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To realize a “Parking-to-Parking” automated driving function covering public roads and parking areas from an origin to a destination
parking space, this study investigates a crowdsourced parking-map generation technique using sensor data from mass-production vehicles,
aiming for a low-cost, scalable map-building scheme that works even in GNSS-denied indoor environments without dedicated survey
vehicles.

The proposed method uses only sensors mounted on mass-production vehicles: four surround-view fisheye cameras, an IMU, wheel-
speed sensors, and single-point GNSS. A vehicle-side lightweight Semantic Visual SLAM(1,2) using road markings as features generates a
point-cloud map, which is sent to the cloud for merging.

In map merging, semantic landmarks from SLAM have low distinctiveness and are prone to mismatching. Existing research(3) uses
parking-slot numbers as a cue, but these are not always present and can be hidden by vehicles, limiting versatility. The proposed method in-
stead evaluates the distinctiveness of each frame with a Semantic Pre-Qualification (SPQ) score(2), selects high-quality frames as candidates,
and merges them via Iterative Closest Point (ICP). For each correspondence pair, the relative pose between two source-map keyframes is
compared with the relative pose after ICP matching across all pairs, and pairs that deviate beyond an allowable range are iteratively removed
as geometrically inconsistent, yielding robust merging that does not depend on specific landmarks. The merging procedure is summarized
in Algorithm 1.

Algorithm 1 Map Merging
Require: target map Mt, source map Ms

Ensure: merged map M
1: T0 ← InitAlign(Ms, Mt)
2: Ms ← Transform(Ms, T0)
3: C ← ∅
4: for all q ∈Ms s.t. SPQ(q) ≥ τspq do
5: P ← {p ∈Mt | SPQ(p) ≥ τspq,

‖q − p‖ < dmax, |∆h| < hmax}
6: (T, s)← ICP(q, P )
7: if s ≥ τscore ∧∆(T ) ≤ δ then

C ← C ∪ {(q, T, s)}
8: C ← ConsistencyFilter(C)
9: if C = ∅ then

10: return FAIL
11: M ← Append(Mt, Ms)
12: M ← Optimize(M, C)
13: for k = 1 to 2 do
14: C ← C ∪MatchDuplicates(M, ddup);

M ← Optimize(M, C)
15: M ← RemoveDuplicatePoints(M)
16: return M

Table1 Position error (Mean/RMSE [m])

Facility w/o check with check before merge

A 7.59 / 7.75 0.14 / 0.16 0.11 / 0.13
B 2.84 / 4.73 0.42 / 0.46 0.47 / 0.50
C 3.44 / 5.27 1.46 / 1.75 5.34 / 7.97

We use mass-production vehicle data from three domestic
facilities with different parking-area sizes (Facility A: approx.
3,000 m2, B: approx. 3,200 m2, C: approx. 7,000 m2), assum-
ing GNSS is unavailable indoors, using the 3D position error
of merged keyframes relative to GNSS ground truth (RTK-
FIX) as the accuracy metric.

Table 1 summarizes the results for one merge per facil-
ity. The reliability check removes geometrically inconsis-
tent mismatches: errors of several meters without the check
(mean 2.8–7.6 m for A, B) improved to under 1 m, and Facil-
ity C improved from 3.4 m to 1.5 m. Comparing standalone
and merged maps, Facility C (standalone mean 5.34 m) im-
proved to 1.46 m (approx. 73 % reduction), and Facility B
improved by approx. 9 %, while Facility A, already accurate
(mean 0.11 m), slightly worsened from the source map’s rel-
ative error; larger standalone-map error thus yields a greater
accuracy gain from merging.

The merging process (10-run average, Core(TM) i7-13700
CPU, 32 GiB RAM) is dominated by high-SPQ matching (ICP
over candidate keyframe pairs), which increases sharply with
keyframe count (approx. 11 s for 15/56 source/target keyframes, approx. 66 s for 40/127). Accelerating candidate search/optimization for
large-scale maps and further reducing map size for distribution remain future work.
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