


Sensors 2019, 19, 1967

[ Suburban | Urban | Suburban
4 T T T T T T T
Proposed
—Gloria et al.
—GNSS
VCRLB;

Self-positioning RMSE [m]

Simulation step

Figure 6. Self-localization error.

We also give the number of constraints at each simulation time in Figure 7. Overall, the greater
the number of constraints available, the better our positioning results are. In fact, the study in [19] only
uses GNSS and V-O constraints, while we have used additional constraints including V-F, V-V, and
prior constraints of the HD map.

Figure 7. Amount of constraints used at every simulation step.

In the suburban area where the sensing ranges of different vehicles have little overlap, the method
proposed in [19] acts ineffectively as few constraints are available. However, our positioning is still
a significant improvement in these challenging areas. Environmental adaptability will be further
discussed in the next section.

In terms of the positioning of other targets, we compared both the target location precision and
sensing integrity. We transform the positioning results of these targets into the body coordinate system
(i.e., the vehicle coordinate system shown in Figure 3 for analysis, as this analysis is consistent with the
vehicle sensing system. The target positioning accuracy of a vehicle is evaluated by the RMSE of all
targets within the demanding space (see Equation (42)).
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(T)

where p; i is the localization result of the kth target in the vehicle coordinate system at the jth runtime,

and p]g)t is its truth position. The RMSE of relative localization i.e., RMSEET) is defined as the root mean

square of the location of all vehicles. In fact, such a result is affected by both the absolute positioning
and vehicular self-positioning, which makes our analysis more rigorous.The result is shown in Figure 8.
In the urban area, the RMSE is 0.17 m; it is much smaller than that (0.24 m) obtained by Gloria’s method
as well as that (0.32 m) provided by the vehicles” on-board sensors. Higher perception accuracy is also
achieved in suburban areas.
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Figure 8. Relative positioning error of surrounding targets.

Figure 9 shows the improvement in sensing integrity. The blue line is the true value of the number
of targets within the demanding space. Based on the raw data of the on-board sensors, only 41.81%
of targets are captured in the urban area, owing to occlusion or limited sensing range, while the
proposed method enables 90.42% of the targets to be captured. The improvement comes from the
sharing of information between the connected vehicles, and the information provided by the real-time
dynamic map.
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Figure 9. Perception integrity in terms of the number of targets captured.

In summary, our approach significantly improves multiple-target positioning in terms of accuracy
and integrity over that achieved using the original measurements, and is also more effective than
other methods.
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6.2. Adaptability to Different Scenarios

In the following section, we analyze the impact of different elements on the results of
multiple-target positioning to demonstrate the adaptability of our method to different environments.
Simultaneously, we discuss the contributions of different constraint types to the results.

6.2.1. Number of Connected Vehicles

The vehicular positioning and relative localization of the targets in terms of the number of
connected vehicles are shown in Figures 10 and 11, respectively. Except for the number of connected
vehicles, the configurations of the scene are identical, with 6 features and 3 objects. The accuracy of
sensing and GNSS/INS are the same as those in previous experiments.

4 T

—+—2 Vehicles

d 4 Vehicles
—=— 8 Vehicles

—=+— 12 Vehicles

—— 16 Vehicles

——GNSS

Self-positioning RMSE [m]
S

0 10 20 30 40 50 60 70 80
Simulation Step

Figure 10. Effect of the number of connected vehicles on localization accuracy.
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Figure 11. Effect of the number of connected vehicles on perception accuracy.
As can be seen from the figures, although there is a limited number of connected vehicles
(only 2 vehicles), the positioning capacities of the vehicles and other targets are significantly improved

in the urban areas. In general, the greater the number of connected vehicles, the smaller the
corresponding positioning errors, as more V-V constraints are imposed between the vehicles. It is
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worth noting that there is a trend that the RMSEs of self-positioning increase as the simulation step
increases from 70 to 80, as the vehicles are heading the end of the roads, where features and objects are
becoming increasingly sparse. In theory, the lower bound of positioning error of 12 vehicles is lower
than 8 vehicles. Due to the limited simulation times, the RMSE fluctuates near the theoretical bounds.
Therefore, the RMSE of 12 vehicles seems close to those of 8 vehicles. However, based on the existing
results, we cannot say that there is a trend that they will exceed those of 8 vehicles.

Another interesting observation is that for a given number of connected vehicles, the positioning
errors in the suburban areas are larger than those in the urban areas, but it is worth noting that the
decreasing trend of RMSE with increasing the number of connected vehicles is more significant. This
is because, unlike the urban area with sufficient types of constraints, the constraints in suburbs are
mainly of V-V. Therefore, we argue that the number of connected vehicles is important for improving
location accuracy in the suburban area, which is consistent with the results shown in Figure 10.

As for the perception accuracy, in suburban area, with the increase of the number of vehicles,
there are more constraints which benefits the positioning of connected vehicles and other objects.
The underlying mechanism can be explained by Equation (36). As the constraints increase, the
dimension of h;(6) increases, which leads to an increase in the value of the information matrix
I(6). The CRLB for 6, which can be calculated with the diagonal element of 1(9))_1 will decrease,
which leads to the reduction of the absolute positioning error for each object. As the perception
result is gained by projecting the absolute of other targets to the vehicle-body coordinate system
based on the self-positioning, the reduction of the absolute positioning error finally improves the
perception accuracy.

6.2.2. Number of Features

The effect of the number of features are shown in Figures 12 and 13. There are four connected
vehicles running on the road with four objects and different numbers of features. It is obvious that
increasing the number of features improves the accuracy of vehicle positioning and relative localization
of the targets. Compared to raw measurements, even with a few features, the positioning and
perception errors are reduced by exploiting the vehicle-to-target constraints and HD map information.
It is noteworthy that at the intersection, the positioning accuracy is high when the number of features
is 5, 10, or 30. However, if there is no feature i.e., no map information is used, the positioning error is
obviously higher. This reflects the contribution of the HD map to vehicle positioning.

4

—— (0 Features
5 Features
—=— 10 Features
—=+— 30 Features
——GNSS

Self-positioning RMSE [m]
[\S]

0 10 20 30 40 50 60 70 80
Simulation Step

Figure 12. Effect of the number of features on localization accuracy.
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Figure 13. Effect of the number of features on perception accuracy.
6.2.3. Number of Objects

In comparing the results obtained when the number of objects varies, we set N, = 8 and N ;= 0.
The corresponding results are given in Figures 14 and 15. In the suburban zones, the increase in the
number of objects improves the positioning. However, it is noteworthy that such an improvement
in the intersection zone is not obvious. The reason is that in the former zone, there are very few V-V
constraints, and V-O constraints play the main role in improving the results. Hence, adding objects
can effectively improve the positioning. However, at the intersections, the V-V constraints formed
by 8 vehicles are dominant and the results approach the theoretical bounds achievable. There is no
significant improvement in accuracy with the addition of objects.
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Figure 14. Effect of the number of objects on localization accuracy.
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Figure 15. Effect of the number object on perception accuracy.

In the case of relative localization, increasing the number of objects can reduce the overall
perception accuracy, instead. As the number of objects increases, the proportion of objects among all
the perceived targets participating in the perceptual precision calculation increases. The objects are less
constrained relative to other targets, and the overall clarity of perception declines. Considering this
and the former discussion, we argue that V-O constraints are less effective than V-V and V-F constraints
in improving multiple-target positioning accuracy.

7. Conclusions

This study focuses on the problem of multiple-target positioning for ICVs. We propose a unified
theoretical framework for positioning both vehicles and other targets, wherein sensor data from V2X
and HD map data are effectively fused with GNSS/INS and on-board sensors. By jointly exploiting
the vehicle-to-target constraints and HD map information, the vehicular localization accuracy can be
enhanced to meet the requirements of high-level automated driving by using low-cost GNSS/INS and
on-board sensors in urban areas. Meanwhile, the confidence and integrity of the results of relative
localization of targets are significantly improved, realizing sensing beyond line of sight and field
of view, which can improve the transportation efficiency and safety. Furthermore, the proposed
framework is applicable to more challenging scenarios entailing fewer connected vehicles and sparse
features and objects. In future research, we plan to remove the limiting assumption of data association
employed in this study by applying association methods in the process of optimization. We will also
study the formulation of communication delay of V2X in the data fusion framework.
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