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Abstract— In this paper, we propose an autonomous method
for robot navigation based on a multi-camera setup that takes
advantage of a wide field of view. A new multi-task network
is designed for handling the visual information supplied by the
left, central and right cameras to find the passable area, detect
the intersection and infer the steering. Based on the outputs
of the network, three navigation indicators are generated and
then combined with the high-level control commands extracted
by the proposed MapNet, which are finally fed into the
driving controller. The indicators are also used through the
controller for adjusting the driving velocity, which assists the
robot to adjust the speed for smoothly bypassing obstacles.
Experiments in real-world environments demonstrate that our
method performs well in both local obstacle avoidance and
global goal-directed navigation tasks.

I. INTRODUCTION

We have observed significant progress in various sub-tasks
of autonomous robot navigation such as scene perception
[1][2], simultaneous localization and mapping [3][4], path
planning [5][6] and lane keeping [7][8]. However, it is
still challenging to design a navigation system that inte-
grates goal-directed navigation with obstacle avoidance in
an unstructured environment, such as a campus site and a
main street crowded with pedestrians and cars. This requires
the robot to be able to handle diverse scenarios based on
sufficient perception of its surrounding environment.

With Deep Learning demonstrating state-of-the-art perfor-
mance in various vision tasks and the low cost of RGB
cameras, vision-based navigation methods have received
much attention. There are two major paradigms for au-
tonomous vision-based navigation: mediated perception and
data-driven behavior reflex [9]. The former is suitable for
structured environment and makes decisions mainly based
on the mediated representation including sub-tasks related
to autonomous navigation, such as segmentation [10][11],
object detection [12][13] and depth estimation [14][15].
This approach provides the model with more abstract and
decision-friendly features compared with the RGB images.
However, it may increase the unnecessary complexity of
the driving model as the mediated perception is a high-
dimensional world representation possibly containing redun-
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Fig. 1. Overview of the proposed method. Each image input is a separate
channel and the outputs are fed into a designed controller to generate the
final steering and velocity for robot navigation.

dant information compared with low dimensional driving
commands [9].

By contrast, behavior reflex approaches avoid handcrafted
rules and use end-to-end models to map from raw RGB im-
ages to commands by learning from human driving demon-
strations. Existing methods have showcased favorable perfor-
mance in specific tasks [8][16][17][18]. However, such mod-
els work like a black box by completing a complex mapping
within a single step, which may reduce the interpretability
of the model and might not be trusted or confidently used
by humans. Moreover, different human drivers may take
different attentions when facing the same situation, which
will confuse the model training.

In addition to the above two paradigms, direct percep-
tion has been studied recently. It directly predicts low-
dimensional intermediate representations of the environment,
such as distance to obstacles [19] and distance to the lane
markings [20]. Instead of pursuing a complex parsing of
the entire scenario, such representations are then fed into a
designed driving controller to control the vehicle. It combines
the advantages of the above two paradigms. However, as
stated in [20], since the intermediate representations are
diverse and difficult to obtain in practice, most studies are
restricted to simulated environments only.

In this paper, we present a novel method which combines
the advantages of the above paradigms in a multi-view man-
ner. Most existing work only utilizes a monocular camera,
which is usually inadequate to learn a safe driving model due
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to the limited field of view [17][8][21]. By contrast, multiple
cameras can see if other objects are coming from multiple
sides and thus provide more information for making safer
decisions. As shown in Fig. 1, the proposed multi-camera
system includes one central camera and two side cameras.
We also develop a multi-task network to learn the navigation
skills from the three perspectives of observations. Besides the
shared task of transforming input RGB images into mediated
representations of the environment, in the first sub-task, we
use the input of the central camera to directly regress an
initial steering which performs well on lane keeping. In
the second sub-task, we use the input of the side cameras
to detect whether the vehicle has reached an intersection.
The high-level commands are mapped from a 2D map with
planned point-to-point route by the proposed MapNet. The
result of the detection is then combined with the high-level
commands to determine the travel direction.

Since the mediated representations of high dimension can
hardly be used for direct decision making, we transform
it into three low-dimensional indicators in a probabilistic
form. The three indicators including the local, the global and
the combined ones are generated through the combination
of the high-level commands output by the MapNet, the
detection of the obstacle by locating its bottom pixels and
the results of intersection detection output by the multi-task
network. Moreover, a designed driving controller is used
to implement the command including steering and velocity
based on the network outputs and the indicators. Extensive
results on a robotic vehicle prove that our autonomous
navigation approach outperforms existing methods in both
obstacle avoidance and goal-directed navigation tasks.

II. RELATED WORK

Mediate perception approaches have been well developed
via extensive research on various sub-tasks of autonomous
navigation, such as image segmentation [22][23][24] and
object detection [1][25][26]. These approaches are relatively
interpretable and safe due to their modularity, and thus
popular in industry. However, most of the current works
focused on data-driven behavior reflex approaches without
handcrafted rules.

Behavior reflex approach, first proposed in [27], directly
maps driving actions from raw sensory input. Recently,
Muller et al. [16] and Bojarski et al. [8] demonstrated the
effectiveness of neural networks in predicting action, for
specific tasks, such as lane keeping and obstacle avoidance.
Loquercia et al. [17] introduced an approach to learning
control commands from the data recording human drivers’
behaviors for lane keeping and predicting the collision
probability for collision avoidance. Similarly, Codevilla et
al. [28] proposed a conditional imitation learning approach
which can learn from human demonstration with the input of
high-level command, which enables the vehicle to traverse
intersections in desired direction. However, this single-step
mapping approach lacks transparency [20].

Another line of work treated autonomous navigation as a
visual task in which the vehicle is controlled by a designed

controller based on a small number of indicators. Sauer et al.
[20] and Chen et al. [9] demonstrated good results when ap-
plying this approach to structured environment driving in an
open-source simulator. Kouris et al. [19] proposed to use the
distance-to-collision in three directions for decision making
and performed well in indoor environments. Unfortunately,
this approach is unsuitable for outdoor environments.

Most existing methods including the aforementioned ones
are based on a single forward-looking camera, while multi-
camera systems play a vital role in providing a wider
field of view for the decision making in navigation tasks.
Multi-camera based systems have been studied recently. For
example, Baek et al. [24] used multiple fisheye cameras for
surrounding scene understanding. Deng et al. [29] introduced
a restricted deformable convolution method for semantic
segmentation using surround view cameras. Also, Amini et
al. [30] and Hecker et al. [31] presented methods using a
neural network to construct direct mapping from images of
multiple cameras and a routed map to behavior. However, the
increase of image input may lead to information redundancy,
which increases the difficulty of model training. Meanwhile,
as studied in [32], naively incorporating all camera features
may lead to the problem of over-reliance. By contrast, our
method treats each input from an individual camera as a
separate channel. The output of each channel is then used to
implement control commands, ensuring that the information
from each view is well explored for decision making.

III. METHOD

This section elaborates each of the three parts of the
proposed method. In the first part, we introduce the ar-
chitectures of different networks. These networks are used
for initial steering prediction, scene perception and high-
level command mapping. In the second part, we introduce
the method for extracting indicators excluding the predicted
steering from the outputs of the networks. Finally, a con-
troller is developed to receive the above indicators and the
predicted steering to generate final control commands.

A. Network Architecture

We propose a multi-task network aiming at the detection
of the free drivable area, and the steering and intersection
inference via different cameras. The central camera is used
for steering prediction, and side cameras for intersection
detection. We also propose a network, namely MapNet, for
classifying the high-level command from the routed map.
As shown in Fig. 2, the multi-task network has a shared
encoder for two tasks to extract features from the input
image. After the feature extraction, a convolutional layer
with ReLU activation, an upsampling layer and a softmax
layer are used to detect the traversable area by locating the
bottom pixel of the obstacle corresponding to the column
containing that pixel, highlighted as the yellow lines in
Fig. 2. Considering the efficiency of deploying an onboard
platform with multiple cameras, unlike the network proposed
in [24], we use the MobileNetV2 [33] branching at the fifth
“bottleneck” as the encoder and replace the decoder part with
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Fig. 2. Illustration of the proposed network architecture. The multi-task network receives images from different cameras separately and outputs the results
of bottom-pixel detection, intersection detection and initial steering commands. The MapNet receives routed map images and outputs high-level command.

a single dense upsampling convolution. Besides, the network
for predicting the initial steering and detecting the road
intersection has one average pooling layer, two convlutional
layers with ReLU activation and a fully connected layer.
For intersection detection, a sigmoid layer is employed at
the end of the network. The MapNet is a simple network
structurally similar to the multi-task network for the steering
and intersection inference while a softmax layer is used to
classify the high-level command.

We use the binary cross-entropy loss (BCE) and the
mean-squared loss (MSE) to train the networks detecting
intersection and predicting steering. Softmax cross-entropy
loss (SCE) is used for bottom-pixel detection and high-level
command classification. The loss functions are shown below:

LBCE(t, y) = −
1

N

N∑
i=1

[tilog(yi)+(1−ti)log(1−yi)], (1)

LMSE(t, y) =
1

N

N∑
i=1

(ti − yi)2, (2)

LSCE(t, y) = −
1

N

N∑
i=1

K∑
k=1

ti(k)log(yi(k)), (3)

where t is the labels of the training dataset, y is the output of
network and N is the number of samples. K is the number of
class labels in the multi-class classification task. For bottom-
pixel detection task, K is the height of the input image,
while for high-level command classification K is 3. During
the training of multi-task networks, simple joint optimization
will lead to a convergence problem due to the different loss
gradients generated by different tasks [17]. Moreover, finding
appropriate weights between different losses is a complex
and difficult task. Hence, we propose to train the tasks
separately. We first train the bottom-pixel detection task and
then freeze the parameters to serve as an initializing feature
extractor to train other tasks.

In the implementation, the proposed multi-task networks
and the MapNet are trained using images with the resolutions
of 160× 128 and 50× 50 respectively and the batch size of

32. For data augmentation, we use random brightness, and
add salt-and-pepper noise on all camera data. Besides, we
use horizontal flip on the bottom-pixel detection data. We
use the Adam optimizer [34] to train our models with an
initial learning rate of 10-4.

B. Navigation Indicators

The robotic vehicle should be able to keep moving along
the road while following the route command and avoid obsta-
cles such as pedestrians and cars. To satisfy the requirements
for real-world driving, we set the following rules to generate
the navigation indicators: i) The vehicle should move in the
middle the road if there are no obstacles ahead; ii) When
reaching an intersection, the vehicle should be able to turn
according to high-level command; iii) The vehicle should be
able to select the best direction to bypass obstacles under the
observation of the surrounding environment.

In accordance with the above rules, we mainly use pre-
dicted steering for road keeping. Moreover, we propose two
types of indicators of global and local navigation. Finally,
these two types of indicators are integrated into combined
indicators then used for the last two rules.

1) Local Navigation Indicators: We propose to extract
the local indicators based on bottom-pixel information to
evaluate the environment around the vehicle. We use the
position of bottom-pixel as approximate distance measure to
obstacles. We first normalize it to [0,1]. In the normalization,
we do not consider the upper 1/4 image as it is usually
covered by remote buildings or sky. We then divide the
images into a series of overlapped windows. As shown in
the left image of Fig. 3, the red and blue windows are
used to monitor the state of the vehicle’s front and left side
respectively. The left half of the central image and the left
image are used together to describe the overall traversable
area on the left side. Wc, W 1

ls and W 2
ls are the normalized

bottom-pixel sets in the central, left and right windows
respectively. Moreover, as shown in the right image of Fig. 3,
a sliding window is used to find the optimal area for lateral
vehicle movement based on the maximum mean value of the
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Fig. 3. Left: Overlapped windows for extracting indicators. Right: A sliding
window for finding optimal area for lateral vehicle movement. The number
at the bottom gives the ratio of the window width to the image width.

normalized bottom-pixel set in the corresponding window.
W 3
rs is the normalized bottom-pixel set corresponding to the

output window. Similarly, we also have W 1
rs, W

2
rs on the

right side and W 3
ls on the left side. ils and irs denote the

indexes of the corresponding sliding windows.
According to the windows and normalized bottom-pixel,

we propose one longitudinal safety indicator (Lc) based
on the central camera to evaluate the safety state of local
longitudinal movement. Also, two lateral safety indicators
(Lls and Lrs) are proposed based on the central camera
and the side cameras, which are used to evaluate the safety
state of local lateral movement. Considering that the obstacle
closest to the vehicle will bring the highest risk, these
indicators are defined as follows:

Lc = min(1,
1

1 + e−α×(min(Wc)−β)
), (4)

Lls = min(1,
1

1 + e−α×(min(W 1
ls)−γ)

+ (1− v)), (5)

Lrs = min(1,
1

1 + e−α×(min(W 1
rs)−γ)

+ (1− v)), (6)

In the experiments, we set α = 20, β = 0.25, and γ =
0.15 empirically. v is the velocity of the robotic vehicle. The
longitudinal safety indicator is only related to the distance
to the nearest obstacle, while the lateral safety indicators are
also related to the vehicle’s velocity v as we allow the vehicle
to make careful turns at a low speed with obstacles around.

2) Global Navigation Indicators: We use P (IS) to de-
note the intersection detection result, a probability which
represents how possible the corresponding lateral direction
is an intersection. Then, the high-level command cmd ∈
[turn left, go forward, turn right] mapped from the
routed map is used to select the driving direction at the
intersection. The global indicators for the left and right sides
are set as follows: Gls = P (IS), Grs = 0 cmd = turn left

Gls = 0, Grs = P (IS) cmd = turn right
Gls = 0, Grs = 0 cmd = go forward

. (7)

3) Combined Indicators: We integrate the two types of
indicators and propose the three combined indicators below:

Mc =Wc × Lc, (8)

Mls =

{
W 3
ls × (1− Lc)× Lls Lc < 0.5

W 3
ls ×Gls × Lls otherwise

, (9)

Algorithm 1 Driving Controller for Navigation

Input: Lc, Lls, Lrs,Mc,Mls,Mrs,W 2
ls,W

2
rs, ils, irs, sp

Output: velocity, steering
1: repeat
2: ~Mc ←Mc, ~Mls ← {Mls, nls}, ~Mrs ← {Mrs, nrs}
3: velocity = Lc × Vmax:
4: if Mls or Mrs is not 0 then
5: if Lc < σ then
6: Choose the direction i ∈ {ls, rs} for obstacle
7: avoidance according to max{W 2

ls,W
2
rs}

8: else
9: Choose the direction i ∈ {ls, rs} for naviga-

10: tion according to max{Mls,Mrs}
11: The resultant vector’s angle θt = θ( ~Mc + ~Mi)
12: Map the angle to the steering st = θt/90

◦

13: steering = st
14: else
15: Choose the direction i ∈ {ls, rs} based on sp
16: Ensure safe turn steering = sp × Li
17: until reach destination

Mrs =

{
W 3
rs × (1− Lc)× Lrs Lc < 0.5

W 3
rs ×Grs × Lrs otherwise

, (10)

where Wc, W 3
ls and W 3

rs are the mean values of Wc, W 3
ls and

W 3
rs respectively. So the above combined indicators take into

account both the local safety and the global moving direction
of the robot. Since these indicators are low-dimensional, it
is easy to design a controller based on them.

C. Control Policy

The proposed indicators with the predicted steering sp are
fed into a designed driving controller to generate control
policies including velocity v ∈ [0, 1] m/s and the final
steering s ∈ [−1, 1] rad/s. According to these indicators,
the controller yields different control policy for different
situations. This allows safe navigation and more interpretable
decision making by opting for moving towards the desired
direction or that with the largest amount of traversable space.

The whole controlling policy is described in Algorithm
1. The vehicle velocity v is defined to be proportional to
the local indicators of the longitudinal movement Lc. Vmax
denotes the maximum speed of the vehicle. At each time
step, the controller judges if the side cameras are needed to
assist the decision making based on the combined indicators
of different cameras. With the aid of the side cameras, we
use a motion planning method to generate steering command
as an alternative to the initial steering in specific situations,
like reaching an intersection or facing obstacles. We first
construct a set of vectors { ~Mls, ~Mc, ~Mrs} based on the the
combined indicators. Instead of using fixed windows and
vector angles like [19], we used the indexes ils, irs of the
optimal sliding window to adjust the angle of the vectors for
motion smoothing. These vectors are towards the left, central
and right directions, corresponding to [−90◦,−30◦], 0◦, and
[30◦, 90◦] respectively. If the longitudinal safety indicator
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Fig. 4. Left: Our mobile platform. Right: Experimental environment where
the red and the blue routes are for data collection and testing respectively.

Lc is less than the threshold σ set to 0.5, the direction
for obstacle avoidance is selected as the one with the most
traversable area based on W 2

ls and W 2
rs, the means of W 2

ls

and W 2
rs respectively. Otherwise, the direction is determined

by the maximum combined indicators. As an alternative to
the predicted steering, st is determined by the angle of the
resultant vector derived from ~Mc and ~Mi. In other cases, the
predicted steering sp is used to control the vehicle moving
along the road. Meanwhile, the lateral safety indicators Lls,
Lrs are used to adjust the steering to prevent lateral collision.

IV. EXPERIMENTAL RESULTS

In this section, we conduct experiments of robot navigation
in the real-world environments to demonstrate the superiority
of the proposed model over the baseline methods.

A. System Setup

Physical Setup: The physical system is illustrated in the
left image of Fig. 4. All of the components except for the
remote control are mounted to the vehicle, AGILE SCOUT.
We run the Robot Operating System (ROS) and Ubuntu on
the NVIDIA Jetson TX2. We equip the truck with three
raspberry Pi RGB cameras driven by the J20 module. The
field of view of all three cameras is 60 degrees, and the
adjacent angle is 60 degrees too. Besides, we use a third-
party map API to obtain 2D maps with navigation routes
based on GPS information. In order to remove the redundant
information, we crop and binarize the map.

Testing Scenario: As shown in the right image of Fig.
4, we test our method with the vehicle running in a campus
environment. We collect data from human demonstrations for
a total of 45K images from all three cameras as well as the
corresponding map images supplying the route information.
These images are used for bottom pixel detection, high-level
command classification, and steering prediction which only
uses the images from the central camera. Due to the lack of
positive samples of intersection detection, we also expand
the positive samples by including some images from the
central camera, leading to a set of total 12K images used
for intersection detection. In each task, 20% data are used
for validation.

TABLE I
COMPARISON OF VARIOUS BACKBONES USING DIFFERENT METRICS

Backbone Resnet8 Resnet50 Inception-ResNet-V2 MobileNetV2
RMSE 0.168 0.099 0.102 0.108

Avg. Accuracy 91.72% 96.68% 96.17% 94.74%
MAE 4.83 2.33 2.65 2.88
FPS 13.52 4.97 3.88 8.92

TABLE II
QUANTITATIVE COMPARISONS BETWEEN OUR METHOD AND

BASELINES. NO. UI AND NO. MI DENOTE THE NUMBER OF USER

INTERVENTIONS AND MISSED INTERSECTIONS RESPECTIVELY.

Environment Model No Map Task With Map Task
Driving Length Driving Time No. UI No. MI Driving Time

Simple

DroNet 100m 104s 2.5 1.7 144s
PilotNet 117m 115s 2.3 1.3 138s
MVE2E 123m 120s 0.6 1 121s

SV 124m 120s 0.5 1.1 126s
Ours 136m 120s 0 0 110s

Complex

DroNet 46m 79s 6.5 1.9 177s
PilotNet 53m 84s 5.3 1.5 146s
MVE2E 67m 88s 5.1 1.3 132s

SV 87m 104s 2.2 1.4 135s
Ours 128m 120s 0 0.4 122s

B. Backbone Comparison

In this section, we use different networks [33][35][36]
as the backbone where they are modified to meet the di-
mensional requirements for up-sampling. To compare the
model variants using different encoder networks in terms of
both accuracy and speed, we report root-mean-squared error
(RMSE), average accuracy, mean absolute error (MAE) and
frame per second (FPS) in Table I.

We use RMSE to perform steering prediction. For intersec-
tion detection and high-level command classification, average
classification accuracy is used to evaluate the performance.
For bottom-pixel detection task, we adopt the MAE metric,
which represents the mean pixel displacement between the
ground truth and the prediction. The number of FPS onboard
is used to reflect the computational efficiency of the model.

As shown in Table I, due to the deeper network structure
and the residual modules, ResNet-50 and Inception-ResNet-
V2 achieved better performance, but the computational in-
efficiencies made them difficult to be deployed on mobile
platforms. A high computational efficiency is vital for robot
navigation as it ensures that the vehicle can respond to
emergency in time. Although ResNet-8 is a residual network
with higher computational efficiency, its shallow network
architecture is unsuitable for the complicated pixel-wise de-
tection task. Considering the balance between computational
efficiency and performance, we finally use MobileNetV2 as
the encoder.

C. Baselines and Tasks

In the experiments, we compare our method with three
state-of-the-art methods: DroNet [17], PilotNet [8] and
MVE2E [30]. Both DroNet and PilotNet are a single-view
models. It is worth mentioning that PilotNet uses three
cameras for training while only the central camera is used
for navigation. Similar to ours, MVE2E is a multi-view
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Fig. 5. Samples in different scenarios which demonstrate comparisons of control commands between our system and other methods (Green: DroNet,
Blue: PilotNet, Black: MVE2E, Red: Ours). The numbers under the images are the decision-making ratios of different cameras.

model which is an updated version of PilotNet. However,
differing from our method, it merges the images from the
three cameras in a naive way, i.e., directly fusing the image
features from the three cameras, which leads to over-reliance
on the central images. Besides, we have introduced an
ablated version of our method, SV. The only difference is that
SV uses only the central camera for training and testing. To
train the obstacle avoidance models of PilotNet and MVE2E,
we additionally collect some images with obstacles and
corresponding steering for bypassing obstacles. Meanwhile,
these additional data are also used to train the collision
inference model of DroNet.

For comparison, we define the following two tasks to
evaluate the performance of the baselines and our method.

No Map Task: There is no planned route and the termina-
tion condition is that a collision occurs or a preset maximum
duration (120s) is reached.

With Map Task: A routed map is added as extra nav-
igation information, which requires the robot to reach the
designated destination according to the planned route.

The above two tasks are both conducted in simple and
complex scenarios. The simple scenario only contains some
static obstacles in the environment, while the complex one
includes dynamic obstacles like pedestrians or artificially
added barricades. The two tasks were both tested 10 times
and the average performance were reported. We evaluate the
performance for No Map Task in terms of driving length
and time. For With Map Task, we have added two additional
metrics: User Interventions and Missed Intersections. The
number of user interventions refers to the times that an
error occurred during the testing, e.g. hitting an obstacle
which requires a manual reset. Missed Intersection denotes
the number of intersection missed.

D. Quantitative and Qualitative Evaluations

As shown in Table II, in No Map Task, when there is
no obstacle in the middle of the road, both our method
and baselines can drive a long distance, indicating that all
approaches can well complete the lane keeping tasks in a
simple environment. However when encountering dynamic
obstacles, DroNet, PilotNet and SV are limited by a narrow
field of view and often hit the obstacles. Their driving length
and time are less than ours. MVE2E also fails to avoid
dynamic obstacles due to the naive merging of the images
of three cameras and thus cannot drive a long distance.

In With Map Task, map information was added as a
high-level planner to complete the point-to-point navigation

task. However, as shown in Table II, due to the deviation
of GPS positioning, DroNet, PilotNet and SV often miss
some intersections for turning. These methods rely on a
high precision of GPS positioning as the visual information
supplied by a single camera is not sufficient to find the
intersections. MVE2E benefits from multiple cameras and
thus misses less intersections. Our method does not only use
multiple cameras to take images, but also includes a specific
network handling the images captured by the side cameras
for intersection detection. Consequently, our method requires
the least interventions and misses the least intersections.

Fig. 5(a) shows that all of the methods worked well when
the robot just needs to go forward. However, as shown in
Fig. 5(b) and (c), only our method enabled the robot to turn
accurately at the intersections while the competing methods
apparently missed the intersections. In Fig. 5(d), there is
a dynamic obstacle in front of the robot while passable
areas are available on both sides. DroNet often suffered
from a standstill when facing the obstacle. PilotNet ended
with constantly swaying from side to side due to the narrow
field of view. The steering angle predicted by MVE2E is too
small to avoid obstacles as it cannot decide which side to
pass through. In Fig. 5(e), the initial position has obstacles
blocking the front and the right side of the robot, but there is
a passable area on the left side. Similarly, both DroNet and
PilotNet hit the obstacle as they cannot detect the passable
area due to the lack of the information from both sides.
MVE2E cannot accurately estimate the turning angle and
cause a collision while it can find the passable area due to
its multi-camera setup. In contrast, our method can accurately
identify which side is accessible and successfully bypass
the obstacle. It is worthing noting that instead of using a
constant velocity for obstacle avoidance, our method can
yield a proper velocity based on the saftey state of the vehicle
as shown in Algorithm 1.

Besides, to evaluate the contribution of the information
from each camera to the final decision, we define the
decision-making ratio, which is a ratio of the global nav-
igation indicators of each camera to the sum of them. As
shown in Fig. 5, in different scenarios, the contributions
of all three cameras have different weights for the deci-
sion making, indicating that each camera takes effect. For
instance, in Fig. 5(a), since there is no obstacle on the
road, the contribution of the two side cameras is 0 and
thus the vehicle drives only relying on the information
provided by the central camera. In comparison, in Fig. 5(d),
due to the pedestrian who blocks the road, our method
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make the decision of turning left based on the information
collected by the side cameras where the left side camera
has a slightly higher contribution as it has more traversable
area than the right side (L:0.52 vs R:0.48). Please refer
to https://vsislab.github.io/arnmcp/ for the
video demonstration of robot navigation in the real world.

V. CONCLUSIONS

In this paper, we proposed a novel deep learning frame-
work based on multi-camera perception to enable the smooth
and safe autonomous navigation for a robot in the real world.
Our navigation indicators greatly enhanced the robot’s ability
of path planning and obstacle avoidance. Importantly, we
adopted multi-task learning approach that combines behavior
reflex, mediated perception and direct perception to generate
optimal control policies. Extensive navigation experiments
were conducted in various real-world scenes to demonstrate
the effectiveness of the proposed method.
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