
LIDAR-Camera Calibration via Chessboard

Patterns

November 21, 2025

This is a classic camera-LiDAR calibration problem. Your goal is to
determine the extrinsic parameters between the LiDAR and camera. This is
a problem which consists of the estimation of a 3D rotation and a 3D transla-
tion. Therefore, the degrees of the freedom are six: three for rotation, another
three for translation.

The core of the process is to identify the pose of the same reference object
(the chessboard plane) in both sensor coordinate frames and then align these
two descriptions.

Since you already have 3D planes from both sources, you are past the most
difficult part. For an accurate calibration, you will need at least 3 (but preferably
5-10) planes in different, non-parallel positions.

Here are the steps to determine the rotation (R) and translation (t).

1 Prerequisites

Before you start, make sure you have the following:

1. Camera Intrinsic Parameters: You must know the camera’s focal
length (fx, fy), optical center (cx, cy), and distortion coefficients. If you
don’t have these, you must perform the camera’s intrinsic calibration first
(you can do this with the same chessboard images, e.g., using OpenCV).

2. Multiple Measurements: You need N measurements, where the chess-
board is in N different positions and orientations. Each i-th measurement
includes:

� A camera image.

� A (synchronized) LiDAR point cloud.

2 The Calibration Steps

Let’s assume you have taken N different measurements (where i = 1 . . . N).
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2.1 Step 1: Determine Plane Parameters (Camera)

For each i-th camera image:

1. Detect Chessboard: Use a library (e.g., OpenCV: findChessboardCorners)
to find the 2D corners of the chessboard in the image.

2. Estimate Pose (PnP): Using the camera’s intrinsic parameters, the real-
world 3D size of the chessboard squares, and the detected 2D corner points,
run a PnP (Perspective-n-Point) algorithm (e.g., OpenCV: solvePnP).

3. Result: This algorithm gives you the pose of the i-th chessboard relative
to the camera coordinate frame:

� A rotation vector/matrix: Rcam board,i

� A translation vector: tcam board,i

4. Extract Plane: The chessboard plane is now defined in the camera’s
frame:

� Normal vector: ncam,i (This is typically the Z-axis of the chess-
board, transformed by Rcam board,i, e.g., Rcam board,i · [0, 0, 1]T ).

� Point on plane: pcam,i (This can be the origin of the chessboard,
which is tcam board,i).

2.2 Step 2: Determine Plane Parameters (LiDAR)

For each i-th LiDAR point cloud:

1. Segmentation: Select the 3D points that belong to the chessboard. You
can do this manually, with a RANSAC plane-fitting algorithm (e.g., in the
PCL library), or by filtering points projected from the camera image (if
you already have a rough estimate).

2. Plane Fitting: Fit a plane to the segmented point cloud.

3. Result: This gives you the plane equation in the LiDAR coordinate
frame: aix+ biy + ciz + di = 0.

4. Extract Plane:

� Normal vector: nlidar,i = [ai, bi, ci]
T (normalized).

� Point on plane: plidar,i (This can be the centroid of the point cloud,
or a point calculated from the di distance).
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2.3 Step 3: Solve for Rotation (R) and Translation (t)

You now have N pairs of normal vectors ({ncam,i}, {nlidar,i}) and N pairs of
points on the planes ({pcam,i}, {plidar,i}).

The transformation we are looking for is Pcam = R · Plidar + t, where R is
the 3x3 rotation matrix and t is the 3x1 translation vector.

For the planes, these two equations must hold true:

1. ncam,i = R · nlidar,i (The rotation must map the normal vectors onto each
other)

2. ncam,i · pcam,i = ncam,i · (R · plidar,i + t) (The transformed points must lie
on the new plane)

The solution is typically found in two steps:
A. Determine Rotation (R):

Using only the normal vectors, we need to minimize

N∑
i=1

||ncam,i −R · nlidar,i||2

This is a classic Absolute Orientation (Wahba’s) Problem. It is a spe-
cial case of the point registration problem, but only the translation should be
estimated.

The rotation estimation can be optimally solved using SVD (Singular Value
Decomposition):

1. Calculate the correlation matrix H:

H =

N∑
i=1

(nlidar,i · nT
cam,i)

2. Perform SVD on H: H = UΣV T

3. The rotation matrix is: R = V UT (You must check for reflections; the
condition det(R) = 1 must be met).

B. Determine Translation (t):
Once R is known, the translation t can be calculated from an over-determined
system of linear equations, for example, using the least-squares method. A
simplified (but often sufficient) approach is to use the average of the point
pairs:

1. Calculate the average of all points in both systems: p̄cam = 1
N

∑
pcam,i

and p̄lidar =
1
N

∑
plidar,i

2. The translation is: t = p̄cam −R · p̄lidar
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3 Summary

The resulting R matrix and t vector give you the transformation to bring any
point PLiDAR from the LiDAR coordinate frame into the camera’s coordinate
frame:

Pcamera = R · PLiDAR + t

This method (plane-based calibration) is very robust, especially with LiDAR
data, where planes can be estimated much more accurately than individual
points or edges.

4 Again

There are chessboard corner points pji in 3D, they are given in the camera
coordinate system. The planes are given in LiDAR. The rotation R is also
known. Therefore, the only one task it to estimate the translation vector t. The
algebraic form of the geometric problem is written as

argt min
∑
j

∑
i

[
nT
j

(
RT

j p
j
i + t− qj

)]2
The term inside the square is equivalent to the difference of the left and right

sides of this equation:

nT
j t = nT

j

(
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j p
j
i

)
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It is standard inhomogeneous linear system of equation in the form of At = b,

that is strongly over-determined. The optimal solution in the least-squares sense
is given by
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t =
(
ATA

)−1
AT b
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