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Abstract—Targetless Lidar-camera registration is a repeating
task in many computer vision and robotics applications and
requires computing the extrinsic pose of a point cloud with
respect to a camera or vice-versa. Existing methods based on
learning or optimization lack either generalization capabilities or
accuracy. Here, we propose a combination of pre-training and
optimization using a neural network-based mutual information
(MI) estimation technique (MINE [1]). This construction allows
back-propagating the gradient to the calibration parameters
and enables stochastic gradient descent. To ensure orthogonality
constraints with respect to the rotation matrix we incorporate
Lie-group techniques. Furthermore, instead of optimizing on
entire images, we operate on local patches that are extracted
from the temporally synchronized projected Lidar points and
camera frames. Our experiments show that this technique not
only improves over existing techniques in terms of accuracy, but
also shows considerable generalization capabilities towards new
Lidar-camera configurations.
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I. INTRODUCTION

For sensor fusion tasks, such as point cloud coloring,
or acquiring depth information for downstream tasks (e.g.,
reconstruction or object recognition), it is essential to estimate
the registration transformation between camera and Lidar
coordinate systems. Such a transformation is denoted by E
and consists of a rotation matrix R and a translation vector t.
Together, they describe the relative position of one sensor with
respect to another. Compared to a manual process, automatic
registration algorithms try to estimate the parameters E based
on data automatically. In this work, we are addressing the
targetless case [3], [4] which does not require a known pattern
[5] such as a checkerboard. In the literature, often mutual
information (MI) (e.g., [6]) has been applied [7], [8], as well
as learning-based schemes [9]–[11], that learn the calibration,
given a labeled training dataset. In that line of research,
we propose a hybrid algorithm that uses a patch-based MI
maximization scheme.

Our method is hybrid in the sense that it uses registered
training data for pre-training, but involves a optimization
scheme for unregistered test data. The method is based on
projecting the Lidar point cloud onto the common image plane,
and extracting local patches by differentiable sampling [12].

(a) Initial calibration Einit

(b) LMI-optimized calibration Emi

Fig. 1: Registration results on the unseen maritime scenario.
The model has been pre-trained on KITTI [2] indicating good
generalization capabilities.

As a prerequisite for the common image plane, the intrinsic
camera parameters, i.e., the camera matrix P, needs to be
available beforehand — extrinsic parameters can be chosen
freely. The major advantage of such a local scheme is that
general local shape patterns are more transferable to unseen
scenarios. This allows the method to produce both accurate
solutions and improved generalization compared to existing
approaches, which makes the method suitable for situations
where calibration is required (e.g., caused by weather con-
ditions or mechanical changes), but no labeled training data
are available. This is especially important for online or re-
calibration scenarios.

We show the effectiveness of our method on the KITTI



dataset and test its generalization performance within a real
world maritime scenario.1

II. RELATED WORK

There are two major approaches to targetless registration
of camera and Lidar streams. The first approach is based
on optimization and works by optimizing two unregistered
streams with respect to some performance metrics, such as
the alignment of detected and projected 3d edges with the
corresponding 2d image edges [13]. Alternatively, measuring
and optimizing the mutual information between the intensities
of projected Lidar points and the corresponding image pixel
intensities directly has been proposed [14]. Beside, tech-
niques from robotics incorporate a visual-odometry pipeline
for estimating the extrinsic parameters by matching odometry
trajectories obtained from both sensors signals [15]. Recent
methods based on deep learning architectures, e.g., RegNet [9],
learn to regress the 6 parameters of the extrinsic calibration
directly based on a labeled dataset consisting of examples with
known calibration parameters. Here, CMRNet [16] extends
RegNet with an additional refinement procedure that consists
of multiple models trained on different scales in a coarse-
to-fine procedure. LCCNet [11] is similar in architecture,
but adds an additional correlation layer for feature matching
and introduces a cost volume over matched features between
Lidar and camera. The combination of feature matching and
hierarchical aggregation improves overall accuracy. Recently
proposed hybrid methods for the calibration task use available
pixel-wise labels such as object boundaries and object affinity
to register the camera and point cloud data [17]. However,
even though the registration quality is considerable, pixel-wise
annotations are expensive to obtain. Our approach is similar
in that we also combine deep learning with an optimization
procedure. However, our approach differs as we are using
small patches from raw images instead of relying on labeling
or pixel-wise features that are often not available in practical
situations.

III. METHOD

The goal of our method is to compute the extrinsic calibra-
tion parameters
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of two non-registered but temporally synchronized Lidar and
camera datasets with N frames. The raw RGB camera images
are stored as Ci 2 [0; 1]3�H�W . The Lidar point clouds are
matrices Li 2 R4�Ki with Ki 3d points in homogeneous
coordinates. Throughout the paper, we use i to reference
a single frame (Li, Ci) and use j to reference a single
Lidar point. Our goal is to optimize mutual information I
between patch ensembles extracted from Lidar and camera
frames with respect to the calibration parameters E. Opti-
mizing globally is problematic, as the projected Lidar signal

1Our Python implementation: https://github.com/matherm/
Patch-MI-registration (available upon acceptance).

is very sparse. Moreover, transferable local image and shape
features are underrepresented compared to the empty parts
of the projections (c.f. Fig. 5), i.e., most of the pixels are
empty. Therefore, we use a local approach and first project
the Lidar points with the known projection matrix P onto
the common image plane and then sample local patches
from both sensors. Note, that for a common image plane at
least the intrinsic camera parameters need to be available or
obtained by camera calibration. The full method is a two-
step procedure with an estimation, possibly offline, and an
optimization step. In the estimation step (c.f. Sec. III-F) a
neural network is pre-trained to estimate the mutual infor-
mation between patch ensembles based on registered training
data Xtrain = (Ltrain;Ctrain;Etrue). In the optimization
step (c.f. Sec. III-G) the mutual information between patch
ensembles extracted from miscalibrated sensors is maximized
with respect to the unknown calibration parameters E based
on a unregistered test set Xtest = (Ltest;Ctest;Einit). Fig. 2
illustrates the overall architecture.

A. Mutual information estimation

The mutual information I is a non-linear dependency mea-
sure based on shared information between two variables. In
the given calibration scenario we use the measure to maximize
the registration between projected Lidar points B and camera
images C in the common image plane. However, instead of
optimizing entire images and point clouds, we follow a local
scheme and optimize the mutual information of extracted local
patches b and c instead:

I(b; c) = H[b]�H[bjc]: (2)

Existing MI estimation techniques rely either on binning [6]
or k-nearest neighbors statistics [18]. Both techniques are
unreliable in high dimensions [1]. Also, gradient optimization
using these estimators is difficult, as the derivatives generally
do not exist [14]. However, recently a new class of neural mu-
tual information estimators (MINE) was proposed [1]. These
techniques transform the estimation problem into a binary
classification problem, which can be solved efficiently using
deep neural networks. The network is trained to separate regis-
tered (b; c) from non-registered (b; c�) tuples of patches, and
hereby implicitly estimates the mutual information between
the two modalities. As neural networks are differentiable by
design, gradient propagation with respect to the calibration E
parameters is straightforward using backpropagation.

The needed training data ( ~X;y) for the binary classification
problem consists of two different M -sized sets of patch tuples

~X = fJ;Mg; y = f0;1g: (3)

In our case the tuples (b; c) 2 J are registered Lidar-
camera patches, whereas the tuples (b; c�) 2 M are random
and therefore non-registered Lidar-camera patches. The class
indicator function

p(~x = 0) = f�(~x) (4)




