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Abstract— State-of-the-art techniques for monocular camera
reconstruction predominantly rely on the Structure from Mo-
tion (SfM) pipeline. However, such methods often yield recon-
struction outcomes that lack crucial scale information, and over
time, accumulation of images leads to inevitable drift issues. In
contrast, mapping methods based on LiDAR scans are popular
in large-scale urban scene reconstruction due to their precise
distance measurements, a capability fundamentally absent in
visual-based approaches. Researchers have made attempts to
utilize concurrent LiDAR and camera measurements in pursuit
of precise scaling and color details within mapping outcomes.
However, the outcomes are subject to extrinsic calibration and
time synchronization precision. In this paper, we propose a
novel cost-effective reconstruction pipeline that utilizes a pre-
established LiDAR map as a fixed constraint to effectively
address the inherent scale challenges present in monocular
camera reconstruction. To our knowledge, our method is the
first to register images onto the point cloud map without
requiring synchronous capture of camera and LiDAR data,
granting us the flexibility to manage reconstruction detail levels
across various areas of interest. To facilitate further research in
this domain, we have released Colmap-PCD3, an open-source
tool leveraging the Colmap algorithm, that enables precise fine-
scale registration of images to the point cloud map.

I. INTRODUCTION

Image localization is crucial in the field of robotics and
augmented reality, where achieving precise image local-
ization is a critical component for creating realistic scene
reconstructions. Typically, image localization and 3D fea-
ture point reconstruction are built on the well-established
Structure-from-Motion (SfM) pipeline [1]. However, despite
the increasing popularity and continuous advancements in
SfM algorithms, persistent challenges such as accuracy and
scale ambiguity remain to be solved, particularly in the
context of large-scale reconstruction. As the number of
images increases, the inevitable occurrence of drifts poses a
significant challenge. In contrast, LiDAR mapping leverages
its ability to capture 3D data in the form of point clouds,
providing inherent and highly accurate scaling information
within the 3D space. This attribute makes LiDAR mapping
particularly well-suited for tasks involving large-scale urban
scene reconstruction. Therefore, adopting a collaborative
mapping strategy that harnesses the strengths of both LiDAR
and visual sensors holds great promise for achieving scale-
accurate and robust 3D scene reconstruction.
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Fig. 1: The mapping user interface of Colmap-PCD. Input
data include the point cloud and images.

However, even when collecting images and LiDAR scans
simultaneously, the quality of the mapping results remains
significantly influenced by the precision of extrinsic calibra-
tion and time synchronization. Furthermore, the acquisition
of image data often occurs at a fixed frequency, leading to
an inefficient allocation of computational resources since not
every region necessitates the same level of reconstruction
accuracy. Consequently, if it becomes possible to separately
acquire LiDAR data and images, it would offer substan-
tial flexibility in adjusting image capture frequencies. This
approach would allow higher sampling rates in regions
abundant in detail, while reducing sampling in areas with
fewer details, thus aligning with specific reconstruction re-
quirements. In addition, this approach proves to be cost-
effective by eliminating the necessity for an exceptionally
expensive LiDAR system. Users can opt to rent a LiDAR
unit for the preconstruction of point cloud and subsequently
cease its usage, depending on more affordable and easily
accessible cameras for image localization and reconstruction.
Moreover, collecting data asynchronously also benefits agent
collaboration. After the initial LiDAR mapping is done, we
can follow up with image capture using multiple camera
models, which are then registered to the same LiDAR
point cloud map at different timestamps. This streamlined
collaboration reduces the hardware needs and eases the time
synchronization demands on data acquisition equipment.

Despite the aforementioned advantages, registering Li-
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DAR point clouds with images can be a formidable task
when data is not collected synchronously. Achieving precise
2D-3D correspondences between images and their recon-
structed objects is crucial for accurate image localization.
One promising approach involves establishing correspon-
dences between images and LiDAR planes, which can be
considered as substitute 3D features of the reconstructed
objects derived from the LiDAR point cloud map. For this
purpose, we choose to employ Colmap [1], [2], a robust
software tool based on the classical Structure-from-Motion
(SfM) pipeline. Building upon this foundation, we augment
the pipeline by incorporating a pre-established LiDAR map
as a fixed constraint within the factor graph optimization
process. This inclusion helps ensure that the reconstructed
scale of the images closely matches that of the LiDAR
map, enhancing the accuracy of the registration process. Our
method is evaluated using self-collected datasets, and the
results clearly demonstrate its superior performance over the
standard Colmap approach. More specifically, our approach
produces a reconstruction result with an accurate scale,
which falls beyond the capability of the original Colmap.

In summary, this paper presents three significant contribu-
tions: 1) Introducing Colmap-PCD, an image-to-point cloud
registration pipeline that refines image localization using Li-
DAR maps. It produces accurate localization and reconstruc-
tion with scale information, without requiring synchronous
LiDAR and camera data collection. 2) Demonstrating the
efficacy of Colmap-PCD through comprehensive testing on
self-collected datasets. 3) Publishing an open-source tool and
datasets to the research community. The user interface is
shown in Fig. 1.

II. RELATED WORK

We will introduce the commonly used features in LiDAR
and visual mapping and the mathematical algorithms fre-
quently employed in 3D reconstruction.

Metric Features: For LiDAR mapping, point-to-plane and
point-to-line features [3], [4] are usually applied to the 3D
data accepted by the multi-line LiDAR. Meanwhile, point
types such as ground points [5] and pole points [6] can
be used to segment the point cloud and assist with feature
matching. In visual reconstruction, feature descriptors such
as SIFT [7], SURF [8] and ORB [9] are commonly employed
to identify the same features between images. Direct methods
like SVO [10] and LSD-SLAM [11] leverage the pixel-level
grayscale invariance to recognize the motion direction of
pixels.

Photogrammetry: For a monocular camera, epipolar ge-
ometry [12] uses an essential matrix or a fundamental matrix
to describe the pose transformation relationship between
frames. For stereo cameras or RGB-D cameras, methods
from the iterative closest point (ICP) [13] series are used
to estimate the transformation relationship between two sets
of 3D points. When one set comprises 3D points and the
other consists of 2D points, the Perspective-n-Point (PnP)
[14], [15] method serves as a technique to solve for the
motion of the 3D-to-2D point correspondence. EPnP [16] is

usually used to avoid the influence of outliers. P4P [17] and
sampling-based approaches [18] can be used for uncalibrated
cameras.

Factor graph-based approaches: ISAM [19] employs
an incremental update mechanism that efficiently updates
the nodes and edges affected by new measurements when
they are added, avoiding the need to reconstruct the entire
graph. In visual SLAM, the reprojection error is a common
cost in various algorithms like OKVIS series [20], [21].
In LiDAR-based SLAM, point-to-plane or point-to-point
distance errors are commonly used cost functions. In LiDAR-
Vision SLAM, V-LOAM [22] and LIMO [23] combine point
cloud registration from LiDAR with feature tracking from
images within a pose-graph optimization framework, and
the fusion of these complementary modalities enhances the
system’s robustness and accuracy.

III. REVIEW OF COLMAP
Here is an introductory overview of Colmap. For more

detailed information, please refer to the original paper [1].
Correspondence Search: The correspondence search pro-

cess consists of feature extraction and feature matching,
identifying matching 2D feature points across various input
images to determine potential scene overlap. To enhance
the reliability of image matching, Colmap chooses the most
credible transformation model by calculating the number of
inliers under different transformation conditions.

Initialization: Select an appropriate image pair for the
initial reconstruction, ensuring it shares sufficient common
observations with multiple images. Then, utilize triangulation
to generate the initial set of 3D reconstruction points.

Select and Register Next Image: Select an image that
has more common visible points with the current model and
a more uniform distribution pattern as the next image for
registration. Register the image to the model by PnP.

Triangulation: Perform triangulation on the new image
to integrate the new scene into the existing 3D structure.
Due to noise, Colmap treats the feature tracks of a single
3D point as a group of measurements, which can be paired.
Use the Direct Linear Transform (DLT) method [12] to
calculate the 3D point of the paired measurements. Reliable
triangulation results are obtained through recursive sampling
using RANSAC and adjusting the sampling area.

Incremental Bundle Adjustment: After each triangula-
tion, local bundle adjustment (BA) is conducted to adjust the
parameters and 3D points’ positions of the newly registered
image and other registered images that share more common
observations.

Global Bundle Adjustment: Global bundle adjustment is
performed to compute the optimal 3D model and parameters
for all registered images. To save time, global bundle adjust-
ment (BA) will be conducted after the model has grown by a
certain degree compared to its volume at the previous global
optimization.

IV. PROBLEM DEFINITION
Define I = {Ii | i = 1...NI} as the in-

put images waiting for pose estimations. And define
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Fig. 2: The pipeline of Colmap-PCD. The process in the blue box belongs to the original Colmap, and the process in the
red box is the LiDAR-related process.

L = {(lm, nm) | m = 1...NL} as the input LiDAR point set,
lm ∈ R3 represents the 3D coordinate of the LiDAR point,
nm ∈ R3 represents the unit normal vector of the plane
where the LiDAR point is located. Note that the unit normal
vector should be supplied, and it can be computed by fitting
a surface on neighboring points.

Denote F i = {xi
j | j = 1...NFi

} as the image features
extracted from the image Ii, xi

j ∈ R2 is the pixel position.
Denote S = {Xm | m = 1...NS} represents the 3D points

that are reconstructed in the model, Xm ∈ R3 is the co-
ordinate of the 3D point in the world coordinate sys-
tem, and E(Xm) represents the track 2D features of Xm,
E(Xm) = {xi

s | xi
s ∈ F i, Ii ∈ Im}. xi

s is the 2D feature on
the image Ii which should be the projection pixel of the Xm

and Im denotes the image set that can observe Xm.
The variable states we want to acquire are the image poses

T = {(Ri, ti) | i = 1...NI} which are defined on a high-
dimensional manifold SO(3)× R3, representing the transfor-
mations from the world to the camera, where Ri ∈ SO(3) is
the rotation matrix of the image Ii, ti ∈ R3 is the translation
vector of the image Ii from the camera center point to the
world coordinate system origin.

Problem: Given the input image set I, the LiDAR map L,
the initial pose guess (R1, t1) of the initial image I1, and the
2D features F extracted from images, find the optimal image
poses T , and the 3D points S generated by reconstruction.

V. COLMAP-PCD ALGORITHM

Colmap-PCD matches 3D points reconstructed from visual
images with the planes extracted from the LiDAR point cloud
map, aiming to simultaneously minimize the reprojection
error and the distances between the 3D points and the
associated LiDAR planes. This section will elaborate on the
Colmap-PCD algorithm concretely, and the whole pipeline
is shown in Fig. 2.

A. Projection

The projection method is used in the initialization step and
1st point-to-plane association step, which means to project
LiDAR point cloud to a known camera imaging plane In
as shown in Fig. 3. Segment the LiDAR point cloud into
fixed-size voxels. From the camera center, four lines are
emitted outward through the four corners of the normalized
image, forming a quadrangular pyramid. The height of the
quadrangular pyramid is an adjustable parameter based on

Fig. 3: Project LiDAR points in the rectangular pyramid
to the camera imaging plane. The vertex of the pyramid
represents the camera center.

the size of the map, and setting it correctly can save time.
Traverse the voxels in the quadrangular pyramid, and Ln

denotes all LiDAR points in the voxels. For each LiDAR
point le in Ln, transform its coordinate from the world
coordinate system to the camera’s coordinate system, then
project it onto the imaging plane:

l
′

e = Rn · le + tn

xp
e[0] = fx · l

′

e[0]/l
′

e[2] + cx

xp
e[1] = fy · l

′

e[1]/l
′

e[2] + cy

(1)

where l
′

e is the le’s coordinate on the camera’s coordinate
system, xp

e is the 2D pixel on the image In that has been
projected by the le. Pay attention to following the projection
principle. After projection, the projection pixel of the farthest
LiDAR points doesn’t change, while the projection pixel of
the nearby LiDAR points will be scaled up according to
the distance between the LiDAR points and the image, and
the closer the distance, the greater the magnification factor.
Whether the scale factor of the projection is appropriate can
be observed by outputting the depth image as Fig. 4. After
being extended, xp

e usually denotes more than one pixel. If xp
e

equals to a 2D feature point x ∈ Fn of the In, le will be seen
as a candidate corresponding LiDAR point of x. Because x
may accept more than one LiDAR point’s projection, the
nearest LiDAR point among the candidates will be chosen
as the corresponding LiDAR point. This way, we can get the
corresponding LiDAR points of some 2D features in Fn.

B. Point-to-Plane Association

Point-to-plane association means corresponding a 3D point
to a LiDAR point. The 3D point should fit the plane to
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Fig. 4: Original images and depth images. The yellow points
represent the 2D feature points extracted from the image. In
the depth image, the darker the color, the closer the distance.

which the LiDAR point belongs as closely as possible,
with the distance between the 3D point and the plane
minimized. Here, we introduce two ways to associate a 3D
point to a LiDAR plane: the depth projection method and the
nearest neighbor (NN) searching method. We first introduce
the depth projection method used in the 1st point-to-plane
association step. Assume that 3D point Xk can be observed
by the new registered image In and its latest track 2D feature
is xn

a , xn
a ∈ E(Xk), if the image Im has enough common

feature matches with In and xm
b ∈ E(Xk) (the matching

threshold can be set manually), Im will be done projection to
search for the corresponding LiDAR point to xm

b . In this way,
Xk may correspond to more than one LiDAR point because
it has more than one track 2D feature. For each LiDAR point,
compute the angle between the line connecting the LiDAR
point and the projection 2D feature point and the normal
vector of the Lidar plane, and choose the LiDAR point with
the smallest angle as the corresponding LiDAR point. The
LiDAR plane of the corresponding LiDAR point is seen as
the corresponding LiDAR plane to the Xk.

The nearest neighbor searching method will be used in all
point-to-plane association procedures. Given a 3D point Xk,
kd-tree is used to search a LiDAR point that has the shortest
Euclidean distance to Xk. The search distance decreases
linearly as the number of optimizations for Xk increases.
The plane the corresponding LiDAR point is on is seen as
the corresponding LiDAR plane to the Xk.

C. Initialization

The initial image requires an approximately known cam-
era pose to initialize the reconstruction process. This pose
denotes the camera center’s position within the point cloud.
The initial image and its pose are set manually on the user
interface. The pose doesn’t need to be precise and can be
acquired by the point cloud tool like Cloud Compare. For
the initial image I1, parts of 2D features in F1 can get the
corresponding LiDAR points by making a projection, and the
distance between the 2D feature and the LiDAR plane is seen
as the depth information of the 2D feature. With the depth
information of the feature points, the initial set of 3D points
in the current camera coordinate system is obtained. The
initial rough 3D model X1 is obtained by converting these
3D points from the camera coordinate system to the LiDAR
coordinate system. Although X1 is not accurate enough, it
will gradually converge to the correct states as the number
of images increases. This way promises the mapping scale

during initialization is approximately accurate.

D. Bundle Adjustment

There are three types of bundle adjustment: incremental
bundle adjustment, batch bundle adjustment, and whole
map bundle adjustment. After a new image’s triangulation,
incremental BA will be performed to mitigate accumulated
errors. Batch BA will be performed after a few registrations
to save time. After the incremental reconstruction, a 3D
model consisting of a series of camera poses and 3D points
is built. Whole Map BA could be applied to optimize the
whole model further. Bundle adjustment means adding 2D
features, image poses, 3D points, and LiDAR points to the
factor graph as factors for optimization, as shown in Fig. 5.

Fig. 5: Factor graph for bundle adjustment.

2D features and LiDAR points are fixed factors; image
poses and 3D points might be constant or variable, depending
on the type of bundle adjustment. The reprojection process
is added to the factor graph as the 2D point-to-3D point link
and the 2D point-to-image pose link. The reprojection error
Er is defined as:

Xc
k = Ri ×Xk + ti

eikr =
󰁴
(Xc

k[0]/X
c
k[2]− xi

d[0])
2 + (Xc

k[1]/X
c
k[2]− xi

d[1])
2

Er =
󰁛

eikr , k = 1...Ns, xi
d ∈ E(Xk)

(2)
where Xk is a 3D point, Ri, ti is the camera pose of the
image Ii, Xc

k is the coordinate of the Xk on the camera
coordinate system. xi

d belongs to the Xk’s track 2D features,
eikr is the reprojection error of the Xk on the image Ii’s
normalized plane. Er denotes the sum of all reprojection
errors. Ns is the number of the 3D points.

For the 3D point Xk that has found corresponding LiDAR
point lq, lq is added to the factor graph as a constraint to
the Xk. lq will be identified into three types. According
the searching method, lq will be regarded as projected lpq
or nearest neighbor (NN) lnq . By the direction of the normal
vector nq , if nq is towards the z-axis, lq will be judged as
ground lgq , different point type has different optimized weight
wp, wn, wg . The distance between the Xk and the plane of
the lq is used as the distance error Ed for optimization:

Ed =
󰁛

w × 󰀂Xk · nq − nq · lq󰀂, k = 1...Ns (3)

where Xk is a 3D point, (lq, nq) is Xk’s corresponding
LiDAR point, w is the weight of the lq . Ns is the total
number of the 3D points that have found corresponding
LiDAR points.

Bundle adjustment solving for the optimal image poses
and 3D point states by minimizing the sum of Er and Ed.
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1) Incremental Bundle Adjustment: Incremental BA is
performed on a closely connected set of images (have more
common features with the new registered image In) because
a new registration only affects the model locally. For a
registered 3D point X , whether its state will be adjusted
in this step depending on the number of its registered track
2D features. If the number reaches the threshold, X will be
set to be constant; otherwise, it will be seen as a variable
state. For variable 3D points, 1st point-to-plane association
is applied to search their corresponding planes. In 1st point-
to-plane association procedure, 3D points are divided into
two groups. The first group owns the 3D points tracked by
In, and their corresponding planes will be searched by the
depth projection method. Other 3D points are in the second
group, and their corresponding planes will be acquired by
the nearest neighbor searching method. The search radius
is decreased as the number of searches increases. After 1st
point-to-plane association, the poses of the image set closely
connected to In will be set to variables, and other image
poses will be set to be constant. Then, variable image poses
and 3D points will be optimized by the fixed constraints
constructed by the constant image poses, 2D features, and
LiDAR planes.

2) Batch Bundle Adjustment: The poses of images in
the same local area are correlated. Some images may have
been registered on the map very early but are in the same
area as In. The same scene is observed from different
viewpoints, and unified optimization can reduce the drift of
pose estimation and improve local coordination.

Fig. 6: Add images in the sphere to the factor graph for
optimization.

As Fig. 6, we use the camera center of In as the sphere
center, making a sphere with a fixed radius (an adjustable
parameter). Images in the sphere are added to the factor
graph as variable factors. The blue 3D point isn’t observed
by the images in the sphere, so it is set to be constant. The
purple 3D point and the yellow 3D point can be observed by
images in the sphere, so they are added to the factor graph
as variable factors. The nearest neighbor searching method
is used to find the corresponding planes to these variable 3D
points, called the 2nd point-to-plane association. In this BA
step, the poses of images inside the sphere and the positions
of 3D points that these images can observe are variable.

3) Whole Map Bundle Adjustment: For each 3D point,
use NN searching to find its corresponding LiDAR plane.
All image poses and 3D points in the model are variable.

E. Incremental reconstruction based on known poses

If the rough cameras’ poses are already known by the
measurements of some sensors like GPS, the incremental
reconstruction can be started with the known poses. A pose
file written with the image poses can be uploaded through
the user interface. The known pose will be used as the prior
value to start the triangulation.

VI. EXPERIMENTS

We verify the effectiveness and scale accuracy of Colmap-
PCD. We collected three datasets at the campus as shown in
Fig. 7. Each dataset has a pre-built LiDAR point cloud map,
450 images, and corresponding camera intrinsics.

(a) indoor dataset. (b) outdoor dataset1. (c) outdoor dataset2.

Fig. 7: Self-collected point cloud map.

A. Localization Results

Fig. 8: Reconstruction result of Colmap-PCD and Colmap.

Fig. 8 shows the reconstruction results of Colmap-PCD
and the original Colmap. The left and middle images display
the reconstructed results of Colmap-PCD. The left image
comprises both the LiDAR map and the 3D reconstructed
points, while the middle image only shows the 3D recon-
structed points. The right image shows the reconstructed
result of Colmap, including the LiDAR map and the 3D
reconstructed points. The red pyramids represent camera
poses. Apparently, the reconstruction result aligns almost
perfectly with the LiDAR-generated map, indicating that the
LiDAR point cloud map provides a positive constraint in
the image localization process. However, the mapping scale
of the original Colmap significantly differs from the real
environment.
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(a) Outdoor dataset1 (b) Outdoor dataset2

Fig. 9: Colored point cloud.

Fig. 9 displays the back-projection result from images
onto the LiDAR point cloud, which is obviously accurate.
The result demonstrates that Colmap-PCD can achieve the
necessary accuracy for image localization.

B. Influence of LiDAR Points on Image Localization

Fig. 10: Number of planes used in incremental bundle
adjustment (indoor, outdoor1, outdoor2).

The first experiment examines the number of LiDAR
planes that can be used to benefit the pose estimation process.
Planes are searched through point-to-plane association. As
shown in Fig. 10, the x-axis represents the number of solved
image poses, and the y-axis represents the count of LiDAR
planes utilized in a single iteration. The purple line represents
that the matching between the LiDAR plane and the 3D point
is achieved through projection, and the yellow line represents
the total count of LiDAR planes that are successfully associ-
ated through both nearest neighbor searching and projection.
It can be observed that a considerable number of LiDAR
planes assist in image localization.

The second experiment demonstrates the trend of the
point-to-plane distances before and after each local bundle
adjustment. As Fig. 11 shows, the distance converges to a
minimal value after each iteration, indicating that 3D points
can be aligned well to the appropriate positions in the point
cloud map.

C. Reprojection Error Analysis

This experiment demonstrates the variation of reprojection
error. As Fig. 12 shows, the purple line represents the
mean reprojection error, while the yellow area depicts the
distribution of reprojection error covariance. The reprojection
error is calculated in the original image plane with an image
size of 4032x3024. As a result, the reprojection error remains
consistently at a small value, demonstrating that the method
can maintain stability as the number of images increases.

0 100 200 300 400
0

2

4

6

8 Before Local Bundle Adjustment
After Local Bundle Adjustment

Fig. 11: Distances between the 3D points and the correspond-
ing LiDAR planes (indoor, outdoor1, outdoor2).

Fig. 12: Reprojection error (indoor, outdoor1, outdoor2).

D. Initial Image Pose Error Test

This experiment tested the accuracy requirements for the
initial image pose. We captured the first image near the origin
of the LiDAR map, so the initial position and orientation
were set to 0. The final localization result of the initial image,
as shown in the table I, indicates that with the increase of
images, even when providing a relatively large initial position
error, the pose of the initial image can gradually converge to
the correct result.

TABLE I: Localization result of the initial image

Dataset Indoor Dataset Outdoor Dataset1 Outdoor Dataset2
x(m) 0.0858479 -0.0401451 1.68199
y(m) 0.320724 0.00475659 -3.69749
z(m) 0.0244208 -0.0773615 0.00797819

roll(rad) 0.020122 0.0208329 -0.0113104
pitch(rad) -0.0124324 -0.0515374 -0.0204044
yall(rad) -0.00309135 0.0264514 0.441832

VII. CONCLUSION

This paper introduces a pipeline that aligns asyn-
chronously acquired images with LiDAR point clouds to get
localization results with an accurate scale. Through experi-
ments on self-collected datasets, our approach demonstrates
its effectiveness and stability in image accumulation. In
addition, our pipeline enables flexible detail-level adjust-
ments in the reconstruction area, making it suitable for
collaborative large-scale scene reconstruction. In conclusion,
our algorithm contributes to image localization and large-
scale scene reconstruction tasks, offering valuable insights
for future research in this field.
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