conditions.  

Methodology and implementation 

The map preprocessing part is tested with an entropy metric, giving a measure of point cloud noisiness. A smaller 
entropy indicates a better-fitting point cloud. A map file size is used to compare how much smaller amount of data 
EA-NDT uses with respect to the original NDT map. Finally, positioning accuracy is tested by comparing the map-
based positioning methods against online GNSS positioning. 

We use real data from a FORD Truck driving on Turkish highways to build the map and to position the vehicle on the 
map. All positioning methods are compared to the best possible estimate of the ground truth trajectory measured 
during the tests with a Novatel high-precision GNSS-INS device and post-processed afterwards using base-station 
data in Novatel Inertial Explorer software.  

Outcomes 

All compared map-based positioning methods were able to successfully measure the absolute position of the vehicle 
at least 82 % of the time. Unfortunately, none of the EA-NDT variants were able to position with the required accuracy 
100% of the time, thus there is still room for improvement in the method. The best proposed EA-NDT method using 
a 4-meter source cell size for positioning is able to position on average with errors of 0.42 m and with average angular 
errors of 0.34 degrees. It is successful in positioning 94.2 % of the time in the tests. All NDT variants were able to 
position 100% of the time and got better results than EA-NDT in this test. The major difference between the methods 
is that the EA-NDT utilises semantic segmentation in map building. Unfortunately, the quality of semantic 
segmentation used in the test was not optimal. 

The size of the EA-NDT map is only 8.6 MB in a computer memory, whereas the size of the original NDT is 27.3 MB. 
Compared to NDT, the EA-NDT map uses only 31,5 % of the needed space. 

Next steps 

We aim to demonstrate the EA-NDT mapping method in Demo 4 with the FORD Truck on Turkish highways, in 
Demo 2 with the VTT vehicle in Muonio Lapland, Finland, and in Demo 5 with the AVL demo vehicle in the final 
demonstration on the AVL test track, Germany. In these tests, we aim to use an environment where the semantic 
segmentation is expected to work better. In addition, we are preparing two publications on the topic. The first is 
related to the preprocessing methods needed to align the point cloud data precisely with lidar odometry and graph 
optimization. The second paper is related to a real-time capable and robust positioning method using online lidar 
data and inertial measurements to position the vehicle on the HD map.  
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1 Introduction 

Autonomous vehicles need a precise position on the road. However, they cannot trust only GNSS positioning (Zaidi 
and Suddle, 2006; Wang, 2002). Positioning on a map is a valid alternative solution. In autonomous driving these 
maps are typically called High-Definition (HD) maps (Liu et al., 2020). HD map positioning should also work in 
changing environments and in all weather conditions, such as in rain, fog, and snow. In addition, saving a map from 
large areas uses a considerable amount of memory. Therefore, the map needs to compress information efficiently 
while robustly and accurately positioning the vehicle in difficult weather conditions in which the environment might 
appear different compared to the time instance when the map was built. 

Lidar scan registration is an accurate technique to fit lidar point clouds, and it can be used to define the position of a 
lidar scan in an HD map. Iterative Closest Point (ICP) by Besl and McKay (1992) is one of the first registration 
methods, using unprocessed point cloud data. However, the memory usage of an uncompressed point cloud map 
used by ICP registration is too high to be stored in the memory of the vehicle. Feature-based methods, such as Lidar 
Odometry and Mapping (LOAM) by Zhang and Singh (2014), have the challenge of finding features that are robust 
against changes in the environment due to weather. Normal Distributions Transform (NDT) (Magnusson et al., 2007) 
provides a probability-based approach for the registration and divides the point cloud into equally sized 3D grid cells 
to model each cell with a unique normal distribution. NDT compresses the information significantly and includes the 
uncertainty in the registration, but it does not consider the environment at all. Zaganidis et al. (2017) proposed 
semantic-assisted NDT (SE-NDT), that includes the use of semantic information to improve the data association in 
NDT registration. However, SE-NDT doesn’t consider the geometry of the environment either, thus, the distributions 
at the borders of the objects can have undesired effects. 

Similarly to SE-NDT, EA-NDT by Manninen, Hyyti et al. (2022) also uses semantic segmentation, which is the 
classification of the points into predefined classes (Zhang et al., 2019). However, EA-NDT leverages semantic 
information even further to define planar and cylindrical objects of the environment for more optimal modeling of the 
data with normal distributions. Simultaneously, the use of planar and cylindrical objects instead of 3D grid division 
leads to higher compression of the map. An illustration of the EA-NDT HD map is shown in Figure 1. Moreover, the 
use of semantic information enables filtering of dynamic objects, and only the relevant information for positioning is 
included in the map. The use of semantic information is also beneficial since this allows the weighing of different 
semantic classes based on how confident they are considered for the registration. 

 

Figure 1. An illustration of an EA-NDT HD map. 
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2 Background 

2.1 Survey of the relevant point cloud registration methods 

Iterative closest point (ICP) is a family of point-based point cloud registration methods. A generic formulation of ICP 
is as follows. Given a source and target point cloud as well as an initial guess at a transformation that aligns the 
source with the target, first of all, optionally filter the input point clouds. Then, repeatedly transform the source point 
cloud, compute corresponding point pairs, compute weights for the pairs, and find the transformation that minimizes 
an error metric between the pairs. The procedure is repeated until some convergence criterion is met. Countless ICP 
variants exist, differing in how they implement these steps. A thorough review is provided by Pomerleau et al. (2015). 

The first published ICP methods are point-to-point ICP by Besl and McKay (1992), and point-to-plane ICP by Chen 
and Medioni (1992). Segal et al. (2009) show that these can be viewed as special cases of their plane-to-plane 
variant called generalized ICP (GICP), which remains one of the most popular ICP variants to date. 

KISS-ICP by Vizzo et al. (2023) represents the state of the art in the ICP family of registration methods. Its good 
performance across many different types of datasets is demonstrated using the KITTI (Geiger et al., 2012), MulRan 
(Jeong et al., 2018), NCLT (Carlevaris-Bianco et al., 2016), and Newer College (Ramezani et al., 2020) datasets. It 
extends point-to-point ICP with a few steps that improve the registration results in terms of accuracy, speed, and 
robustness to noise. Input point clouds are spatially downsampled with a voxel grid structure, which makes all further 
processing faster. The target point cloud used in each registration is a local map accumulated from previously 
successfully registered point clouds. This gives the map more detail, improving the registration accuracy. 
Furthermore, maintaining a local map drastically reduces drift over consecutive registrations. In order to mitigate the 
effects of wrong point correspondences, KISS-ICP adaptively maintains a search range for correspondences and 

substitutes the original point-to-point ICP cost function with a formulation more robust to outliers. 

The weakness of ICP in the context of large-scale mapping is that the map needs to be stored as a point cloud, which 
is inefficient because a large and detailed point cloud requires a large amount of storage space. Furthermore, 
performing ICP registration in real time with such a cloud is infeasible or at least difficult, due to the large number of 
points. It is possible to sample or discretize the data before ICP registration, but the quality of the registration might 
degrade due to the loss of important information. 

The normal distributions transform (NDT) provides a more compact representation for mapping and proposes to use 
normal distributions to model the discretized data to avoid information loss. It was originally presented in 2D by Biber 
and Strasser (2003) with a more rigorous mathematical treatment by Biber et al. (2004) and independently adapted 
to 3D by Takeuchi and Tsubouchi (2006) and Magnusson et al. (2007). In NDT, the point cloud is discretized into 
small regions called cells, each of which is approximated by a local normal distribution. The discretization of these 
cells is done by dividing the point cloud into fixed-size cells by a 3D voxel grid. While simple and computationally 
efficient, this approach can lead to issues at the cell boundaries. More sophisticated discretization strategies include 
segmented region growing (Das & Waslander, 2014), supervoxel segmentation (Kim & Lee, 2016), k-means 
clustering (Magnusson, 2009, p. 80 & 183; Jiang et al., 2019) and Expectation-Maximization (Eckart et al., 2016; 
Tabib et al., 2018). Note that some authors prefer to call their method Gaussian mixture model (GMM) registration 
instead of NDT registration, perhaps to highlight differences to the regular NDT registration method. 

The traditional way to do NDT registration is point-to-distribution NDT (P2D-NDT), where the source point cloud is 
aligned with an NDT representation of the target point cloud. Stoyanov et al. (2012) proposed the distribution-to-
distribution NDT (D2D-NDT) registration method, where an NDT representation is used for both the source and target 

point clouds, improving registration speed while still providing accurate registration results. 

Zaganidis et al. (2017) propose to incorporate semantic information extracted from the point cloud into the NDT 
registration pipeline. In semantic-assisted NDT (SE-NDT), the point cloud is first labeled with some method, then 
segmented into classes according to the labeling, and finally, an NDT representation is computed for each class 
separately. When registering the SE-NDT maps, only cells with the same class are considered for nearest neighbor 
search. The choice of the labeling method is important for the accuracy of SE-NDT. The authors use a geometric 
smoothness measure to segment the point cloud into two classes, resulting in improved registration accuracy 
compared with D2D-NDT, especially for point clouds with large overlap. Zaganidis et al. (2018) pair the same 
approach with classification based on a deep neural network, yielding further improvements. Cho et al. (2019) 

propose incorporating the uncertainty associated with the labels into the registration framework. 
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2.2 Graph-based SLAM 

In robotics, simultaneous localization and mapping (SLAM) is the task of building a map of an unknown environment 
while at the same time maintaining an estimate of one’s own pose in relation to that map. Grisetti et al. (2012) classify 
the many SLAM solutions that exist under two categories: filtering or online SLAM, where the map and pose estimate 
are continuously refined as new measurements come in, and smoothing or full SLAM, where the full set of 
measurements is available at once for trajectory estimation and map building. Graph-based SLAM methods, first 
proposed by Lu and Milios (1997), are smoothing methods where the SLAM problem is formulated as a directed 
graph whose nodes represent robot poses or landmarks, and the edges between the nodes represent measurements 
that somehow constrain the poses relative to each other. For example, an edge could represent a transformation 
between two poses, estimated using lidar odometry. Because measurements include uncertainty, the constraints 
may not be consistent. For example, chaining the transformations over a cycle in the graph should result in the 
identity transformation, but will likely be more or less off. The central problem in graph-based SLAM is then to find a 
configuration for the nodes that minimizes an error metric over the whole graph. GTSAM by Dellaert et al. (2022) is 
a popular C++ library for graph SLAM and was used in this work. 
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3 Methods 

This section explains, first, the building of the Environment-Aware (EA)-NDT HD Map in Section 3.1, and second, the 
positioning on the proposed map using real-time lidar measurements from the vehicle in Section 3.2. EA-NDT 
improves compression of the traditional NDT map representation by leveraging semantic segmentation in a more 
optimal division of the point cloud into cells. Semantic segmentation is used to filter out dynamic objects of the 
environment. The rest of the objects are considered as planar (ground, building, fence, traffic sign) or cylindrical 
(poles, tree trunks) objects. Planes are fitted for planar objects, while cylindrical objects are treated as they are. The 
purpose of finding planes and cylinders is to minimize the number of cells for each object and to maximize the 
information of the distribution in each cell. The reasoning behind this is that a distribution containing a small variance 
at least in one direction is very informative, whereas a distribution with high variance in all directions contains very 
little information about the correct location of the points it represents. 

3.1 Preprocessing 

In this deliverable, we use lidar data recorded with Velodyne VLS-128 (Velodyne LiDAR Inc., 2020) and GNSS-INS 
measurements recorded with Novatel PwrPak7 (Novatel, October 2020) that are postprocessed with Novatel Inertial 
Explorer (Novatel, February 2020) to obtain a postprocessed kinematic (PPK) solution for GNSS and IMU 
measurements. To build a georeferenced point cloud from the data, as a preprocessing step, we perform motion 
compensation (see Section 3.1.1) of the lidar scans, lidar odometry (see Section 3.1.2) and graph optimization (see 
Section 3.1.3). 

3.1.1 Motion compensation 

The lidar scanner in the vehicle is rotating with a 10 Hz frequency, and therefore, each lidar scan is obtained within 
a period of 100 milliseconds. Motion compensation is used to compensate for the movement of the vehicle into the 
lidar scan within that 100 ms period. We perform the motion compensation of each lidar scan based on the Inertial 
Explorer PPK solution. Velodyne VLS-128 is time synchronized with the PPS signal and NMEA messages received 
from Novatel PwrPak7 to provide an accurate timestamp for each point in the lidar scan. Based on the timestamp of 
the lidar scan frame and each individual point, we interpolate the relative velocities and angular velocities from the 
PPK solution. 

3.1.2 Lidar odometry 

There are typically at least small errors in the PPK solution or even in the extrinsic calibration of the sensors. 
Therefore, the PPK solution is not precise for the accurate georeferencing of a point cloud alone. To improve the 
alignment of the data, we perform lidar odometry. First, we use HH semantic segmentation (see Deliverable D5.2) to 
acquire pointwise semantic segments for each lidar scan. The semantic segmentation is used to filter out dynamic 
obstacles from the point cloud before performing lidar odometry for the scans. For lidar odometry, we use KISS-ICP 
(Vizzo et al., 2023) registration, and we also register loop closures that are within 25 meters based on the PPK 
solution. 

3.1.3 Graph optimization 

Lidar odometry alone accumulates error along the trajectory, and the quality of PPK solution-based georeferencing 
alone is not good enough because the solution would drift out of the true position. Therefore, to improve the quality 
of a georeferenced point cloud, we use graph optimization to fuse the PPK solution and lidar odometry estimates. 
Namely, we used GTSAM by Dellaert et al. (2022) to obtain the final georeferenced point cloud. We modeled the 
XYZ-coordinates of the PPK solution as graph nodes and the lidar odometry with 6-DoF as edges between the nodes. 
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3.2 Building EA-NDT HD map 

This section explains the required steps to build the EA-NDT HD map: semantic segmentation, instance clustering, 
primitive extraction, cell clustering, and computation of NDT parameters (mean and covariance) of each cell. The 
outputs of these steps are semantic information, instances, primitives, cells, and the EA-NDT HD map, as shown in 
the overall visualization in Figure 2. In this experiment, we assume that the trajectory to align the lidar scans into a 

point cloud map has already been solved, and it can be used to align the scans to build an EA-NDT HD map. 

 

Figure 2. An illustration of the intermediate step results and final output of the process in building an EA-NDT HD map. 

3.2.1 Semantic segmentation 

In the process of generating an EA-NDT HD map for an area, the collected point cloud is first semantically segmented. 
In the work by Manninen, Hyyti et al. (2022), the semantic segmentation is achieved by using RandLA-Net model 
(Hu et al., 2020) pre-trained with SemanticKITTI dataset (Behley et al., 2019). SemanticKITTI is collected with 
Velodyne HDL-64 lidar (Velodyne LiDAR Inc., 2017), which is a 3D rotating lidar measuring with 64 vertical laser 
beams. In this deliverable, we instead use a semantic segmentation deep-learning model trained for Velodyne VLS-
128, which measures with 128 vertical beams, provided and trained by HH in the ROADVIEW project and reported 
in Deliverable D5.2. The training data for this effort was collected in ROADVIEW with the FGI Arvo vehicle in Finland, 
and the data was labelled by LUA. 

3.2.2 Instance clustering 

Instance clustering is based on the Euclidean region growing algorithm (Trevor et al., 2013), which divides each 
semantic segment into spatially separate instances such as wall segments, poles, or tree trunks. The Euclidean 
region growing algorithm requires two parameters, distance threshold d0 and minimum number of points np per 

instance. 

Table 1. Values for the parameters used in EA-NDT instance clustering and primitive extraction. 

  Other Ground 

Instance clustering 
Distance threshold d0 30 cm 50 cm 

Minimum points np  10 3000 

Primitive extraction 
Normal distance weight α π/4 π/4 

Distance threshold d1 15 cm 30 cm 

 

We use the parameters defined by Manninen, Hyyti et al. (2022) and presented in Table 1. In addition to grouping 
points in the same objects or parts of objects, the instance clustering filters noise from the point cloud (Manninen, 
Hyyti et al., 2022). 
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3.2.3 Primitive extraction 

In Primitive Extraction, previously found instances are modeled as primitives. Tree trunk and pole instances are 
modeled as cylindrical primitives, and traffic sign instances as planar primitives. All the other semantic labels are 
processed as planar primitives. These were extracted by using a Random Sample Consensus (Fischler & Bolles, 
1981) based normal plane fitting algorithm after subsampling the instance with an averaging 10 cm voxel grid and 
estimating normals for each remaining point from 26 nearest neighboring voxels (i.e., 3×3×3 voxels area around the 

point). The plane fitting algorithm requires two parameters, normal distance weight α and a distance threshold d1. 

We used the parameters defined by Manninen, Hyyti et al., 2022) and presented in Table 1. Although all planar 
primitives are processed similarly, for ground instances, an implementation of the K-means++ algorithm (Arthur & 
Vassilvitskii, 2007) was first used to divide the ground instances into primitives that are 100 m² roundish areas. 

3.2.4 Cell clustering 

In Cell Clustering, the primitives are divided into cells of about the same size. The K-means++ algorithm (Arthur & 
Vassilvitskii, 2007) is used to cluster the cells from the primitives. However, K-means++ requires the number of 
clusters as a predefined parameter. Manninen, Hyyti et al. (2022) have solved this by using a data-based 
approximation method to compute a predefined number of clusters for each primitive. The method to predefine a 
suitable number of clusters is based on approximating the area of the primitive’s surface and dividing it by the area 
of the required cell size. 

3.2.5 NDT computation 

In the final stage, a mean and covariance are computed for the points in each cell found in the cell clustering stage. 
Then, similarly to NDT, the mean and covariance of each cell are stored into a hash map, in contrast to Manninen, 
Hyyti et al. (2022), which utilized an octree data structure to represent the EA-NDT HD Map. In addition to the mean 
and covariance, in EA-NDT, the average label vector is computed for each cell and included in the hash map. 

3.2.6 Map search structure 

The map search structure is based on a 3D voxel grid where each grid leaf contains all the EA-NDT cells located 
within that leaf's area. More specifically, EA-NDT cells that have their mean value inside a grid leaf are associated 
with that leaf. Since in EA-NDT the computation of NDT distributions is not based on a 3D grid, it is possible that 
more than one cell will exist in the same grid leaf. 

 

3.3 Positioning on the HD map 

This section explains how the positioning in the EA-NDT HD map is performed and how the positioning performance 
was compared. 

3.3.1 Positioning on the EA-NDT map 

Positioning is based on registering a lidar scan in the EA-NDT map. For each point in the lidar scan, the closest leaf 
in the voxel grid is searched together with all its direct neighboring leaves in a 3×3×3 neighborhood. For EA-NDT, 
only the cells that match the semantic label of the point are considered. The registration is then performed as 

described in Section 3.3.2. Figure 3 presents EA-NDT HD map positioning with a simple data flow diagram. 



 
Deliverable No. D5.7  Title  
Version 1.0   SW on Improved Localization Using High-density Map 
Project No. 101069576  Updating - Final report 
 

Page 13 of 20 
 
 

 

Figure 3. A simple data flow diagram of positioning with the EA-NDT HD map. 

3.3.2 NDT registration 

The NDT registration is performed using D2D-NDT for EA-NDT and for the NDT map. In EA-NDT, the semantic 
classes are taken into account such that corresponding NDT cells are only searched for among those with matching 
classes. D2D-NDT registration is carried out with three different values for source NDT cell size: 1 m, 2 m, and 4 m. 
The map (target for registration) is computed at 1 m resolution. The implementation, which allows asymmetric target 
and source cell sizes of D2D-NDT registration, is developed in-house at FGI. 

3.3.3 Comparison metrics 

Quality of the pre-processed point cloud for mapping 

The quality of positioning is measured indirectly through point cloud entropy. All scans are accumulated into global 
coordinates based on the estimated poses, after which the entropy is computed. Entropy can be thought of as a 
measure of randomness present in the point cloud. The idea is that a correctly registered cloud minimizes the 
randomness as the points are heavily correlated with the underlying geometry, instead of being uniformly distributed 
in space. Therefore, a lower entropy implies better positioning. The entropy measure used is derived by Putkiranta 

(2020) as 

𝐸 = − ∑ ∑ exp (−σ−2(𝑥𝑖 − 𝑥𝑗)
⊤

(𝑥𝑖 − 𝑥𝑗))𝑛
𝑗=1

𝑛
𝑖=1 , (1) 

where 𝑛 Is the number of points in the cloud, 𝑥𝑖 and 𝑥𝑗 are points in the cloud, and σ is a free parameter. As computing 

every point-to-point distance is not feasible, and neighboring points give practically all of the contribution to the metric, 

𝐸 is approximated by evaluating the summand for the 80 closest points 𝑥𝑗 for each point 𝑥𝑖. The value used for σ was 

0.04. 

Positioning 

The registration error is defined as 

𝑻𝒆𝒓𝒓 = 𝑻𝑹
𝑳 −𝟏

𝑻𝑹
𝑴𝑻𝑴

𝑳 , (2) 

where 𝑻𝑅
𝐿

 is the pose of the lidar in the reference frame 𝑅, 𝑻𝑀
𝐿  is the estimated pose of the lidar in the map frame 𝑀, 

and 𝑻𝑅
𝑀 is the offset between the map and reference frames. The transformation chain to define 𝑻𝑒𝑟𝑟 is shown in 

Figure 4. 
 
 
 
 
Figure 4. Illustration of the transformation chain to define the registration 

error after registering the scan. R defines the reference frame, and M 

defines the map frame. 
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To compare the scan registration performance, we define the absolute position error 

𝑝𝑒𝑟𝑟 = ‖𝒕𝑒𝑟𝑟‖2 ,  (3) 

and absolute orientation error 

𝜃𝑒𝑟𝑟 = ∠𝑹𝑒𝑟𝑟  , (4) 

where ∠(.) denotes taking the angle of angle-axis representation for a rotation matrix (Zhang, Z., & Scaramuzza, D., 

2018). Translation error vector terr and rotation error matrix Rerr are defined as parts of the registration error 

𝑻𝑒𝑟𝑟 = [
𝑹𝑒𝑟𝑟 𝒕𝑒𝑟𝑟

1 0
] , (5) 

The positioning errors are measured using absolute trajectory error (ATE), which is defined by Zhang & Scaramuzza 
(2018). For position, it is defined: 

𝐴𝑇𝐸𝑝𝑜𝑠 = √
1

𝑁
∑ ‖𝒕𝑒𝑟𝑟,𝑖‖2

2𝑁
𝑖=1  ,  (6) 

and for rotation: 

𝐴𝑇𝐸𝑟𝑜𝑡 = √
1

𝑁
∑ ‖∠𝑹𝑒𝑟𝑟,𝑖‖

2𝑁
𝑖=1  , (7) 

in which N is the number of data samples in the test set indexed by i. 

Size of the map 

The size of the EA-NDT map is computed through the memory requirement of the map. As defined in Deliverable 
D5.6, the size of each cell for NDT consists of x, y, z, intensity, covariance matrix upper triangle (6 values), and 
number of points. Each value uses 4 bytes, which results in 11 × 4 = 44 bytes in total. For EA-NDT, an extra label 

value of 4 bytes is added, resulting in 48 bytes per cell in total. The total size of the map is then computed as: 

𝑆𝑖𝑧𝑒 = 𝑁𝑐𝑒𝑙𝑙𝑠 ∗  𝑆𝑖𝑧𝑒𝑐𝑒𝑙𝑙 ,    {
𝑆𝑖𝑧𝑒𝑐𝑒𝑙𝑙 = 44 B         for NDT
𝑆𝑖𝑧𝑒𝑐𝑒𝑙𝑙 = 48 B  for EA-NDT

 ,  (8) 

 

We used the same metrics here that are defined in the final KPI specifications in Deliverable D8.7. 

 

4 Experiments 

In this deliverable, we use data recorded with a Ford truck on the Turkish highway ROADVIEW demo site (Figure 5). 
The data consists of two recordings from the same highway in Turkey near Istanbul, recorded in February and June 
2025. The first dataset from February is used to build an HD map to which the vehicle is positioned. The second 
dataset is used to test the positioning on the map. The data used in this experiment consisted of lidar data recorded 
with Velodyne VLS-128 (Velodyne LiDAR Inc., 2020) and GNSS-INS measurements recorded with Novatel PwrPak7 
(Novatel, October 2020) that are postprocessed with Novatel Inertial Explorer (Novatel, February 2020) to obtain a 
postprocessed kinematic (PPK) solution for GNSS and IMU measurements. The IMU sensor in Novatel PwrPak7 is 

Epson EG320N. Both datasets are aligned as explained in Section 3.1. 

In the experiments, we used Graph-SLAM optimized best estimate of the trajectory as a ground truth position. The 
best solution of the test trajectory (Ford 2, June 2025) data was used to generate the ground truth positions using 
the pre-processing methods. As shown in Table 2, the combined Graph-SLAM and post-processed GNSS-INS 
trajectory had the smallest entropy metric, indicating that it had the best available quality of point cloud and thus the 

best fitting trajectory at all positions. 

The EA-NDT and NDT maps for map-based positioning were made using the lidar and GNSS+INS data collected in 
the first Ford data set (Ford 1, February 2025). 

For comparing to online GNSS positioning accuracy, we use a real-time GNSS IMU solution in the Ford Truck from 
the test data (Ford 2, June 2025). The sensor is the same high-end Novatel PwrPak7 GNSS-INS sensor, but we 
used only online GNSS measurements without post-processing.  
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Figure 5. A map of the Turkish Highway is shown on the left side (© Google) and graph-optimized semantically 

segmented point cloud data of the same area is shown on the right. The driven test trajectory is depicted in white color. 
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5 Results 

5.1 Data entropy 

Entropy metrics of the data set after different pre-processing steps are shown in Table 2. As defined in Section 3.3.3, 
smaller entropy metric values describe a better point cloud fit, indicating less randomness in the data. For both 
datasets, the PPK GNSS-INS-based solution results in the highest entropy metric value, indicating the worst point 
cloud fit. For both datasets, the lidar odometry solution significantly reduces the entropy score, improving the point 
cloud fit. By incorporating the loop closures, the entropy score is reduced by the Graph-SLAM solution. For the first 
dataset, the entropy score slightly increases when the PPK GNSS-INS solution is fused with the lidar odometry 
(Graph-SLAM + PPK GNSS-INS in Table 2) estimates indicating that the fused solution is not optimal. However, for 
the second dataset, the entropy decreases when the PPK GNSS-INS solution is fused with the lidar odometry 
estimates. This difference can be explained because, for the first dataset, the PPK GNSS-INS solution was visually 
less accurate compared to the second dataset. This can also be observed in the entropy score of the first dataset 
PPK GNSS-INS solution. In general, it can be observed that the entropy score, and therefore the quality of the 
georeferenced point cloud, significantly improves with the suggested preprocessing steps. 

Table 2. Entropy metric computed for both datasets with different trajectory estimates. The smallest entropy value is 

highlighted in blue, indicating the best point cloud quality. The Graph-SLAM solution uses lidar odometry and loop 

closure estimates to align the data. The Graph-SLAM + PPK GNSS-INS fuses lidar odometry and PPK GNSS-INS solution. 

Dataset PPK GNSS-INS Lidar odometry Graph-SLAM Graph-SLAM + 

PPK GNSS-INS 

Ford 1st, February 2025 -2 265 538 911 -3 628 044 909 -4 180 984 897 -3 992 169 168 

Ford 2nd, June 2025 -3 379 753 179 -4 005 081 829 -4 217 934 665 -4 477 880 532 

 

5.2 Positioning accuracy 

The accuracy of positioning is compared between different EA-NDT versions at different resolutions and the NDT 
implementation at the same resolutions. In all of these comparisons, distribution to distribution (D2D) variant of the 
NDT has been used. The statistics of the tests between different methods are shown for horizontal and height errors 
in Figure 6. 

 

Figure 6. Box-and-whiskers plots of the positioning results for horizontal positioning and for height error, separated for 

each of the compared methods, EA-NDT-based positioning with 1-, 2-, and 4-meter source cell size, and NDT for 

comparison using the same cell sizes. Outliers above 1.0 meters are cut out, and their amount is shown in Table 3. 



 
Deliverable No. D5.7  Title  
Version 1.0   SW on Improved Localization Using High-density Map 
Project No. 101069576  Updating - Final report 
 

Page 17 of 20 
 
 

The results for positioning tests are presented in Table 3. The rotation results for the online GNSS are estimated by 
the Novatel internal sensor fusion algorithm, using also inertial measurements. 

Table 3. Results for positioning Ford 2, June 2025 measurements on a map computed from Ford 1, February 2025 data 

collection. Since none of the NDT methods were successful in all measurements, a success percent is computed for all, 

and ATEs were computed for all measurements as well as for only successful measurements in which the position error 

is less than 1.0 meter. 

Name Success % 
ATE for position, 
all measurements 
(m) 

ATE for rotation, 
all measurements 
(deg) 

ATE for 
position, 
succesful (m) 

ATE for 
rotation, 
succesful (deg) 

EA-NDT 1m 81,9 % 5,42 0,80 0,36 0,42 

EA-NDT 2m 90,3 % 2,92 0,42 0,38 0,33 

EA-NDT 4m 94,2 % 1,93 0,37 0,42 0,34 

NDT 1m 100,0 % 0,27 0,28 0,27 0,28 

NDT 2m 100,0 % 0,28 0,27 0,28 0,27 

NDT 4m 100,0 % 0,28 0,26 0,28 0,26 

Online GNSS 100,0 % 0,16 1,37 0,16 1,37 

 

As shown in Table 3 and in Figure 6, the online GNSS is accurately working in this experiment on an open highway 
scenario. Unfortunately, GNSS does not give a reliable rotation of the vehicle in the world when used only with a 
single antenna. All HD-mapping methods are working to give a position to the vehicle at least most of the time. The 
D2D implementation of NDT is really good on this highway data in this test, giving 100% reliability and similar error 
statistics as the other HD-map-based methods. The best EA-NDT method has the largest cell size of 4m, giving an 
acceptable solution at 94% reliability. The benefit of HD-mapping-based methods over GNSS methods is that EA-
NDT and NDT are able to provide really precise 3D rotation in addition to the position estimate. 

All HD-mapping methods (NDT and EA-NDT rows in Table 3) suffer a larger average error compared to the online 
GNSS solution. We hypothesise that this error is caused by the errors present in the pre-processing step of 
georeferencing the point cloud. If an error is observed in the positioning in the data from which the map is made, it 
will be shown as a bias in our results where we position on the map and assume that the map reflects the positions 
of the objects in the world precisely. 

As seen in Table 3, EA-NDT occasionally fails to find the correct location in this test. We hypothesize that this is 
caused by the limited quality of the semantic segmentation data used in this test. We utilized the semantic 
segmentation model provided and trained by the HH team in D5.2. However, their deep learning network was trained 
with data collected in Finland in different conditions using an FGI passenger vehicle during winter. Now the model 
was used in non-optimal conditions with a Ford truck in a different environment in dry weather. In future tests of 
ROADVIEW, we hope to have more suitable conditions and better quality of semantic segmentation of the point 

cloud. 

 

5.3 Map size 

The results for the map size are shown in Table 4. As seen in the table, the EA-NDT map is significantly smaller than 
the equivalent NDT map used to compare the results in the previous section. EA-NDT uses only 31,5 % of the data 
space. 

Table 4. Size of the map for EA-NDT and NDT. 

Dataset EA-NDT (1 m) NDT (1 m) Share of EA-NDT size from 

NDT map of the same size 

Ford 1, February 2025 8.6 MB 27.3 MB 31,5 % 
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6 Conclusions 

In this deliverable, we presented the final version of the software and algorithms developed for positioning an 
autonomous vehicle in all weather conditions on an HD map developed in WP5 Task 5.4. This deliverable extended 
the results obtained in the initial version of the software and algorithms published in Deliverable D5.6 and in the 
publication of Normal Distributions Transform (EA-NDT) based HD-mapping method (Manninen, Hyyti et al., 2022). 

The proposed EA-NDT uses semantic information to filter dynamic objects of the environment from the map and to 
conclude how to process the static objects. The proposed method was designed to automatically compress the 
information into two types of detected static objects: planar objects (such as walls, fences, traffic signs, and ground 
plane) and cylindrical objects (such as tree trunks and poles). Only the point cloud from these aforementioned static 
objects around the road environment was used to build a map for positioning the vehicle. The proposed method uses 
a probabilistic representation of the environment to withstand more noise and errors in the input point cloud collected 
with a lidar sensor mounted on top of the vehicle. Compared to the original NDT proposed by Magnusson et al. 
(2007), EA-NDT leverages semantic segmentation to filter and divide the point cloud, considering the geometry of 
the environment. It allowed significant compression of the map representation because of a more optimal 
representation of the original data. In our test, the EA-NDT map was only 31,5 % of the size of the compared NDT 
map. Both of these methods use only a really small fraction of the original point cloud data. The whole mapped 
highway segment fitted into 8.6 MB of data using EA-NDT. 

We tested whether the compressed map representation of EA-NDT will be justified by the positioning performance. 
We compared the positioning performance of EA-NDT against NDT and online GNSS positioning. The tests were 
performed on a Turkish highway with a FORD truck. All compared map-based positioning methods were able to 
position the vehicle on the map most of the time. The best proposed EA-NDT method using a 4-meter source cell 
size for positioning is able to position on average with errors of 0.42 m and with average angular errors of 0.34 
degrees. It is successful in positioning 94% of the time in the tests. The compared NDT methods were able to position 
the vehicle at all times, proving to be superior in this test. 

The limited quality of the EA-NDT positioning leaves plenty of room for improvement in the future. We hypothesize 
that the limited quality of the semantic segmentation network provided by HH was not optimal. It might have made 
some areas of the EA-NDT map erroneous, and thus the positioning failed occasionally. Additionally, there seems to 
be a small offset in the positions given by the HD-map-based positioning methods (both EA-NDT and NDT) when 
compared to online GNSS positioning, which was marginally better in giving the 3D position. However, map-based 
methods were better for estimating the rotation of the vehicle. As a future work, we aim to improve the semantic 
segmentation and the pre-processing steps to remove the errors in the positions of the mapped data. 

Next, we aim to demonstrate the EA-NDT mapping method in Demo 4 with the FORD Truck on Turkish highways, in 
Demo 2 with the VTT vehicle in Muonio Lapland, Finland, and in Demo 5 with the AVL demo vehicle in the final 
demonstration on the AVL test track, Germany. In addition, we are preparing two publications on the topic. The first 
is related to the preprocessing methods needed to align the point cloud data precisely with lidar odometry and graph 
optimization. The second paper is related to the real-time capable and robust positioning method using online lidar 

data and inertial measurements to position the vehicle on the HD-map. 
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