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Striving for Less:
Minimally-Supervised Pseudo-Label Generation for
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Abstract—Identifying traversable space is one of the most
important problems in autonomous robot navigation and is
primarily tackled using learning-based methods. To alleviate
the prohibitively high annotation-cost associated with labeling
large and diverse datasets, research has recently shifted from
traditional supervised methods to focus on unsupervised and
semi-supervised approaches. This work focuses on monocu-
lar road segmentation and proposes a practical, generic, and
minimally-supervised approach based on task-specific feature
extraction and pseudo-labeling. Building on recent advances in
monocular depth estimation models, we process approximate
dense depth maps to estimate pixel-wise road-plane distance
maps. These maps are then used in both unsupervised and
semi-supervised road segmentation scenarios. In the unsupervised
case, we propose a pseudo-labeling pipeline that reaches state-of-
the-art Intersection-over-Union (IoU), while reducing complexity
and computations compared to existing approaches. We also
investigate a semi-supervised extension to our method and find
that even minimal labeling efforts can greatly improve results.
Our semi-supervised experiments using as little as 1% & 10%
of ground truth data, yield models scoring 0.9063 & 0.9332
on the IoU metric respectively. These results correspond to a
comparative performance of 95.9% & 98.7% of a fully-supervised
model’s IoU score, which motivates a pragmatic approach to
labeling.

Index Terms—Deep Learning for Visual Perception, Computer
Vision for Transportation, AI-Based Methods

I. INTRODUCTION

TO be able to safely navigate the world, autonomous
robots have to be capable of perceiving their environment

to detect traversable free space. This work focuses on road
detection for vehicles equipped with a single forward-facing
camera. While this task has traditionally been solved using
supervised segmentation methods, these techniques suffer the
drawbacks of laborious labeling cost (1.5h/frame for fine
annotations [1]), as well as test-time distribution shift due to
the wide variety of environments and weather conditions [2].
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To alleviate these issues, the community has recently focused
on unsupervised and semi-supervised alternatives.

Although unsupervised approaches lead to respectable re-
sults, they are not reliable enough to enable the safe oper-
ation of autonomous agents [3]–[7]. Semi-supervised meth-
ods offer a compromise by training on restricted subsets of
manually-labeled data and exploiting unlabeled data through
self-supervised consistencies or pseudo-labeling [8]–[10]. Our
work explores this trend by proposing a practical, effective,
and generic pseudo-labeling framework. Our method reduces
the quantity of labeled data required by exploiting prior
knowledge of road semantics as well as recent advances in
monocular depth estimation [11].
Our contributions can be summarized as follows:

1) We introduce the use of a monocular depth network to
estimate pixel-wise Road-Plane Distances (RPD) using
the v-disparity algorithm with a novel filtering method.

2) We use RPD maps in a pseudo-labeling pipeline to reach
state-of-the-art IoU for unsupervised road segmentation,
with reduced complexity and computations compared to
existing work.

3) We propose a semi-supervised extension, which uses as
little as 1% & 10% of ground truth data while reaching
0.9063 & 0.9332 IoU respectively. These results corre-
spond to 95.9% & 98.7% respective performance of a
comparable fully-supervised model on the same metric.

In addition, we also make our code and trained models freely
available online. While our work focuses on urban scenes, the
use of an unsupervised monocular depth network and RPD
maps are generic enough to allow the same technique to be
used in other robotic navigation scenarios, such as indoors or
less-constrained outdoor environments.

The content of this work is organized as follows: In Sec-
tion II, we review existing works on unsupervised and semi-
supervised road segmentation. In Section III, we introduce our
method for computing RPD maps, our unsupervised and semi-
supervised approaches. In Section IV, we define evaluation
metrics and detail our use of the Cityscapes dataset [1].
In Section V, we carry out experiments, and analyze the
respective results. Finally, we summarize our contributions and
share further research directions.

II. RELATED WORKS

This section presents a brief overview of road segmentation
approaches that learn pixel-wise free space representation from
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data. While related works rely on video sequences to learn
sparse point cloud maps [12], or to segment obstacle footprints
using structure-from-motion [13], we focus our attention on
unsupervised and semi-supervised methods that learn road
masks using single images.

A. Unsupervised Road Segmentation

Most recent unsupervised road segmentation methods rely
on generating approximate pseudo-labels using prior knowl-
edge about road geometry or semantics. These approximate
road masks can then be used as targets to train a statistical
model to generalize past the noise that they contain. One
successful example, and an inspiration for this work, is the use
of the v-disparity algorithm [14]. This method uses disparity
maps to estimate a flat road plane by making the generic
assumption that the road-camera distance linearly increases
as the road recedes to the horizon. Different attempts have
exploited this representation of the road, using disparity maps
computed from stereo-pairs [3, 5]. Our work differs in that we
propose to approximate these disparity maps using a monocu-
lar depth estimation network which can be trained without
supervision [11]. More direct use of depth measurements
can also be beneficial, as shown through the use of RGB-D
inputs to improve performance in indoor perception [15]. Also
exploiting geometric information present in depth maps, the
work from [16] uses a trained network specifically designed to
extract features from RGB-D images by fusing depth feature
maps at various stages of encoding. Rather than explicitly
relying on scene geometry, another successful method is to
identify the road by over-segmenting frames into superpixels
and extracting feature vectors for each superpixel using a net-
work trained for generic image classification. Superpixels can
then be clustered in feature-space before using a spatial prior
to identify the cluster corresponding to the road [4, 6, 7]. Our
unsupervised approach unifies the geometrical and semantic
approaches by combining features extracted from a v-disparity
representation with cues obtained from over-segmenting the
RGB space into superpixels.

B. Semi-Supervised Segmentation

Recent advances in semi-supervised segmentation can
mainly be divided in two distinct categories of approaches:
consistency training and self-training. Consistency training
obtains a loss by making the assumption that the output of
a model should be invariant to perturbations of inputs that do
not affect their semantics. Examples that fall into this category
are Unsupervised Data Augmentation [17], Virtual Adversarial
Training [18] and Cutmix [19]. The semi-supervised part of
this work adopts the second approach of self-training, in
particular through the use of a mix of ground truth labels and
noisy pseudo-labels that are generated for unlabeled data [8, 9].
Recent research has shown that over-parameterized neural
networks can generalize past some of the label noise using
Stochastic Gradient Descent (SGD) schemes combined with
early stopping [20], but more advanced schemes have been
devised to explicitly deal with this noise, such as Mean
Teacher [10] and Co-Teaching [21]. For a comprehensive

(a) disparity (b) v-disparity

(c) ground plane estimate(d) RPD & estimated horizon

Fig. 1: Estimation of Road Plane Distance (RPD) from dense
disparity maps using robust line fitting in v-disparity space.

overview of semi-supervised techniques that cope with noisy
labels in image analysis, we refer the reader to the survey
in [22].

III. METHODOLOGY

In this section, we start by how we obtain our dense Road
Plane Distance (RPD) maps. We then show how we leverage
these estimated distances to train both unsupervised and semi-
supervised models.

A. Estimating Road Plane Distance (RPD)

To estimate the road plane, we rely on the v-disparity
algorithm, which was first proposed in the context of ob-
stacle detection [14]. The algorithm does not operate on
raw RGB images, but instead takes dense disparity maps
as inputs. Rather than relying on depth reconstruction using
stereo pairs [5, 23], we propose to use a monocular depth
estimation network to estimate such disparity maps from a
single view of the scene. For this purpose, we have chosen
a Monodepth2 network [11] that was trained on the KITTI
dataset [24] without any ground truth labels using Structure-
from-Motion [25].

Starting from a disparity map with dimensions (H,W )
in Figure 1(a), a v-disparity map with dimension (H,B) is
obtained by creating a B-bin histogram of disparity values
in each row, as shown on Figure 1(b). The road detection
procedure builds on the following intuition: oblique planes in
the disparity input are mapped to straight lines in v-disparity
space. Assuming that free space is the dominant planar region
in the disparity input, one can therefore approximate it through
line-fitting in v-disparity space. This process is illustrated on
Figure 1(c). Since obstacles appear as vertical lines in v-
disparity space, it is important to filter data before attempting
line fitting. We follow [3] and only keep bin values belonging
to the 95% percentile in each row. Since the road plane
maps to a line in v-disparity space, the intercept of that line
corresponds to an estimate of the horizon line in the original
image. Exploiting prior knowledge about camera placement,
we further restrict the area of interest to only match common
horizons lines appearing on the frame between 0.8 and 0.4
relative heights. We fit the filtered v-disparity points using
RANSAC linear regression [26].
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Fig. 2: Unsupervised pseudo-labels generation. RPD quantiles
are computed over each RGB superpixels, and the result is
thresholded and filtered to obtain a road estimate.

As opposed to prior work [3, 5, 14], we don’t back-project
the fitted plane to the disparity image by reverting the his-
tograms to obtain a road plane estimate. Rather, for each pixel
in the disparity space, we estimate its elevation relative to the
ground plane by computing the horizontal distance between
its v-disparity projection and the fitted ground line. We call
the result a Road Plane Distance map (RPD) and represent it
on Figure 1(d).

B. Unsupervised Road Segmentation

In this section, we propose the use of RPD maps to generate
approximate pseudo-labels of the road class. Our unsupervised
pseudo-label generation method is illustrated on Figure 2.

Superpixel cues: Since object parts that touch the ground
will contain low RPD values near the ground, directly thresh-
olding RPD values cannot recover precise class boundaries.
Instead, we rely on superpixel segmentation in RGB space
to recover crisp boundaries. For a given RGB input, we
generate a normalized RPD map and compute a superpixel
segmentation using the Felzenszwalb method with a scale of
50 and a minimal size of 500 pixels [27]. We then aggregate
the RPD values over each RGB superpixel using its 90% RPD
quantile. We select the 90% quantile rather than the maximum
value in an effort to capture the highest RPD values without
being overly affected by possible outliers. An analysis of the
impact of quantile choice is provided in Appendix A.

Adaptive RPD thresholding: In order to obtain pseudo-
labels, we apply a threshold on superpixel aggregated RPD
maps. Rather than choosing a fixed threshold to apply over
all frames, we propose an adaptive procedure based on the
distribution of RPD values in each frame. We make the
assumption that most road pixels lie in the lower half of
the frame, and compute a frame-specific threshold based on
their distribution. We compute a smooth approximation of
the distribution of RPD values in the lower portion of the
frame using gaussian kernel density estimation. Since road
superpixels have uniform and low RPD values, they will tend
to form the largest peak in this distribution, and we identify
the threshold as the first local minimum following this peak.
In order to obtain our final pseudo-labels, we also remove

(a) Superpixel Aggregated RPD

(b) Adaptive Threshold Selection

(c) Pseudo-label

Threshold

Fig. 3: Adaptive thresholding procedure.

any pixel lying above the estimated horizon from the road
prediction.

Unsupervised model training: We use the pseudo-labels
as targets to train a model to segment the road directly from
an RGB input. Recent work has shown that deep neural
networks trained via stochastic gradient descent exhibit sur-
prising robustness to noise in their training targets [20], and
such procedure has repeatedly been proven beneficial to road
segmentation [4]–[7]. The network architecture and training
procedure are detailed in Section V.

C. Semi-Supervised Road Segmentation

Although RPD maps are useful to detect the ground plane,
the road class is more restrictive since it should not contain
things like sidewalks or grass patches, even though they
might lie in the same plane. Since RPD maps do not contain
this information, we propose to combine them with RGB
frames and to learn from a minimal number of ground truth
annotations.

Pseudo-Label Generator (PLG): To generate pseudo-labels
in the semi-supervised scenario, we train a PLG network to
predict road masks from RPD maps and RGB frames. We
concatenate them and use them as inputs to our PLG, which
will allow it to learn to segment the road from only dozens of
ground truth samples. This process is illustrated on Figure 4.

Training from Semi-Supervised Pseudo-Labels: As in the
unsupervised case from Section III-B, an additional model can
be trained using the semi-supervised pseudo-labels as targets
in order to obtain road masks from RGB inputs. For frames
for which ground truth was used at pseudo-label generation
time, we also use pixel-wise ground truth as our target. Details
about the model and training procedure used are available in
Section V.

IV. EVALUATION

A. Dataset

Our experiments leverage the Cityscapes dataset, which
provides pixel-wise ground truth labels for 30 visual classes
in 5000 frames [1]. Since the official test set has no public
annotation, we follow prior work [5]–[7] and use the 500
frames of the validation set as our test set. Our training
and validation sets are obtained by randomly splitting the
Cityscapes training set into 2380 training and 595 validation
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Fig. 4: Semi-supervised pseudo-labels generation procedure. We train a pseudo-label generator to predict pseudo-labels using
RGB frames and RPD maps. The network learns using a small amount of ground-truth annotated frames.

frames. For frames that have pixels labelled as road, we
consider only this class to denote the road. The dataset also
contains 1.6% of frames with no road pixel. For these frames
only, we verified that the ground annotation was used in its
place and used it instead of road.

B. Evaluation Metrics

We assess prediction quality using the standard Intersection-
over-Union (IoU) metric, as well as Precision and Recall. The
Cityscapes dataset includes 6 void classes which cannot be
assigned to road or non-road, such unlabeled, out of the region
of interest or ego-vehicle. We follow the standard Cityscapes
benchmark procedure and we ignore pixels corresponding to
such classes at evaluation time using binary evaluation masks.
These masks are considered part of the ground truth and are
only used for evaluation.

V. RESULTS

This section outlines the set of experiments carried out
to benchmark the proposed methods. We detail our network
architectures and training procedure before presenting results.

A. Network Architectures

Competing semi-supervised approaches are often focused
on generic semantic segmentation rather than road segmenta-
tion, or use other datasets than Cityscapes as benchmarks [28]–
[32]. The few semi-supervised approaches that publish metrics
for the road class use a wide variety of network architectures,
input resolutions, computational requirements, annotations (all
classes or road only) and data splits, making direct comparison
difficult. To allow for fair comparison and analysis of the
impact of using unsupervised or semi-supervised pseudo-
labels instead of training from only limited ground truth, all
our experiments use the same architecture. Recent work has
shown that properly tuned standard U-Nets can outperform
more advanced variants in many segmentation scenarios [33],
and we therefore opt for a standard U-Net architecture based
on a ResNet18 residual network backbone [34, 35]. The unsu-
pervised, fully-supervised and semi-supervised models trained
to predict road masks from RGB frames all have 14.3M
parameters. We also use the same architecture for the semi-
supervised PLG from Figure 4, but we slightly adapt its first
layer to accept the additional channel from RPD in addition
to the three RGB channels.

B. Training Procedure

We train randomly initialized models to minimize a binary
cross-entropy loss using a batch size of 4. We set an initial
learning rate of 10−4 and decay it by half when the training
loss plateaus for at least 25 epochs. We train our PyTorch
models using automatic mixed precision [36], on a single
NVIDIA V100 for up to 500 epochs, with an early stopping
strategy that halts training when the validation loss has not
improved by at least 0.0003 for 75 consecutive epochs.

We use the Cutmix data augmentation strategy proposed
for road segmentation in [7] for all of our models. For models
that use RGB as inputs, we also apply the Color-Crop-Flip
(CFC) augmentation strategy, which applies a color jitter,
takes a random crop of appropriate aspect ratio, and randomly
perform an horizontal flip of the input [7]. Each augmentation
is applied with 50% probability.

For each experiment, we select the model that minimizes
the validation loss. For computational reasons and to match
Monodepth2 input shape, we use a 192×640 input resolution
in all experiments. Outputs are however re-scaled using
nearest neighbor interpolation in order to compute IoU and
Precision in the original 1024× 2048 resolution.

C. Unsupervised Approaches

Road Classes: only road IoU Precision Recall

Superpixel Clustering [4, 7] 0.8152 0.8854 0.9138
Co-Teaching Superpixel Clustering [6] 0.8261 0.9093 0.9027
Cutmix Superpixel Clustering [7] 0.8377 0.9193 0.9129
Ours (unsupervised) 0.8529 0.8827 0.9623

Road Classes: road, ground & parking IoU3 Precision3 Recall3
Stereo v-disparity [5] 0.8001 0.9283 0.8529
Ours (unsupervised) 0.8600 0.8943 0.9595

TABLE I: Test set results for unsupervised road segmentation.
The second part of the table evaluates using a different
definition of road that includes the road, parking and ground
classes to allow comparison with [5]. Metrics are suffixed to
emphasize that three classes are used as part of the road.

In Table I, we compare our model trained on unsupervised
pseudo-labels (described in Section III-B) to other recent
unsupervised methods. All approaches use a similar strategy
of generating pseudo-labels before training a neural network
to generalize part of the label noise away. The Stereo v-
disparity method [5] is closest in spirit to our approach since it
also exploits disparity maps. The notable differences are that
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Superpixel
aggregation

Adaptive
thresholding IoU Precision Recall

– – 0.7456 0.7535 0.9875
✓ – 0.8432 0.8683 0.9664
✓ ✓ 0.8529 0.8827 0.9623

TABLE II: Ablation study of trained models test results for
unsupervised free space estimation.

they obtain disparity maps through stereo depth reconstruction
rather than from a monocular depth estimation network, and
they simply threshold in v-disparity space to obtain a road
mask, while we use cues from the RGB image in the form of
superpixel segments. The other three methods [4, 6, 7], rely
on the same pseudo-labeling strategy based on computing
superpixel features from an ImageNet pretrained-network. Our
method does not need stereo pairs, but still achieves the highest
IoU (0.8529) and Recall (0.9623). The large increase in Recall
however comes at the cost of Precision, as expected for a
method that detects the ground plane rather than the road.
The source of imprecision is indeed mostly attributable to
ground-level pixels being wrongly classified as road when they
are actually sidewalks or parking. When including such flat
classes from Cityscapes as part of our definition of the road,
the Precision rises to over 98%. This shows the potential of
our approach for different robotics applications where any flat
surfaces can be traversed.

To identify the contributions of superpixel aggregation and
adaptive thresholding, Table II presents an ablation study. In
the absence of adaptive thresholding, a single fixed threshold
is selected for all the frames by visually examining RPD
maps for 10 random training frames. The manual threshold
is set to 0.075 when no superpixel aggregation is used, and
to 0.1 when it is enabled. Note that although this manual
selection technically introduces human-supervision, it is only
used for investigating the impact of adaptive thresholding.
Due to noise in the estimated depth and imprecisions in
the road plane fit used to build RPD maps, the absence of
superpixel aggregation causes a severe lack of Precision.

D. Semi-Supervised Approaches

Cityscapes provides pixel-wise ground truth annotations for
the 2380 training and 595 validation frames, which allows us
to examine the fully-supervised scenario in the first section
of Table III. Our supervised baseline that uses 100% of the
ground truth reaches an IoU of 0.9454. Using a higher input
resolution, a larger model, and pseudo-labels generated for
additional frames not included in our dataset, the Naive-
Student Video Sequence model is able to further improve IoU
to 0.9882 [8]. We do not include the latter approach in Table
III since it uses ground truth annotations for all Cityscapes
classes on 2975 frames and pseudo-labels generated for an
additional 109 thousand frames, making a direct comparison
with our results impossible.

The second and third sections of Table III present models
trained on a small fraction of ground truth labels, with and

GT %
(frames)

PLG
pseudo-labels IoU Precision Recall

Supervised baseline 100% (2975) 0 0.9454 0.9837 0.9427

Supervised baseline 10%
(297)

0 0.9032 0.9614 0.9353
Ours (semi-supervised) 2678 0.9332 0.9807 0.9493

Supervised baseline 1%
(29)

0 0.8338 0.9174 0.9009
Ours (semi-supervised) 2946 0.9063 0.9701 0.9310

TABLE III: Test set results for fully-supervised and semi-
supervised road segmentation. The best results for each level
of supervision are reported in bold.

GT % PLG Inputs IoU Precision RecallRGB RPD

1%
✓ – 0.8193 0.9277 0.8743
– ✓ 0.8600 0.9274 0.9218
✓ ✓ 0.9063 0.9701 0.9310

10%
✓ – 0.9149 0.9665 0.9435
– ✓ 0.9006 0.9645 0.9303
✓ ✓ 0.9332 0.9807 0.9493

TABLE IV: Test results of our semi-supervised models using
different PLG inputs. The best results for a given level of
supervision are reported in bold.

without adding pseudo-labels for the remaining frames. Using
10% annotated samples, our semi-supervised model is able to
achieve an IoU of 0.9332. This corresponds to a +3% increase
over a supervised baseline trained on the same ground-truth
frames without pseudo-labels. When dropping the fraction of
labeled samples to 1%, our proposed method improves IoU by
+7.25% compared to its supervised counterpart and reaches
0.9063 IoU.

These results motivate a pragmatic approach to data an-
notation for free-space segmentation tasks: even a minimal
labeling effort can greatly improve results and enable rapid
prototyping for robotics applications. Indeed, annotating only
29 frames allows to increase Precision by +8.74% and IoU
by +5.34% over the best unsupervised method of Table I.
Although annotating more data is always beneficial, it is also
important to notice that semi-supervised models using 1% and
10% of labeled data respectively achieve 95.9% and 98.7% of
the IoU obtained using a comparable model trained on 100%
of the ground truth.

To assess the impact of using both RGB frames and RPD
maps as inputs to our semi-supervised PLG, we conduct
an ablation in Table IV. The results shows that using RGB
alone decreases IoU by 8.7% when using 1% labeled frames.
The impact of RPD maps is less extreme when using 10%
ground truth annotations, but adding them still increases IoU
by 1.8% over RGB frames only. Table IV also shows that
using RPD maps alone does not yield the best results. This is
expected since RPD values are approximate and don’t contain
information to distinguish between the ground and object parts
lying close to it.

E. Inference Time

The models used in our unsupervised and semi-supervised
methods are also computationally efficient, since they use
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the same architecture but a lower input resolution of 192 ×
640 compared to the 512 × 1024 inputs used in other ap-
proaches [4]–[7]. Table V illustrates the differences in both
inference time and Multiply-Accumulate operations (MACs)
required in a forward pass for a single input frame. The
inference times include the copy of the frame to GPU memory
and of the result back to CPU memory.

Input
Resolution

Inference
Time GMACs

192× 640 3.56 ms ± 5.65 µs 10.16
512× 1024 10.42 ms ± 4.29 µs 43.37

TABLE V: Inference times and Mutiply-Accumulate opera-
tions on a NVIDIA Tesla V100. For time measurements, we
report mean and standard deviation over 1000 runs.

VI. CONCLUSION

This work investigates several unsupervised and semi-
supervised pseudo-labeling strategies to train a neural network
to segment the road using frames captured by a single road-
facing camera with little to no manual annotations.

In order to minimize the labeling efforts required to train
these models, we devise a novel feature extraction method
based on the v-disparity algorithm. To the best of our knowl-
edge, our approach is the first to compute approximate v-
disparity maps using a depth prediction network and use them
to compute dense Road Plane Distance (RPD) maps. These
RPD maps constitute task-specific features and can be used
for both unsupervised and semi-supervised road segmentation.

We show that RPD maps can be combined with RGB
superpixels and processed in order to obtain pseudo-labels,
which are then used as targets to train a neural network in
a completely unsupervised way. Unlike previous work, our
unsupervised method does not require the use of stereo-pairs
but still reaches state-of-the-art results while also being less
computationally-intensive. These results can also be further
improved if using a small fraction of labeled data is acceptable.

By combining RPD maps with features extracted from a
depth estimation network and using them to train pseudo-label
generators with minimal supervision, we are able to greatly
improve IoU over the unsupervised case. The semi-supervised
results obtained using 1% (resp. 10%) of ground truth labels
improve IoU by 5.34% (resp. 8.03%) over the unsupervised
approach. These results correspond to 95.9% (resp. 98.7%)
of the IoU achieved by a comparable fully-supervised model.
Considering that 1% of the Cityscapes annotations correspond
to only 29 frames, these results motivate a pragmatic approach
to labeling for segmentation tasks: even minimal labeling
efforts can greatly improve results.

This work mainly focuses on generating high-quality,
task-specific, pseudo-labels. Although our results illustrate the
known ability of neural networks to generate past some of the
label noise when trained using Stochastic Gradient Descent,
future work will investigate training strategies that take label
noise into account to further improve results. Examples of
such techniques are Co-Teaching or Mean Teacher [10, 21].

Another interesting future line of work lies in the exploitation
of temporal consistency in video data rather than single
isolated frames [8, 9]. Finally, although this work emphasizes
an application to road segmentation, our approaches are not
specific to urban scenes. Indeed, the depth network used for
RPD computation and features extraction in this work can be
trained without any label on other datasets, enabling future
work to explore applications to monocular robots operating
in less-contrained indoor and outdoor environments.

APPENDIX A
IMPACT OF RPD QUANTILE CHOICE

The unsupervised pseudo-label generation described in Sec-
tion III-B relies on RGB superpixel cues to reach the best
performance. The values of RPD maps are aggregated over
RGB superpixels using a quantile function in order to discard
some of the noise. In Table VI, we study the impact of
changing the quantile value on IoU, Precision and Recall. Note
that these results are for raw pseudo-labels. They can therefore
not be directly compared to the IoU results presented in Table
I and Table II, which correspond to a trained model. They are
however indicative of relative performance between quantile
choices. Since evaluating different quantile choices on the test
set technically constitutes a fit, this analysis is only provided
for additional insights. The decision to use the 90% quantile
in our methodology was made prior to such evaluation, by
visually inspecting the RPD maps of a few random training
frames to decide on an appropriate value.

The exact choice of the quantile does not have a large impact
on IoU, but influences the Precision-Recall trade-off, with
lower values favoring Recall since more superpixels tend be
classified as part of the road. The choice of the 100% quantile
is equivalent to aggregating a superpixel by its maximum RPD
value, and is detrimental to IoU since it is highly sensitive to
large RPD outliers.

RPD Quantile IoU Precision Recall

50% 0.7836 0.8140 0.9532
60% 0.7890 0.8283 0.9422
70% 0.7939 0.8307 0.9471
80% 0.7984 0.8357 0.9475
85% 0.7983 0.8441 0.9360
90% 0.7957 0.8548 0.9214
95% 0.7963 0.8653 0.9104

100% 0.7625 0.8661 0.8779

TABLE VI: Test results for unsupervised raw pseudo-labels
using adaptive thresholding with different quantile values.
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