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For a pair of LiDAR scans P1 and P2, we generate the
corresponding vertex maps V1, V2. We denote the sensor-
centered coordinate frame at time step t as Ct . Each pixel in
coordinate frame Ct is associated with the world frame W by
a pose TW C t 2 R4� 4. Given the poses TW C 1 and TW C 2 , we
can reproject scan P1 into the coordinate frame of the other’s
vertex map V2 and generate a reprojected vertex map V0
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We then calculate the absolute difference of all correspond-
ing pixels in V0

1 and V2, considering only those pixels that
correspond to valid range readings in both range images. The
overlap is then calculated as the percentage of all differences
in a certain distance � relative to all valid entries, i.e., the
overlap of two LiDAR scans OC1 C2 is de�ned as follows:
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where I f ag = 1 if a is true and 0 otherwise. valid(V) is the
the number of valid pixels in V, since not all pixel might have
a valid LiDAR measurement associated after the projection.

We use Eq. (3) only for creating training data, i.e., only
positive examples of correct loop closures get a non-zero over-
lap assigned using the relative poses between scans, as shown
in Fig. 2(c). However, when performing loop closure detection
for online SLAM, the approximate relative poses from SLAM
before loop closure are not accurate enough to calculate usable
overlaps by using Eq. (3) because of accumulated drift. We
tried directly estimating overlaps using Eq. (3) assuming the
relative pose as identity and applying different orientations,
e.g., every 30 degrees rotation around the vertical axis, and
using the maximum over all these overlaps as an estimate.
Fig. 2 shows the estimated overlaps for all scans using a
query scan produced by this method and the result of the
estimated overlap for all scans using OverlapNet. We leave
out the 100 most recent scans because they will not be loop
closure candidates. In the case of the exhaustive approach,
many wrong loop closure candidates get high overlap values,
while our approach performs better since it produces a highly
distinctive peak around the correct location. Furthermore, it
takes on average 1:2 s to calculate the overlap for one pair of
scans using the exhaustive approach, which makes it unusable
in real-world scenarios. In contrast, the complete OverlapNet
needs on average 17 ms for one pair overlap estimation when
using depth and normal information only.

C. Overlap Network Architecture
The overview of the proposed OverlapNet is depicted in

Fig. 3. We exploit multiple cues, which can be generated from
a single LiDAR scan, including depth, normal, intensity, and
semantic class probability information. The depth information
is stored in the range map R , which consists of one channel.
We use neighborhood information of the vertex map to gener-
ate a normal map N , which has three channels encoding the
normal coordinates. We directly obtain the intensity informa-
tion, also called remission, from the sensor and represent the
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estimates

(c) Ground truth

Fig. 2: Overlap estimations of one frame to all others. The red arrow
points out the position of the query scan. If we directly use Eq. (3)
to estimate the overlap between two LiDAR scans without knowing
the accurate relative poses, it is hard to decide which pairs of scans
are true loop closures, since most evaluations of Eq. (3) show high
values. In contrast, our OverlapNet can predict the overlaps between
two LiDAR scans well.

intensity information as a one-channel intensity map I . The
point-wise semantic class probabilities are computed using
RangeNet++ [23] and we represent them as a semantic map S.
RangeNet++ delivers probabilities for 20 different classes. For
ef�ciency sake, we reduce the 20-dimensional RangeNet++
output to a compressed 3-dimensional vector using principal
component analysis. The information is combined into an input
tensor of size 64 � 900 � D , where 64; 900 are the height and
width of the inputs, and D depends on the types of data used.

Our proposed OverlapNet is a siamese network architec-
ture [6], which consists of two legs sharing weights and two
heads that use the same pair of feature volumes generated by
the two legs. The trainable layers are listed in Tab. I.

1) Legs: The proposed OverlapNet has two legs, which
have the same architecture and share the same weights. Each
leg is a fully convolutional network (FCN) consisting of 11
convolutional layers. This architecture is quite lightweight and
generates feature volumes of size 1 � 360 � 128. Note that our
range images are cyclic projections and that a change in the
yaw angle of the vehicle results in a cyclic column shift of the
range image. Thus, the single row in the feature volume can
represent a relative yaw angle estimate (because a yaw angle
rotation results in a pure horizontal shift of the input maps).
As the FCN is translation-equivariant, the feature volume will
be shifted horizontally. The number of columns of the feature
volume de�nes the resolution of the yaw estimation, which
is 1 degree in the case of our leg architecture.

2) Delta Head: The delta head is designed to estimate the
overlap between two scans. It consists of a delta layer, three
convolutional layers, and one fully connected layer.

The delta layer, shown in Fig. 4, computes all possible
absolute differences of all pixels. It takes the output feature
volumes Ll 2 RH � W � C from the two legs l as input. These
are stacked in a tiled tensor Tl 2 RHW � HW � C as follows:

T0(iW + j; k; c ) = L0(i; j; c ) (4)

T1(k; iW + j; c ) = L1(i; j; c ); (5)

with k = f 0; : : : ; HW � 1g, i = f 0; : : : ; H � 1g and
j = f 0; : : : ; W � 1g.
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