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Frontier Semantic Exploration for Visual Target Navigation
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Abstract— This work focuses on the problem of visual target
navigation, which is very important for autonomous robots
as it is closely related to high-level tasks. To find a special
object in unknown environments, classical and learning-based
approaches are fundamental components of navigation that
have been investigated thoroughly in the past. However, due to
the difficulty in the representation of complicated scenes and
the learning of the navigation policy, previous methods are still
not adequate, especially for large unknown scenes. Hence, we
propose a novel framework for visual target navigation using
the frontier semantic policy. In this proposed framework, the
semantic map and the frontier map are built from the current
observation of the environment. Using the features of the maps
and object category, deep reinforcement learning enables to
learn a frontier semantic policy which can be used to select
a frontier cell as a long-term goal to explore the environment
efficiently. Experiments on Gibson and Habitat-Matterport 3D
(HM3D) demonstrate that the proposed framework significantly
outperforms existing map-based methods in terms of success
rate and efficiency. Ablation analysis also indicates that the
proposed approach learns a more efficient exploration policy
based on the frontiers. A demonstration is provided to verify
the applicability of applying our model to real-world transfer.
The supplementary video and code can be accessed via the
following link: https://sites.google.com/view/fsevn.

I. INTRODUCTION

Imagine a robot is walking into your room, and you say:
“Hi, robot, can you help me check if my laptop is in my
bedroom? If so, bring it to me.” In such a high-level task, the
first idea of the robot is to find the laptop in your bedroom.
If the model of the scene is known, the robot can just plan a
path to the location of the laptop. However, if the location has
changed or is unknown, this task would be a challenge for
the robot. Visual target navigation is one of the important
functionalities for intelligent robots to execute more high-
level tasks. To find an object as the appointed category in
an environment, the robot has to be equipped with sufficient
abilities of scene understanding and autonomous navigation.
The indoor environment is usually complicated and labile,
which requests the robot not only to find the target but also
to maintain the great generalization in unknown scenes.

The task of visual target navigation has attracted much
research attention. Most of the classical approaches focus on
building the model of the scene and planning the explicit
path based on the model, which is limited by unexplored
or changing scenes. To achieve better performance in this
task, more precise semantics and geometry information are
also required. With the development of machine learning,
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learning-based methods are used increasingly for this task.
For the end-to-end models, the first framework [1] uses deep
reinforcement learning to find an object as the appointed
category in an unknown environment based on current ob-
servable images. Later, the framework is expanded by many
researchers to improve the navigation performance [2] [3]
[4] [5]. On the other hand, map-based models are also
applied in this task and achieve satisfying performances
compared with end-to-end methods. The map-based method
is demonstrated in [6], which attempts to build partial map
based on current observation as the long-term memory and
learns the semantic priors using deep reinforcement learning
to select the waypoint. The key to those learning-based
approaches is the simulation environment. To date, many
excellent simulation platforms have been proposed, such as
AI2-THOR [1], Al Habitat [7], and GibsonEnv [8].

In this work, we focus on the problem of navigating to
find an object as the appointed category in an environment
based on the visual observation. We propose to achieve an
efficient exploration and searching policy using the frontiers
and semantic map features. The overall framework is shown
in Fig 1. Visual observation is used to construct the real-
time semantic map and extract the frontiers. Based on the
frontier and semantic maps, deep reinforcement learning is
adopted to learn the navigation policy. We also use the invalid
action masking method [9] to deal with the problem that the
number of the frontiers is changing during the navigation.
We evaluate our model on the simulation platform Habitat
[7] and compare the navigation performance against previ-
ous map-based approaches. We perform experiments on the
photorealistic 3D environments of Gibson [8] and HM3D
[10]. In sharp contrast to many other map-based methods, our
framework integrates the features of the semantic and frontier
maps into the policy, and selects the long-term goal from the
frontiers. Ablation experiments show the effectiveness of the
frontier-based policy. We also demonstrate the application of
our method in real-world settings.

Our contributions are summarized as follows:

o We propose a framework that can build the environment
map and select the long-term goal based on the frontiers
using deep reinforcement learning to achieve efficient
exploration and searching.

o We show that using the invalid action masking method
to learn to select the long-term goal from frontiers, the
policy can significantly improve the performance.

o We apply our model in the robot platform to verify the
performance in the real world, and discuss the gap of
sim2real for the visual target navigation task.
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Fig. 1: The overall architecture of the target navigation framework. This framework uses as input the RGB-D images to
generate the semantic and frontier maps, and selects the long-term goal based on the maps and object category via deep
reinforcement learning. After reaching the long-term goal, the local policy then guides the final action for the robot.

II. RELATED WORK

Visual target navigation is one of the most fundamental
tasks for intelligent robots, which is inspired by human
behaviors for object searching. We discuss related works of
classical and learning-based methods.

A. Classical Semantic Navigation

Classical approaches for visual target searching focus on
mapping and navigation. After planning the path based on
the geometric and semantic map, the target navigation can
be seen as an obstacle avoidance problem. [11] presented
an approach of building the map for 3D environment and
then the path can be planned based on the map. [12] [13]
[14] incorporated the semantic information into the object-
centric map, which can help to understand the scene. The
accuracy of the semantic map has a great influence on the
performance of the navigation. The main limitation faced by
classical methods is the unexplored or changing scenes since
the map cannot be built in advance.

B. Learning-based Semantic Navigation

1) End-to-end model: After [1] proposed the end-to-end
framework for visual target navigation, there has been a
surge of novel approaches to this problem using end-to-end
deep reinforcement learning methods. [1] used pre-trained
ResNet [15] to encode the input observation and target
image, and fused them into the Asynchronous Advantage
Actor-Critic (A3C) [16] model. To train the navigation
policy, the simulation platform AI2-THOR was proposed
by [1], which provides a photorealistic environment with
high-quality 3D scenes. This work confirmed the key of
the learning-based method for the target navigation task.
Hence, [2] proposed using Graph Convolutional Network
(GCN) [17] to incorporate the prior knowledge into a deep
reinforcement learning framework. [3] used attention in the
3D knowledge graph after encoding the images by GCN. [4]
proposed the self-defined context grid rather than using the

existing architecture of the network to encode the visual fea-
ture and find the relation between the objects. [18] combined
the object relation graph and other methods to improve the
performance of target navigation. [5] learned auxiliary tasks
such as predicting agent dynamics, environment states, and
map coverage simultaneously to improve the performance.
[19] used data augmentation to address overfitting problem.

2) Map-based model: Many end-to-end methods used
past several images [1] [2] [4] or RNN [3] [4] [20] [21]
to remember the scene features. [4] had reported that in the
navigation tasks the RNN may work better than the method
of stacking past features, but in [22] the use of RNN is not
recommended because RNN often fails to capture long-term
dependencies. The map-based method has a great advantage
in that the map can be used as the long-term memory. So [23]
proposed a new framework to build the map by networks
and learn the policy of the global goal to guide the agent
to explore the environment, which achieves great efficiency
in point-to-point navigation. [24] constructed the topological
graph to represent the scene and calculate the matching score
for each node based on the goal image and source image.
[25] built the same topological graph node representing
images from YouTube videos and used Q-learning to score
each node. [26] used the supervised learning to predict the
frontier as the long-term goal, which also achieved great
performance.

Closely related to the approach presented in this paper
is the recent work in [27] and [6], with the similar aim of
exploring the unknown environment based on the partial map
feature. [27] combined the traditional approach of frontier-
based exploration [28] with deep reinforcement learning to
allow the robot to explore the unknown environment. [6]
incorporated the explicit semantic map with [23] to learn
the semantic context policy for efficient target navigation.
Our method addresses the problem of learning a frontier-
based navigation policy based on frontiers and semantic map
features for visual target navigation.
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III. THE PROPOSED METHOD

In this section, we describe the definition of the target
navigation task and the main modules of our framework.

A. Task Definition

In the visual target navigation task, the agent should
navigate the environment to find an object as the appointed
category in a scene. The category can be mapped from
a predefined set C = {cp,...,cn} and the scene can
be represented by S = {so,...,Sm}. For each task, the
agent is initialized at a random position p; in the scene s;
and receives the target object category c;, so the task can
be denoted by T; = {s;,¢;,pi}. No ground-truth map is
available from the scene. At each time step ¢, the agent
would receive an observation o;, take action a; and get
a scalar reward 74, so we can define it as the Partially
Observable Markov Decision Process [29]. The observation
contains RGB-D images, the location and orientation of the
agent, and the object category. The action space A consists
of four actions: move_forward, turn_le ft, turn_right, and
stop. Each move_forward makes the agent move 25 cm.
turn_left and turn_right can rotate the agent by 30 de-
grees. The stop action means that the agent knows when it
is close to the target. If the distance between the agent and
target is less than 0.1m and the agent takes the stop action,
the episode task is considered successful. The maximum
number of timesteps in one episode is 500.

B. Overview

As illustrated in Fig 1, our framework uses deep rein-
forcement learning to select the long-term goal based on the
semantic and frontier maps. Firstly, the agent obtains the
observation of the environment to build the semantic map.
The frontier map is extracted from the explored map and
obstacle map, and the target is encoded by word embedding.
Secondly, the frontier semantic policy would decide a long-
term goal from all the frontiers based on the current observa-
tion. After getting the long-term goal, the local policy would
plan a path and take the action to explore the environment
and search for the target.

C. Map Representation

1) Semantic Map: When the sensory input, the semantic
map is built based on RGB-D images and the position of
the agent. We use a similar representation as [6] to denote
the semantic map as a K x M x M matrix, where M x M
denotes the map size, and K = C,, + 2 is the number of
channels in the semantic map. C), is the number of semantic
categories, and the first two channels represent the obstacle
and explored map. The map is initialized with all zeros at
the beginning of each episode, and the agent starts at the
center of the map.

To build the environment map, we use the geometric
method that transforms the visual input into the 3D cloud
points, and then projects the point cloud into a top-down 2D
map based on the agent’s location. Specifically, the obstacle
and explored map channels depend on the depth image, and

other channels of the map are projected by the output of
semantic segmentation. We select a height range of the point
cloud to generate the obstacle map and take all of the point
projections as the explored map. Based on the output of
semantic segmentation, the corresponding cloud points are
aligned and each channel of the semantic mask is projected
into the proper position of the semantic map.

A big challenge of the map-based method for the visual
target navigation task is the multi-floor scenes. In some cases,
the object goal and the agent’s initial position are not on the
same floor. To find the object, the agent must walk upstairs
or downstairs on different floors, which would make a lot of
influence on the 2D map building. To deal with this problem,
we remove the stairs area in the obstacle map so the agent
can cross them. We also update the map to clear the old floor
obstacle when the agent comes into a new floor.

Contours
ﬂ

Explored Map Explored Edge

Frontier Map

Obstacle Map

Fig. 2: The process of generating the frontier map based on
the explored map and obstacle map.

2) Frontier Map: The frontier map is generated from the
explored map and obstacle map. As illustrated in Fig 2, the
explored edge is extracted by finding maximum contours
from the explored map, and after dilating the edge of the
obstacle map, the frontier map can be represented as the
differences between explored and obstacle maps. Frontier
cells are identified and clustered in chains by connected
neighborhood. Clusters that are too small are removed. The
cost-utility [30] approach is used to select the top 4 score
frontier cells from the frontier map. We use 4 x M x M to
represent the frontier map, and each channel just contains
one cell. The cells in the center of the remaining cluster
chains compose the subset of candidate destinations F'. So
for each frontier cell a € F, we can get the score SV (a)

§5Y(a) = U(a) = AevCla) (1)

where U (a) is a utility function, C(a) is a cost function and
the constant Agy adjusts the relative importance between
both factors. Then, the target frontier cell ¢ is chosen as the
one that maximizes the utility-cost function:

t = argmaxS°Y(a). (2)
acF

D. Policy Learning

Due to the great advantage of the map-based method,
global and local policies are applied in visual target nav-
igation. The global policy decides the long-term goal from
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the frontiers based on the current observation to guide agents
to find the target object. The local policy is used to plan a
path and output the final action of the agent based on the
long-term goal.

1) Global Policy: We use the Proximal Policy Optimiza-
tion (PPO) algorithm [31] to learn the frontier semantic
policy based on the maps and object categories. In there we
focus on the design of the state space and action space for
the learning of PPO in visual target navigation.

o State Space: The input of the global policy is the
joint representation of the current semantic map, frontier
map, and object category. We concat all the channels of
the semantic map and frontier map to K + 4 channels.
Specifically, to reduce the memory and computing re-
sources, we just crop a slide window on the K + 4
channels map centering on the location of the robot
as the current observation. To extract features from the
maps, we use a fully connected layer after 5-layer fully
convolutional network to output 2048-d features.

e Action Space: The action space of frontier semantic
policy is the frontier cells extracted from current obser-
vation. Different from [27], the action space is a set of
4 possible actions, which is the same as the number of
frontier channels. To avoid sampling the empty frontier
channel as long-term goal when the number of frontier
cells is less than 4, we use the invalid action masking
method [9] to mask the invalid channel of the frontiers
map. The process of invalid action masking can be
considered as a state-dependent differentiable function
applied for the calculation of policy, which means that
the policy gradient update would not be influenced. The
process is shown in Fig 3, in which each layer of the
action is the index of the frontier map channels. Finally,
we use the centroid of the connected domain of sampled
frontier cell as the long-term goal.

Linear Mask
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Fig. 3: The selection of the frontier cells using invalid action
masking. For example, if we get three frontier cells from
the observation, the fourth action of action space would be
masked to keep the same number as the cells.

Our implementation of the PPO model contains two fully
connected layers, and then the action and value are generated
by two branches of the network. We use the frame skipping
method under which the global goal is updated every 25
steps, which can improve training efficiency. At each step,
if the semantic channel corresponding to the category of
the target has non-zero elements, meaning that the target is
visible, then all the non-zero elements would be selected as
the long-term goal. If the target is invisible, the policy would

sample a long-term goal where the target is most likely to
be found based on the current semantic and frontier map.

2) Local Policy: After obtaining the long-term goal, the
Fast Marching Method (FMM) [32] is used to plan a path
from the current location of the agent to the goal. A local
goal would be selected from the limited range of current
positions, and the final action a; € A is taken to reach
the local goal. At each step, the local map and local goal
are updated using the new observation. Compared with the
end-to-end approach, local policy deals with the problem of
learning the ability of obstacle avoidance from scratch, which
significantly improves training efficiency.

3) Reward Shaping: On the premise of finding the target,
we also focus on minimizing the trajectory length between
the start position and the goal. To avoid the sparse reward,
three factors are considered: geodesic distance [33] to goal,
time penalty, and smooth-coverage [34]. At each step ¢, the
agent is penalized with a small time term A = -0.001. We use
the difference between the current and last geodesic distance
as the dense reward:

Tq X (dtfl - dt) 3)

To encourage the robot to explore the unknown area but
reduce the repeating path, we grid the map and incorporate
ideas from the smooth-coverage reward [34] to design a
shaped version of exploration:

Tet = Z Az\/%

A;eGy

“4)

Te X Tet —Tet—1

where G represents all the cells in the map at time ¢, A;
is the area explored by the agent in the grid cell ¢, n; is the
number of times the grid ¢ has been observed so far. Each
time the robot scans the grid, the number of times of this
grid would increment by one. Based on reward equation 4,
the robot can navigate across less frequently visited grids to
explore the unknown area as more as possible. So our final
reward function is the sum of all three terms:

re="rq+Te +A (5)

IV. EXPERIMENTS

In this section, we compare our method with other map-
based baselines in the simulation to evaluate the performance
of the frontier semantic policy. We also apply our method
in the robot platform to verify the application in real-world
tasks.

A. Simulation Experiment

1) Dataset: We perform experiments on HM3D [10] and
Gibson [8] datasets. Both Gibson and HM3D contain high-
resolution photorealistic 3D reconstructions of real-world
environments. For Gibson, we use 25 train and 5 val scenes
from the Gibson tiny split which already has associated
semantic annotations. For HM3D, we use the standard splits
of 75 train and 20 val scenes with habitat format. There

4102



TABLE I: Results of Comparative Study.

Method Gibson HM3D
Success SPL DTG Success SPL DTG
Random Walking 0.030 0.030 2.580 0.000 0.000 7.600
Frontier Based Method [28] 0.417 0.214 2.634 0.237 0.123 5414
Random Sample on Map 0.544 0.288 1.918 0.300 0.143 4.761
SemExp [6] 0.652 0.336 1.520 0.379 0.188 2.943
Frontier Semantic Exp (Our) 0.715 0.360 1.350 0.538 0.246 3.745

Find toilet Action 2 Find toilet Action 1

(a) step 1 (b) step 100

Find toilet Action 3 Find toilet Action 0

(c) step 200 (d) step 233

Fig. 4: The process of visual target navigation experiment in the Habitat platform to find a toilet. The gray channel represents
the barrier, the blue spot shows the long-term goal selected by policy, the red line represents the trajectory of the robot, and

other colors represent the semantic objects in the indoor scene.

are 6 object goal categories defined [6]: chair, couch, potted
plant, bed, toilet and tv. To provide more semantic relevance,
we also detect other most frequent 7 categories which are
common between Gibson and HM3D datasets during the
navigation.

2) Experiment Details: We evaluate our methods in the
3D indoor simulator Habitat platform [7]. The observation
space contains 480 x 640 RGBD images, base odometry
sensor, and goal object category represented as an integer.
For the semantic segmentation, we use the pretrained RedNet
model [35] finetuned as [5] to predict all the categories. We
build our model based on the publicly available code of [6]
and [9], and use the PyTorch framework. For training the
policy using PPO algorithm, we adapte Adam optimizer with
a learning rate of 0.000025, a discount factor of v = 0.99.
The global map size is 96 x 96 m, the local map size is
48 x 48 m, and the map resolution is 0.05 m. The weight
Acu is 0.5. We train our model for over 2 million frames
on NVIDIA V100 32GB GPU.

3) Evaluation Metrics: We follow [33] to evaluate our
method using Success Rate, Success weighted by Path
Length (SPL), and Distance to Goal (DTG). SR is defined
as % vazl S;, and SPL is defined as % Zfil Sim,
where N is the number of episodes, S; is 1 if the episode
is successful, else is 0, I; is the shortest trajectory length
between the start position and one of the success position,
p; is the trajectory length of the current episode ¢. The DTG
is the distance between the agent and the target goal when
the episode ends.

4) Baselines: To assess the navigation performance of
our model on the evaluation datasets, a few baselines are
considered:

+ Randomly Walking: The agent randomly samples an
action from the action space A with a uniform distri-

bution at each step.

o Frontier-based Policy [28]: This baseline uses classical
robotics pipeline for mapping followed by classical
frontier-based exploration algorithm. Whenever the goal
object category is detected, the local policy tries to go
towards the object using an analytical planner.

o Randomly Sampling on Map: We build the explored
map firstly from the observation of the agent. Secondly,
the long-term goal is sampled from the map with a
uniform distribution at each step. After getting the long
term goal, the final action can be selected by the local
planner method.

o SemExp [6]: We follow [6] as the baseline to explore
and search for the target using semantic priors.

5) Result and Discussion: The quantitative results of the
comparison study are reported in TABLE I. From the table
we can find that random walking almost fails in all the
episodes, which illustrates that each episode of the datasets
is not easy to get success using randomly discrete actions.
However, when we randomly sample the long-term goal
using the map-based framework, the performance is even
better than the classical frontier-based method [28]. This
suggests the great advantage of the map-based method is the
long-term goal can help the robot explore the environment
roughly and quickly. The great improvement in SemExp [6]
shows the importance of the semantic information in the
scene is that the long-term goal can be selected more effi-
ciently based on the semantic relevance. As can be seen that
our method outperforms all the baselines by a considerable
margin consistently across both the datasets, which achieves
71.5 % and 53.8 % success rate on Gibson/HM3D, and
improves a lot over the SemExp baseline [6], which shows
the efficiency of our framework. The process of finding a
toilet is shown in Fig 4.
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Fig. 5: The process of visual target navigation experiment in the real world to find a monitor.

6) Ablation study: To understand the importance of the
different modules in our framework, we consider the follow-
ing ablations based on the HM3D dataset:

e FSE w.o. Frontier Map: The importance of the
semantic map has been proved in [6]. So we replace
the semantic and frontier maps with the semantic-only
map. The policy is still retrained with the same reward
function and samples a long-term goal from frontiers as
before.

¢ FSE w.0. Goal Policy: Our policy is trained to select
the best frontiers as the long-term goal. To verify the
performance, we replace our learned frontier semantic
policy with a goal-agnostic policy [23] which samples
the point on the frontier cell closest to the agent.

o FSE w. GT SemSeg: We use the ground-truth semantic
sensor in the Habitat simulator to replace the semantic
segmentation in this framework.

TABLE II: Results of Ablation Study in HM3D.

Method Success SPL  DTG(m)
FSE w.o. Frontier Map 0470  0.218 4.725
FSE w.o. FS Policy 0.465 0.217 3.893
FSE 0.538  0.246 3.745
FSE w. GT SemSeg 0.640  0.329 3.667

The importance of the frontier map and frontier semantic
policy in the visual navigation task are remarkable in TABLE
II. Especially, we can notice that the DTS of the FSE w.o.
Frontier Map is larger than the FES w.o. FS Policy compared
with Success and SPL. It indicates that the frontier map is
an important feature for the policy to select the long-term
goal, and it is possible that the policy randomly samples
from frontier cells if there is no correlation between input
feature and action space. In FSE w.o. FS Policy, a certain
phase consistency should exist in the goal-agnostic policy as
the DTS decreased.

The performance of the proposed model is still far from
perfect. The error is also needed to analyze for future
improvement. We can see that the FSE w. GT SemSeg
improves about 10% in the Success and SPL to our method,
which means that the accuracy of the semantic segmentation
make a great influence on the results. From our observation,
another important factor is the multi-floor scene in the HM3D
dataset that the start position of the robot and the goal are
not on the same floor. This is a great challenge for the 2D

map-based method, because going upstairs or downstairs is
difficult for the robot and the multi-floor map would destroy
the continuity of the map. 3D map-based exploration may
be a great way to solve this problem.

B. Real World Experiment

We use ROS [36] and the Jackal Robot hardware platform
with Realsense D455 camera and Ouster lidar to deploy the
frontier semantic policy in the real world.

To bridge the gap between simulation and real world, we
keep all sensor data as similar as possible to the simulation
environment. Firstly, we set the same height of the RGB-
D camera and limit the same range of the depth image for
the robot as the setting in the simulation. To get a more
accurate location of the robot, the lidar is also used to build
the geometry map in real-time to correct the location. Then
the RGB-D images, location, and object category would be
sent into our model and the action would be output. From
Fig 5 we can see that the long-term goal (blue spot) selected
by our model can guide the robot to explore the environment
and search for the goal efficiently.

The noise of the images and location is the main gap
between simulation and the real world. The depth image
is influenced by the illumination and the limitation of the
hardware. Even though we equip with many depth image
filters, there are still some wrong projections about the chair
in Fig 5 (orange area). On the other hand, we can’t get
enough accurate location using lidar and odometry compared
with simulation, which causes the noisy points around the
wall or other objects. But the advantage of the map-based
framework in the real-world transfer is that the input of our
model is the scene map rather than the direct images with
noise, which can significantly decrease the influence of the
noise on our model. So we can deploy our model on the
robot platform without much fine-tuning.

V. CONCLUSIONS

In this paper, we present a frontier semantic exploration
framework to tackle the visual target navigation task in an
unknown environment. The frontier and semantic maps are
used to select the long-term goal from the frontier cells.
By implementing the experiments in Gibson and HM3D
scenes, we show that our method significantly improves the
performance of success rate and efficiency. Ablation studies
show that the proposed model learns frontier priors which
leads to more efficient exploration. Real-world experiment
shows the advantage of the map-based framework and the
applicability of our method.
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