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Figure 1. RendBEV performs self-supervised training of any BEV semantic segmentation model via volumetric rendering.
It enables to train BEV semantic segmentation architectures in the absence of any labeled or pseudolabeled BEV data and
provides state-of-the-art performance in the low-annotation regime when used as a pretraining strategy.

Abstract

Bird’s Eye View (BEV) semantic maps have recently gar-
nered a lot of attention as a useful representation of the en-
vironment to tackle assisted and autonomous driving tasks.
However, most of the existing work focuses on the fully
supervised setting, training networks on large annotated
datasets. In this work, we present RendBEV, a new method
for the self-supervised training of BEV semantic segmen-
tation networks, leveraging differentiable volumetric ren-
dering to receive supervision from semantic perspective
views computed by a 2D semantic segmentation model. Our
method enables zero-shot BEV semantic segmentation, and
already delivers competitive results in this challenging set-
ting. When used as pretraining to then fine-tune on labeled
BEV ground truth, our method significantly boosts perfor-
mance in low-annotation regimes, and sets a new state of
the art when fine-tuning on all available labels.

1. Introduction
The Bird’s Eye View (BEV) is an orthographic pro-

jection of the world of great interest in assisted and au-

*Supported by the SMARTHEP project, funded by the European
Union’s Horizon 2020 research and innovation programme, call H2020-
MSCA-ITN-2020, under Grant Agreement n. 956086

tonomous driving and robotics. It has several useful prop-
erties: the size and shape of objects is not dependant on
the viewpoint, the scale is consistent, distances are metric if
the ground is flat and it is a suitable representation to fuse
multiple sensors and modalities under a unified reference
frame. The movement of road agents is mostly restricted to
the ground plane, thus the BEV conveys most of the rele-
vant information for road scene understanding while being
more efficient than an explicit three-dimensional represen-
tation like a voxel grid. Many works in recent years address
tasks in the Bird’s Eye View such as semantic segmenta-
tion [6,7,14,18,20,21], 3D object detection [12,19,22] and
trajectory prediction [9]. Most of these works were enabled
by the release of large scale multi-modal driving datasets
like nuScenes [1], KITTI-360 [13] or Waymo [26] and are
trained in a fully-supervised way. Obtaining ground truth
BEV data is however a lengthy process which involves ex-
pensive sensors like lidar and heavy post-processing and la-
beling. In some circumstances, e.g. when simple dashboard
cameras (dashcams) are used to collect the video sequences,
these sensors are not available during data acquisition, mak-
ing it impossible to obtain these ground truth labels in a lot
of economically relevant scenarios. Additionally, models
trained on these datasets are not easy to transfer directly
to other domains [27]. An alternative, recently proposed
in [5] is the usage of BEV pseudolabels. These pseudola-
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bels present however certain disadvantages: they are cum-
bersome to compute, they require to bake in a lot of prior
knowledge, and the pipeline to compute them has many
moving parts and does not generalize across datasets.

To make training of models for BEV semantic seg-
mentation possible even in scenarios where annotation is
too expensive or plainly unfeasible, we propose RendBEV,
a method to self-supervise BEV semantic segmentation
networks without using any BEV labels or pseudolabels.
RendBEV requires video sequences at training time and
trains a monocular semantic segmentation BEV network by
using its predictions for a frame to render semantic perspec-
tive views for some other video frames. A loss to update the
BEV network can then be computed by getting pseudola-
bels in perspective view from an off-the-shelf 2D semantic
segmentation model. Rendering of semantic segmentation
in perspective view from the predicted BEV is made pos-
sible by leveraging recent advances in novel view synthe-
sis [16]. In particular, we query density values from Behind
the Scenes, a neural field pretrained in a self-supervised
manner [28], and use it to perform differentiable rendering
of class probabilities predicted by the BEV model.

The main contribution of this paper is the proposal of
the first method to train Bird’s Eye View semantic segmen-
tation networks that uses no explicit BEV supervision (nei-
ther ground truth labels nor pseudolabels). The only data we
assume available (aside from video sequences) are camera
calibration and poses. We provide extensive experimental
results on the KITTI-360 dataset. We show how our method
can be used to train effectively recent BEV architectures
in a completely self-supervised way, enabling them to de-
liver results already superior to some fully-supervised meth-
ods. We also present ablation studies to validate our design
choices, showing the importance of rendering future frames
in training sequences and the negligible impact of using
frontal view pseudolabels instead of ground truth. Finally,
we show that if BEV ground truth labels are available, our
method can be used as pretraining, significantly boosting
the performance of the segmentation network compared to
training from scratch, especially in low-annotation regimes.
With as low as 0.1% – a total of 22 examples – of ground
truth data available, our method provides results competi-
tive with fully supervised models and significantly outper-
forms the state of the art in the low-annotation regime, as
shown in Fig. 1. When fine-tuning on 100% of the trained
data, pretraining with RendBEV achieves state of the art re-
sults.

2. Related Work

2.1. Bird’s Eye View Segmentation from Images

BEV segmentation pipelines from images generally fol-
low multiple steps [11]: first the perspective image(s) are

passed through an encoder to obtain image features. Then,
these features are lifted to a three-dimensional representa-
tion and collapsed or directly transformed to BEV. Finally,
a network operating on the BEV features produces the fi-
nal desired segmentation. Past work mainly focuses on
the transformation between the frontal and the orthographic
view. We can broadly categorize the existing models in
four main groups according to the perspective to bird’s-
eye-view transformation method. Neural Network-based.
Network-based models rely on a neural network to directly
produce the BEV segmentation or transform image features
into BEV features. VED [14] uses a Variational Encoder-
Decoder architecture to simultaneously solve the mapping
and segmentation problems. VPN [17] employs a two-
layer MLP to perform the view transformation. BEVFormer
[12] combines geometry-awareness with more sophisticated
neural mechanisms like spatio-temporal deformable atten-
tion. Depth-based. These approaches predict depth or
depth distributions, either with a pretrained model [19] or
implicitly in the network architecture [18] to inform the
model on the geometry of the scene and place features in
an appropriate 3D location. Homography-based. These
methods rely on warping the image or image features to
the ground plane using an homography. A common base-
line approach in BEV semantic segmentation is to to gen-
erate a perspective view semantic segmentation of the im-
age and then warp it using the inverse perspective mapping
(IPM) [15]. This process results in extreme deformation of
areas which are not flat in the original perspective image.
In some works like PanopticBEV [6] or Cam2BEV [20] the
IPM is used to warp the features or part of the features in
the perspective view to bird’s eye view transformation step.
Parameter-free. Simple-BEV [7] proposes a parameter-
free lifting mechanism, by projecting the centre points of a
voxel grid to the perspective feature space and performing
bilinear sampling, obtaining competitive results while using
a simpler architecture compared to other methods.

These works rely on ground truth BEV semantic seg-
mentation to provide supervision. However, obtaining these
labels is an expensive process. It requires point clouds reg-
istered with the perspective images that have to be manu-
ally annotated. Recently, Gosala et al. [5] proposed a train-
ing methodology that does not use BEV GT, comprised of
two stages. First, the architecture without the BEV seg-
mentation head is pretrained by predicting future frontal
view semantic labels. They are computed by coarsely ap-
proximating perspective projection, i.e. by collapsing along
the depth dimension a feature volume that the architec-
ture is assumed to compute. Then, to provide supervision
to train the BEV segmentation head and fine-tune the net-
work, they need to introduce an explicit supervision step
with BEV pseudolabels, and feed the head with features
from the same volume, but collapsed vertically, to approx-
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imate the BEV orthographic projection. Hence, the head
works on a view of the feature volume that has not been
supervised while pretraining, making it less effective, es-
pecially in the low-annotation regime. In our work, we
propose a new architecture-agnostic self-supervised train-
ing scheme based on the proper rendering of future segmen-
tation frames which does not require an explicit supervision
step and thus can train the full BEV segmentation network
without any BEV supervision (neither labels nor pseudola-
bels) and does not introduce approximations of the image
formation process. OccFeat [25] authors propose a pretrain-
ing methodology for BEV segmentation networks which
brings significant improvements in low-annotation regimes,
but relies on access to lidar data for its occupancy-guided
loss. Differently from OccFeat, in this work we focus on a
setting with no lidar data.

2.2. Scene Reconstruction and Neural Fields

The prediction of scene geometry from monocular cam-
eras has been a field of great interest and progress in recent
years. Self-supervised depth-from-mono models [4] learn
to predict the depth from each pixel in a self-supervised way
by exploiting geometric consistency in image sequences.
These methods cast the problem as novel view synthesis,
predicting the appearance of a target image from the view-
point of another image and minimizing a photometric loss.

Inspired by Neural Radiance Fields [16], Behind the
Scenes [28] proposes a method to obtain a more complete
geometric representation of a scene than a per-pixel depth:
an implicit density field. This field maps every point in the
frustum of the input image to a density value. The architec-
ture is composed of an image encoder-decoder and a MLP,
which are jointly optimized by an image reconstruction loss.
The reconstruction is obtained with a differentiable volume
rendering formulation. S4C [8] extends [28] with an addi-
tional MLP that predicts class logits to tackle the task of
semantic scene completion, with the addition of semantic
segmentation pseudolabels as reconstruction targets. In this
work, we leverage Behind the Scenes to perform differen-
tiable volumetric rendering and create supervision, but we
do not change its architecture to solve an additional task. In
contrast, we use it to render class probabilities predicted by
existing specialized BEV networks to make it possible to
train them in a self-supervised way.

3. The RendBEV method
Here we present RendBEV, a new architecture-agnostic

method to train BEV segmentation networks in a self-
supervised manner – without using any BEV ground truth
labels or pseudolabels. Our method, summarized in Fig. 2,
relies on the key idea of sampling the output of a BEV
semantic segmentation network to render the perspective
view semantic segmentation image from a different times-

tamp. To make it possible, density values are sampled from
a frozen model which predicts a density field. This model
is trained in a previous step in a self-supervised way. We
operate under the common assumption for self-supervised
depth-from-mono models that the camera is moving and the
scene is static.

At training time, we follow a setting based on Be-
hind The Scenes [28]. We have access to a sequence of
N = {1, 2, . . . , n} monocular frontal view RGB frames
Ik, k ∈ N , their corresponding semantic segmentations Sk

and camera poses with respect to an arbitrary world refer-
ence frame Mk→w.

Given a random frame in the sequence, Ir, we run the
BEV network we wish to train on it, to generate class prob-
abilities for each class, i.e. the output of the final softmax
layer, in each pixel of the BEV, B̂r. To supervise the net-
work, we then consider another frame Ik and reconstruct
P = {1, 2, . . . , p} patches from the semantic segmentation
frame Sk by performing volumetric rendering of class prob-
abilities. To this end, we emit rays from every pixel in the
patch and we sample m points xi, i = 1, . . . ,m along the
ray (uniformly in disparity with an added random noise fac-
tor) to discretize the integral of volumetric rendering [10].
Volumetric rendering needs a density value at each 3D point
in space. We obtain it by querying the neural field de-
scribed in Behind the Scenes, pretrained in a self-supervised
way [28].

Hence, for each point xi in a ray going through pixel
(u, v), we query the volumetric density value σxi from a
frozen model ω. Differently from [28], we compute features
in ω from the frame from which the ray is cast, which is
shown to be key for our use case in the ablation studies. In
particular, let δi be the distance between xi and xi+1, and αi

be the probability of a ray hitting a surface in a 3D position
between xi and xi+1, i.e.

αi = exp(1− σxiδi). (1)

Given the previous αj , j = 1, . . . , i−1, along a ray, we can
compute the probability Ti that the ray travels in free space
before xi as

Ti =

i−1∏
j=1

(1− αj). (2)

This is routinely used in novel view synthesis to decide
the color ĉ of a pixel by integrating colors of the 3D points
cxi along the ray as

ĉ =

m∑
i=1

Tiαicxi (3)

Since our aim is to render class probability, we need
to associate a vector of class probabilities to each point in

537



Legend:

Sample predicted semantics from BEV

Sampling position in BEV after reprojection

Volumetric rendering

BEV Model

Feature
extractor

Density

MLP
Positional
encoding

Geometry module

Figure 2. RendBEV, our method for self-supervised training of BEV semantic segmentation models: we perform a forward
pass with a reference view Ir as input of the BEV network. We render the semantic semantic segmentation of another view
Ŝk, with class probability values lkxi

sampled from the BEV prediction B̂r and densities σxi
queried from a pretrained frozen

model ω that receives the target frame Ik as input. We supervise the network with a cross entropy loss computed with the
rendered semantic segmentation Ŝk and the target semantic segmentation Sk.

3D space. These values should come from the predicted
BEV for Ir so that it can be supervised by the render-
ing. Thus, we sample class probability distribution val-
ues from the network-generated BEV semantic segmenta-
tion B̂r of the reference image Ir. We do so by transform-
ing the 3D points xi to its 3D frame using camera poses
Mk→r = (Mr→w)

−1
Mk→w and orthographically project-

ing the transformed points xi to the BEV, i.e. dropping the
vertical coordinate y, with the projection (in homogeneous
coordinates):

π⊥ =

1 0 0 0
0 0 1 0
0 0 0 1

 (4)

Therefore, we obtain a class probability lkxi
for each

point xi along a ray cast from frame k, by the operation
described in Eq. (5):

lkxi
= B̂r⟨π⊥(M

k→rxi)⟩ (5)

where ⟨·⟩ is the nearest neighbor sampling operator. This
scheme relies on the assumption that the class is constant
across the pillar stemming from each position in the BEV.
There are cases where this assumption does not hold e.g.

when part of an object “floats” above another, like a build-
ing’s balcony above a sidewalk or a tree canopy extend-
ing above a road. However, we consider it a good enough
approximation for our application. We follow [24] in ap-
plying the softmax prior to rendering and not afterwards.
Otherwise, the unbounded nature of the logits produced by
the network could lead to violations of the geometric con-
straints imposed by the neural density field.

Finally, we obtain the class probability prediction for the
pixels (u, v) in a patch in the target frame k using the ren-
dering equation with the previously computed probabilities
for each 3D point along the ray:

l̂ku,v =

m∑
i=1

Tiαil
k
xi (6)

Our loss function is then a class-weighted cross-entropy
between the prediction and the semantic segmentation label
in Sk at pixel (u, v) aggregated across the sampled patches.

Lk
u,v = WCE(l̂ku,v, S

k
u,v) (7)

The total loss for a frame is the average of the losses for
all pixels of all patches. Points along the rays we cast might
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Figure 3. Importance of rendering temporally far frames
with respect to the reference one: by reconstructing future
frames we supervise areas which are occluded in the refer-
ence frame and provide denser supervision in spatially far-
away areas which otherwise would only be supervised by a
very small amount of pixels in the reference frame.

fall outside of the area where the BEV semantic segmenta-
tion of the reference image B̂r is defined, thus not having
valid values to sample. Including rays with a lots of these
points in the supervision could negatively affect the train-
ing, thus we also perform volumtric rendering of an indi-
cator variable for the 3D point falling outside the reference
BEV B̂r and we filter out rays for which the rendered value
exceeds a certain threshold τ .

Given a sequence, we use multiple frames to supervise
the BEV at a reference Ir and we average the loss across
them. It is common practice, e.g. in the self-supervised
depth-from-mono literature [4], to use as frames to compute
self-supervised losses adjacent frames in a video sequence,
i.e. let k be either r−1 or r+1. However, letting k vary only
in this close range would be detrimental in our scenario. As
shown in Fig. 3, to be able to learn how to segment regions
blocked or faraway in the reference frame, we need to use
temporally far future frames.

4. Experiments
4.1. Dataset

We perform our experiments on the large scale KITTI-
360 dataset [13]. We use as BEV ground truth (for evalua-
tion, fine-tuning, and baselines) the labels provided by the
authors of SkyEye [5]. We follow their training-validation
split, both on the full datset and to measure performance
at different data regimes. We perform zero-shot generaliza-
tion experiments on the Waymo-BEV dataset [5,26], a more
challenging dataset with respect to KITTI-360 with higher
variance in terms of geographic, climatic and lighting con-
ditions.

4.2. Experimental setting

Our method is architecture agnostic. For the experi-
ments presented in this work we use as geometry module
a Behind the Scenes model [28] trained on the KITTI-360
dataset [13] in a self-supervised way. We select the archi-
tecture described in SkyEye [5] as BEV semantic segmen-
tation network. In the supplementary material, we provide
further details on our experimental details, an overview of
SkyEye’s architecture and method as well as additional re-
sults using Simple-BEV [7] instead.

To the best of our knowledge, no other method is capable
of providing results without using any BEV label or pseu-
dolabel. We construct an unsupervised baseline approach
via an IPM [15], which we compute using the known cam-
era height and extrinsic parameters, assuming the ground
is a flat and horizontal plane. The computed warping is ap-
plied to semantic segmentation images to generate the target
BEV. All perspective view semantic segmentation images –
both for the IPM and our pretraining – are generated by an
off-the-shelf Panoptic-Deeplab [2] model pretrained on the
Cityscapes [3] dataset and were made available by the au-
thors of S4C [8].

4.3. Quantitative results

In Tab. 1 we present the main results of our evaluation.
We report results under three scenarios: using no BEV an-
notations; when a small quantity (1%) of GT labels is avail-
able; when all training data are annotated. In the last case,
we include in the evaluation several supervised baselines:
TIIM [23], VED [14], VPN [17], PON [21], a modification
of Simple-BEV [7] to perform general semantic segmenta-
tion instead of vehicle segmentation.

Without explicit BEV supervision (either labels or pseu-
dolabels), only RendBEV and the unsupervised IPM base-
line can produce a BEV semantic map. The model trained
with our methodology at the 0% BEV regime outperforms
the baseline and already delivers very good results, even
better than four of the fully-supervised models. The net-
work is capable of producing good quality segmentations
for the static classes. In the dynamic classes (person, 2-
wheeler, car and truck), our model has a wider performance
gap with fully supervised models, which is reasonable since
it relies on a static scene assumption. Yet, it already pro-
vides acceptable performance for the car class.

When a small quantity of GT labels is available, the
state of the art is SkyEye [5]. To perform a fair compari-
son, we consider its results when pretraining is performed
by using perspective view pseudolabels, as done by Rend-
BEV. RendBEV outperforms SkyEye by a significant mar-
gin. Additionally, it delivers overall very good performance,
better than strong fully supervised models trained on 100
times more data such as Simple-BEV and PoBEV. This re-
sult demonstrates its effectiveness in enhancing model per-

539



Table 1. Evaluation of BEV semantic segmentation on the KITTI-360 dataset. All results but RendBEV, Simple-BEV and
IPM (run by us on the same splits) from [5].

BEV (%) Method Road Sidewalk Building Terrain Person 2-Wheeler Car Truck mIoU

0 IPM [15] 58.39 23.07 12.55 32.47 0.58 1.44 11.61 5.16 18.16
RendBEV(ours) 68.34 33.27 33.26 44.60 1.23 0.72 32.37 3.39 27.15

1 SkyEye [5] 70.69 31.13 32.38 40.08 0.00 0.00 29.08 3.95 25.91
RendBEV(ours) 74.76 40.20 41.07 46.40 1.67 3.94 35.78 5.90 31.22

100

TIIM [23] 63.08 28.66 13.70 25.94 0.56 6.45 33.31 8.52 22.53
VED [14] 65.97 35.41 37.28 34.34 0.13 0.07 23.83 8.89 25.74
VPN [17] 69.90 34.31 33.65 40.17 0.56 2.26 27.76 6.10 26.84
PON [21] 67.98 31.13 29.81 34.28 2.28 2.16 37.99 8.10 26.72

Simple-BEV [7] 70.66 35.50 34.67 41.18 1.04 2.11 38.24 12.42 29.48
PoBEV [6] 70.14 35.23 34.68 40.72 2.85 5.63 39.77 14.38 30.42
SkyEye [5] 72.82 38.27 40.86 45.86 3.59 7.74 41.37 9.74 32.53

RendBEV(ours) 74.83 40.98 41.80 45.63 3.47 6.09 45.55 16.74 34.39

formance in low-annotation regimes, probably due to the
fact that our training methodology provides an already solid
starting point to the full BEV segmentation network, as –
differently from the two-stage procedure in SkyEye – it is
capable of training the BEV semantic segmentation head
prior to any BEV explicit supervision. When fine-tuning on
all the training data, we compare again against SkyEye and
the fully supervised baselines. Pretraining with RendBEV
is the best approach.

In Tab. 2 we present a more detailed study on the per-
formance of our methodology when used as pretraining fol-
lowed by fine-tuning at different annotation regimes. We
compare the results obtained with the same architecture –
in all cases the one proposed in [5] – when trained from
scratch, when SkyEye’s pretraining is applied, and when
RendBEV is used as pretraining. Our method achieves
competitive results fine-tuning with as few as ∼0.1% of the
training data (a total of 22 images) and produces better re-
sults across the board than both SkyEye’s pretraining strat-
egy and the same model trained from scratch. As expected,
the gap becomes narrower as the total amount of GT data
available becomes larger and the overall importance of the
pretraining in the whole process decreases.

To assess the generalization capabilities of our method,
we run a zero-shot evaluation experiment on the Waymo-
BEV dataset [5, 26] of models trained on the KITTI-360
dataset. In Tab. 3 we present the obtained results. Even if
we observe a drop in performance with respect to the one
obtained on KITTI-360, the network is still able to produce
good results, especially for road layouts and cars.

4.4. Qualitative results

We present qualitative results to illustrate the behavior
of our model in different situations. In Fig. 5 we provide a
comparison of the qualitative results provided by our model
when trained in a fully self-supervised fashion (0% BEV)
and when fine-tuned on 1% and 100% of the training data
with the ground truth BEV semantic segmentation. We use
the Cityscapes color palette, and mask out pixels not taken

into account during evaluation (outside of the field of view,
unlabeled or labeled with an irrelevant class). We observe
that the model trained with no GT BEV is able to segment
the scene layout in an already reasonably accurate way as
well as to position objects, especially in more static scenes
like a), b) and c) in Fig. 5. However, it struggles to differen-
tiate the precise shape of cars (in blue) even when they are
more clearly separated as in d) and fails in doing so when
presented with more complex, dynamic scenes as in e). The
model fine-tuned on 1% of GT BEV provides better results,
especially in terms of the shape of objects and in more dy-
namic scenes. While the model is not able to separate rows
of parked cars into individual masks (first three examples),
the edge of the area labeled as car becomes sharper and less
blob-like. In the scenes with moving vehicles d) and e) there
is a great improvement in segmentation quality, further ac-
centuated when fine-tuning with 100% GT.

4.5. Ablations

We investigate the effect of different choices in our
pipeline by performing additional training experiments. In
Fig. 4 we show the effect on the mIoU of changing the num-

48 96 192
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Figure 4. Effect of the number of patches per sequence on
the mIoU. The marker size is proportional to the time per
iteration during training.
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Table 2. Impact of pretraining at different annotation regimes. All scores are reported on the KITTI-360 dataset.

BEV (%) Pretraining Road Sidewalk Building Terrain Person 2-Wheeler Car Truck mIoU

0.1
– 56.43 19.95 23.64 7.17 0.00 0.00 12.59 0.00 14.97

SkyEye 57.35 19.36 22.13 12.54 0.00 0.00 10.56 0.00 15.24
RendBEV 74.81 40.10 39.19 45.67 1.50 1.67 34.76 6.00 30.46

1
– 61.01 22.68 27.81 23.69 0.00 0.00 31.31 6.32 21.60

SkyEye 70.69 31.13 32.38 40.08 0.00 0.00 29.08 3.95 25.91
RendBEV 74.76 40.20 41.07 46.40 1.67 3.94 35.78 5.90 31.22

10
– 73.39 37.49 35.87 40.30 4.72 7.44 44.64 12.23 32.01

SkyEye 73.16 37.08 38.41 45.45 3.66 6.69 40.60 7.94 31.62
RendBEV 75.88 41.35 42.00 45.91 2.92 5.68 44.06 11.54 33.67

50
– 75.30 40.61 41.79 45.34 2.88 6.64 45.52 13.46 33.94

SkyEye 72.50 36.92 39.41 45.12 3.63 7.46 41.21 9.73 32.00
RendBEV 75.53 40.96 43.73 46.52 3.27 5.60 45.16 14.30 34.38

100
– 73.01 37.78 39.15 43.68 5.44 10.76 45.41 12.25 33.72

SkyEye 72.82 38.27 40.86 45.86 3.59 7.74 41.37 9.74 32.53
RendBEV 74.83 40.98 41.80 45.63 3.47 6.09 45.55 16.74 34.39

Table 3. Zero-shot evaluation of RendBEV on the Waymo-
BEV dataset. Models trained on 0% and 100% GT labels
from KITTI-360. We also include results on KITTI-360 for
reference (subset of classes available in Waymo-BEV).

Val BEV(%) Road Sidew. Build. Pers. 2-Wh. Car mIoU

Waymo-BEV 0 67.33 9.91 21.24 3.08 0.17 22.86 20.76
100 73.64 14.97 22.10 5.19 0.64 31.41 24.67

KITTI-360 0 68.34 33.27 33.26 1.23 0.72 32.37 28.20
100 74.83 40.98 41.80 3.47 6.09 45.55 35.45

ber of patches sampled per sequence. A higher number of
patches results in denser supervision, which translates to
better performance in the ranges we study, but also to an
increased time per training iteration.

To validate the importance of receiving supervision from
future frames, we perform an experiment removing them,
i.e. we sample patches from timestamps T = {r−1, r+1}.
We run this experiment sampling 48 patches per sequence.
We present the results in Tab. 4, where the third row is the
full RendBEV method. Results on the first row show how
removing future frames severely degrades performance,
likely because the BEV semantic segmentation model lacks
proper supervision in far areas in the BEV and in occluded
areas. We also validate the importance of running the ge-
ometry module ω on the frame to be rendered as opposed
to the reference frame used in Behind the Scenes. Adding
future frames while still computing features from the ref-
erence frame (second row) gives worse results than the full
RendBEV strategy. Indeed, it does not make full use of
the frames since the density predictions become less ac-
curate as we query the network at 3D points more distant
from the reference frame, and occupancy shadows cast by
solid objects contaminate the prediction in areas occluded
in the reference frames. Qualitative evidence is reported in
Fig. 6. The model trained without additional future frames
provides a reasonable segmentation in the region closer to

the camera, but it is not able to predict the logic direction
of the road or resolve occlusions even in situations that do
not appear challenging. Due to the static scene assumption,
it could be expected that the model trained without future
frames fares better at least in scenes with dynamic objects,
such as the second one in Fig. 6; however, the model suffers
greatly from occupancy shadows and hallucinations in oc-
cluded areas, lacking the proper supervision to handle them.

To study the effect of using frontal view semantic seg-
mentation ground truth, instead of the pseudolabels from an
off-the-shelf model we employ in all other experiments, we
train our model using the 2D semantic segmentation masks
available in KITTI-360. We present the results in Tab. 5.
We observe a negligible benefit in the performance when
using ground truth, showing that our method is quite robust
to the quality of the frontal view masks.

5. Conclusion
In this paper we introduced RendBEV, a novel method

to train Bird’s Eye View semantic segmentation networks
in a self-supervised manner. To this end, we leveraged a
pretrained neural density field and an off-the-shelf semantic
segmentation model working in perspective view. Experi-
mental results on KITTI-360 validate the competitiveness
of the method, both as a stand-alone self-supervised train-
ing technique with no BEV supervision, and as a pretrain-
ing stage when some amount of ground truth data is avail-
able. With as little as 0.1% of BEV annotations, RendBEV
already delivers competitive performance, and it provides
state of the art results when 100% annotations are used.

Future research should focus on the explicit modeling of
dynamic objects to enhance performance in more compli-
cated scenes. This could be achieved by e.g. integrating tra-
jectory estimation methods in the training framework. The
extension of the method to multi-camera rigs is another in-
teresting avenue.
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Table 4. Impact of sampling patches from future frames and of feeding them to the geometry module

Future frames ω on future frames Road Sidewalk Building Terrain Person 2-Wheeler Car Truck mIoU

✗ – 49.52 25.45 26.68 43.95 1.19 1.35 19.65 8.03 21.98
✓ ✗ 55.34 29.56 26.03 40.94 1.36 2.40 17.94 5.21 22.35
✓ ✓ 65.29 31.54 28.58 43.46 2.15 2.67 28.31 6.17 26.02

Table 5. Impact of using GT or model output in the frontal view semantic segmentation

GT FV Road Sidewalk Building Terrain Person 2-Wheeler Car Truck mIoU

✓ 66.54 33.14 31.32 45.71 2.11 3.40 30.05 6.30 27.32
✗ 68.34 33.27 33.26 44.60 1.23 0.72 32.37 3.39 27.15

Figure 5. Qualitative results of our model at different annotation regimes and GT BEV semantic segmentation

GTNo additional f.f. With additional f.f.
Input image

Figure 6. Comparison of the qualitative results of models trained with or without additional future frames.
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