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Abstract— Performing collaborative semantic mapping is a
critical challenge for multi-robot systems to maintain a compre-
hensive contextual understanding of the surroundings. In this
paper, a novel hierarchical semantic map fusion framework is
proposed, where the problem is addressed in low-level single
robot semantic mapping and high level global semantic map
fusion. In the single robot semantic mapping process, Bayesian
rule is used for label fusion and occupancy probability updating,
where the semantic information is added to the geometric map
grid. High level global semantic map fusion covers decentralized
map sharing and global semantic map updating. Collaborative
semantic mapping is conducted in two scenarios, that is, NTU
dataset and the KITTI dataset. The results show the high quality
of the global semantic map, which demonstrates the utility and
versatility of 3D semantic map fusion algorithm.

I. INTRODUCTION

With the development in the domain of robotics and deep
learning, the acquisition of semantic information becomes
possible. To enhance the perception capability of intelligent
mobile robots, it is critical to build the semantic map with
high-level semantic information. Semantic mapping consists
of geometry mapping [1] and semantic information [2], which
is crucial for many applications such as localization, path
planning and navigation [3]. Robots not only need to obtain
the 3D geometry information of the environment to avoid
obstacles [4], [5] but also need to recognize objects and
scenes for high-level tasks [6] [7]. With the development
of deep learning-based semantic segmentation algorithms, the
semantic map will have the characteristics of semantic labels,
spatial scope and interval attributes, which can enable robots
to perform more intelligent tasks.

However, most researchers focus more on single robot
algorithms for semantic segmentation [8] and mapping [9].
For multi-robot systems, approaches have been proposed to
perform collaborative geometry mapping [10] [11]. Until now,
comprehensive analysis and modeling of the deployment of
the semantic mapping for multi-robot are still not available.
Therefore, there is a gap in performing collaborative semantic
mapp fusion.

In this paper, a novel hierarchical semantic map fusion
framework is proposed. To the best of our knowledge, this
is the first attempt to address multi-robot semantic mapping
problem. CNN model is deployed on the robot platform,
performing the real-time semantic segmentation. Based on the
geometry 3D reconstruction algorithms, semantic information
obtained by robots is added to the map by applying the Bayes’
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rule, building the semantic map. Then, the 3D semantic map
fusion is performed to integrate maps built by different robots
into a complete map. In conclusion, Bayesian rule is applied
to achieve both single-robot and multi-robot level semantic
reconstruction. The main contributions are listed as follows:

¢ A novel hierarchical probabilistic semantic map fusion
framework is proposed to address the problems in both
low-level and high-level semantic mapping.

« Bayesian rule is applied to perform label fusion and occu-
pancy probability updating, fusing semantic information
to geometry mapping.

o A real robot system is developed that implements se-
mantic understanding and global semantic reconstruction,
which is tested on NTU dataset and KITTI dataset.

II. RELATED WORK

A. Semantic Segmentation

The concept of deep convolutional neural network (DCNN)
is firstly proposed in 1998 and applied to handwritten file
recognition. In recent years, deep convolutional neural net-
work (DCNN) has gradually become mainstream in high-
dimensional applications, achieving the best results in a series
of computer vision tasks such as image classification, segmen-
tation, and object detection [12].

Compared with traditional visual algorithms such as N-cut
[13] and Grab cut [14], DCNN achieves good results in its
end-to-end approach with fully connected networks (FCN)
[15]. At present, Deeplab [16] is the best model that has
excellent performance in the field of semantic segmentation.
Therefore, in our robot platform, Deeplab is employed to
process the image data collected by mobile robots. In the
model of Deeplab V3 [17], batch normalization is included
within ASPP which uses multiple parallel atrous convolutions
with different rates to process the feature map so that multiple-
scale information can be effectively captured. Deeplab v3+
[18] combines the advantages of ASPP and the Encoder-
Decoder structure that captures clear target boundaries by
gradually restoring spatial information.

There are several different CNN models to perform the
semantic segmentation. In 2017, a novel FCN architecture
for semantic segmentation, Segnet [19], was presented. The
decoder of segnet up-samples its lower resolution input feature
map(s). Refinenet [2] is proposed which explicitly exploits
all the information to enable prediction with high resolution,
where the information is along the down-sampling process.
Pyramid Scene Parsing Network [8] is developed in which ex-
ploits global environment information, aggregating different-
place information through pyramid pooling model.
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B. Semantic Mapping

The SLAM problem was originally proposed to address
the two-dimensional place localization and mapping optimiza-
tion problem under the probabilistic framework [20] [21].
There are several approaches to perform the dense surface
reconstruction. An efficient system for precise and real-time
reconstruction of complicated indoor scenes is presented in
[22]. To perform dense map geenration, [23] fuse RGB and
depth images into the global map. In geometry mapping,
the problem of multiple scales also need to be considered.
A scalable, real-time approach for powerful reconstruction
is proposed to perform surface reconstruction in multiple
scales [24]. Regarding the reconstruction of moving objects,
[25] incrementally fuses sensor observations into a consistent
semantic map.

Many algorithms have been proposed for semantic mapping.
Based on the Octomap framework, an approach for construct-
ing multi-label semantic 3D octree mapping is proposed in [9].
The image classification is projected into the 3D lidar point
cloud. The resulting point cloud feeds into the octree map
and calculates the corresponding probability (occupancy and
label) for each 3D voxel. A semantic SLAM system [26] is
presented that uses object-level entities to construct semantic
maps and integrate them into the RGB-D SLAM framework.
For performing the large-scale mapping of dynamic urban
environments, a stereo-based dense mapping algorithm is
proposed [27]. However, the aforementioned approaches only
address the problem on the level of single robot semantic
mapping, and multi-robot semantic mapping is still an open
problem.

III. GEOMETRY MAPPING

Building a 3D geometry reconstruction from stereo image
pairs contains three steps: depth estimation, sensor pose esti-
mation, and 3D reconstruction. Based on the RGB images and
depth information of each image, point cloud can be obtained
where the three-dimensional structure of the environment is
shown. The point cloud, however, has several obvious draw-
backs: (1) The scale of point cloud maps is usually very large.
(2) Point cloud maps cannot handle moving objects. Therefore,
a flexible and compressed Octomap [28] is employed, which
can also be updated dynamically.

Based on the structure of octree, the probability that ex-
presses whether a node is occupied is adopted. Generally
speaking, the relevant probability is updated according to the
occupancy condition of one node, that is to say, when it is
observed that the node is occupied, the score of this node
is increased. Conversely, as a node is observed as blank, the
occupancy score shall gradually decrease. In this way, obstacle
information in the map can be dynamically modeled. The
probability of occupancy for each node is described by the
probability logarithm (Log-odds), where [(n) = loglf}(,’%.
P(n) denotes the initial occupancy probability and is set as
0.5.

Given a node n and the observed data z;.;, the probability
P(n|z1.;) of a node n to be occupied given the sensor

measurements 2;.; is estimated according to:

1—P(n|z) 1 — P(n|z1.4-1)
P(nlz) P(n|z1:4-1)

P(n)
1—P(n)

P(n|z1q) = [1+ [

(D
The occupancy probability logarithm of this node from the
beginning to the time ¢ is [(n|z1.4):

l(n|z1:¢) = Unglzi—1) + 1(n|2) )

The updating of (1) depends on the current observation z;,
the previous estimation p(n|z1.;—1) and the prior probability
p(n). The term p(n|z;) is the occupancy probability based on
the current observation.

IV. COLLABORATIVE SEMANTIC 3D MAPPING
A. The Framework of Hierarchical Semantic 3D Mapping

The hierarchical semantic map fusion framework performs
the global semantic 3D reconstruction from single-robot maps
construction to multi-robot maps integration. For single-robot
level, RGB information and depth information of the sur-
roundings, as well as the coordinate transformation, can be
obtained in real-time by the stereo camera. According to these
information, semantic information is obtained by the CNN
model deployed in the robot platform and an octomap [9] can
be built. By applying the Bayes’ rule, the label probabilities
are added to the grid occupancy probabilities, obtaining the
single-robot semantic maps. For multi-robot level, map fusion
is performed to generate a global enhanced map. In particular,
it is to integrate the grid data of different robots into a new
grid so that the global octomap can be formed. The framework
of hierarchical semantic 3D mapping is shown in Fig. 1.
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Fig. 1: The framework of hierarchical semantic 3D mapping
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B. Semantic Segmentation of Single Robot

Deployment of semantic segmentation model on mobile
robots contains three steps. At the first, a ROS node is built
to subscribe the real-time information of the mobile robot.
Secondly, the images are subscribed by the ROS node and
processed by Deeplab model [19], obtaining the class and the
probabilities of different labels of each pixel. Finally, the pro-
cessed semantic images are published and label probabilities
are used to perform the semantic mapping. The whole process
is shown in Fig. 2.

Semantic Publish

Semantic Images

Subscribe
RGB Images

Segmentation

Fig. 2: Flowchart of deployment of semantic segmentation
model on robot system

C. Label fusion

The Octomap generates a 3D map (cubic volume unit) for
a set of point clouds. The sensor information integration is
done by using the occupancy grid mapping. The probability
of the voxel to be occupied is P(n|z;.¢).

The interpretation of a multi-label octree depends on the
premise that each 3D point can be classified into different
classes. In this work, the probability of updating each label of
one node is performed as follows:

(1) z denotes the observation (2) x is the current label of
the observation z. (3) P(z|z;) denotes the probability of the
3D point to belong to the class x (4) x; denotes the label
class of one node (where j=1:11). (5) P(z) denotes the initial
labeling probability and is set as 0.5.

In order to calculate the posterior distribution P(x|z1.¢)
from the corresponding posterior on time step -earlier
P(z|z1.4—1), we follow the Bayes’ update rule [9]:

P(x]2)P(2) P(x|21:4-1)
P(x)P(z|21:0-1)

P(x|z14) = (3)

The opposite event —x of posterior distribution can be obtained
by:

_ (1= P(x|20))P(z) (1 = P(x[21:-1))
P(=z|z1:4-1) = (0= P() P(arlon) “)

Calculate the proportion of (3) and (4):

Plxlzre) _ Plalz) Prfz1-0)(1 = P(x)) )
P(-zlz14) (1= P(xfz))(1 = P(z|z1:0-1)) P(z)
We utilize log-odds to represent the label probabilities:
le(z) = Uz|z) + U(z|21:4-1) 6)

From equation (6), it is clear that the label of one voxel
depends on enough observations of this voxel from time 1
to the current time. The probability P(n, Zpq,) of the most
probable class x,,,, for each node n is computed as follows:

P(n,xma.) = argmax[P(n,z1), P(n,z2),..., P(n,z11)]
’ @)
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D. Collaborative Semantic Label Fusion

Based on the single-robot semantic maps, collaborative map
merging can be performed. Denote M, as the semantic map
generated by robot r, where M, represents the semantic
map generated by its neighboring robot r,,. For robot r, the
semantic map fusion problem is to estimate the occupancy
probability and label probability in each grid, and generate
the global map M conditioned on available partial maps M,
and M, . Here, we assume the relative transformaion matrix
T between M, and M, is known.

Here, the maps generated by neighboring robot r,, will be
transformed in the coordinate frame of robot r given 7". Then
the collaborative semantic mapping problem is a process of
combining the semantic information of common objects from
partial maps to form a global enhanced map. The map merging
is formulated bellow.

P(M|M,, M,) (®)

Map merging should retain all of the useful information in
the input partial maps while reducing the uncertainty of the
final fused map. Since the same object can be observed in dif-
ferent perspectives by different robots, the voxels representing
the same object can have different occupancy probabilities and
label probabilities in separate maps. Therefore, it is significant
to consider the dissimilarities when integrating them into a
global map. In the process of semantic map fusion, the formula
of occupancy probabilities updating of a node is shown as:

1 — P(n|zpn,) 1 = P(nlzu,, )
P(nlznm,)  P(nlem,,)

P(n)

]71
©)

The occupancy probability logarithm of this node is:
lnlzn) = Unilzar,) +U(nlzar,, ) (10)

Regarding label probabilities updating, equation 5 can be
rewritten as:

P(l‘|ZM) - P(13|Z]\,{T)P(I|Z]\/[T”)(1—P(I ) (11)
P(—z|zp) (1= P(zlzn,))(1 — Pxlzm,, ) P(x)
The label probabilities can be represented as:
I (z) = Uzl2m,) + Uz|2m,, ) (12)

When the system perform the collaborative mapping, label
fusion need compute all 11 label probabilities of each voxel
in different single-robot maps. The probability P(n, Z,q.) of
global map for each node is computed as equation (7).

The label fusion rules are employed to execute the se-
quential map merging. In this work, based on the posterior
probabilities in different mobile robots, the posterior proba-
bilities of occupancy and label can be computed. The fusion
process effectively extracts the valuable information of each
grid, ensuring the accuracy of the global map.

V. EXPERIMENTAL RESULTS

We evaluate our system on the KITTI dataset [29] and NTU
dataset. The semantic segmentation model is trained by using
the cityscapes dataset [30]. NTU dataset is obtained by our
mobile robot HUSKY Clearpath which is shown in Fig. 3.
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The perception sensor is the ZED stereo camera (resolution:
672376, FOV: 8756). All algorithms are running on the Ubuntu
16.04 and ROS kinectic.

& ’ _—>| 3D Lidar (Velodyne VLP-16)|
\ e
Visual Camera (ZED)

) - Thermal Camera (Optris
P1450)

S

Fig. 3: HUSKY Clearpath with ZED stereo camera

A. Semantic 3D Reconstruction

We first test our system on the NTU dataset. Fig. 4 displays
the input of the system, including RGB image, depth image,
and corresponding semantic image. After processing the input
images by our system, semantic 3D reconstruction results of
the NTU dataset can be obtained, which is shown in Fig. 6.

(a) RGB image

(b) Depth image (c) Semantic image

Fig. 4: An example of input of NTU datasts

Fig. 5 shows the geometric mapping results which applies
Octomap [31] by using the point cloud published by stereo
camera. Comparing the Octomap results of Fig. 5 and Fig.
6, it is shown that our approach can reconstruct the 3D map
and recognize the classes of objects on the road with high
accuracy successively.

Due to the low precision of our stereo camera, the results
of NTU datasets cannot demonstrate the correctness of our
system. We apply our system on the KITTI dataset which
has more precise depth information of the environment. Fig.
7 shows the smooth and more precise Octomap on KITTI
dataset with high precision of stereo camera. This shows that
our system can perform semantic reconstruction with high
accuracy.

B. Semantic Map Fusion

The algorithm of the high level collaborative map merging
is tested on the NTU dataset (Left side of car park B) which
is shown in Fig. 8. In this environment, we divide the dataset
into two sets to simulate two robots. Firstly, the semantic maps
are generated separately. Then, the two semantic maps have
been fused into a global semantic map. In the right part of

Fig. 5: Octomap of NTU datasets without labeling

B Building W sky I Road M Vegetation MM Car W Signage
B sidewalk I Fence I Pedestrian Pole [ Cyclist
Fig. 6: Octomap of NTU datasets with labeling

fig. 9, it is the low-level single-robot mapping part of our
system, utilizing the environment views to build semantic map
for each robot. The integrated global map which is presented
in Fig. 9 is the high-level multi-robot map merging part.
From the whole process of collaborative mapping, it is shown
that our system performs well in both single-robot level and
multi-robot level. For single-robot level, the semantic octomap
can be completely built by utilizing the environment view
of mobile robots. For multi-robot level, collaborative map
merging achieves the fusion of maps of two robots, generating
an improved global map.

C. Quantitative analysis

Fig. 10 shows the continuous probability updating process
of a single voxel. Update 0 corresponds to the initial state that
the probabilities of all labels are all initialized with the same
value 9.09%.

Table I shows the updating process of one voxel in which
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I Building W sky I Road B vegetation Bl Car I Signage
B sidewalk [ Fence I Pedestrian Pole I Cyclist

Fig. 7: Octomap of KITTI datasets with labeling

The view of robot 2

Fig. 9: Collaborative mapping result

points are entered in order, specifying the label and its
corresponding probability. The first point used for updating
the voxel belongs to the label Road with a probability of
0.978569. From Fig. 10 we can observe the increase in the
probability of the label "Road” (gray) and the decrease in that
of the remaining labels. As the second point is entered, an
increasing trend in the confidence that this voxel belongs to
the "Road” can be seen, which is the same as the behavior of
the first point.

An efficiency test is performed in our real robot system,
which can process the information of the environment in real-
time. In the test, when an NVIDIA 1060 is used to handle
the CNN model, the frame rate of the mobile robot is 2.2 fps,
which is sufficient for mobile robots in practical scenario.

update6 | IEREAG2ASIN  0.896267 " g |

update5  IEEGGISTN 0.896227 " N |

update4 GO ~0.896187 ]

update3  IEEEATIIS) 10.896146 /]|

update?  IENESOT0SIN ~0.896104 . |

update]l SIS ©0.896062 . |

0 02 04 06 08 1 12

mBuilding m Sky m Road Vegetation
m Sidewalk m Car B Pedestrian m Cyclist
m Signage m Fence/Wall H People

Fig. 10: Update process of a single voxel (road)

TABLE I: Probability of the grid label before each label fusion
(6 update steps)

Update | Label | Probability
1 Road 0.978569
Road 0.978861
Road 0.9791
Road 0.98038
Road 0.981926
Road 0.983317

QN | B W

VI. CONCLUSION

This paper established a semantic 3D mapping framework
for multi-robot systems. On the basis of geometric occupancy
mapping, we firstly applied the semantic segmentation model
to mobile robot system. Then, the label information is fused
with the Octomap to achieve semantic 3D mapping on single-
robot level. To achieve multi-robot semantic mapping, this
paper provided a theoretical basis and algorithm for the global
reconstruction of 3D semantic maps between mobile robots.
In the future, semantic map fusion with real multi-robot
setting will be investigated. Multi-robot localization and place
recognition can be performed based on the semantic maps,
which shall lead to a significant improvement in performances
of mobile robots.
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