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Abstract— We study the problem of aligning a video that
captures a local portion of an environment to the 2D LiDAR
scan of the entire environment. We introduce a method (VioLA)
that starts with building a semantic map of the local scene from
the image sequence, then extracts points at a fixed height for
registering to the LiDAR map. Due to reconstruction errors or
partial coverage of the camera scan, the reconstructed semantic
map may not contain sufficient information for registration. To
address this problem, VioLA makes use of a pre-trained text-to-
image inpainting model paired with a depth completion model
for filling in the missing scene content in a geometrically consis-
tent fashion to support pose registration. We evaluate VioLA on
two real-world RGB-D benchmarks, as well as a self-captured
dataset of a large office scene. Notably, our proposed scene
completion module improves the pose registration performance
by up to 20%.

I. INTRODUCTION

Generating 3D semantic maps of home environments
enables numerous applications in immersive technologies,
home-robotics, and real estate. Even though commercial
grade solutions exist for generating 3D maps of home envi-
ronments, they require expensive and specialized hardware,
as well as meticulous scanning procedures. Alternatively,
using widely available cameras such as those on mobile
phones can be used to reconstruct a local area. However,
scanning an entire house with a single camera is difficult;
getting all details in one scan is tedious even for a single
room. Moreover, merging scans across rooms is error-prone
due to the lack of images with overlapping features. In this
paper, we present a method to overcome these challenges
using a 2D floor layout, such as those obtained by Robot
Vacuum Cleaners (RVCs), and user-scanned videos recorded
independently with an RGB-D camera.

We study the following problem: Given a 2D LiDAR map
of an environment and an RGB-D image sequence recorded
from a local section of the same environment, the task is
to align the pose of the first image to the LiDAR map
as shown in Fig. 1. The benefits of aligning videos to 2D
LiDAR scans are twofold. First, image sequences with dense
scene information can be used to augment 2D LiDAR maps
with 3D geometry, texture and semantics information. This
is useful for example to disambiguate walls and furniture in
2D LiDAR maps, which may allow for better experiences
of user-robot interaction. Second, the LiDAR map can serve
as a common coordinate frame to align short clips of videos
captured from different locations of the same house. There-
fore, the entire house can be scanned by aligning independent
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Fig. 1: Given an RGB-D image sequence from an indoor scene and a 2D
LiDAR scan of the same environment, our task is to align the video to the
LiDAR map by registering the first camera pose to the LiDAR coordinate
frame. After registration, our method allows augmenting the LiDAR map
with 3D geometry, texture and semantics information.

video sequences to the common LiDAR map, for example,
as seen in Fig. 2.

Currently, there is no existing solution for the problem
of registering raw 2D point clouds obtained by LiDAR
measurements to 3D reconstructions from RGB-D image
sequences. This alignment task poses unique challenges in
several aspects. In particular, point clouds from 2D LiDAR
scans contain information from the entire floor plan of an
apartment but only at a fixed height, with no semantic
context. Whereas reconstruction point clouds have denser
3D information but only from a local area. Therefore, neither
point set is a superset of the other, which makes matching or
registration challenging. Furthermore, the sensing modalities
are different and the representation to use for registering a
3D reconstruction to a LiDAR map is not trivial.

We propose VioLA (Video-LiDAR Alignment), a method
for aligning videos to 2D LiDAR maps. The underlying idea
of VioLA is to reconstruct the 3D from RGB-D and perform
2D ray casting to emulate LiDAR measurements of RVC. If
the video scan captures majority of the scene at the RVC
height, then we can use the ray cast hit points directly to
register with the LiDAR point cloud. However, this may not
be always the case. User-captured videos may not contain
enough information of the scene at the RVC height leading
to poor registration performances. To fill in these missing
regions of the reconstruction, VioLA leverages a pre-trained
text-to-image model to synthesize images at novel viewpoints
depending on the scene geometry and lifts them to 3D with
a depth completion module in a geometrically consistent
fashion. Then, the completed point cloud can be used to
perform 2D ray casting at the RVC height and 2D-2D point
cloud registration with respect to the LiDAR map. The
contributions in this paper can be summarized as follows.
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Fig. 2: Using VioLA, 3D reconstructions obtained over multiple scans (4,
in this case) can be fused via registration to the LiDAR map (blue dots). In
addition, our method can generate the semantic labels for the fused point
cloud. The colored lines in the top figure show the camera trajectories and
the point colors in the bottom figure indicate the classes given in the legend.

• We introduce the novel task of registering videos to
2D LiDAR scans, which is motivated by i) enriching
LiDAR maps with texture and semantics for better user
experience, and ii) making use of LiDAR maps as a
common frame to localize short clips of videos taken
from different locations in an indoor environment.

• We present VioLA: A technique to register 3D recon-
structions of local areas to 2D LiDAR maps captured
from indoor environments such as apartments.

• As part of VioLA, we design a strategy for viewpoint
selection and leverage a state-of-the-art text-to-image
model to synthesize images at locations with missing
information to aid our point cloud registration module.

• We evaluate VioLA on two benchmarks using real
videos and synthetic LiDAR maps, in addition to a self-
collected dataset of real videos and LiDAR scans.

II. RELATED WORK

In this section, we provide an overview of existing work
that is related to our problem setup.

Cross-modality registration. There is a line of research
that studies the problem of cross-modality registration be-
tween 2D images and 3D point clouds. [1] uses 2D-3D
line correspondences to estimate the camera pose. Other
recent works apply deep learning to register 2D images to
3D point clouds [2]–[7]. However, none of these methods
directly addresses the problem of registering videos to 2D
point clouds. More similar to our setting, [8] and [9] make
use of floor plan images for aligning RGB-D scans. While
it operates on building-scale floor plans, the work in [8]
requires RGB-D panorama images that cover a large portion
of the floor plan. On the other hand, [9] takes as input an
RGB-D sequence that scans the entire indoor scene to refine
the camera poses, which can be a tedious task for end users.

Point cloud registration. Our problem can be formulated
as point cloud registration by first reconstructing the 3D
scene from the video. However, it is still non-trivial to
perform pose registration between 3D point clouds of local
area and 2D LiDAR point clouds of the entire floor plan.

ICP [10], [11] solves the registration problem by building
correspondences between closest points, which is sensitive
to initialization and prone to local minima. To overcome the
initialization issue, FGR [12] and TEASER [13], [14] opti-
mize one-to-one correspondence-based object functions with
the help of 3D point feature descriptors like PFH [15] and
FPFH [16]. Instead of building one-to-one correspondences
in a single shot, [17] proposes an optimization loss function
that consider multiple correspondences at the initial stage.

Deep learning is also applied to learn point feature de-
scriptors [18]–[22]. PointNet [23] is a popular architecture
to extract features directly from raw point clouds [18], [24].
Some other works apply DGCNN for feature learning [21],
[25]. Recently, more works have been developed for partial-
to-partial point cloud registration [26]–[34]. However, most
of them focus on 3D-to-3D registration, which are not
directly applicable to the 3D-to-2D case studied in this paper.

Point cloud completion. There has been a lot of attention
on the task of object-level point cloud completion [35]–[40],
for which priors for object shapes are learned from data.
Scene-level completion methods have been proposed with
a focus on self-driving car datasets [41], [42]. Other works
that focus on single-view scene completion [43]–[47] are
usually limited to scene completion only in the field of view.
However, completing the scene in the field of view is not
enough for our task, as we need to fill in the missing regions
that are not seen by the cameras to aid pose registration.
There are recent methods that utilize text-to-image inpainting
models and depth estimation models to generate scenes given
text prompts [48], [49]. However, they require predefined
camera trajectories, and the synthesized 3D content is not
grounded to any actual scene, which makes them difficult to
use for pose registration purposes.

III. METHOD

The input to VioLA consists of an RGB-D video sequence
V = {I1, . . . , In} and a 2D point cloud P ∈ R2×M captured
by the LiDAR sensor on a ground robot such as a robot
vacuum cleaner (RVC). The output is an estimate of the
transformation LTV ∈ SE(2) that aligns the pose of the
first image in the video to the LiDAR map, as well as a 3D
semantic map of the scene registered to the LiDAR coordi-
nate frame. For brevity, we denote the pose estimates by T
in the remainder of the paper. The main module of VioLA
includes: a) 3D reconstruction and semantic segmentation
from the RGB-D sequence, b) 2D point cloud extraction from
(a) by floor estimation and ray casting, and c) 2D registration
of point clouds from (b) and LiDAR point cloud from the
RVC. Additionally, to address the case where the registration
suffers from having too few points from ray casting, VioLA
utilizes d) a 3D scene completion module using a pre-trained
inpainting model to synthesize the 3D geometry in missing
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Fig. 3: Method Overview. VioLA takes as input an RGB-D sequence and a 2D LiDAR scan from uncalibrated sensors, and aligns these two sources
of measurements. Our approach first reconstructs the 3D scene and extracts semantics from each image which are then fused by multi-view voting to
obtain a semantic point cloud. After finding the floor surface, it performs 2D ray casting at a desired height to emulate LiDAR measurements. If the hit
points of these ray casts cover a large portion of the reconstruction they are used directly to align to the input 2D LiDAR scan with our 2D-2D point
cloud registration module. If not, VioLA uses our novel strategy for view selection coupled with inpainting-based scene completion. The final result of
our method is the SE(2) transformation relating the first camera frame to the LiDAR coordinate frame, as well as the semantic map.

regions. An overview of our approach is shown in Fig. 3. In
the following subsections, we detail each of the modules.

A. 3D reconstruction, semantic segmentation

We use off-the-shelf SLAM algorithms [50]–[52] to recon-
struct 3D point clouds from the RGB-D videos. We further
estimate the segmentation class for each reconstructed 3D
point by fusing 2D semantic segmentation into 3D. The
semantic segmentation provides rich information about the
scene including the floor which is critical for the next step
(Sec. III-B). Following [53], we first apply 2D color-based
augmentations on the key frames of the SLAM algorithm.
These augmented images are then used to predict the se-
mantic masks using Mask2Former [54]. These estimated
masks of a single frame can then be fused into a categorical
probability distribution pu = [p

(1)
u , ..., p

(C)
u ] over C classes

for each pixel u paired with a confidence score su ∈ [0, 1].
To determine the semantics of the reconstructed 3D points,
we first project each point x onto the m SLAM camera
frames in which the point is visible and store the set of
pixels U = {uj}mj=1 that x projects to. Then, we sum over
the corresponding probability distribution weighted by the
normalized confidence scores. The final semantic label c(x)
of the point x is determined as:

c(x) = argmax
i∈{1,...,C}

∑
u∈U

wu · p(i)u (1)

where wu = su/
∑

v∈U sv is the normalized confidence
score, and u = Π(x) is the projection of x in each of the m
frames where x is visible.

B. Floor normal estimation and RVC viewpoint projection

After reconstructing the scene from the RGB-D video, we
simulate what the RVC would see in this scene in order to
perform 2D point cloud registration with the LiDAR map. To
do so, we first estimate the floor surface by fitting a plane to
the points that are labeled as floor. The ground is assumed to
be visible in the video, which is usually the case in casually
recorded videos as shown in the experiments section. Then
we move all SLAM camera poses down to a predefined RVC
height while preserving only the yaw angles, i.e., the y-axis
of the camera is parallel to the estimated floor normal. From

these downprojected camera poses, we cast rays from the
camera centers to the reconstructed 3D points to emulate
LiDAR hit points.

C. Pose initialization and optimization

Since SLAM reconstructs the 3D points with respect to the
first camera frame, the hit points H ∈ R2×N obtained from
the 2D ray casting module are also in the same frame. VioLA
performs 2D-2D point cloud registration between the LiDAR
map P and the ray cast hit points H. Similar to most iterative
algorithms for registration, our method requires an initial
guess for estimating the relative pose between the two point
clouds. We rasterize both the LiDAR map and the simulated
hit points into images. We then perform template matching
and select the top k poses with the highest normalized
cross correlation scores as our initial poses. With these
initial poses, we apply GPU parallelization to simultaneously
update the poses by minimizing the following loss function
using gradient descent:

L =

k∑
i=1

d(Ti ·H,P) (2)

where d(·, ·) denotes the one-directional Chamfer distance
given by d(X,Y ) = 1

|X|
∑

x∈X miny∈Y ||x − y||2, and the
point clouds are in homogeneous coordinates. We compute
the Chamfer distance from the hit points to the LiDAR
map after applying the estimated transformations. Finally,
the estimated pose is selected as the pose that minimizes the
one-directional Chamfer distance after optimization.

This Chamfer-based optimization can be replaced with
other pose optimization methods like ICP. In a preliminary
experiment, we found out that ICP performs very similarly
to our method given the same initialization. However, ICP
on average takes a total of 49.5 seconds for matching
with k = 100 initializations, while our method takes 15.5
seconds on average. Therefore, we use the Chamfer-based
pose optimization.

D. Scene completion based on image inpainting

As we will demonstrate later in experiments in Section IV-
A, reconstructed points at the RVC height is critical for
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registration success. However, these points might be missing
due to the video not capturing the lower part of the scene
or the SLAM algorithm suffering from matching featureless
points. In this section, we show how state-of-the-art inpaint-
ing methods can be used to provide this missing information.
Note that we are not trying to fill in every detail of the
scene. Instead, we show how one can judiciously select good
viewpoints so that i) resulting images contain a sufficient
amount of observed pixels so that inpainting is successful,
and ii) the inpainted pixels correspond to locations that would
have been observed by the RVC.

Virtual viewpoint selection. The key idea of our strategy
for viewpoint selection is to incrementally add 3D content
from a sequence of virtual views. Our strategy involves
starting from a view that sees the boundary between observed
and unobserved pixels, then moving the camera back to
increase the field of view, and finally rotating to cover more
unobserved pixels.

To describe our strategy for placing virtual cameras, we
define five types of point sets (see Fig. 4). a) The 2D ray
cast hit points at the RVC height obtained from Section III-B,
b) downprojected points: the reconstructed points projected
onto a horizontal plane at the RVC height, c) missing points
at the RVC height: the subset of (b) whose vicinity does
not include (a), d) boundary point: the point in the largest
cluster of (a) that is closest to (c), and e) frontier points:
which approximately represent the boundary of the area to
be completed at the RVC height.

We are interested in placing the frontier points in such a
way that as the virtual cameras view these points, they grad-
ually cover the missing part extending from the seen part.
Therefore, we first find the boundary point that represents the
boundary of the seen part and area to be completed. Next,
to place the frontier points, we fit a concave hull [55], [56]
on the downprojected points. Then, we sample points on the
hull boundary starting from the point that is closest to the
boundary point and extend towards the direction where there
is no ray cast hit points for 2m.

Finally, to generate the virtual camera trajectory, we search
among all the frames in the video to find cameras that see the
boundary point and pick the one with least pitch angle (i.e.,
camera looking down) as the first camera. Then, we move the
camera back along its z-axis with a step size of 0.2m until it
sees half of the frontiers, and apply rotation along the floor
normal direction with a step size of 10◦ until the camera sees
all the frontiers or it reaches the maximum rotation threshold
(30◦). As shown in Fig. 4, these sequential viewpoints are
later used in the point cloud completion module.

Point cloud completion. Given a target viewpoint, we first
render an RGB-D image from the reconstructed point cloud
using a differentiable point cloud renderer [57], along with a
binary occupancy image. The rendered RGB image is taken
as input to the Stable Diffusion inpainting model [58] to fill
in the missing part indicated by the mask and a text prompt.
In all our experiments we use the prompt “a realistic photo
of an empty room”, so as to discourage the inpainting model
from hallucinating objects that do not exist in the actual
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Fig. 4: Given the 3D reconstruction, VioLA first places virtual viewpoints
whose union cover the frontier points. At each viewpoint, VioLA renders an
RGB-D image from the 3D points and performs image inpainting followed
by depth completion with the help of the predicted semantics. Finally, it
fuses the newly inpainted pixels back into 3D.

scene. Next, we use a monocular depth estimation method,
IronDepth [59], on the inpainted RGB images for lifting the
synthesized scene content to 3D. We backproject and fuse
the inpainted areas into the reconstructed point cloud with
the known camera parameters in an auto-regressive fashion.
To better align the geometry of the new content to the
reconstructed point cloud, we use the depth values rendered
from the initial reconstruction as input to the depth estimation
model and complete the rest of the pixels. Furthermore, we
obtain a semantic segmentation of the inpainted image, and
for the pixels predicted to be in the floor class, we use their
depths to the estimated floor plane as additional supervision
to the depth completion module.

After inpainting new scene content from all the virtual
viewpoints and completing the reconstructed point cloud, we
again cast rays from the RVC height cameras to obtain the
hit points as mentioned in Section III-B and follow the same
pose estimation method in Section III-C to perform 2D point
cloud registration with the LiDAR map.

IV. EXPERIMENTS

In this section we describe the set of experiments we
conducted to evaluate VioLA’s performance.

Datasets. In our experiments, we use three real-world
RGB-D datasets: Redwood [60], ScanNet [61] and a self-
captured dataset from a large office. Both Redwood and
ScanNet provide ground truth camera poses as well as the
reconstructed meshes. We simulate the LiDAR maps by
placing virtual sensors at the RVC height in the provided
meshes and cast rays in all directions to collect hit points. To
imitate the noise observed in real LiDAR scans, we further
perturb the hit points with a 2D Gaussian with standard
deviation of 1cm and drop points with a probability of 10%.
Note that the provided meshes from ScanNet contain missing
parts and holes in the scene, therefore, the simulated LiDAR
map is not perfect even before adding noise. We use all
apartment scenes from ScanNet and manually select several
other scenes that are large and have better reconstructed
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meshes, which result in 36 scenes. For each scene, we
randomly sample 6 videos from the provided camera stream.
We include all scenes in the Redwood dataset and sample 20
videos from each scene. We additionally include 10 difficult
videos for Redwood that capture mostly only the upper part
of the scene. Among all the sampled videos, there are only
1 from ScanNet and 2 from Redwood that do not see the
floor, which justify our assumption in Section III-B that the
floor is usually partially visible. We manually exclude these
3 videos. To collect data from the office scene, we mount
a LiDAR on a ground robot and move it around the office
to build the 2D map using GMapping [62], [63]. We also
record 5 video sequences at different locations in the office
with a hand-held RGB-D camera.

Metrics. We report mean and median of the rotation and
translation errors between the estimated pose registration and
the ground truth. We denote Rµ, Rmed as the mean and
median of the estimated 2D rotation error in angles, and
Tµ, Tmed as the corresponding translation error in meters.
Additionally, we report the success rate (SR) where a pre-
dicted registration is counted as successful if it has rotation
error less than 10◦ and translation error less than 0.3m.

A. Camera pose estimation on real-world RGB-D scans

We present quantitative results for 2D pose estimation on
both Redwood and ScanNet. Since there is no existing work
that directly estimates the relative pose between a video and
a 2D LiDAR point cloud, we perform a comparative study
using varied versions of our proposed methods as baselines.
The base method denotes our method without the scene
completion module.

To verify our assumption that the missing points at the
RVC height is one of the major failure causes, we investigate
the correlation between the pose registration error and a
coverage metric. Specifically, for each sample, we align the
ray cast points with the LiDAR map using the ground truth
pose, then we measure the proportion of the LiDAR map
covered by the ray cast points as the percentage of coverage.
In Fig. 5, we plot the pose estimation error of the base
method as a function of this coverage metric. It is clear that
as the coverage reduces, more data lie above the error bound.
This motivates our scene completion module for filling in the
missing data and improving the registration accuracy.

Next, we consider the full VioLA pipeline on all the
data by activating the scene completion module on every
video. Indicated by “VioLA-all” in Table I, we see that
the scene completion module can hurt the pose registration
performance if applied to all the videos. One major failure
case is when the scene already has sufficient coverage at
the RVC height, the completion module will be forced to
generate geometry beyond the boundary of the observed
scene. Therefore, the synthesized areas might not match the
actual scene.

To decide whether we should perform scene completion,
we devised a decision criterion which effectively finds out if
there are multiple local minima among the optimized poses
in Section III-C. Specifically, we consider all poses and check

TABLE I: The effect of the scene completion module based on different
activating criteria. Base method is without the scene completion module.
VioLA-all applies the scene completion on all data and VioLA-w/ gt. applies
on the data that is considered failed measured with ground truth pose. VioLA
activates the completion module with the proposed decision criterion.

Redwood
Rµ(◦) ↓ Rmed(

◦) ↓ Tµ(m) ↓ Tmed(m) ↓ SR(%)↑
Base method 27.407 1.389 1.324 0.1 0.667

VioLA-all 27.934 1.695 1.264 0.148 0.648
VioLA 18.787 0.975 0.794 0.09 0.741

VioLA-w/ gt. 15.829 1.12 0.646 0.084 0.806
ScanNet

Rµ(◦) ↓ Rmed(
◦) ↓ Tµ(m) ↓ Tmed(m) ↓ SR(%)↑

Base method 15.631 1.557 0.778 0.069 0.805
VioLA-all 29.203 2.862 0.86 0.111 0.660

VioLA 14.311 1.46 0.488 0.073 0.833
VioLA-w/ gt. 10.451 1.343 0.433 0.064 0.879

if there are two poses which have small loss values and at the
same time, are not close. We define Ti and Tj to be close if
the relative rotation is smaller than θR and relative translation
is smaller than θT . More concretely, we start with the pose
T1 with the smallest loss value after optimization. We then
remove its neighbors which are close from consideration and
pick the second best pose T2. Let L1 and L2 be the loss
values associated with T1 and T2 respectively. If these two
poses have similar loss values (i.e. |L1 − L2| < c), then
it means there are multiple local minima, therefore, scene
completion is needed. To determine the values of θR, θT , c,
we use 20% of data from ScanNet and perform parameter
search. We select the parameter set that allows VioLA to have
the minimum rotation error on this 20% of the data. Finally,
we use θR = 20◦, θT = 0.3m and c = 20 for VioLA on all
data. As shown in Table I, this activation criterion captures
the cases that require completion well and therefore VioLA
performs better than the base method on both datasets. Fig. 6
shows qualitatively how scene completion in VioLA helps
pose registration on the scenes where the base method fails.

To verify the performance of the designed decision cri-
terion for the completion module, we further conduct an
experiment that activates the point cloud completion module
using the pose registration error measured with ground truth,
which represents the upper bound of VioLA’s performance.
“VioLA-w/ gt.” in Table II shows that our designed decision
criterion allows VioLA to perform close to its upper bound,
and with a better developed criterion, the performance of
VioLA can be further improved.

Floor map augmentation with VioLA. In addition to
public datasets for which we simulated the LiDAR scans,
we present qualitative results on the self-captured office
scan with a noisy, real-world LiDAR map. We demonstrate
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Fig. 5: The effect of the reconstruction’s coverage of the scene on the
registration performance. The red line indicates the rotation error bound
of 10◦ and the blue line indicates the translation error bound of 0.3m. It is
shown that more data lies above the error bound as coverage decreases.
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Fig. 6: Qualitative results of VioLA using and without using the point cloud
completion module. We see that synthesizing the scene content at the RVC
height improves the overall registration performance. The first two rows
show the original and completed reconstructions, respectively, with the third
row highlighting the added new points. In the last two rows, red points are
the predicted and green ones are the ground truth registrations.

that VioLA can help augment the LiDAR map after pose
registration. As shown in Fig. 2, 4 videos recorded separately
are registered to the same LiDAR scan to achieve 3D
reconstruction of a large scene. Furthermore, we show that
semantics information can be added to the LiDAR map,
which is useful for enabling more informative floor layouts.

B. Comparison of strategies for target viewpoint selection

We observe that the inpainting model is sensitive to how
we select the novel viewpoints for rendering RGB images
and for performing inpainting. Therefore, we investigate the
effect of different viewpoint selection strategies. In Sec-
tion III-B, we move the cameras down to the RVC height
to cast rays for emulating LiDAR hit points. One idea is
to directly use these virtual cameras at the RVC height to
maximize the amount of new content. Another approach
is to move the SLAM camera poses back by 0.5m along
the camera’s z-axis to increase the field of view while
guaranteeing to keep a certain portion of the seen content.
We compare these two additional view selection strategies
with VioLA as mentioned in Section III-D. As shown in
Table II, VioLA outperforms these two baseline viewpoint
selection strategies. We observe that directly inpainting from
the viewpoints at the RVC height gives the most information
for the 2D hit points. However, sometimes these viewing
angles are much different from the original camera poses, and
therefore are relying on the inpainting model to synthesize a
large empty space without enough information for grounding
to the actual scene. Stepping back from the original camera
poses is a way to guarantee that the input RGB images to the
inpainting model retains certain amount of content. However,
naively moving the cameras back can result in undesired

TABLE II: The effect of different viewpoint selection strategies for scene
completion on pose registration performance. Step back moves SLAM
camera poses back by 0.5m along the camera’s z-axis. RVC projects the
viewpoints down to the RVC height from the SLAM poses.

Redwood
Rµ(◦) ↓ Rmed(

◦) ↓ Tµ(m) ↓ Tmed(m) ↓ SR(%)↑
Step back 27.179 1.467 1.303 0.102 0.685

RVC 29.32 1.306 1.097 0.096 0.694
VioLA 18.787 0.975 0.794 0.09 0.741

ScanNet
Rµ(◦) ↓ Rmed(

◦) ↓ Tµ(m) ↓ Tmed(m) ↓ SR(%)↑
Step back 16.076 1.63 0.645 0.073 0.833

RVC 15.082 1.458 0.657 0.073 0.814
VioLA 14.311 1.46 0.488 0.073 0.833

viewpoints or viewpoints that do not help with filling in
missing area at the RVC height.

In contrast, VioLA’s viewpoint selection strategy allows
the inpainting model to start from already seen parts and
move toward the missing part at the RVC height with gradual
viewpoint change. As shown in Fig. 6, VioLA is able to
fill in reasonable geometry at the RVC height. Note that
VioLA’s main goal is to complete the points for the purpose
of pose registration, instead of generating the whole scene.
Therefore, although the completed area does not cover a large
space, it can improve the registration performance as long as
the missing areas at the RVC height are reconstructed well.

V. CONCLUSION

We presented VioLA for aligning RGB-D videos to 2D
LiDAR maps obtained by RVCs. After building a 3D seman-
tic map using the image sequence, VioLA performs 2D ray
casting to emulate the LiDAR measurements, and inputs the
hit points to our pose optimization module for registering to
the LiDAR map. Our key observation is that the registration
error correlates with the missing points at the RVC height.
To fill in the missing information, we introduced a scene
completion technique that leverages a pre-trained text-to-
image model paired with a novel viewpoint selection strategy.
We show that after using the completed point clouds, our
registration module can solve up to 20% of the instances
where it has failed before. In addition, we demonstrate that
our method can be used to align short sequences of videos
collected independently from different rooms, which enables
augmenting LiDAR maps with 3D geometry and semantics.

While VioLA shows promising results for video to LiDAR
alignment, it has some limitations that need to be addressed.
First, we assume that a portion of the floor is visible in
the video, since our method relies on estimating the floor
plane. One way to eliminate this assumption is to use
additional sensing such as IMUs to estimate the gravity
direction, then performing ray casting at multiple heights
as possible inputs for registration. Moreover, we note that
using pre-trained inpainting and depth completion models
can generate implausible geometries that may be detrimental
to the pose registration performance. Although our strategy
for selecting viewpoints mitigates this issue, we see few
instances impacted by inaccurate completions of the scene,
which leaves an exciting open problem for future studies.
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