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Abstract—Current autonomous driving systems compute steer-
ing and throttle control commands by running perception-
decision-action pipeline at high frequency. Although human
drivers cannot react or control the vehicles as quickly as the
autonomous driving softwares, most drivers control their vehicles
to stay in lane unless they intend to break away from the lane.
According to forward internal model theory, human can choose
an optimal action for the best outcome by internally simulating
all the possible consequences of various actions. This means that
humans drivers choose the optimal motor commands for lane
following based on their internal simulation of near-future lane
changes. This paper proposes a convolutional neural network-
based U-Net as a state estimator for forward internal model-based
lane following assist. This state estimator can predict the lane
image of near-future based on current lane image and driving
status data, such as speed and steering angle. This paper also
explains how time difference between current lane image and the
next one to be predicted will affect the training and prediction
output of the estimator.

Index Terms—Lane Following Assist, Deep Learning, Convo-
lutional Neural Network, Internal Model

I. INTRODUCTION

Lane Following Assist (LFA) is one of the basic functions
that make the autonomous vehicle detect and follow the lanes
on the road. Performance of LFA is determined by the vehi-
cle’s reaction time for wheel control. An autonomous vehicle
needs time to process its sensor data and run lane detection
algorithms before applying wheel controls. As a result, many
automotive companies try to improve the performance of LFA
by minimizing processing time for lane detection. However,
this approach cannot make processing time for lane detection
into zero. There will always be a delay between lane detection
and wheel control.

Similar to LFA, human drivers also suffer the delay between
lane detection and wheel control. However, although human
drivers cannot control wheels as quickly or precisely as
the autonomous vehicles, they can follow the lanes without
any troubles. This is because human drivers use a different
approach for lane following. Human drivers internally simulate
how the lane will change in the future based on current
driving status and choose the optimal action to achieve the
best outcome for following the lanes on the road. One of the
theoretical frameworks for a human to choose actions based
on internal simulation is forward internal model principle of
the cerebellum [1] [2] [3]. One key function of the cerebellum
is to predict the sensory consequences of the motor outputs
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Fig. 1. Smith Predictor for Forward Internal Model-based LFA

by comparing its prediction to the sensory feedback and
minimizing its error [4].

Human driver’s forward internal model compensates for
the latency between lane detection and wheel control. This
internal model-based control can be implemented as Smith
predictor, a feedback control system with time-delay compen-
sation scheme [5] [6]. Fig 1 is the diagram of vision-based
LFA system with forward internal model and Smith predictor
design. The system receives the desired state for its task. For
LFA, the desired state is the ideal front camera image when the
vehicle is driving at the center of lane. When a driver applies
throttle and steering controls, the system feeds these control
commands to forward internal model and motor system. Motor
system changes the vehicle’s speed and orientation based on
the driver’s motor commands. Sensory system perceives the
changes in state by motor commands and produces the front
camera image output of changed state. Forward internal model
uses an efference copy of motor commands and produces
the prediction of next lane image state. Sensor discrepancy
between the next lane image prediction and the front camera
image of changed state will be added with state estimation
results from forward internal model in order to adjust the
estimation. The actions that produce the lowest error between
the desired state and the state estimation by current motor
commands will be selected as next motor commands.

Inspired by this idea, this paper proposes a deep neural
network-based state estimator for forward internal model-
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Fig. 2. CNN-based U-Net for State Estimation of Internal Model

based LFA. It utilizes Convolutional Neural Network (CNN)-
based U-Net from [7] to predict next lane image from current
lane image and driving status data. U-Net’s skip architecture
provides feature reusability that creates thorough gradient
update flow and prevent gradient vanishing during the training.
This approach can be later implemented in internal simulation
of forward internal model-based LFA in order to compensate
for the latency between lane detection and wheel control.

II. BACKGROUNDS
A. Internal Model

In neuroscience, the internal model is a cognitive interpre-
tation of organism motion planning. It claims that an organic
agent, such as human, can anticipate the consequences of its
actions without actually committing them [8] [9]. According
to Wolpert et al. [10], there are two types of motion planning
models : forward model and inverse model. In forward model,
the agent predicts the sensory outcome of an action based
on current state information and motion commands. With
the proper forward model, it internally simulates actions and
matches the outcome with the closest target outcome. In
inverse model, the agent guesses which action has led to the
current state.

The forward internal model is an intuitive interpretation
of how an organic agent chooses its actions for its task.
McNamee and Wolpert show that forward model consists of
four stages [8]. First, in perception stage, an agent receives
sensor input by monitoring the environment and its current
action status. Sensory input will contain noise, because the
agent cannot observe non-visible environment parameters,
such as speed and spin. Also, there is noise in the agent’s
sensory system. Second, in simulation stage, the agent predicts
how the environment state will change in near future. Third,
in motion planning stage, the agent produces all the possible
outcomes by its given action options. Among all the state and
action predictions, the agent chooses the action that can lead

to the outcome closest to its target outcome. Fourth, in optimal
feedback control stage, the agent applies motor commands for
its chosen action. The agent uses optimal feedback controller
when applying actions in order to adjust the motor commands
according to current sensory feedback and environment state.

B. Forward Internal Model for Autonomous Driving

According to Plebe et al, current autonomous driving algo-
rithm loop is strictly divided into perception-decision-action
[11]. Deep neural network is often applied in perception
stage as a single module, because it is well suited for its
generalization in object detection and classification task. How-
ever, Plebe et al. suggest that if this rigid division between
perception, decision, and action can be collapsed, deep neural
network itself can be implemented as the complete perception-
decision-action loop [11]. Inspired by neuroscience, the entire
autonomous driving algorithm loop can be re-defined with
three pathways. First pathway, dorsal stream, is the sensor
data tensor flow through the entire deep neural network. It
is based on the visual pathway of the primate brain [12].
Second pathway, cerebellum loop, also known internal simu-
lation, represents the network’s capability to internally predict
the consequences of various actions. Third pathway, action
selection loop, is the network’s capability to select the optimal
action decision based on its internal simulation results. In
order to implement internal model for autonomous driving,
the system needs deep neural networks for internal simulation
and action decision selection.

III. PROPOSED METHOD

Forward internal model requires an internal simulation
mechanism that can predict near-future state based on current
sensory state input and system action output. Therfore, in
order to integrate forward internal model into vision-based
LFA system, it requires a state estimator that can predict the
lane image of near-future based on current lane image and
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driving status data. This paper utilizes CNN-based U-Net as
a state estimator for forward internal model-based LFA.

A. CNN-based U-Net for State Estimation of Internal Model

U-Net is a convolutional networks for biomedical image
segmentation [7]. In U-Net, Ronneberger et al. implement skip
connections between matching encoding layers and decoding
layers [7]. These skip connections can prevent gradient van-
ishing by allowing gradient information to be maintained all
the through the layers. In next lane image prediction, it is
important that the network learns to use the features from
current lane image and driving status data to produce next lane
image. U-Net’s skip connections can achieve this by creating
a thorough gradient information flow among the layers.

CNN-based U-Net is trained to produce a lane image of
next timestamp from a current lane image and driving status
data vector. Current lane image and driving status data are
used as input to the network. Current lane image is processed
into latent feature vectors by CNN-based encoders. Driving
status data is appended in the encoder’s latent feature vector.
In order to produce the output image with the same shape
as input image, the appended latent feature vector is reshaped
into 1x1000 shape by fully connected layer. The output of fully
connected layer is then processed into an image through CNN-
based decoder. During the decoding process, output vectors
of matching encoders will be appended into the input of
decoders in order to establish feature resusability and maintain
gradient flow through skip connections. Along with vision-
based steering control, this deep learning-based next lane
image prediction can play as a state estimation pathway for
forward internal model-based LFA.

B. Effect of Time Difference for Lane Prediction

Longer the time difference between current and next times-
tamps, there will be greater displacement between current and
next lane images. In order to determine the capability of next
lane image prediction, it is necessary to figure out how much
displacement the neural network can be trained to handle.
In this paper, we tested the network under four timestamp
differences. We observed how the length of timestamp differ-
ence affects the neural network’s training for next lane image
prediction.

IV. EXPERIMENT
A. Dataset Collection and Preparation using CARLA

This paper uses CARLA, open-source autonomous driving
simulator, in order to collect an extensive amount of lane
image and driving status data [13]. We added a dataset
recording function on top of the autnomous driving example
provided by CARLA. This function records lane images from
the vehicle’s front camera. It also collects driving status data,
wheel steering, throttle, and speed, with the matching simula-
tion timestamp. Dataset was collected from four maps, Default
Town, TownO1, Town 06, and Town 04, with different weather
settings. Dataset was collected in the driving environment and
weather conditions, where the lanes are clearly visible.
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Fig. 3. Loss Graph Comparison under Different Timestamp Differences

For stable training, it is imperative that both input data and
output data are normalized with same range. Original lane im-
ages are scaled between 0 and 1 by being multiplied by 1/255.
Original wheel steering and throttle are already normalized
between 0 and 1 from CARLA. Original speed data is scaled
between 0 and 1 by being multiplied by 1/100. This assumes
that the maximum driving speed is 100km/h. Normalizing
input lane image data with the same range as driving status
data can prevent unstable gradient backpropagation during the
training process.

B. Training and Experiment Setup

CNN-based U-Net proposed in Fig 2 is implemented using
PyTorch 1.9.0. It is trained for 400 epochs on Nvidia RTX
3090. It is trained by Adam optimizer with learning rate of
le-5. Mean Squared Error (MSE) is used as the loss function
between target next lane image and the network’s prediction
output image.

C. Training Result Comparison

Fig 3 is the compilation of training and validation loss func-
tion graphs of CNN-based U-Net trained with four different
timestamp difference lengths. It is log-scaled on y-axis in order
to clearly show how a loss function graphs changes in different
timestamp length. Fig 3 shows that the network trained to
predict the image with longer timestamp difference suffers
faster overfitting. This is because under longer timestamp
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Fig. 4. Prediction Output Image Comparison

difference, there will be greater displacement between between
current and next lane images. As a result, a larger portion of
input lane image will be considered unrelated to next lane
image groundtruth.

Fig 4 shows the prediction output image of CNN-based U-
Net with different timestamp differences. In Fig 4, the network
trained with longer timestamp difference produces more blurry
prediction output image. Based on the analysis from Fig 3
that a larger part of current lane image input is considered
unrelated to next lane image prediction in longer timestamp
difference condition, the level of feature reuse will decrease.
This results in more blurriness between current lane image
input and next lane prediction output. However, even in longer
timestamp difference, CNN-based U-Net’s output image still
contains lanes that can used for vision-based steering. This
result shows that CNN-based U-Net can be trained to estimate
next lane image and implemented as a state estimator for
forward internal model-based LFA.

V. CONCLUSION

This paper presents CNN-based U-Net as a state estimator
for forward internal model-based LFA system. It shows how
timestamp difference length between current and next lane
image affects training characteristics and outuput prediction
quality. Although longer timestamp difference length results in
overfitting by increasing the displacement between current and
next lane image, the lanes in prediction output image produced
by the network trained with longer timestamp difference are
visible enough for vision-based LFA.

CNN-based U-Net can be later integrated into the forward
internal model-based LFA system from Fig 1 as a state estima-
tor in forward internal model. This implementation can provide
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a deep learning-based LFA pipeline that can mimic human
driver behaviors. Training the network with additional dataset
with more diverse weather conditions, illumination changes,
and traffic elements can further improve its performance as a
state estimator.
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