




Figure 2. Overview. Given a set of posed images and optional 3D points, we associate nearby points to lines, match the lines, triangulate them
with 4 different strategies, score 3D line proposals, build line tracks, jointly optimize all features, before obtaining our final reconstruction.

3. The Proposed 3D Line Mapping Pipeline
We now present our proposed pipeline for 3D line map-

ping. Our method takes as input a set of images with 2D
line segments from any existing line detectors. We as-
sume the camera pose for each image is available (e.g. from
SfM/SLAM), and optionally we can also leverage a 3D point
cloud (e.g. obtained from point-based SfM). The pipeline
consists of three main steps:

• Proposal Generation (Sec. 3.1): For each 2D line seg-
ment, we generate a set of 3D line segment proposals.

• Scoring and Track Association (Sec. 3.2): Considering
multi-view consistency, we score each proposal, select the
best candidate for each 2D line, and associate them into a
set of 3D line tracks.

• Joint Refinement (Sec. 3.3): Finally, we jointly perform
non-linear refinement over the 3D line tracks along with
3D points and VP directions, integrating additional struc-
tural priors as soft constraints.

Figure 2 shows an overview of the overall pipeline. In the
following sections, we detail each of the three main steps.

By design our pipeline is robust to scale changes and
we use the same hyper-parameters for all experiments
across datasets, which are provided in Sec. F.2 in the supp.

3.1. Generating 3D Line Segment Proposals

The first step is to generate a set of 3D line proposals
for each 2D line segment. Given a segment in an image,
we use any existing line matcher to retrieve the top K line
matches in each of the nv closest images. Using the top K
line matches instead of a single match increases the chance
of getting a correct match, while wrong matches will be
filtered out in subsequent steps.

Let (xr
1,x

r
2) ∈ R3 × R3 be the two endpoints (in homo-

geneous coordinates normalized by the intrinsics) for the
reference line segment that we wish to generate proposals
for. For ease of notation, we let the world-coordinate system
align with the reference view. The endpoints of the 3D line
proposals that we generate can all be written as

X1 = λ1x
r
1, X2 = λ2x

r
2, (1)

for some values of λ1, λ2 ∈ R. Having the 3D endpoints
of all proposals lie on the camera rays of the 2D endpoints
simplifies the scoring procedure in the second step (Sec. 3.2).

3.1.1 Line Triangulation

For each matched 2D line segment (xm
1 ,xm

2 ) we generate
one proposal via algebraic line triangulation. Let (Rm, tm)
be the camera pose of the matched view. We can then solve
linearly for the endpoint ray depths λi as

(xm
1 × xm

2 )T (Rm(λix
r
i ) + tm) = 0, i = 1, 2. (2)

The proposals are then filtered with cheirality checks (posi-
tive λ) and degeneracy check via the angle between ray xr

i

and ℓm = xm
1 × xm

2 . Note that line triangulation becomes
inherently unstable close to degenerate configurations when
ℓTmRmxr

i = 0, where we get zero or infinite solutions from
(2). Geometrically, this happens when the line is parallel
with the epipolar plane: If ℓTmtm ̸= 0 they have no inter-
section, otherwise they intersect fully and we get infinite
solutions ℓm ∼ tm × Rmxr

i = Exr
i , i.e. the line segment

coincides with the epipolar line from xr
i . This issue is further

illustrated in Figure 8. Since we solve for each λi indepen-
dently, the triangulation problem can have zero, one, or two
degenerate endpoints. We term the case with one degenerate
endpoint as a weakly degenerate one, and the case with two
degenerate endpoints as fully degenerate. In contrast to the
point case, two-view line triangulation is minimal such that
any solution fits the measurements exactly with zero error,
preventing filtering with 2D reprojection error at this stage.

3.1.2 Point-Line Association

To obtain meaningful proposals in degenerate cases, we lever-
age additional geometric information coming from either
points or associated vanishing points (VPs). 2D-3D point
correspondences can either come from a point-based SfM
model or be triangulated from matched endpoints/junctions.
For each 2D line segment, we associate all 2D points within
a fixed pixel threshold and thereby associate with their corre-
sponding 3D points. For each image, we also estimate a set
of VPs and their association to 2D lines using JLinkage [71].
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