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Abstract— The visual predictor of a drivable surface friction
ahead of the vehicle is presented. The image recognition neural
network is trained in self-supervised fashion, as an alternative
to tedious, error-prone, and subjective human annotation. The
training images are labelled automatically by surface friction
estimates from vehicle response during ordinary driving. The
Unscented Kalman Filter algorithm is used to estimate tire-
to-road interface friction parameters, taking into account the
highly nonlinear nature of tire dynamics. Finally, the overall
toolchain was validated using an experimental subscale plat-
form and real-world driving scenarios. The resulting visual
predictor was trained using about 3 000 images and validated
on an unseen set of 800 test images, achieving 0.98 cross-
correlation between the visually predicted and the estimated
value of surface friction.

I. INTRODUCTION AND RELATED WORK

The road condition has a severe impact on vehicle per-
formance, maneuver safety, and passenger comfort. The
unsteady nature of environmental conditions and road quality
is known to every human driver. Therefore, the instant and
continuous assessment of the terrain the vehicle is about
to negotiate is a common and valuable practice for any
experienced driver. The camera and image recognition sys-
tems are essential building blocks and technology-enabling
factors for many automotive functionalities, especially the
Advance Driver Assistance Systems. The critical part of
image recognition tool development, the neural network
training phase, heavily relies on the training dataset and
labeling process accuracy. Manual image labeling is a tedious
and time-costly part of a machine learning process. On top
of that, a human annotator is prone to subjective evaluation
and errors. The large-scale driving data collection, both
visual and road properties, combined with automatic and
objective road condition evaluation, enables a cheap and
reliable alternative to manual data labeling.

The algorithms presented in this paper provide three
principal functionalities. Furthermore, all parts combined
are providing an unique Visual-Advance-Drive-Assistance-
System (V-ADAS) functionality.

First, the vision-based algorithm is trained using real-
world data. The presented approach brings the possibility of
continuous data collection during ordinary driving, without
any dedicated equipment or vehicle instrumentation needed.
This is demonstrated in section III, where the experimental
subscale platform is put in use to collect the visual and
vehicle response data for training of Neural Networks (NN).

Second, the collected visual data are then annotated in an
automatic and objective manner, based on vehicle dynamics
and traction system response. The road friction is estimated

Fig. 1: Color-coded friction of the surface found by a
visual predictor that was trained only by self-supervision
from vehicle response data, without any manual annotation.
Colder colors encodes higher friction (wet tarmac), while
warmer colors lower friction (snow).

based on Unscented Kalman Filter (UKF) algorithm, see
section II.

Finally, once all functionalities are combined, the predic-
tive visual information about riding conditions the car is
about to drive is provided. The proposed V-ADAS function-
ality provides essential information to the traction system
and thus increases vehicle active safety. The merit of visual
assisted driving systems was already shown e.g. in [1].

A. Related Work

The road condition properties like the friction or skid
resistance coefficient are accurately measured by dedicated
devices and almost in a laboratory-like fashion. The spe-
cialized equipment like the British pendulum [2] evaluates
the road condition locally. The continuous and larger-scale
road measurement is performed by grip testers [3]. The grip
testers measure a generated friction force using a measuring
wheel with defined loading and braking torque. The device
is typically towed in a trailer or uses a fifth wheel extended
from a test vehicle. Finally, a smart infrastructure provides
in-road sensors, e.g., [4], or a road condition has been
estimated from static traffic cameras [5]. The dedicated
equipment usually provides just isolated location information
or is limited to a one-time measurement ride. On top of
that, the dedicated equipment is expensive and not widely
available.

Besides the dedicated devices and infrastructure, road fric-
tion from a vehicle has been estimated by various techniques.
We refer to a recent survey [6]. The taxonomy roughly splits
into two groups: (1) Effect-based methods that estimate the
friction properties by measuring vehicle response, typically
using wheel torque and slip ratio, and (2) Predictive methods
that estimate the surface friction ahead of the vehicle before it



travels on it. The latter methods typically use a front-looking
camera and machine learning. Other modalities used to
estimate surface type or friction include laser [7], sound [8],
ultrasonic [9], or polarized light [10].

The effect-based methods are mainly built upon the wheel
and vehicle dynamics. Most of the works estimate the
peak friction coefficient fi,,4,, Which is shown in Fig. 3
(Maximum of the slip curve). Papers use various complexity
models of tire, wheels, and vehicle overall dynamics. In [11],
the authors propose Kalman filter for force estimation and
recursive least squares for the friction coefficient estimation.
Polynomial slip curve approximation fitting is proposed in
[12]. The fitted polynomial function is parameterized by
lmaz- Therefore, the estimated fi,,4, parameter is obtained
already for low slip ration. The Unscented Kalman Filter
(UKF) is utilized in [13] to estimate vehicle states that are
used as inputs for a neural network algorithm providing the
lmaz parameter estimation. The Lyapunov method is used
in [14] for the maximum friction coefficient estimation. In
[15], authors propose a combined vehicle, wheel, and tire-
to-road interface model used in UKF, which then provides
the desired estimate of the friction coefficient. The method
also incorporates the sensitivity analysis of the information
contained in the measured data.

The camera-based friction estimation methods typically
translate into a problem of image classification into a set of
discrete semantic classes, e.g., dry, wet, snowy, or tarmac,
cobblestone, gravel, etc. A recent survey on these methods
can be found in [16]. Both classical [17], [18] or deep
learning techniques are harnessed [19], [20], [21], [22]. The
surface friction prediction has recently been employed in
the improved Anti-lock Braking System (ABS) [23], [1].
A combination of vehicle response and image recognition
methods can be found in [24].

The models mentioned above were learned from manually
labeled datasets. We propose a method where the friction
recognition model is learned from images labelled automat-
ically. A work similar in spirit is the master’s thesis [25],
where a combination of manual labels, interpolated and
filtered friction estimates using a device of NIRA dynam-
ics [26] was used in training. The NIRA system, as reported
relying on ABS and TCS, is not open and the details on
friction estimates are unknown. Moreover, the friction is
discretized into 6 classes or 3 classes (low/middle/high) of
friction levels. On the other hand, our method provides a
continuous estimate of the surface friction, besides the details
on the vehicle response friction estimates.

For a different problem, a drivable surface roughness, a
similar self-supervision method was used to train a visual
predictor by associating the surface roughness measured by
an accelerometer with the camera images [27].

II. DRIVABLE SURFACE PROPERTIES ESTIMATION

Identification of surface friction ¢ will be described in
this section. The goal of such an algorithm is to provide
a measurable value which will label the driven surface.
The surface label will be later on used for training (and

experimental validation) of the proposed neural network.
Tire-to-road interface properties, including friction, are in
this paper modeled by well-known Pacejka magic formula
introduced in [28]. To properly use the formula for the
force computation, vehicle dynamical models are to be
introduced. Using mathematical models and measurements,
the Unscented Kalman filter (UKF) algorithm is developed to
estimate the surface friction ¢. Detailed design and validation
by the simulations are described in the following subsections.
Experimental validation is presented at the end of this
section.

A. Models

The high fidelity nonlinear mathematical models used for
simulations and for estimator derivation will be described in
this subsection. Twin-track nonlinear model [29] is used as
the simulation model. Implementation of the model is in [30].
The twin-track model used is composed of the following
parts:

o Nonlinear vehicle dynamics with suspension.

o 4 wheels where each is composed of

— Pacejka magic formula tire model.
— Wheel dynamics.
— Friction ellipse (Kamm’s circle).

Vehicle rigid body dynamics and suspension models are
not presented as those are not crucial parts of the model
in this paper. Details about these models can be found in
[29]. Remaining model parts will be described further in the
following subsections.
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(a) Wheel coordinate system.  (b) Wheel traction ellipse.

Fig. 2: Wheel model.

1) Wheel dynamics: Coordinate system connected to the
wheel is shown in figure 2a. Wheel dynamics is characterized
by the wheel torque equation

szz:Tz+Férwl +Td7‘aga (l)

where the subscript ¢ represents i-th wheel, J; is lumped
powertrain and wheel moment of inertia, w; stands for
wheel angular speed along the wheel hub axis, 7; is applied
wheel traction torque, F! is traction force generated by
the particular wheel in z direction, 7, is wheel effective
radius and 74,4 Tepresents all resistant torques such as
rolling resistance induced torque, friction torque and others
if applicable. For different road conditions, the variation in
wheel normal force and longitudinal force reduction due to



the lateral force effect are modeled by different shapes of
the friction ellipse (see Fig. 2b) and the slip curve (see Fig.
3). All these effects combined are sketched as

Fql* :f(/\languaFZ)v (2)

where \; is wheel longitudinal slip ratio (introduced below),
F; is wheel normal/load force, 1 is friction coefficient of tire
to road interface and F; is wheel lateral force (perpendicular
to wheel traveling direction — wheel y direction).

For the model completeness, the longitudinal slip ratio A
and wheel slip angle « are introduced. Wheel longitudinal
slip ratio A is defined as

i

e 3)

max (|wi - 7w, [v5])
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where i represents i-th wheel, v%, stands for wheel pivot point
travelling speed in x direction.

Wheel slip angle « is defined as

v
o =— arctan(v—i’), 4)

where v; is wheel pivot point lateral velocity (in y direction).

2) Tire-to-road traction model: The Pacejka magic for-
mula is used to describe the interaction of tire-to-road
interface and evaluate the force generated by the interface.
Forces in this formula depend on the so-called slip variables.
In the longitudinal direction x, the slip variable is slip ratio A
(3). Slip variable in lateral direction y is the wheel slip angle
a (4). The formula is parameterized by a set of parameters
that are specific for given set of tires, road surface, and
more. Examples of the Pacejka’s slip curves for different
road conditions are shown in the Fig. 3. The Pacejka magic
formula itself is

F,(\) = pF.Dsin(C arctan(BA— E(BA—arctan(BX)))), (5)

where the slip ratio A is used as the slip variable, p is road

friction coefficient, B, C', D and E are Pacejka coefficients
characterizing the slip curve shape, and F), stands for wheel
normal force. The lateral variant follows the same structure
as in Eq. (5). The only difference is in the usage of the lateral
slip variable — slip angle « and sets of Pacejka coefficients
that are applicable for lateral tire direction.

3) Friction ellipse: The traction capacity of a tire is
limited by the normal force acting on the tire and the magic
formula parameters. To respect this limitation, the so-called
friction ellipse is implemented in the simulation model. The
graphical representation of a friction ellipse is depicted in
Fig. 2b. The friction ellipse constrains the longitudinal and
lateral force generated by the Pacejka magic formula to be
lower than the wheel normal force

pl, >\ F2+ F2. (6)

The implementation of the friction ellipse algorithm is
adopted from [31], [32], [28] and its description is not
presented here for the sake of brevity.

|
Fe
1,5 F,, dry
/
l.';
b, F,. dry
/ E;, wet
/
o,
A F, ice
i/
/
0 Amax 1 A
0% 100%

Fig. 3: Longitudinal slip curve. Adopted from [29].

B. Force estimator

It was already mentioned earlier that the UKF filter, which
is the actual heart of the whole estimation algorithm, requires
the longitudinal force as an input. As force measurement is a
challenging problem and force sensors are not cheap, a force
estimation algorithm based on the wheel dynamics Eq. (1)
is proposed in this work. The estimator is inspired by the
work presented in [33]. The discretized wheel dynamics is
used in force estimation and presented below
B ] 4 2 ] 4 v ), )
where T is the sampling time. Based on the equation, the
force estimator is proposed as

L (F(lf] = 10) ~ ([ Tarag 1),
T ’ ®)

where f(w[t]—w[t—1]) represents the low pass filtered wheel
speed difference.

wlt+ 1] = wlt] +

Fift-1] =

C. UKF estimator

In the Pacejka magic formula, the term pF, D represents
friction ¢, Eq. 11. The ultimate goal of the Unscented
Kalman filter (UKF) algorithm is to estimate this value.
The dual filtering problem arises here from the need of
parameter estimation. To overcome the problem, the Kalman-
Schmidt algorithm is used, see [34]. System model in the
form z[t+1] = f(x[t], u[t], p[t]) and y[t] = g(x[t], u[t], p[t])
is needed for the UKF (p represents parameters, x states and
u inputs). Extension of the state is introduced to fit into the
UKF state estimation framework

Flt] = {“”W] . ©)

p[t]

The vector of parameters p in this case represent the Pacejka
magic formula parameters B, C, D, E and the state x repre-
sents wheel angular speed w. The overall dynamics equation



used in UKF is presented below as
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Fo(X,\) = Z4sin(Z3 arctan(ZaX — Zs(Z2A — arctan(z21)))).
(10c)

It is seen that the parameters (states x5 to x5) are bounded
(min and max values). This is to keep the parameters in a
meaningful range. It can be seen from the equations (10a),
(10c) and (5) that the state T4 = ¢. The F, term is assumed
constant which does not bring a significant error into the
estimation as confirmed by the simulations, see Fig. 5.
Under these assumptions the §74 variation represents what is
intuitively understood under friction. Friction ¢ is expressed
as

¢ = uF.D. (11)

The slip-ration A is reduced to reflect the friction ellipse
effect, as described in Sec. II-A.3.

Summarized assumptions on the overall estimation algo-
rithm are:

o The wheel angular velocity is measured/estimated

o« The wheel pivot point velocity vector is mea-
sured/estimated

o Parameters of the wheel dynamics (1) are known or
identified

e The 7grqg from (1) is known/identified

D. Simulation results

The proposed algorithm was at first validated in simu-
lations using the nonlinear high fidelity twin track model
described in Sec. II-A.

The simulation results of the force estimator, described
in Sec. II-B, are presented in Fig. 4. Force estimation
performance shown in the first subfigure is effected by
the measurement noise. The noise is visible in the second
subfigure where the wheel speed measurement is shown.

Results of the simulations are presented in Fig. 5. Both
figures are from the same scenario. The vehicle is driving
the whole time on the same surface.

Relative error of the estimated slip curve force for slip
ratio values in [-0.15, 0.15] range is plotted in Fig. 5. The
computation of the estimation integral error e is

Amaz
e(Fl(A%FZ(A)a)‘maza)\mzn) = / |Fl(§)_FZ(§)|d€
R (12)
The plotted error in Fig. 5 is normalised with respect
to the maximum error value in the time interval. Actual
slip ratio absolute value is plotted in the same figure for
illustration. The slip ratio excites the wheel dynamics and

therefore the relative estimation error drops rapidly as the
slip ratio rises. Without the excitation, no information about
the surface friction is available and the estimation value and
error remain unchanged.

III. VISUAL PREDICTOR TRAINING

The goal of our method is to train a visual-only predictor,
using a convolutional neural network (CNN), that takes an
image captured by a front-looking camera as an input and
provides an estimate of the corresponding surface friction.
To train the CNN, a dataset is collected by freely driving
while recording the camera and vehicle response signals.
The training images are labeled automatically by associating
with the surface friction estimates ¢ computed by the method
described in the previous section.

A. Image labeling

The overview of the visual predictor is sketched in Fig. 6.
A raw image captured by a camera is first orthographically
rectified to a bird’s-eye view. The homography mapping is
used to warp the raw image of a scene rectangle on the
ground plane in front of a vehicle into a rectified image,
such that the corners of the scene rectangle and the corners
of the rectified image correspond. The rectified image is then
used as an input to a convolutional neural network.

To train the CNN, the training images need to be labeled.
To label the image captured at time tg, the corresponding
surface friction ¢(to), Eq. (11), is found. We define a fixed
measurement distance d in the half of the scene rectangle
for all of our experiments. Then the time ¢y, when the
vehicle travels on the surface over the measurement distance
d, is calculated using the vehicle velocity as tg = d/v(t),
assuming the vehicle trajectory is straight.

The extent of the input image, which is used by the CNN
to predict the surface friction, was found experimentally. A
too small region around the measurement distance would
not provide enough context, while a too large region would
capture an irrelevant background.

In principle, image rectification is unnecessary. Neverthe-
less, this is an easy way to normalize images and possibly
combine different cameras with different viewpoints without
retraining. In all our experiments, the homography is esti-
mated offline. Any deviations from the estimated mapping,
which may occur due to camera tilting because of mounting
on the vehicle body, are neglected.

B. Convolutional neural network

Using the process above, we collected a labeled dataset
{I1,¢1), ..., (In, dn)}. RESNET-50 [35] was used as the
backbone, with the input of the rectified RGB image [
resized to 224 x 224 px receptive field. The network has
a single scalar output, after ReLU, the estimated surface
friction CNN(/; ©) = ¢. Vector © concatenates all network
weights.

Lo-regression loss L(©) = S(¢; — ¢;)? was used as

the loss function penalizing differences between the ground
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Fig. 4: Comparison between the estimated and the true traction force together with wheel speed and slip ratio. Simulations

with nonlinear model described in Sec. II-A.
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Fig. 5: Convergence of the estimator for bad initial value.
Even for low slip ratio the estimator converges reasonably.

truth and predicted labels of the surface friction. Batch-
normalization layers were inserted and network weights ©
were found by ADAM optimizer [36]. As data augmentation,
we used color jitter (contrast, brightness, hue), and random
horizontal flipping. Only small £4° image rotations were
made, since direction of the image texture may be important
for the perceived surface friction. The training converged
after about 50 epochs.

IV. EXPERIMENTS
A. Experimental subscale vehicle platform

The real-word data, both camera data and vehicle traction
system data, were collected using an experimental subscale
platform, shown in Fig. 7. The LOSI buggy Radio Controlled
car of 1:5 scale was modified for this purpose. The over-
all dimensions are length: 844mm, width: 501mm, height:
308mm. The ground clearance is 69mm and the wheelbase
is 552mm. Finally, the bare platform without data acquisition
equipment is 13.8kg with traction batteries.

The platform was mechanically modified to accommodate
the camera and vehicle data acquisition system. The traction
system was modified from four-wheel drive to rear wheel
drive to obtain a reliable and accurate vehicle traveling speed
derived from the front wheel RPM sensors.

The subscale platform is equipped with four Electronic
Control Units (ECU), providing vehicle motion control,

rectification

friction
prediction

¢

CNN

Fig. 6: Overview of the visual predictor. An input image
from the vehicle camera is first rectified and cropped, so the
rectified image were capturing a rectangular region of size
1.5m x 1.5m in front of the vehicle (in yellow). The image
is than fed into a CNN to do the prediction of the friction
at measurement distance of d, set as d = 0.75m (delineated
as a red horizontal line).

camera and vehicle data acquisition and necessary safety
of operation functionality. The high level ECU hardware is
Intel NUC7i7BNK mini PC with Matlab & Simulink and
Python software capabilities. The low-level traction control
system, data acquisition, and safety features are performed
by Raspberry Pi 4, Arduino Nano, and STM32 Nucleo
(STM321432) microcontrollers. The measurement system
sampling time is set to 10ms. The vehicle measurements are:

o The vehicle velocity is estimated from the nondriven
wheels (front wheels) as a mean value v, = rlwitws)

e Wheel angular speed is measured using Hall effect-
based sensors and magnetic signs on the wheel.

o BLDC motor torque is estimated from two-phase cur-
rent measurements. Ideal differential operation is as-
sumed. Therefore, an equal split of the torque for both
wheels is assumed.

o The drivable surface images are captured with a stereo
ZED (StereoLabs). A single camera of the rig is used.



Fig. 7: Sub-scale vehicle platform used in our experiments.

[ (rem) | @

E-motor
5
Torque {ZED)

[ (mem) | (" (rem) |

Fig. 8: Sub-scale vehicle platform sensors instrumentation.

B. Experimental platform estimation results

The proposed estimation algorithm was experimentally
validated using the platform described in IV-A. Sampling
time of the estimator is the same as the platform.

As the lateral velocity is not measured on this platform,
only straight drive maneuvers are used in the measurement
update phase of the UKF (no side slip angle of the wheel
is considered). This situation also simplifies the wheel pivot
point velocity measurement in z direction — it is the same
as the velocity measured by the nondriven wheels (see
Sec. IV-A). The friction torque was identified as a function
of wheel angular speed Tgrqg = Tarag(w). Parameters of
the wheel dynamics equation were also identified. Wheel
angular velocity is measured as described in IV-A. This way,
all assumptions listed in Sec. II are satisfied.

The estimation algorithm was performed offline after the
riding, but is ready for online execution (nature of the UKF
filtering). Results of three experiments on three different sur-
faces are shown in Fig. 9. The surfaces are snow, gravel, and
asphalt with the highest adhesion of the presented surfaces.
For each surface, two estimated values of §4 (for two driven
wheels) are shown in the Fig. 9. The T4 corresponds to the
friction ¢. The maximum of both wheel friction ¢ estimates
was taken as the surface label that is later used for neural
network training. Segmentation of the friction estimate for
different surfaces can be clearly seen in the Fig. 9.

The estimation algorithm needs sufficient excitation of
the dynamics to provide good estimates as described in the
Sec. II-D. To provide the neural network friction estimates
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Fig. 9: Comparison of the estimated friction for different

surfaces based on the subscale platform measured data.

that are not influenced by the convergence of the initial value
and poor dynamics excitation, two runs of the UKF algorithm
were executed. The second run of the estimation algorithm
is initialized by the average value of the last 30 seconds of
the first run. This approach improves the results for surfaces
with piecewise constant parameters, while not compromising
the algorithm performance for the surface with parameters
changing even within a single run.

C. Dataset

The dataset was collected by driving the vehicle on var-
ious surfaces. The driving maneuvers consist of the vehicle
acceleration and deceleration phases with the usual value of
slip ratio in [-0.4, 0.4] range. During extreme maneuvers,
the slip ratio was reaching values of 0.9. We acquired about
2.5 hours of synchronous raw recordings of all vehicle
sensors and control signals, including the camera. Test rides
were performed at 5 different locations, each containing a
collection of different surfaces, e.g., dry/wet tarmac, snow,
pavement, gravel, etc. Recordings were repeated at different
days and day times to capture the effect of illumination.

As discussed above, both the friction estimation method
implementation for the subscale platform and the image
labeling assume that the vehicle goes approximately straight.
Therefore, the data with significant deviations from the
straight direction were discarded in the postprocessing.

We took images every 0.5s to keep the dataset of a
reasonable size with enough diversity. The resulting dataset,
automatically labeled, includes about 4 000 samples. The
dataset was split into disjoint subsets: the training subset
(70%), the validation subset (10%) to select the best training
epoch, and the test subset (20%) used for evaluation. We
made sure the test set does not overlap with the training
data by using location and temporal metadata.

A sample of our dataset together with the distribution of
the ground-truth friction labels of surface friction is shown
in Fig. 10.

D. Evaluation and results

The testing was performed on the independent test split of
our dataset. The results are summarized in Tab. I. The statis-
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Fig. 11: Scatter plots for the proposed CNN visual predic-
tion. Ideal predictions would lie on the red diagonal line.
Correlation coefficients are shown in title of the plots.

tics are Mean Absolute Error (MAE), Root Mean Square
Error (RMSE), Correlation coefficient (Corr), Percentile-95
(Py5) meaning the prediction error lower or equal for 95%
of test samples, and Error-0.5 (eg.5) showing the percentage
of samples having prediction error lower than or equal to
0.5.

Besides the statistics, we show a scatter plot in Fig. 11
visualizing the correlation between the ground truth and
the predicted surface friction labels. In Fig. 12, we show
the cumulative histograms of absolute errors to provide an
insight on the error distributions. Statistics Pys and eq 5 are
easily seen in the plots. All statistics corroborate a high visual
prediction accuracy.

E. Friction maps — qualitative results

The following experiment demonstrates that the trained
model generalizes to a slightly different problem, predicting
a coarse map of the surface friction.

Our CNN-model was trained to predict the local surface
friction in the center of the given image, i.e., a single scalar
for an image. The input to the CNN represents a square of
1.5m x 1.bm in the scene. Therefore, we scan a larger area
of the surface seen by the camera with the CNN evaluated
at many locations. In particular, the scanning is done in the
rectified bird’s-eye view, and partially overlapping images of
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Fig. 12: Cumulative histograms of absolute error.

Fig. 13: Color-coded surface friction maps calculated by the
trained CNN executed in a scanning window over the input
image rectified to bird’s-eye view, colorized by the estimated
friction, and finally back-projected to the raw camera image.

1.5m x 1.5m windows are one by one fed to the CNN. The
outputs are stored, the center window locations are colorized
based on the surface friction, and finally back-projected to
the raw camera image.

Results are shown in Fig. 1 and Fig. 13. We can see that
the boundary between the surfaces of different frictions is
visible. This experiment is presented as a qualitative result,
since we do not have the ground-truth data for other locations
than the measurement point (0.75m in front of the vehicle for
an image). The CNN was not trained for other locations, and



it is rather surprising that it generalizes well for far distant lo-
cations (up to 5 meters), where a loss of resolution degrades
the image quality. The performed experiment demonstrates
the accuracy and spatial consistency of the predictor.

V. CONCLUSIONS

We presented a method for surface friction estimation from
vehicle responses and used the estimates from test rides to
automatically label the images observed by the camera to
train a visual predictor without any manually annotated data.
An automatically labeled dataset of about 4 000 images was
collected, and a convolutional neural network was trained.
The method was evaluated on the independent test split of
the dataset, achieving accurate predictions. As a qualitative
result, we showed a coarse friction maps found by scanning
the input image with the trained CNN predictor.
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