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Appendix A

Candidate target frontiers determination

In this paper, we adopt Wavefront Frontier Detector (WFD) algorithm [1]order to eﬀectively extract frontiers from robot’s
sensor reading. Furthermore, Varied Density Based Spatial Clustering of Applications with Noise (VDBSCAN) algorithm [2]
is applied to generate the meaningful frontier clusters according to frontier distribution density. DBSCAN requires two
important parameters as follows: Eps and M inpts, which are highly dependent on the designer’s practical experience.
In DBSCAN, Eps is the radius that represents spatial attribute that delimitates the neighborhood area of a point, while
M inpts is the minimum number of points that must exist in the Eps neighborhood. By using DBSCAN, the contiguous or
neighbouring frontiers can be identiﬁed or grouped into the same frontier cluster.
In addition, due to that some frontier clusters are unreachable during exploration, there is a need to exclude these
frontier clusters. In our case, if the frontier number of one frontier cluster is less than the pre-determined threshold T , the
frontier cluster is infeasible and removed from consideration for the target frontier assignment; otherwise, it is feasible and
added into the valid frontier cluster list. Consequently, only the frontier clusters that large enough are selected as the target
frontier clusters, and the corresponding centroids are considered as candidate target frontiers.

Figure A1 An illustration of the candidate target frontiers decision-making process. (a) The initial frontiers (red); (b)
frontier clusterings (color); (c) the centroids of frontier clusterings (F1-F8); (d) candidate target frontiers (invalid F1 is
removed). The candidate target frontiers are enlarged for a better visualization.
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An example for the generation of candidate target frontiers based on DBSCAN is depicted in Figure A1, where red cells
indicate the frontiers generated by WFD, black cells represent known obstacles, yellow squares indicate the target frontiers,
and the other colored lines are the frontier clusters produced by DBSCAN.

Appendix B
Appendix B.1

Semantic classification of indoor places with CNN
CNN architecture

Convolutional Neural Network (CNN) is a biologically inspired and multilayer feed-forward neural networks, which consist
of various combinations of the convolutional layer, sub-sampling layer and fully connected layer. To construct classiﬁer
for semantic classiﬁcation purpose, we adopt a similar model as the AlexNet proposed by Krizhevsky et al. [3] and choose
Caﬀe [4] as our base framework of CNN. The overall architecture of our CNN is presented in Figure B1.

Figure B1

An illustration of the architecture of our CNN.

As depicted in Figure B1, our CNN mainly includes eight layers with weights; the ﬁrst ﬁve are convolution layers and the
remaining three are fully connected layers. The convolutional layer computes convolutions of the input images with multiple
ﬁlters (kernels), and generates diﬀerent convolution feature maps, which are used as input of the next layer. The kernels
of the second, fourth, and ﬁfth convolutional layers are connected only to the corresponding feature maps in the previous
layer, but the kernels of the third convolutional layer are connected to all feature maps in the second layer. The neurons in a
fully connected layer are connected to all neurons in its previous layer. Furthermore, Local Response Normalization (LRN)
layers follow the ﬁrst and second convolutional layers, max pooling layers follow both LRN as well as the ﬁfth convolutional
layer, and Rectiﬁed linear unit (ReLU) follows the output of every convolutional and fully-connected layer.
More speciﬁcally, the ﬁrst convolution layer ﬁlters the 224 × 224 × 3 (150528-dimensional) input image with 96 kernels of
size 11×11×3 with a stride of 4 pixels. The second convolution layer takes as input the output of the ﬁrst convolution layer,
and ﬁlters it with 256 kernels of size 5 × 5 × 48. The third convolution layer and the fourth convolution layer has 384 kernels
of size 3 × 3 × 192 connected to the outputs of the previous convolution layer, respectively. The ﬁfth convolution layer has
256 kernels of size 3 × 3 × 128. The fully-connected layers have 4096 neurons, and the output of the ﬁnal fully-connected
layer is fed to a 8-way softmax which produces a distribution over 8 class labels. In addition, since the CNN requires a
constant input dimensionality, the image should be ﬁrst rescaled to a ﬁxed resolution of 224 × 224 × 3.

Appendix B.2

Semantic classification using the CNN-based classifier

Given the panoramic scans made independently from a set of unique positions of mobile robots, we construct an observation
vector z(i, t) representing the t-th panoramic scan of robot i, which can be described as:
{
}
z(i, t) = labeli,1 , · · · , labeli,j , · · · , labeli,N
(B1)
where labeli,j is the j-th semantic label with regard to the t-th panoramic scan of robot i. N is the total number of
classiﬁcations, which is set to 8 in this paper.
By applying the CNN-based classiﬁer, the observation vector z(i, t) is transformed into a discrete probability distribution
over N classiﬁcations:
{
}
P(i, z) = p(labeli,1 |z(i, t)), · · · , p(labeli,j |z(i, t)), · · · , p(labeli,N |z(i, t))
(B2)
where p(labeli,j |z(t)) is the probability of the t-th panoramic scan of robot i belonging to the j-th semantic classiﬁcation.
Finally, the resulting semantic classiﬁcation for the t-th panoramic scan of robot i can be obtained by selecting the label
with the highest probability:
Label(i, t) = argmax p(lablei,j |z(i, t)), j = 1, · · · , N
(B3)
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An example that panoramic scan taken in a great hall together with its corresponding probability distribution is shown
in Figure C1.

Appendix C

The parameters of Hidden Markov Model

To implement HMM, two important models should be speciﬁed in advance, P (zx |Lx ) and P (Lx |Lx−1 ,). P (zx |Lx ) is
observation model, which provides the likelihood that the classiﬁcation output is zx given the actual class is Lx . To
determine the observation model, we generated statistics about the classiﬁcation output given the robot was at a place
corresponding to Lx . P (Lx |Lx−1 ,) is the transition model, which deﬁnes the probability of transform from class Lx−1 to
class Lx . To realize this model, we running 1,000 experiments, in which we started the robot at a randomly chosen position
in an indoor environment and commanded it to move a certain distance forward, and compute P (Lx |Lx−1 ) by counting
the transitions between places, which have been manually labeled. The ﬁnally obtained transition probability matrix is
depicted in Figure C2.

Figure C1 An example of panoramic scan in a great hall
and its probability distribution. (a) The panoramic image
in a great hall; (b) the probability distribution over 8 classiﬁcations.

Figure C2 Probabilities of possible transitions between
nearby positions in an indoor environment. Dark values
indicate high probability.

As can be seen in Figure C2, the probability of staying in one place with the same semantic type is higher than the
probability of moving to other places, except doorway and water room due to the fact that the doorway and water room
are usually small regions in which the robot never stays for a longer time. What’s more, the probability of moving from
one room to a doorway is higher than the probability of moving from one room to a corridor, except water room. This
indicates that robots must ﬁrst across a doorway in order to enter other diﬀerent rooms.

Appendix D

Target frontier assignment algorithm for multi-robot exploration

The target frontier assignment algorithm that determines the optimal assignment of target frontiers to the individual robots
is given in Algorithm D1.
Algorithm D1 Target frontier assignment for coordinating multi-robot exploration
Require: A set of frontiers ft ,t=1,...,n; mobile robot ri , i=1,...,m;
Ensure: The arrangement of frontiers for the individual robots;
1: Initialize the parameters of CNN and VDBSCAN, initialize semantic parameters γ, and set the utilities of all frontiers
to 1;
2: Determine a set of frontiers from the generated occupancy grid map;
3: Form target frontier clusters by using DBSCAN, compute their centroids and generate the candidate target frontiers;
4: Estimate the semantic classiﬁcations of candidate target frontiers by using CNN and HMM;
5: while i 6 m do
6:
while t 6 n do
7:
Compute the cost Ucost of robot ri and target frontier ft according to Eq. 2;
8:
Reduce and estimate the utility Uutility of robot ri and target frontier ft according to Eq. 3 and Eq. 4;
9:
end while
10:
Determine the best target frontier for robot ri according to Eq. 5;
11: end while
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Experimental results

In this section, a series of real-world experiments have been performed to verify the feasibility and eﬀectiveness of our
proposed multi-robot exploration method.

Appendix E.1

Experimental setup

We based our exploration implementation on the frontier-based exploration package named frontier exploration [5] under
Robot Operating System (ROS) framework [6], and simulated the exploration tasks in Player/Stage [7]. It is should noted
that our exploration method works in a centralized fashion and all robots can communicate with each other through Wireless
Local Area Network (WLAN) based on TCP/IP protocols.
For DBSCAN, Eps and M inpts are closely related to the resolution of occupancy grid map. In this paper, our map is
created with ﬁxed resolution of 0.025m × 0.025m. The parameters of DBSCAN are set as follows: Eps = 1 and M inpts = 4,
T = 10.
For training CNN, we use the ﬁne-tuning method based on the Girshicks implementation of training [8], and achieve
it through the fast and standard stochastic gradient descent algorithm. In addition, CNN are initialized with the default
parameters proposed by Krizhevsky et al. [9]. The parameters conﬁguration of CNN’s solver for training CNN are given in
Table E1.
Table E1

The parameters conﬁguration of CNN’s solver for training CNN
test iter

test interval

base lr

10

500

0.0001

lr policy
step

gamma

stepsize

test iter

max iter

0.1

100

1000

100000

momentum

weight decay

snapshot

solver mode

0.9

0.0005

50000

GPU

Furthermore, for specifying the value of semantic parameter γ, we performed exploration runs in diﬀerent indoor environments with varying γ, and the results ﬁgure out that we can obtain the best results using a γ-value of around 5.
To perform these experiments, we used three TurtleBot2 robots, which are all equipped with odometer and gyroscope
and Kinect sensor (ASUS Xtion Pro Live), as shown in Figure E1. It should be noted that the robots have means for solving
the underlying Simultaneous Localization and Mapping (SLAM) problem given odometer and Kinect data. The localization
process and the mapping process are done by using the AMCL pack and Gmapping algorithm respectively, which are open
source. In addition, to visualizing the map published from Turtlebot2, the visualization tool RVIZ is also used.

Figure E1

Appendix E.2

Our three Turtlebot2 robots used in the experiments.

Data-set of indoor places

For training and testing our CNN, we have created a data-set of indoor places by collecting data from the New Main
Building of Beihang University, where the environment contains eight semantic classiﬁcations namely study rooms, oﬃces,
seminar rooms, water rooms, great halls, corridors, doorways and laboratories.
To collect the data for our data-set, Turtlebot2 was manually driven through the indoor environment, and situated
in diﬀerent locations inside each place for acquiring images. Each image is labelled as belonging to one of the semantic
classiﬁcations according to the position of the robot. It should noted that the locations are spatially distributed inside
each place covering the most of the possible situations. At each location, the robot takes observations with panoramic
view to obtain a series of images with Kinect. However, since Kinect has a constrained ﬁeld of view (∼58◦ ) that does not
have a broad perspective to make a 360◦ vision observation. To form a complete panoramic scan, in this paper, the robot
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Dataset containing a total of 1,228 panoramic images

classiﬁcation

place

panoramic images

classiﬁcation

place

panoramic images

Corridor

Corridor1

96

Seminar room

Seminar room1

30

Corridor2

42

Seminar room2

36

Doorway1

30

Great hall1

48

Doorway2

72

Great hall2

42

Doorway

Laboratory
Oﬃce

Doorway3

90

Laboratory1

45

Laboratory2

30

Oﬃce1

30

Great hall

Study room
Water room

Great hall3

24

Study room1

111

Study room2

30

Water room1

24

rotates around its vertical axis and takes 12 snapshots at each location. Then, the ORB-based image stitching approach [10]
is employed to create panoramic image according to the input Kinect images. Consequently, each semantic classiﬁcation
contains multiple panoramic images coming from diﬀerent locations at one place, and ﬁnally our data-set containing a total
of 780 panoramic images labeled with 8 classiﬁcations. Table E2 presents a summary of the information contained in our
data-set, and Figure E2 shows the examples of panoramic images for each place in our data-set.

Figure E2

Example panoramic images of our dataset with eight diﬀerent semantic classiﬁcations.

Furthermore, the whole data-set has been divided into training set and testing set for the purpose of training and testing
the CNN-based classiﬁer. The training set is created by randomly select two-thirds of the panoramic images from each
classiﬁcation in our data-set, while the rest of data in the same classiﬁcation are used as testing data, i.e., the data-set
comprises of 520 training images and 260 test images.

Appendix E.3

Semantic classification of indoor places with CNN

In order to verify the performance of the CNN-based classiﬁer for solving semantic classiﬁcation problem, a series of
comparative experiments have been conducted using our data-set. Since our classiﬁcation method is supervised, training
for the CNN-based classiﬁer need to be performed in advance. In practical applications, training CNN depends on the user’s
skill and experience very much, and it is very time consuming. Furthermore, due to insuﬃcient images, training CNN on
our data-set may suﬀer from overﬁtting. To overcome this problem, we use the ﬁne-tuning strategy for training CNN, which
is a very eﬀective way to the adaptation of an existing model to new architectures or data. Based on the solver setting
in Appendix E.1, training CNN is carried out on a PC equipped with Intel i7 processor, 32GB memory and a NVIDIA
GeForce GPU.
Figure E3 shows the results of training CNN on our training set in the term of the loss and accuracy of CNN’s output.
As can be seen, with the increase of the iterations in startup phase, the train loss and test loss are both gradually reduced
while the accuracy is rapidly improved. After about 7 × 104 iterations, with the increase of the iterations continuously,
the train loss, test loss and accuracy are all remain stable with a better performance. Finally, the trained CNN provides
a higher accuracy of 97.4%, and achieves lower train loss and test loss of 3.25% and 7.86% respectively, which imply that
our CNN-based classiﬁer can be used to solve semantic classiﬁcation problem with the advantages of providing a high
classiﬁcation accuracy.
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Once CNN has been trained, the semantic classiﬁcation tests can be performed according to the trained CNN model.
In order to evaluate the performance of the CNN-based classiﬁer, the comparative experiments for solving semantic classiﬁcation task on the testing set have been carried out. As the baselines for comparison, we use the classical SVM-based
classiﬁer [11] and AdaBoost-based classiﬁer [12], which classify indoor places based on the geometrical features. These
features are standard geometrical features often used in shape analysis, which can be found in Ref. [13]. Furthermore, for a
fair comparison, all the classiﬁers are carried out with 50 independent runs. Figure E4 graphically compares the experiment
results with respect to the correct classiﬁcation rate.

Figure E3 The results of loss and accuracy during
CNN’s training and testing.

Figure E4 Comparison of correct classiﬁcation rate on
our testing set using CNN, SVM and AdaBoost.

From the reslults shown in Figure E4, it can be found that the CNN-based classiﬁer performs much better performance
than AdaBoost-based classiﬁer and SVM-based classiﬁer as the resulting correct classiﬁcation rate of indoor places is the
highest. The higher accuracy rates of CNN are achieved for the ‘Doorway’ and ‘Laboratory’ classiﬁcations. This is due to
the fact that ‘Doorway’ and ‘Laboratory’ classiﬁcations have distinctive features than the other classiﬁcations, which can
be easily distinguished from panoramic scans. On the contrary, the lower accuracy rates are obtained for the ‘Oﬃce room’
and ‘Study room’ classiﬁcations. Although CNN-based classiﬁer behaves with the worse performance in the accuracy rates
of ‘Oﬃce room’ and ‘Study room’ classiﬁcations, it presents competitive results compared with SVM-based classiﬁer and
AdaBoost-based classiﬁer.
According to the above experimental results, it can be concluded that the CNN-based classiﬁer performs signiﬁcantly
better than SVM-based classiﬁer and Adaboost-based classiﬁer with the advantage of providing high classiﬁcation accuracy,
which clearly demonstrates the eﬀectiveness of our CNN-based classiﬁer for addressing semantic classiﬁcation problem of
indoor environments.

Appendix E.4

Multi-robot exploration of indoor environment using semantic information

In this section, we present an experiment study through a real world implementation on three identical Turtlebot2 robots
(see Figure E3) equipped with laptop-computers. For all the experiments, mobile robots carried out at the New Main
Building of Beihang university, where the workspace is 70m × 55m, and each robot starts from the same initial positions.
To prove the performance of our proposed exploration approach against others, we compared our exploration strategy to
two exploration approaches: the nearest frontier exploration strategy by Yamauchi [14, 15], and the utility-cost exploration
strategy by Burgard [16], which are signiﬁcant representatives of the frontier-based approaches. For a fair comparison, all the
methods are carried out with 50 independent experiments. In the following ﬁgures, “NF” represents the the nearest frontier
exploration strategy, “UC” denotes the utility-cost exploration strategy, “CNN” indicates the CNN based exploration
strategy and “CNN-HMM” stands for the CNN with HMM based exploration strategy.
Figure E5 and Figure E6 graphically compares the experiment results, traveled distance and exploration time. Figure E5
shows the experiment results with respect to the traveled distance. From the results, it can be seen that the traveled
distances of the three turtlebot2 robots using CNN and CNN-HMM are shorter than that resulting from NF and UC,
due to that our proposed method can help robots get a higher priority to thoroughly explore the non-corridors places,
and therefore does not have to come back to the explored places during exploration. As a result, the overall traveled
distances of the three robots generated by CNN and CNN-HMM is signiﬁcantly shorter than that of NF and UC, where
CNN consumes 25.7% and 13.2% less overall traveled distances than NF and UC respectively, and CNN-HMM consumes
29.4% and 17.5% less overall traveled distances than NF and UC respectively. Furthermore, the overall traveled distance
generated by CNN-HMM is shorter than CNN does, which illustrates that the use of HMM can help reduce the traveled
distance when compared to the methods without using HMM.
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Figure E6 The exploration time results of multi-robot
exploration using NF, UC, CNN and CNN-HMM.

Figure E6 depicts the experiment results with respect to the exploration time. Again, the results show the similar
conclusion as the former experiment results of traveled distance. As can be seen, CNN-HMM behaves with the best
performance in the performance of exploration time while NF gives the worst performance, where CNN-HMM provides
39.1%, 23.8% and 8.8% less exploration time than NF, UC and CNN respectively. This signiﬁcant reduction of exploration
time is due to the fact that the using of semantic information can make robots better distributed over the environments and
work in a coordinated manner with less interference and redundant work. As a result, the overall exploration trajectory is
short and thus reduces the total exploration time. What’s more, the results also illustrate that applying HMM is useful for
robots to reduce the exploration time, and thus improve the exploration eﬃciency.

Figure E7 Exploration snapshot and robots’s trajectories of the real world experiment with three Turtlebot2. The squares
labeled S1 , S2 and S3 are the initial position of the robot1, robot2 and robot3 respectively. Green line indicates robot1’s
trajectory, blue line represents robot2’s trajectory and red line denotes robot3’s trajectory.
Figure E7 shows the exploration snapshots using our proposed exploration method when exploring the indoor environment
with three Turtlebot2 robots. From the results, we can ﬁnd that the three robots explore the corridor ﬁrst, then select
and explore diﬀerent rooms reachable from the corridor. When a robot enters a room, our approach ensures that the robot
explores its room completely before moving on to the next room, so that the robot will no need to explore the previously
explored room for a second time. Furthermore, it also can be found that each room is explored by only one robot, and the
three robots do not block each other during the execution of their exploration tasks. This is due to the fact that the use of
the semantic information about the indoor environment can give robots preference to explore the non-corridor places, and
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improves the distribution of the robots over the environment. As a result, all the robots work in a coordinated manner to
explore diﬀerent unexplored areas, and thus the time required to thoroughly explore the indoor environment is signiﬁcantly
reduced.
In sum, the experiment results demonstrate that our proposed exploration strategy that combined CNN and HMM
with frontier-guided exploration approach is a eﬀective and feasible method in solving multi-robot exploration problem.
What’s more, the results also illustrate that the semantic information of indoor environments can speed up the multi-robot
exploration progress compared to the approaches that ignore the semantic information.
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