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Abstract— Crowd-sourced mapping offers a scalable alterna-
tive to creating maps using traditional survey vehicles. Yet, ex-
isting methods either rely on prior high-definition (HD) maps or
neglect uncertainties in the map fusion. In this work, we present
a complete pipeline for HD map generation using production ve-
hicles equipped only with a monocular camera, consumer-grade
GNSS, and IMU. Our approach includes on-cloud localization
using lightweight standard-definition maps, on-vehicle mapping
via an extended object trajectory (EOT) Poisson multi-Bernoulli
(PMB) filter with Gibbs sampling, and on-cloud multi-drive
optimization and Bayesian map fusion. We represent the lane
lines using B-splines, where each B-spline is parameterized by a
sequence of Gaussian distributed control points, and propose a
novel Bayesian fusion framework for B-spline trajectories with
differing density representation, enabling principled handling
of uncertainties. We evaluate our proposed approach, B2F-
Map, on large-scale real-world datasets collected across diverse
driving conditions and demonstrate that our method is able to
produce geometrically consistent lane-level maps.

I. INTRODUCTION

High-definition (HD) maps are fundamental for enabling
safe and reliable autonomous driving. Traditionally, these
maps are generated by expensive survey vehicles equipped
with high-precision sensors such as high-grade inertial sen-
sors, RTK-GPS, and LiDAR, followed by labor-intensive
annotations. In addition to high operational costs, traditional
approaches also struggle with scalability and timely updates.
Recently, crowd-sourcing, which leverages data from widely
distributed production vehicles equipped with low-cost and
consumer-grade sensors, has emerged as a promising alter-
native to overcome these limitations, offering a path towards
more cost-effective, scalable, and frequently updated maps.

While recent efforts have explored pure vision-based
crowd-sourced mapping, many still rely on certain prior
assumptions or address specific sub-problems, instead of a
full, automatic crowd-sourcing pipeline. For example, [1]
and [2] only demonstrated the map generation pipeline from
single-drive data without the module to align and fuse maps
from multiple drives. MapCVV [3] requires a base map,
produced by vehicles equipped with RTK-GPS [4], for its
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on-vehicle localization module. Similarly, [5] requires an
existing HD map for the initial mapping match.

Another research gap is map fusion, specifically the
aggregation of vectorized lane lines from different drives.
Many works [5]-[7] completely ignored the uncertainties
of the vectorized lane lines, including both mapping and
localization uncertainties. The mapping uncertainties can be,
for example, multi-lane tracking uncertainties [2], predic-
tion uncertainties from vectorized map generators [8]—[11]
and image perception and calibration uncertainties [3]. The
localization uncertainties arise mainly from the remaining
positioning errors of the ego vehicles after pose graph opti-
mization [3], [6], [12]. To address the uncertainties in map
fusion, MapCVV [3] proposes an element-level optimization
that can reduce mapping and localization uncertainties of the
lane lines at the same time. After optimization, a duplication
removal module achieved by spatial depth-first search (DFS)
is applied to obtain the final map.

In this work, we represent 3D lane lines with B-splines,
since their local control and flexibility make them well-
suited to fuse uncertain, noisy crowd-sourced observations.
Note that, when a lane line is modeled as a sequence of
Gaussian distributed B-spline control points, such a B-spline
representation is not unique, which presents challenges when
combining multiple B-splines into one. To this end, we
propose a novel solution to fuse B-splines under different
densities with uncertainties using pseudo measurements. We
present a practical pipeline that uses pseudo measurements
for grid search and association, followed by updates in the
information form.

In this work, we propose a pipeline that generates HD
maps from scratch using production vehicles equipped with
consumer-grade GNSS and IMU in a crowd-sourcing man-
ner, shown in Fig. 1. We name it B2F-Map where B2F refers
to Bayesian B-spline Fusion. Our contributions are:

o We propose a bandwidth-efficient crowd-sourced map-
ping pipeline consisting of on-vehicle localization, on-
vehicle mapping with a Bayesian multi-lane tracker,
and on-cloud localization and mapping, which includes
multi-drive optimization and Bayesian map fusion.

o By representing the lane lines as 3D B-splines, we
propose a novel approach to address the Bayesian
fusion of B-spline trajectories with different densities.
For lane-level map fusion, we discuss the handling of
continuous and discontinuous partial overlaps.

« We validate the proposed approach on 70 km real-world
data and release the dataset!.

Thttps://github.com/yiping-xie/B2F-Map.
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System overview of B2F-Map pipeline, including three modules: on-vehicle localization, on-vehicle mapping, and on-cloud localization and

mapping. Note that traffic signs in the local maps are represented as semantic points and lane lines are represented by B-splines. With B-splines continuous
over time, it is bandwidth efficient when uploading the control points to the cloud. On the cloud, after optimization to eliminate positioning errors in the
estimated lane lines, the Bayesian B-spline fusion algorithm performs map fusion while maintaining the same B-spline representations.

II. RELATED WORK
A. Local HD Mapping

Various methods for building local maps have been pro-
posed over the years. In the multi-stage end, most research
relies on lane marking detection [6] or segmentation [4] for
lane line mapping. The detected or segmented pixels can be
projected to the world frame via inverse projection. In [6],
a cubic spline is fitted locally to reconstruct a lane line. In
[4], a gridded semantic map is constructed after some noise
filtering. Note that using a semantic map means that more
storage space is needed on the vehicle and more bandwidth
is required when uploading to the cloud.

Recently, numerous online mapping frameworks [8], [9],
[13] have been proposed to generate vectorized maps (mostly
represented by polylines) directly from cameras and/or Li-
DAR on a frame-by-frame basis. The limitation is that they
focus on per-frame map reconstruction, resulting in poor
geometric consistency in the local maps from consecutive
frames. Very recently, some works have attempted to address
this by temporal fusion [11] or vectorized map tracking [14].
However, generating a temporally consistent HD map (longer
than several hundred meters) in an end-to-end fashion, is still
an open research question. Based on the per-frame online
mapping [13], instead of building a local map on the vehicle,
in [3], all vectorized elements at sampled positions (at a
2-meter interval) are uploaded to the cloud. Then, a local
map is generated on the cloud by B-spline fitting. However,
the limitation is that since an element will be observed in
multiple frames in the same drive, all replications will be
uploaded to the cloud, which is far from bandwidth-efficient.

Conceptually, the closest to the proposed approach is [2],
which frames the estimation of multiple lane lines as a

multiple extended object tracking (EOT) problem, solved by
a trajectory Poisson multi-Bernoulli mixture (TPMBM) filter.
Such a formulation allows one to generate continuous lane
lines (represented as a set of trajectories of B-spline control
points) over time, which is promising for crowd-sourced
mapping, considering the tight bandwidth constraint to up-
load data from customer vehicles to the cloud. Furthermore,
the Bernoulli object spawning model in TPMBM filtering is
suitable for modeling lane splitting. A key challenge in mul-
tiple extended object tracking is the data association problem,
which, in the context of multi-lane tracking using point cloud
measurements, refers to associating lane marking detection
points to their corresponding lane lines correctly over time.
In [2], the data association problem is addressed by first
clustering lane marking detection points into different groups
and applying Murty’s algorithm [15] to only propagate global
data association hypotheses with high weights over time.

B. Global HD Mapping

In crowd-sourced mapping, the local maps constructed by
different drives have unknown positioning errors, which need
to be eliminated before fusing them into a globally consistent
map. This problem is usually known as the multi-robot
simultaneous localization and mapping (SLAM), commonly
addressed using factor graph optimization [6], [12], [16],
[17]. A local map is typically divided into rigid submaps. A
pose graph is then built, with submap poses as vertices and
inter-drive loop closures (LCs) as edges. After using multi-
drive graph optimization to reduce the unknown positioning
errors, multiple observations of a map element (e.g., lane
line) can be considered as globally consistent, in the sense
that they can be assumed to be stacked on top of each other.
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To obtain the final map, [6] fits a spline to the sampled points.
Similarly, [5] employs a gradual B-spline fitting algorithm
after clustering. [3] applies a DFS to remove duplications.
[17] applies a greedy pruning algorithm, which iteratively
merges adjacent clothoids while maintaining continuity.

III. SYSTEM OVERVIEW

The proposed system consists of the following modules:
(1) on-vehicle localization; (ii) on-vehicle mapping; (iii) on-
cloud localization and mapping, as shown in Fig. 1.

A. On-Vehicle Localization

For the production vehicles, a graph optimization fusing
GNSS, IMU, and lane marking registration with an SD™ map
is used for on-vehicle localization, as shown in Fig. 1. An
SD' map is obtained from a standard-definition (SD) map
with the estimation of the number of lanes and width of
lanes from production vehicles. An SD link, given the lane
count, can be transformed into “HD” lanes, where the lane
width combined with the centerline is used to generate the
position of lane markings. Although the generated SD™ map
has limited geometric accuracy at places like on-ramps, off-
ramps, splits or merges, it can still be used as a backbone for
positioning. The detected lane markings, projected from im-
age frame to world frame, are then used for iterative closest
point (ICP) registration with SD™ map. The optimized ego
poses are used for the following on-vehicle mapping module.

B. On-Vehicle Mapping

Lane line mapping is formulated as a multi-lane tracking
problem using an extended object trajectory (EOT) Poisson
multi-Bernoulli (PMB) filter with Gibbs sampling. Traffic
sign tracking employs an extended Kalman filter (EKF), as
shown in Fig. 1. We next outline the lane line state, multi-
lane measurement, and dynamical models, and their role in
recursive Bayesian estimation.

1) Lane Line Modeling: We model lane geometry using
3D quadratic B-splines of d = 2, similar to [2]. A quadratic
B-spline trajectory can be parameterized by X = (e, 2'"),
where ¢ is the initial time step of the trajectory X, v > 3 is
its length, and 21 = (z!,...,2Y), with 2° € R3, denotes a
finite sequence of control points. The continuous trajectory
can be obtained by interpolating the control points using
the B-spline basis function. For quadratic B-splines, each
point on the continuous trajectory is determined by three
consecutive control points. Specifically, the position of a
point on the trajectory, determined by the subsequence of

control points z%*2, with i € {1,...,v — 2}, is
2
o(u) =X(u)" @Iz x |2 )
Lit2
1/2 -1 1/2 1
Sw) = [1/2 1 1| x |ul, 2)
0 0 1/2 u?

2The initial time step is required to enable Bayesian filtering for sets of
trajectories [18], [19], but it is not used in modeling lane lines.

where v € [0,1] and I3 is an identity matrix. This means
that z(u) is a linear combination of control points z%*+2.
By moving « from 0 to 1, the interpolated point z(u) moves

from the start position z(0) = z7+2¢+1 to the end position
i41 i+2 . .
x(1) = % of the trajectory segment determined by

control points z%*2, We assume that each control point of
the B-spline trajectory X is Gaussian distributed, i.e.,

p(a') =N (a';m', PY), 3)
for i € {1,...,v}. Then, it holds that every point on the B-
spline trajectory is also Gaussian distributed. Specifically, as-

suming that there is no correlation between adjacent control
point, the density of the interpolated point x(u), determined

by control points z%*2, is given by
p (2(u) = N (a(w); m(u), P(w)). @
m(u) = H(u) [m* m'* m”Z]T, 5)
P(u) = H(u) [P P+ pit2]T (6)

where H(u) = X(u)T ® I3.

2) Multi-Lane Measurement and Dynamic Model: For a
trajectory X = (e,21%) at time step k, its interpolation at
time step k is determined by its latest three control points
2¥~2v Now we assume each individual lane marking edge
detection point in the world frame wy, follows Gaussian dis-
tribution, i.e., N'(wy; wg, Q) *). Each measurement source
w}, is considered uniformly distributed along the two lane
marking edges, which is further approximated as a Gaussian
N (wg; h(e,2~2¥),QF). This modeling assumption gives
the single measurement likelihood as

U, (wile, 27 F) = N (wis b (e,277%) , Q% + QF ),

@)
where the mean h(e,z¥~%") is the interpolated point on
trajectory X at time step k, and can be computed using
(1). The set of lane marking detections wyj, generated by
each lane line is modeled as a Poisson point process (PPP),
parameterized by a Poisson rate \;, which models the
average number of lane line detections. The complete multi-
lane measurement likelihood equation is then

fk(zk) = 6_/\’“ H )\k X Ek(wk|5,x”_2:”). (8)
2K €2
For multi-lane dynamic model, it is the same as in [2].

3) Bayesian Prediction and Update: We recursively com-
pute the posterior distribution of the set X}, of all B-spline
trajectories given the measurements wi.;. The predicted
density of the X, at time step k is

[ (Xi|Wig—1) = /gk (X5 Xp—1) f(Xp—1|Wiik—1) 0Xp—1,

€))
where g5, (X |X—1) is the transition density of the set of all
trajectories for the multi-lane dynamic model, as described
in [2].
The predicted density of the set of all B-spline trajectories
at time step k is then updated using the multi-lane measure-
ment model ¢ (wg|X}) in Section III-B.2, which gives

f(Xglwig) o< f (Xgwiik—1) € (Wr]|Xg) (10)
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The closed-form solution based on the above models is
given by the extended object trajectory PMBM filter [18].
To perform the prediction and update steps in a computa-
tionally tractable way, one approach is to consider hard data
associations between lane marking detection points [2], i.e.,
use clustering information provided by the lane detector and
assignment using Murty’s algorithm. However, when lane
marking detection points are very noisy and the clustering
information brought by the lane detector is inaccurate, the
data association solver using clustering and assignment may
yield unreasonable data associations. Therefore, in this work,
we adopt a more advanced multiple EOT algorithm, the
TPMB filter using blocked Gibbs sampling [19], which can
yield soft assignments between lane marking detection points
and B-spline trajectories.

C. On-Cloud Localization and Mapping

The next step is to fuse maps from multiple drives. To
do this, the control points of B-splines generated from EOT
PMB filter, the tracked traffic signs, and the ego vehicle
poses are uploaded by production vehicles to the cloud for
localization and mapping. This module consists of multi-
drive optimization and Bayesian B-spline fusion.

1) Multi-Drive Optimization: We consider N drives in-
dexed by n € {1,..., N}, where each drive n has discrete
poses T, , € SE(3) at time step k, with

Rn n
T = [ or plvk] . R €50(3), pui € R (11)

An illustration of the factor graph is shown in Fig. 1, on-
cloud localization module. The factor graph optimization can
be formulated as follows:

X = argmln Z ||rrL k”ﬂo + Z Hrn k”ﬂt

geg

2 2 IMSale

lel {u,v}eV,

12)

where X is the set containing all vehicle poses and the
positions of all detected traffic signs, ¢5 € R?, namely, X =
{{Tnk} {083 M_ % Here, r) ; is the odometry residual
factor. r & is the GNSS remdual factor, and G is the set of
the states that have good GNSS quality (e.g., those recorded
outside tunnels). For a landmark [ € £, which can be a
submap of lane markings or a traffic sign, we denote V)
as the set containing all the drives that pass this submap.
r}.C ;; is the registration residual between drive u and drive
v from inter-drive loop closures, where ¢ and j are time
steps of the submap center of drive v and v, respectively.
Note that we use the notation Hr”?] =179 'r to denote
the squared Mahalanobis distance. For matching lane lines
represented by B-splines, we first sample a point cloud from
the control points and use semantic ICP [20] for registration.
Fig. 2 shows the changes of a split/merge area (a) before and

(b) after multi-drive optimization.

(a) Before optimization (b) After optimization  (c) After fusion

Fig. 2. Visualization of a split/merge area. After optimization, positioning
errors are reduced - lane lines observed multiple times are mostly stacked
on top of each other. After fusion, redundant representation is removed.

2) Bayesian Map Fusion: Map fusion takes a set of lane
lines and fuses them into a globally consistent lane-level map
without redundant representations. As inputs, each lane line
is modeled using a sequence of B-spline control points and
each control point has a Gaussian density distribution. The
detailed process is described in the following section.

IV. BAYESIAN B-SPLINES FUSION

In this section, we describe (i) how to estimate and
propagate lane line positioning uncertainties, then (ii) how
to perform Bayesian lane-level map fusion with B-splines.
Section IV-B covers the fusion of two overlapping lane lines,
Section IV-C generalizes this to partial overlaps, and finally,
Section IV-D presents a greedy algorithm for fusing sets of
multiple lane lines.

A. Propagating Positioning Uncertainty

After multi-drive optimization, for the same element (e.g.,
a lane line), observations from multiple drives should ideally
be very close to each other. However, there usually exists
some residual positioning errors, shown in the zoom-in
window in Fig. 2(b). To address this, we use relative errors
across different drives [3] denoted as ¢;', as an indication
of the positioning uncertainties and propagate their absolute

values, ‘el H to the B-splines, such that, P’ in (3) becomes
Pz‘ , which will be used in multi-lane fusion. Here, the
relative error €} is defined as:
vi =SVD ({v]'}|n=12,..N), (13)
e =v;Bv. (14)

Specifically, for the [*" element, we use singular value

decomposition (SVD) on different drives to compute the
implicit vector element v;. Then, for the I*" element from the

h drive, we calculate its relative error €/ as the geometric
discrepancy between v; and v}'. In (14), we use 5 to denote
the point-to-line distance for lane lines and point-to-point
distance for traffic signs.

B. Fusion of Two Overlapping Lane Lines with Pseudo
Measurements

We model a continuous lane line using a sequence of
B-spline control points. The same lane can be represented
by different control point sequences, possibly with different
numbers of control points, leading to varying density rep-
resentations. To address this, we fuse two B-splines using
interpolated points as pseudo measurements, as follows.
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Algorithm 1 Fusion of two B-splines X; and X» (fusing
B-spline trajectory X5 into X))

. . 1: .
1: Input: B-spline control point sequences X; = ) Yl with means
. livg .
(m},...,m7') and covariances (P;,...,P/") and Xo = z,"2 with
means (M3, ..., my2) and covariances (Py, ..., Py2), M, and T.
2: Output: Fused B-spline control point sequence with means (m} N mlf)1 ) and
ariances (P1 v1 :
covariances (Pp, ..., P;1).
3. Initialize the sequence of pseudo measurements
5 — -2 . . ~
(21, oy 2hpr -5 212 ..., 232 ) as interpolated points of Xo.

4. for i = 1 to v — 2 do

5: for j =1 to M do )

Z = H((j — 1)/M)m}

7: end tzor

s: end for

9: Initialize the sequence of interpolated points
(z}, .. ,,xi, L. ,xflfz, S ,:67;1’2) of X.

10: for i =1 to v; — 2 do

11 for t =1 to 7 do )

12: zy = H((t—1)/7)m]

13: end for

14: end for

i15: Initialize (ui, ..., uhs, .- -, u11)272, R u?\?iz).

16: Initialize (i1, .. .,i/}w, R 4 )

17: for each element 2z in (Z1s ey Zhgre s zf2_2, B ZLQ_2) do

18: for each element x} in (w},...,m}_,..‘,zfl*a x21_2)d0

19: compute dj = HZ;I —xyl|2.

20: end for , , ,

21 Find the minimum d,, set u} = (¢’ —1)/7, 4, ="

22: end for

23: Set (m},.i.,m;l) = (mi,...,m}") and (P},...,P}Jl) =
(Pl,...,P").

24: for i = 1to vy —2do ) )

25: Compute information vector and matrix of m} and P’”f using (15a) and (15b).

26: Find all 13/ = 4 and their corresponding uj./ and z; .

27: Perform information update using (16a) and (16b).

28: Recover the updated mean m} and covariance P} using (17a) and (17b).

29: end for

1) Information Update: To fuse the lane line geometry
and uncertainty information captured by two overlapping B-
spline trajectories with different densities, we first interpolate
one B-spline trajectory to obtain a sequence of interpolated
points, which is then used as pseudo measurements z &€
R? to update the other B-spline trajectory. Suppose that
we have M estimates of a sequence of interpolated points
(z(u1),...,x(uprr)), all determined by the control points
2¥112and they have a sequence of pseudo measurements
(21, ..., 2zn) with noise covariances (R1, ..., Rar). We use
the information form to perform the update, where the
mean and covariance are replaced by information vector
and information matrix, respectively. We define m’ =
vec(m?, miTt mi*t?2) as the vectorization of control point se-
quence (m?, mtt mit?) and P = diag(P?, P*t!, Pit2),
their corresponding information vector and information ma-
trix are

yi = (Pi)—lmi
Y= (Pt

(15a)
(15b)

The information update of y* and Y using pseudo measure-
ments is then given by:

. 1 _
yr=y' + MZH(uj)TRj Lai, (16a)

M
C 1
Yi=Y'+4; > H(uj)" Ry H(uy),
j=1

(16b)

where y; and Y are the updated information vector and
information matrix, respectively. The mean and covariance of
the updated control point sequence x}”“ can be recovered

from ys and Y via

(17a)
(17b)

my = Y;lyjc
P;=Y,"

The advantage of the information update is that multiple
measurements can be filtered simultaneously simply by sum-
ming their corresponding information vectors and matrices.
2) Grid search: Note that the above formulation is based
on the assumption that, for each pseudo measurement z;
on one B-spline X = 2%, we know the interpolated point
x(u;) to which it corresponds to on the other B-spline. To
find u; and the subsequence of control points z***? where
ie{l,...,v—-2}, given z;,j € {1,..., J}, from a sequence
of pseudo measurements (z1,..., zy), we can formulate the
solution as solving the following bivariate optimization:

(18)

Iil]lrzl Hz] — H(u;j)m’| o
which minimizes the Euclidean distance between z; and
x(u;) determined by w; and the means of the control
points z##*2_ Instead of solving such a complex optimization
problem for every pseudo measurement, we adopt a simpler
solution based on grid search. More importantly, the grid
search also enables us to easily identify the parts of the two
partially overlapping lane lines that need to be fused.

The pseudo code for fusing two overlapping B-spline
trajectories is given in Algorithm 1. Lines 3-8 describe
how to obtain pseudo measurements from Xo; lines 9-14
precompute the interpolated points on X, for the grid search
later (lines 15-22); and lines 23-29 present the information
update.

C. Fusion of Two Partially Overlapping Lane Lines

In practice, two lane line estimates, representing part of the
same lane line obtained using fleet data collected on different
routes, only partially overlap with each other. In these cases,
we only need to fuse the subsequences of B-spline control
points that represent the same segment(s) of the lane line.
Hence, we need to identify, for each B-spline trajectory, the
subsequence of control points that represents the overlapping
area. To achieve this, we first compare the minimum value
of (18) and compare it with a pre-defined threshold I'. If
there are at least 7 consecutive interpolated points x(u;) of
X7 whose minimum value are smaller that I', then these two
lane lines are considered to be partially overlapping. For two
lane lines that are partially overlapping, the overlapping area
can either be continuous (Case 1-4) or discontinuous (Case
5). In the following, we will discuss solutions in different
situations. Suppose that we have two B-spline trajectories
X1 = (x},...,20") and X = (2d,... 252).
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(a) Completely Overlapping (b) Partially Overlapping, Case 1

=
— - o

(c) Partially Overlapping, Case 2.1 (d) Partially Overlapping, Case 2.2 .
P
] ———0 -

(e) Partially Overlapping, Case 3.1 /”/

° — o —e——

°
(f) Partially Overlapping, Case 3.2
I

(g) Partially Overlapping, Case 4 o
N

-

(h) Partially Overlapping, Case 5

Fig. 3. Tllustration of two B-splines, completely overlapping (closely-
spaced) in (a), partially overlapping in (b)-(h). Case 1-5 are presented in
details in Section IV-C. Note that (c) and (d) both correspond to Case 2,
where in (c) the two trajectories would be merged into one whereas in (d),
the trajectory in blue will be truncated into two parts. Similar for Case 3 in
(e) and (f). (g) illustrates Case 4 where an interior subsequence of one B-
spline overlaps with a subsequence of another. (h) illustrates the case where
the overlapping area is discontinuous, e.g., when traffic islands are present.

Case 1, one B-spline completely overlaps with a portion
of another: Without loss of generality, we assume that Xo
overlaps with the subsequence of control points z;” of X7,
as shown in Fig. 3(b). Then we can interpolate X5 into
pseudo measurements and use them to update 277 to obtain
the fused control points x}:] 1 After fusion, X; and
X, are merged into a single B-spline trajectory, given by
Xy =(zi,... ,xlfl,x}, . ,m?f”l,x]ﬁl, coxih).

Case 2, the beginning of one B-spline overlaps with a
subsequence of another: Assume that a subsequence of
control points z{* of X; including zi overlaps with a
subsequence of control points 257 of X5. To fuse X and X,
we first truncate X5 into at most three parts: xy' 1, 27 and
23712 Then we interpolate x5 into pseudo measurements

and use them to update x}* to obtain the fused control

points x}”. After fusion, we obtain B-spline trajectory
(xd, ... 28, :c}c, Y, x4 2¥), which concatenates

the first part of X5, the fused control points and the rest of the
control points of X, and also truncated B-spline trajectory
25712 Note that when j = vy, B-spline trajectory """
does not exist, and the two lane lines are joined into a longer

lane line, which is the case illustrated in Fig. 3(c).

In scenarios with merging and splitting lanes [see
Fig. 3(d)], we could have j < v,. To make 27> a valid

quadratic B-spline trajectory with at least 3 control points, we
append it to let it become (:r;fl7 ', 2P 282 with two
shared control points of the fused B-spline trajectory. This
also makes sure that the two continuous lane lines obtained
by interpolating (a:bf_l,a:},méﬂ, ...,x5%) and the fused B-
spline trajectory have at least one point in common, which
well models lane split/merge.

Case 3, the end of one B-spline overlaps with a sub-
sequence of another: Assume that a subsequence of con-
trol points z7"' of X; including 7' overlaps with a
subsequence of control points z5? of Xs. Similar to
Case 2, we also first truncate X, into at most three
parts, and then we consider x5’ as pseudo measure-
ments to update zi"* to obtain the fused control points

w}’”l_”’l. After fusion, we obtain B-spline trajectory

1 =1 1 vi—t+1 g+1 v :
(T15ee s @) gy Ty a3, ..., x5?), which con-

catenates the first part of X7, the fused control points and the
rest of the control points of X5, and also truncated B-spline
trajectory :Lé:i_l. Also, similar to Case 2, when 7 > 1 [shown
in Fig. 3(e)], we append the truncated B-spline trajectory to
let it become (z3,. .. ,xéﬁl,x},ﬁ).

Case 4, an interior subsequence of one B-spline over-
laps with a subsequence of another: Assume that a sub-
sequence of control points x‘lwl of X;, where ¢+ > 1
and «/ < wip, overlaps with a subsequence of control
points z5”? of X, illustrated in Fig. 3(g). Similar to
Case 1 and Case 2, we first truncate X, into at most
three parts, and then we consider z;’ as pseudo mea-
surements to update :Ei”l to obtain the fused control

. /_ . . . .
points x}‘b “t1 After fusion, we obtain B-spline trajec-
1 t—1 1 V=1 V41 v :
tory (zy,...,27 ,xp,..., 2% ,x1 ..., x7"), which
10/ —+1

, and two truncated B-

! . .
replaces x7* in X; with x5
Jj+1:vg
2

spline trajectories x%:ifl and z . Finally, we append
the two truncated B-spline trajectories to let them become

1 i—1 .1 .2 J—o =1 g+l Vg
(23, ..., 25 ,xf,:cf) and (a:f T I SRR C B

Case 5, discontinuous overlapping area: The overlapping
area can be discontinuous, for example, when traffic islands
are present, as lane lines may first split and then merge
to direct traffic flow. In these cases, it is possible that the
two lane line estimates only overlap before and after the
traffic island, as shown in Fig. 3(h). In practice, to detect a
discontinuous overlapping area, we can check if there exists
more than one sequence of interpolated points in which
there are at least 7 consecutive interpolated points z(u;) of
X7 whose minimum value of (18) are smaller than I'. If
so, we truncate the shorter B-spline trajectory into different
parts at control points corresponding to the boundaries of
overlapping areas. By doing so, we only have lane lines with
continuous overlapping areas.

We note that, in cases where the two B-spline trajectories
are not merged into a single one, we need to truncate one of
the B-spline trajectories into different parts and concatenate
the fused B-spline trajectory with the truncated ones. It is
clear that such an operation is not unique, similar to how
the representation of merge or split lane lines is also not
unique. In the fusion process introduced above, we choose
to truncate the B-spline trajectory that has been interpolated
into pseudo measurements while increasing the length of the
other B-spline trajectory by concatenation.

D. Fusion of Multiple Lane Lines

To perform lane-level map fusion, we extend the fusion
method for merging two partially overlapping lane lines to
the fusion of multiple lane lines. The challenge of multi-
lane fusion is that, given two sets of B-spline trajectories,
the mapping between these two sets is not injective nor
surjective, as multiple lane lines from one set can be fused
with a single lane line from the other set, and vice versa.
Moreover, the vehicle could revisit the road it has traveled,
and thus the set of lane line estimates obtained in a single
drive may already contain overlapping lane line estimates.
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To solve this problem, we adopt a greedy fusion algorithm
that takes a set of B-spline trajectories as input and outputs
a fused set. The idea is simple: we group all the sets of
B-spline trajectories, with each set obtained from a single
drive, into a sequence of B-spline trajectories (in arbitrary
order). Then for each trajectory of the sequence, we check
if it can be fused with another trajectory in the sequence
sequentially. If fusion can be performed, then we fuse these
two trajectories, and based on the fusion result, the sequence
of trajectories may need to be extended due to truncation of
existing trajectories. Also note that a fused trajectory can still
be fused with other trajectories. However, directly solving
this problem can be computationally demanding. A more
efficient implementation can be obtained by using clustering.
First, we interpolate all the B-spline trajectories, and we
apply clustering to all these interpolated points. Based on
the clustering results, we group trajectories in the sense
that trajectories in different groups should not have any
interpolated points within the same cluster. Finally, we can
perform multiple lane lines fusion within each individual

group.
V. EXPERIMENTS

We validate the proposed pipeline on real-world datasets
collected using production vehicles in two cities in Europe.
The datasets contain two areas, Area 1 and Area 2, covering
highways and tertiary roads under varied lightning and
weather, totaling 70 km. Each area includes 8 drives, with
vehicles factory-calibrated offline with an additional real-
time dynamic extrinsic calibration. Each vehicle is equipped
with a separate high-precision localization system from
Oxford Technical Solutions (OxTS), providing ground-truth
positioning. As for HD maps, we use data provided by
professional surveying vehicles as ground truth.

We conduct two experiments to evaluate the performance
of the proposed approach. The first experiment aims to
evaluate the map quality of the on-vehicle mapping module,
where we choose TPMBM filter with clustering-based DA
[2] as the baseline. The second one benchmarks the absolute
accuracy and relative accuracy of the final HD map produced
by B2F-Map pipeline. In this experiment, for the baseline,
we keep the on-vehicle localization, on-vehicle mapping and
multi-drive optimization modules the same, but only replace
the Bayesian B-spline fusion module with cubic splines that
fit the sampled points of all observed lane lines within a
cluster [6].

A. Multi-Lane Tracking Performance

A problematic case of multi-lane tracking with clustering-
based DA is shown in Fig. 4(a), where during tracking, the
lane marking detections from another (almost perpendicular)
lane line are wrongly associated to a lane line parallel to the
vehicle’s travel direction. However, using Gibbs sampling-
based DA in our proposed approach avoids this mistake,
shown in Fig. 4(b). Table I shows the number of wrong
associations for all drives in both areas. The results show
that in almost all drives, the Gibbs sampling—based approach

outperforms the baseline, specially with large improvements
on the challenging cases such as Drive 04, 06 and 07 from
Area 1. This experiment demonstrates the advantages of
robustness of our proposed on-vehicle mapping algorithm
over baseline.

0

(a) Clustering and assignment

g I I I
~660 650 640 630 620 610 ~600
Easting (m)

(b) Gibbs sampling /

Fig. 4.

Qualitative comparisons of clustering and assignment DA using
Murty’s algorithm [2] (baseline) in (a) and Gibbs sampling-based DA in (b).
The blue points are the noisy lane marking edge detections and the red lines
are lane lines produced by EOT tracker. The gray arrow in (a) illustrates
the vehicle’s travel direction. (c) shows the Google street view of the lane
markings from another lane line, which are wrongly associated in baseline
approach, but not in the Gibbs sampling based approach.

TABLE I
NO. OF WRONG ASSOCIATIONS
Drive - Are? ! - - Area_ 2 -
Clustering  Gibbs sampling | Clustering  Gibbs sampling
01 3 0 2 0
02 3 1 3 0
03 5 1 3 0
04 6 2 4 0
05 4 2 3 1
06 7 1 1 1
07 8 3 3 1
08 4 2 4 0

B. Lane Lines Absolute and Relative Accuracy Benchmark

Tables II and III show the mean p and standard deviation
o of absolute errors and relative errors of crowd-sourced
maps generated using B2F-Map pipeline. We can see that
the relative errors are much smaller than absolute errors,
indicating that the produced crowd-sourced maps are geo-
metrically accurate but the lane lines can have some offsets
compared to the ground truth. However, in the autonomous
driving industry, HD maps are widely used for localization
and downstream tasks such as trajectory planning, where
relative accuracy is typically more important.

For ablation study on the Bayesian B-spline fusion mod-
ule, we compare our approach to the baseline, which fuses
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lane lines from different drives by clustering lane lines and
then fitting the sampled points within a cluster [6]. Note
that the main issue of the baseline is that it only fuses the
geometry of the lane lines but ignores the positioning and
mapping uncertainties of the lane lines while our B2F module
fully utilizes the uncertainties during fusion. We showcase
the advantages of our approach in Fig. 5, where after multi-
drive optimization, some estimated lane lines still suffer from
large positioning and mapping errors before fusion. We can
see that compared to the baseline, our approach results in
much more accurate estimates after fusion in terms of both
absolute accuracy and lane width. As a result, in Area 1,
which is the more challenging dataset, we can see from
Table II and Table III, our approach improves a lot compared
to the baseline.

Before fusion:

Baseline: ———

B2F-Map: —*—%—
L GT:

992

991

990

Northing (m)

I / I I
894 896, 898 900 902 901 906, 908
Easting (m)

Fig. 5. A qualitative result on the crowd-sourced map, where the fused lane
lines from B2F-Map pipeline are in black, and the ones from baseline are
in red. The estimated lane lines from crowd-sourced vehicles before fusion
are in blue and the ground truth is in green. Note that B2F-Map results in
accurate estimates despite the errors in some lane lines before fusion.

TABLE I
ABSOLUTE ERROR ON LANE LINES (UNIT: METER)

Method Area 1 Area 2

2 o 7 4
Baseline 0.612 0.351 | 0.772  0.420
B2F—Map 0.585 0.333 | 0.760 0.422

TABLE III
RELATIVE ERROR ON LANE LINES (UNIT: METER)

Method Area 1 Area 2

w o 7 o
Baseline 0.133  0.126 | 0.071 0.055
B2F-Map | 0.117 0.108 | 0.079 0.060

VI. CONCLUSIONS

In this work, we propose a crowd-sourced mapping
pipeline, B2F-Map, without relying on a base HD map.
We use B-splines for lane line representations throughout
the whole pipeline, where the on-vehicle mapping module
adapts the current state-of-the-art multiple EOT algorithm,
TPMB filter with Gibbs sampling, to ensure robust data
association. Whereas for on-cloud mapping, we propose
a novel Bayesian B-spline fusion algorithm to fuse lane-
level maps from crowd-sourced maps utilizing both geometry

and uncertainty, effectively fusing B-spline trajectories under
different densities. The experiments on real-world datasets
demonstrate that the proposed approach is capable of pro-
ducing high-quality HD maps in a crowd-sourcing manner.
The current major limitation of B2F-Map is that it does
not contain lane topology, which we intend to address in the
future. Future work also includes improving the real-time
performance of the on-vehicle mapping module.
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