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Abstract

In end-to-end autonomous driving, the utilization of exist-
ing sensor fusion techniques for imitation learning proves
inadequate in challenging situations that involve numerous
dynamic agents. To address this issue, we introduce LeT-
Fuser, a transformer-based algorithm for fusing multiple
RGB-D camera representations. To perform perception and
control tasks simultaneously, we utilize multi-task learning.
Our model comprises of two modules, the first being the
perception module that is responsible for encoding the
observation data obtained from the RGB-D cameras. It
carries out tasks such as semantic segmentation, semantic
depth cloud mapping (SDC), and traffic light state recog-
nition. Our approach employs the Convolutional vision
Transformer (CvT) [39] to better extract and fuse features
from multiple RGB cameras due to local and global feature
extraction capability of convolution and transformer
modules, respectively. Following this, the control module
undertakes the decoding of the encoded characteristics
together with supplementary data, comprising a rough
simulator for static and dynamic environments, as well as
various measurements, in order to anticipate the waypoints
associated with a latent feature space. We use two methods
to process these outputs and generate the vehicular controls
(e.g. steering, throttle, and brake) levels. The first method
uses a PID algorithm to follow the waypoints on the
fly, whereas the second one directly predicts the control
policy using the measurement features and environmental
state. We evaluate the model and conduct a comparative
analysis with recent models on the CARLA simulator using
various scenarios, ranging from normal to adversarial
conditions, to simulate real-world scenarios. Our code
is available at https://github.com/pagand/
e2etransfuser/tree/cvpr-w to facilitate future
studies.

* Equal contribution

1. Introduction

Many works in the autoonomous driving literature has
been focusing on different aspects of perception and con-
trol tasks for safe navigation [2, 4, 8, 30, 32, 36, 37, 43]. Re-
cent advances in end-to-end driving neural network (NN)
models have demonstrated remarkable results using single
modality inputs, such as image and LiDAR [16]. How-
ever, these approaches face limitations in complex urban
scenarios involving adversarial situations due to their lack
of 3D scene understanding [13]. Sensor fusion has shown
promise in addressing these challenges by integrating mul-
tiple sensor modalities, such as cameras and LiDAR sen-
sors, to create a more comprehensive scene representation
[1, 9, 15]. Despite the improvements, these fusion methods
often require large computational resources and face chal-
lenges in balancing learning signals between perception and
control tasks [41]. Moreover, integrating multiple modali-
ties with different data shapes and representations requires
sophisticated preprocessing techniques such as ELPP [10],
SaDMS [25], leading to increased model complexity and
the potential for information loss.

Recent advancements in end-to-end autonomous driving
have explored the integration of different sensor modalities,
such as LiDAR, RGB and RGB-D cameras, to enhance per-
formance. One notable approach is [41], which employs
Convolutional Neural Network (CNN) to extract data fea-
tures provided by a RGB-D camera and fuses them to ex-
tract future vehicle waypoints and navigational signals. An-
other well-known perception only method is TransFuser [7],
which uses a multi-modal fusion transformer to incorpo-
rate global context and pairwise interactions into the fea-
ture extraction layers of different input modalities. We use
both these methods as our baselines and we show combin-
ing ideas from these approaches could potentially lead to
more robust and accurate end-to-end autonomous driving
solutions. We achieved this by leveraging the strengths of
both global and local context reasoning provided by trans-
formers and CNNs and trajectory-guided control.

In this paper, we propose a novel deep neural network ar-
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chitecture for end-to-end autonomous driving that leverages
the complementary advantages of RGB and depth informa-
tion provided by an RGB-D camera, addressing the chal-
lenges faced by existing single modality and sensor fusion
approaches. Our model consists of two main modules: the
perception module, which encodes high-dimensional obser-
vation data and performs semantic segmentation, semantic
depth cloud (SDC) mapping and ego vehicle speed and traf-
fic light prediction; and the control module, which decodes
the features encoded by the perception module along with
additional GPS, command and speedometer information to
predict waypoints and control policy.

In the perception module, we utilize Convolutional vi-
sion Transformers (CvT) [39] and EfficientNet [35] to
adeptly extract RGB image and SDC map features. We
then fuse them using a CNN-based fusion layer. Addition-
ally, we employ two agents in the control module to process
the perception module’s outputs, fostering diversified and
resilient decision-making. To tackle the issue of balanc-
ing learning signals, similar to [41], we implement a Modi-
fied Gradient Normalization (MGN) method, ensuring uni-
form learning pace across all tasks. Finally, we evaluated
our model on the CARLA simulator with various scenar-
ios, including normal-adversarial situations, demonstrating
improved performance over baseline methods.

2. Related works
Multi-Modality: Recent advancements in multi-modal

end-to-end autonomous driving have highlighted the po-
tential of using RGB images alongside depth and semantic
information to enhance driving performance [44]. Studies
by [2, 41] have investigated the effectiveness of incorporat-
ing depth and semantic data as intermediate representations
for driving tasks. In our work, we focus on combining RGB
and Depth inputs, providing complementary scene repre-
sentations and are readily available in autonomous systems.

Sensor Fusion: Most sensor fusion research has focused
on perception tasks such as object detection [3, 14, 22] and
motion forecasting [12, 27, 42]. These approaches typically
include multi-view LiDAR data or combine camera input
with LiDAR data by projecting features between different
spaces. ContFuse [23] is an approach fusing multi-scale
RGB and LiDAR bird’s eye view (BEV) features densely.
However, these methods do not capture the global context
of the 3D scene, which is crucial for safe navigation in chal-
lenging scenarios. We implement a multi-scale geometry-
based fusion mechanism inspired by [22, 23] but find it in-
sufficient for complex urban driving situations. Our pro-
posed attention-based multi-modal fusion transformer over-
comes this limitation by incorporating global contextual
reasoning, resulting in improved driving performance.

Bird’s Eye View Strategies: In this domain, researchers
either use lidar data or fuse RGB images and depth maps

from a single RGB-D camera [28]. They project the depth
map with the semantic segmentation to create a semantic
depth cloud (SDC) with a BEV perspective. This enables
the model to perceive the environment from a top-view per-
spective and benefits from the clearer occupied or naviga-
ble regions provided by the SDC’s semantic information
compared to LiDAR point clouds containing only height
data [16,33]. Huang et al. [18] fused RGB images and depth
maps to capture a deeper global context, while Prakash et al.
[33] combined RGB images and preprocessed LiDAR point
clouds to leverage different perspectives, such as front-view
and BEV. These approaches used either high-level naviga-
tional commands [18] or sparse GPS locations provided by
a global planner [33] for driving. In our research, we con-
sider using a sequence of routes instead of high-level nav-
igational commands, as this better reflects real-world au-
tonomous driving conditions [17].

Imitation Learning: Studies in end-to-end autonomous
driving usually fall into two categories: reinforcement
learning (RL) and imitation learning (IL). Authors in [21,
24] have shown the potential of RL, while IL approaches
such as LBC [4] and NEAT [6] have demonstrated im-
pressive performance. Our work adapts the auto-regression
scheme used in TransFuser and its variants [20, 33].

End-to-End Autonomous Driving: End-to-end multi-
task learning approaches offer benefits in training efficiency
and integration simplicity. Imitation learning-based meth-
ods have been investigated for autonomous driving tasks,
with the former exploring additional perception tasks to im-
prove feature extraction [4, 19]. Combinations of various
autonomous driving tasks, such as object detection, lane de-
tection, semantic segmentation, and depth estimation have
been proven to achieve incredible performance [5, 38]. In
our work, we adopt a similar multi-task learning approach,
but utilize depth from an RGB-D camera as input [15].
We address the imbalanced learning problem in multi-task
learning by implementing a MGN algorithm [29].

3. Methodology

In this section, we present the details of our proposed
approach. Our model is structured around two key compo-
nents: the perception and control modules, each fulfilling
a specific set of tasks to enable the vehicle navigation. In
the perception side, we extract features from RGB and a
BEV SDC map. Also, the model accurately predicts traf-
fic lights and ego vehicle speed from the RGB embedded
features, ensuring optimal navigation. In the subsequent
control stage, our model utilizes the extracted features, cur-
rent ego vehicle speed, and GPS location to provide reliable
waypoints and vehicular commands.
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Figure 1. Model architecture. It consists of trainable and non-trainable components represented by light and dark-colored items, respec-
tively. The perception module is denoted by blue-colored items, while the controller module is represented by green, and the inputs are
orange. The white box represent different tasks that are learned simultaneously. The process inside the waypoint dashed green line box is
iterated three times during the training, in which the model predicts waypoints and estimates the level of vehicular controls independently.

3.1. Perception Module

As illustrated in Fig. 1, the perception module serves to
extract essential features from RGB images using CvT [39]
to perform semantic segmentation and generate a BEV SDC
map. Our perception module receives a total of three RGB
images from three vehicle cameras, with the first camera
capturing the front view angle and the other two tilted to
the left and right by 60 degrees. To provide a compre-
hensive understanding of the environment, depth images
are also captured from each camera. The front RGB and
depth images have a resolution of 160 × 320, while the
non-overlapping side cameras capture images with the res-
olution of 160 × 224. This results in a total of 160 × 768
pixels for both RGB and depth images.

3.1.1 Convolutional Vision Transformer

The cornerstone of our feature extractor is the CvT [39] that
has been pretrained on the ImageNet [11] shown in bottom
left section of the Fig. 1. This particular network was se-
lected for its unique ability to leverage both convolution and
transformer modules, providing unparalleled benefits to our
feature extraction process. Convolution layers excel at ex-
tracting local features, while transformers are known for
their ability in global feature extraction and learning. By
combining the strengths of these two powerful techniques,
CvT ensures that our feature extractor is capable of captur-
ing both local and global features, resulting in truly com-
prehensive visual representations.

CvT-13 [39], a light version of the CvT, has been care-
fully selected for its exceptional performance and fewer

number of parameters. As one can see in Fig. 1 , it has been
designed with three main stages, each of which incorpo-
rates a Convolutional Token Embedding (CTE) to process
the 2D input images. The features extracted by the CTE are
then normalized and passed through a Convolutional Trans-
former Block (CTB). To apply both convolutional and at-
tention layers, the CTB uses a depth-wise separable con-
volution operation known as Convolutional Projection to
create the query, key, and value embeddings. These em-
beddings are then passed through a transformer module to
extract global features, ultimately resulting in highly accu-
rate and comprehensive feature maps. The last layer of CvT
is a fully connected layer used for image classification that
we remove from the model. As a result, the RGB extracted
features contains 384 features, each with a size of 10× 48.

3.1.2 Semantic Segmentation

After the feature maps are extracted, we use them in differ-
ent sections of the model, as they contain valuable informa-
tion. First, they are utilized to train a semantic segmenta-
tion decoder capable of accurately identifying 23 different
classes depicted in the Fig. 1 as ”Decoder”. Later, we use
this to create a BEV SDC map. To achieve this, we have de-
veloped a segmentation decoder that consists of three con-
volutional layers and a final pointwise convolution with sig-
moid activation. By leveraging skip connections, we can ef-
fectively capture both local and global features, resulting in
accurate and comprehensive segmentation maps.



Figure 2. Semantic Depth Cloud (SDC) map created from three depth and semantic segmentations acquired from the three cameras attached
to the vehicle. The SDC mapping creates three separate BEV maps using estimated semantic segmentation and attaches them together.

3.1.3 Semantic Depth Cloud

In order to enhance the understanding of the scene, we have
utilized a method that involves the creation of a BEV Se-
mantic Depth Cloud using the provided depth images and
estimated semantic segmentation, in addition to the RGB
images [28]. The SDC map represents the ego-vehicle’s sur-
rounding environment and contains richer information with
respect to the lidar data due to the 23-layered classified in-
formation. Each layer represents one class of environment
object. According to the Fig. 2, the SDC is created without
considering the height information (y-axis), as a BEV per-
spective requires only the x-axis and z-axis. The process
of creating the SDC involves separately generating a SDC
map for each camera, and then merging them together after
rotating the side maps with an appropriate angle.

We define a 64-meter distance range in front of the ve-
hicle and 32 meters to each side of the camera, creating a
coverage area of 64 × 64 square meters. The SDC maps
have dimensions of 160 × 320 square centimeters for the
front and 160 × 224 for the sides. We generate a transfor-
mation matrix for the x-axis using camera parameters and
normalize the coordinates to align with the SDC tensor spa-
tial dimension. One-hot encoding is applied to yield a 23-
channel SDC tensor. The resulting maps are copied to an
empty tensor with dimensions of 160×768, with side maps
rotated at a 42-degree angle. For feature extraction, we use
the compact EfficientNet-B1 [35] network to generate a ten-
sor of 192 features, each with a size of 10× 48.

3.2. Controller Module

The control module depicted as green squares in the Fig.
1, receives RGB, SDC and navigational measurements fea-
tures and uses them to predict the vehicle’s future way-
points. The navigational measurements includes route loca-
tion, navigational command provided by the global planner
and the ego vehicle speed. The navigational command spec-
ifies the vehicle’s general direction, such as left, right, for-
ward, stop, etc., and is defined as a one-hot vector. Subse-
quently, the control module predicts the appropriate vehic-

ular control, including steering, throttle, and brake, based
on the predicted waypoints and fused features. To predict
the vehicle’s future waypoints, we employ a gated recurrent
unit (GRU) similar to [28]. The GRU is a suitable choice
as it addresses the vanishing gradient problem while main-
taining a better performance-cost ratio compared to other
RNN methods. To train a control model that predicts cur-
rent control actions based on current input, behavior cloning
is commonly used but relies on the assumption of indepen-
dent and identically distributed (IID) data, which is not valid
for closed-loop tests [40]. To overcome this issue without
resorting to reinforcement learning, we used a similar trick
to [40] for predicting multi-step control actions into the fu-
ture. To this end, we first employ a waypoint branch that
utilizes fused features and environment-agent static knowl-
edge through waypoint bypass. Further, we deploy a dy-
namic branch to capture the environment-agent dynamic in-
teraction given the learned static knowledge. The dynamic
branch provides dynamic information such as object motion
and traffic light changes, while the waypoint branch incor-
porates static information like curbs and lanes and improves
spatial consistency across both branches.

In order to fuse the extracted features from RGB im-
ages and the SDC map, we concatenate them and apply a
batch normalization (BN) layer to them and then concate-
nate it with the measurement tensor. The GRU in way-
point branch takes the fused features as the initial hidden
state, and the inputs include the current waypoint in the
BEV space, the route location coordinate transformed to the
BEV space. The initial waypoint coordinate is always po-
sitioned at (0, 0), the bottom-center point of the SDC map.
To transform the global coordinates (xg, yg) to local coor-
dinates (xl, yl), we use the Eq. 1. We then add the next
hidden state from the GRU to waypoint bypass, which is
the RGB features that have passed through a biasing mod-
ule. The biasing module consists of adaptive global pooling
and a linear layer applied to the RGB extracted features.
Finally, a sigmoid function is applied to convert all values
between 0 and 1. We apply a multi-layer perceptron (MLP)



network containing two linear layers and a rectified linear
unit (ReLU) to the biased GRU hidden state to obtain nor-
malized control commands in the range of 0 to 1.[

xl

yl

]
=

[
cos(90 + θv) −sin(90 + θv)
sin(90 + θv) cos(90 + θv)

]T [
xg − xvg
yg − yvg

]
(1)

The GRU in the dynamic branch takes the same fused
features as the waypoint branch for the initial hidden state
to improve consistency and the inputs include the predicted
vehicular command from the waypoint branch. The result
then concatenate with the same waypoint bypass, represent-
ing the abstract static coarse simulator and then fed to MLP
and sigmoid to create adjusted control output.

To determine the suitable vehicular control, we compute
them in two different ways. First, we denormalized the
summation of the predicted vehicular command from way-
point branch and adjusted control from dynamic branch.
Second, we use two separate PID controllers to predict the
vehicle controls, one for finding the steering command (lat-
eral) and the other for finding the throttle and brake (lon-
gitudinal), using the predicted waypoints and the current
speed. Our control policy is similar to [28] that calculates
the control commands using both methods based on the sce-
nario. During driving, the vehicle relies on the first two
waypoints to calculate its next destination by taking their
average. However, we also generate a prediction for a third
waypoint, which supplies additional data to the GRU and
waypoint prediction layer. Furthermore, this approach en-
ables the MLP and PID agents to receive identical informa-
tion, since the last biased hidden state contains the details
from the second waypoint.

4. Experiments
4.1. Dataset

We use CARLA [13] (0.9.10) for the simulating environ-
ment which has 8 available towns for training and testing.
We train our model on the 210 GB publicly available dataset
by TransFuser1 for the experiment. All 8 towns were used
for training and the dataset includes approximately 2500
routes through junctions with an average length of 100m
and around 1000 routes along curved highways with an av-
erage length of 400m. To generate data for training pur-
poses, an expert policy is formulated, which employs priv-
ileged information obtained from the simulator to control
the driving process [4]. The expert’s waypoints serve as
ground-truth labels for the imitation loss, making the ex-
pert comparable to an automatic labeling algorithm. To
accomplish lateral control, the expert policy follows the
path generated by the A* planner, and a PID controller is

1https : / / github . com / autonomousvision /
transfuser/tree/2022

used to minimize the angle of the vehicle towards the next
waypoint in the route, which is at least 3.5 meters away.
Meanwhile, longitudinal control is performed using a ver-
sion of model predictive control, which differentiates be-
tween 3 target speeds. The standard target speed is 4.0 m/s,
but the speed is reduced to 3.0 m/s when the expert is in-
side an intersection. Additionally, if an infraction is pre-
dicted, the target speed changes to 0.0 m/s, bringing the
vehicle to a halt. The longitudinal and lateral controllers
use PID values of Kp = 5.0,Ki = 0.5,Kd = 1.0 and
Kp = 1.25,Ki = 0.75,Kd = 0.3, respectively. For the
running average of Both controllers’ integral term, we use a
buffer of size 40.

Originally, all three RGB images and depth maps are re-
trieved at a resolution of 480 × 960 then cropped to 160 ×
320 to avoid distortion. Thus, all three RGB images and
depth maps are represented as R ∈ 0, · · · , 2553×160×320

which is the set of 8-bit value in a form of RGB channel
(C)× height(H)×width(W ). Then, the true depth value
for each pixel i in the depth map can be decoded by:

Rdec
i =

Ri + 256Gi + 2562Bi

2563 − 1
× 1000, (2)

where Rdec
i is the decoded true depth of pixel i,

(Ri, Gi, Bi) are stored 8-bit value of pixel i, 256 is the high-
est decimal value of 8-bit, and 1000 is the actual depth range
of RGB-D camera in meters. Also, each semantic segmen-
tation ground truth is represented as R ∈ 0, 123×160×320

where 23 is the number of classes with value of 1 or 0
showing if the pixel belongs to the class or not. The object
classes for the semantic segmentation are according to [28].
Moreover, the waypoints are represented in BEV space with
ωρi = (xi, yi)

3
i=1. The center (0, 0) of the BEV space (lo-

cal vehicle coordinate) is on the ego vehicle itself positioned
at the bottom-center point. The model estimates the vehicu-
lar controls in a normalized range of 0 to 1, then they will be
denormalized to their original value with steering ∈ [−1, 1],
throttle ∈ [0, 0.75], and brake ∈ {0, 1}. For the traffic light
state prediction, we set the value to 1 if a red light appeared.
Meanwhile, speed measurement (in m/s) and GPS locations
are sparse, and high-level navigational commands are one-
hot encoded.

The first scenario, called 1WN, involves training the
model on all available maps and route sets except for the
Town05 , which are reserved for validation. The model is
then evaluated on both Town05 short and long routes, con-
sisting of 32 short and 10 long routes, to assess its perfor-
mance. The evaluation is conducted in clear noon condi-
tion in a normal situation, and all non-player characters fol-
low the traffic rules. In second scenario, 1WA, the model
is tested under abnormal non-player characters (NPC) be-
havior, which may lead to collisions, such as pedestrians
suddenly crossing the street or bicyclists appearing. Addi-
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tionally, the traffic light manager may intentionally create
a state with double green lights at an intersection, simulat-
ing emergency situations where an ambulance or firefighter
may skip the traffic light. Along with properly driving the
ego vehicle, the model is expected to react safely and avoid
collisions in these adversarial situations.

4.2. Implementation Details

In order to concurrently acquire knowledge in various
tasks through end-to-end learning, it is crucial to establish
several loss functions beforehand. For the purpose of se-
mantic segmentation loss function (LSEG), a mixture of bi-
nary cross-entropy and dice loss is utilized and can be com-
puted through following equation.

LSEG =
( 1

N

N∑
i=1

yi log(ŷi)+(1− yi) log(1− ŷi)
)

+
(
1− 2|ŷ ∪ y|

|ŷ|+ |y|

) (3)

where N is the number of pixel elements at the output layer
of the semantic segmentation decoder. Then, yi and ŷi are
the value of ith element of the ground truth y and predic-
tion ŷ, respectively. Meanwhile, we use a simple L1 loss
for the other tasks: traffic light state loss (LTL), stop sign
loss (LSS), steering loss (LST ), throttle loss (LTH ), brake
loss (LBR), velocity loss (LV E) and waypoints loss (LWP ).
This approach enables us to benefit from both distribution-
based and region-based losses simultaneously [29]. Provid-
ing supplementary loss criteria to the semantic segmenta-
tion task is imperative, since the remaining components of
the network structure rely on it. In the case of three pre-
dicted waypoints, only (LWP ) necessitates averaging. Ul-
timately, the comprehensive loss that encompasses all tasks
can be calculated as follows:

LTOTAL = α1LSEG + α2LTL + α3LSS+

α4LST + α5LTH + α6LBR + α7LV E + α8LWP

(4)

The loss weight for each task is denoted by α1,··· ,7. We
utilize the MGN algorithm [29] to adaptively adjust the loss
weights for each training epoch. To achieve this, we em-
ploy the Adam optimizer with a decoupled weight decay
of 0.001, and train the model until it reaches convergence
[26]. Initially, the learning rate is set to 0.0001 and grad-
ually halved if the validation metric shows no decline for
three consecutive epochs. Furthermore, to prevent unnec-
essary computational expenses, training is halted if there is
no progress for 15 consecutive epochs or reached the maxi-
mum of 40 epochs. Our model is implemented using the Py-
Torch framework [31] and trained on an NVIDIA GeForce
RTX-3090 with a batch size of 20.

4.3. Evaluation Metrics

As per the CARLA leaderboard evaluation setting, we
have employed the driving score (DS) as our principal met-
ric. The higher the DS value, the more exemplary the driv-
ing ability. The DS can be computed using the following:

DS =
1

Nr
ΣNr

i=1RCiIPi (5)

To calculate the driving score (DS) for a given route
(DSi), we use the product of two factors: the percentage of
the route that was completed correctly (RCi) and the cor-
responding infraction penalty (IPi). We then compute the
average of all DSi values over the total number of routes
(Nr) to obtain the final driving score. To calculate RCi, we
divide the distance driven correctly on the route by the total
length of the route. This calculation excludes any incorrect
paths taken (e.g., driving on sidewalks). To calculate IPi,
we use the following formula:

IPi =

M∏
j

(pji )
#infractionsj , (6)

where M represents the types of infractions for evaluations,
the ideal IPi at the beginning of the evaluation is 1.0, and it
decreases each time an infraction occurs. We consider same
penalties for different infractions as [7].

4.4. Baselines

We have opted to compare our metrics with some of the
cutting-edge techniques in autonomous driving. The neces-
sary inputs for inference time in each method are presented
in the inputs column of the table 1, where RGB-D denotes
the RGB camera and depth information, whereas RGB-L
represents the RGB camera and LiDAR information. ”-F”
denotes inputs with only the front sensors, while ”-A” sig-
nifies inputs of all left, front, and right sensors.

As our first baseline, we have selected X13 [28], which
is an end-to-end approach that uses RGB-D data. This algo-
rithm mainly relies on CNN and EfficientNet to extract fea-
tures for identifying the vehicle’s navigational waypoints.
We trained two different versions of X13: the first one
(X13-F) is identical to the model presented in the paper,
and the second one (X13-A) includes all three RGB-D data
from left, front, and right sensors. This approach aims to
demonstrate the potential of utilizing multiple sensors and
facilitate a fair comparison between the two models. Fur-
thermore, we have chosen two versions of the Transfuser
method [33]. In the first version called TF-F , the algorithm
utilizes a combination of ResNet and transformer architec-
ture to process an RGB image and LiDAR data. In the sec-
ond version, TF-A, we fed three RGB image and LiDAR
data and scale the network to match the input.



Table 1. Performance comparison of LetFuser (ours) with baselines: X13-F/A [28], TF-F/A [34], and Expert

Experiment Model Inputs Normal Clear Noon (1WN) Adversarial Clear Noon (1WA)
Town5 DS RC IPS DS RC IPS

short

X13-F 1 RGB-D 32.814 68.284 0.468 28.359 58.792 0.480
X13-A 3 RGB-D 48.833 75.824 0.588 37.263 73.986 0.466
TF-F 1 RGB-L 17.800 19.864 0.942 23.641 24.373 0.953
TF-A 3 RGB-L 12.494 16.315 0.886 11.349 14.675 0.843
Ours 3 RGB-D 66.012 99.717 0.663 51.669 91.918 0.574
Expert * 99.919 99.919 1.00 79.675 95.349 0.833

long

X13-F 1 RGB-D 8.381 63.633 0.194 7.601 48.114 0.246
X13-A 3 RGB-D 7.670 48.039 0.291 11.866 52.424 0.456
TF-F 1 RGB-L 22.456 24.509 0.950 12.964 15.393 0.910
TF-A 3 RGB-L 7.111 7.351 0.963 8.829 9.001 0.971
Ours 3 RGB-D 13.943 63.685 0.215 20.584 47.186 0.493
Expert * 60.808 100 0.608 23.344 58.872 0.619

Table 2. Model Specifications

Model Total Parameters GPU memory
X13-F 20985934 2920 MB
X13-A 20985934 4958 MB
TF-F 66218754 3898 MB
TF-A 66401154 5015 MB
Ours 31331865 3761 MB

4.5. Results

In this section, as described in Section 4, we evaluate the
proposed model in various scenarios. Table 1 presents final
results for our method and the baselines. Please note that
a higher IP or RC does not necessarily indicate better driv-
ing performance. A vehicle may complete all routes and
receive a high RC, but drive poorly, resulting in low IP and
DS, or vice versa. As can be seen from the results of the Ta-
ble 1, our method achieved the highest DS scores for both
the 1WN and 1WA scenarios, with RC rates of 99.717 and
91.918, respectively, in Town5 short routes. These findings
demonstrate both the accuracy and conservativeness of our
approach. While X13-F and X13-A performed reasonably
well, X13-A showed better performance due to its greater
knowledge of the environment. However, TF-F and TF-A
both exhibited poor performance in terms of DS and RC.
This is likely due to the highly conservative nature of these
methods, which cause them to stop frequently during driv-
ing, resulting in high IPS but low DS.

Town5’s long routes pose a greater challenge, particu-
larly in adversarial scenarios, where rare accidents or infrac-
tions can result in reduced DS. Our method was successful
in driving properly, but due to limitations in the training
dataset, accidents occurred in some cases. The dataset only

collected RGB image data from the top of the expert vehi-
cle, which made it difficult to avoid accidents in situations
where the ego vehicle was close to the front vehicle and
only the top of the vehicle was visible. As a result, the re-
ported numbers are slightly lower than expected. However,
our method achieved better metrics compared to the base-
lines, demonstrating its great ability. TF-F aimed to drive
conservatively, which resulted in high DS due to better IPS
but lower RC. In contrast, other baselines achieved much
higher RC with a lower IPS. Another crucial factor we fo-
cused on is developing an end-to-end algorithm that is light-
weighted and can be quickly trained with a single advanced
GPU. Table 2 illustrates total parameters and GPU memory
usage for each baseline as well as our method.

4.6. Ablation studies on task specific learning

We conducted three ablation studies to evaluate effec-
tiveness of different modules. The ablations include the
middle 60-degree SDC map section (no side SDC), replac-
ing CvT with EfficientNet (no CvT), and removing vehic-
ular controls (no VC). The results are presented in Table
3. Additionally, we analyzed the model’s performance in
handling multiple perception and control tasks simultane-
ously by conducting a comparative study with task-specific
models to evaluate their intuitive performance on each task
independently. The metrics scoring including binary cross
entropy BCESEG for semantic segmentation, and accuracy
AccTL for traffic light state similar to [28]. Mean abso-
lute error is used to justify the model’s performance in pre-
dicting ego vehicle speed prediction (MAESP ), waypoints
(MAEWP ), steering (MAEST ), throttle(MAETH ), and
brake (MAEBR), which are the same function used for
their loss calculation. We also present the first epoch num-
ber with the best validation result (epoch∗).



Table 3. Ablation study with task specific metrics

Model AccTL MAESP BCESEG MAEWP MAEST MAETH MAEBR epoch∗

X13-F 0.9846 NA 0.1591 0.0792 0.0173 0.0482 0.0236 30
X13-A 0.9882 NA 0.0648 0.07878 0.0195 0.04254 0.01989 19
Ours no side SDC 0.9812 0.2786 0.0647 0.08275 0.02285 0.0531 0.03323 15
Ours no CvT 0.988 0.13443 0.0634 0.07307 0.0173 0.0510 0.0199 11
Ours no VC 0.9839 0.3051 0.0621 0.0817 0.01879 0.0531 0.02567 19
Ours 0.987 0.2524 0.0620 0.0729 0.0182 0.0445 0.0185 21

Table 3 shows that our approach was more efficient com-
pared to X13, as it can achieve its minimum only after 21
epochs. Our approach also outperformed X13 in terms of
task-specific performance metrics, with more accurate re-
sults for vehicular control and waypoint prediction. Al-
though X13-A had the best traffic light accuracy, our ap-
proach provided a more comprehensive solution for au-
tonomous driving. The ablation study showed that remov-
ing the side maps in SDC decreased the accuracy of SDC,
resulting in less accurate vehicular control and waypoint
prediction. Conversely, replacing the CvT with Effnet im-
proved the speed, traffic light prediction, and steering con-
trol, but reduced the accuracy of other vehicular control
commands that require more in-depth knowledge. Finally,
removing the vehicular control module improved waypoint
predictions but decreased the performance of vehicular con-
trol commands. This is due to the lack of an estimator in
the system to learn dynamic behavior in the environment,
including other vehicles and traffic light state.

Furthermore, the results of the ablation study highlight
the importance of fusing multiple sensor inputs and the
use of deep neural network architectures to achieve better
performance in autonomous driving tasks. Future research
could explore more efficient architectures for autonomous
driving tasks, such as utilizing attention mechanisms in-
stead of concatenation or integrating reinforcement learning
algorithms to improve decision-making in dynamic envi-
ronments. Moreover, the integration of explainable AI tech-
niques would enable us to gain a better understanding of the
decision-making process and enhance the transparency and
interpretability of autonomous systems.

5. Discussions and conclusions

This study introduces an end-to-end deep multi-task
learning model that can concurrently manage perception
and control tasks learning for an autonomous driving vehi-
cle. The model is designed to address a point-to-point navi-
gation task in which the vehicle is required to follow a pre-
determined route sequence established by a global planner.
The CARLA simulator, featuring four diverse scenarios, is
utilized to evaluate the model and examine various driving
aspects. Furthermore, a comparative analysis is conducted

with recent models to establish the model’s performance.
The use of a SDC map plays a crucial role in achieving

robust scene understanding, a capability that would other-
wise be lost. LiDAR sensors provide data on the height
dimension, whereas SDC offers semantic information per-
taining to each class on every layer, thus facilitating the ac-
quisition of valuable insights by the model. Additionally,
concatenation of RGB and SDC features in the fusion block
allows for the autonomous learning of the relationship be-
tween the features, thus preventing information loss. By uti-
lizing two agents that represent distinct aspects of driving,
the proposed model can generate a wider range of driving
options, allowing for greater distances to be covered while
achieving a more optimal trade-off between the percentage
of completed routes and the incurred infraction penalties.
Incorporating traffic light and ego vehicle speed informa-
tion can enhance the RGB feature extraction process. In or-
der to balance the features extracted from SDC map, RGB,
and simulation measurements, we employed batch normal-
ization for more accurate waypoint and control prediction.
Also, we incorporated additional metadata, such as com-
mand, route, and ego vehicle speed into the model to im-
prove perception. The GRU in dynamic branch predicts re-
quired adjustment to vehicular control obtained from way-
point branch, by incorporating dynamic coarse simulator.

The experimental results yielded several noteworthy ob-
servations. Firstly, it was determined that all models strug-
gle in adversarial scenarios that necessitate advanced per-
ception and control modules. Secondly, the proposed model
achieved the highest driving score (DS) due to its ability to
respond effectively to anomalies. The model’s performance
was further bolstered by its ability to maintain a balance be-
tween route completion (RC) and infraction penalty (IP) by
leveraging the expertise of two agents to understand vari-
ous aspects of driving. Thirdly, the proposed model was
shown to be more efficient, featuring fewer trainable pa-
rameters and utilizing less GPU resources compared to its
nearest competitor in each scenario. Finally, augmenting
the center camera and depth with left and right sensors as a
single image enabled the ego vehicle to broaden its domain
knowledge to encompass a perpendicular viewpoint while
simultaneously reducing the input-output time, thereby fa-
cilitating more efficient training.
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