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ABSTRACT Bird’s Eye View (BEV) semantic maps have recently garnered a lot of attention as a useful
representation of the environment to tackle assisted and autonomous driving tasks. However, most of the
existing work focuses on the fully supervised setting, training neural networks on large annotated datasets.
In this work, we present RendBEV, a new method to train BEV semantic segmentation networks without
direct BEV supervision. We leverage rendering with neural density fields or monocular depth estimation
models to shift the supervision to semantic perspective views, where targets can be computed by a 2D
semantic segmentation model. Through extensive experimental work on the KITTI-360 and nuScenes
datasets, we show that RendBEV enables BEV semantic segmentationwith no BEV supervision, and delivers
competitive results in this challenging setting. When used as pretraining to then fine-tune on labeled BEV
ground truth, our method boosts performance in low-annotation regimes, outperforming models trained from
scratch and improving upon competing methods (on nuScenes) or being on-par with them (on KITTI-360).

INDEX TERMS Bird’s eye view segmentation, semantic segmentation, 3D computer vision.

I. INTRODUCTION
The bird’s eye view (BEV) is a representation of interest
in assisted and autonomous driving and robotics. As an
orthographic projection of the world, it has several useful
properties: the size and shape of objects are not dependent
on the viewpoint (as is the case with normal, perspective
view, images), the scale is consistent, and distances are
metric if the ground is locally flat. It is also a suitable
representation to fuse multiple sensors andmodalities under a
unified reference frame. Road agents’ movement is restricted
to the ground plane, which makes the BEV convey most of
the relevant information for road scene understanding tasks
while being more efficient than an explicit three-dimensional
representation like a voxel grid. In recent years, many works
have proposed methods addressing tasks in the bird’s eye
view such as semantic segmentation [1], [2], [3], [4], [5], [6],
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3D object detection [7], [8], [9], trajectory prediction [10],
[11] and accident dynamics reconstruction [12]. A crucial
factor in enabling these methods was the release of large scale
multi-modal driving datasets like nuScenes [13], KITTI-360
[14] or Waymo [15] which provided multimodal data with
rich annotations that made full-supervision of BEV models
possible.

Obtaining ground truth BEV annotations is, however,
a lengthy process which involves expensive sensors like lidar,
often used in automated driving applications [16], and heavy
post-processing and human labeling. 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, making it impossible to obtain
these ground truth labels in economically relevant scenarios.
Moreover, models trained on these datasets are not easy
to transfer to other domains [17]. An alternative, recently
proposed in [18], is the usage of BEV pseudolabels. Yet,
these pseudolabels present certain disadvantages: they are
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FIGURE 1. RendBEV performance in zero and low annotated data
regimes.

cumbersome to compute, require to bake in a lot of prior
knowledge, and the pipeline to compute them has many
moving parts that do not necessarily 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 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 using its
predictions for a frame to render semantic perspective views
from the sequence. A loss function to update the BEV
network can then be computed using perspective view targets.
These targets, in scenarios where ground truth data are not
available, can be obtained through off-the-shelf semantic
segmentationmodels. Rendering of semantic segmentation in
perspective view from the predicted BEV is made possible
by recent progress in methods for metric depth estimation
and novel view synthesis, which can yield good estimates of
the scene geometry. In this work, we show that both types
of method can be used for the reconstruction of perspective
semantic views, which we then use to supervise the BEV
semantic segmentation model.

This article is an extended version of the preliminary
work [19], featuring a new implementation using monocular
depth and depth-based rendering, new experiments on the
nuScenes dataset, extended experiments on the KITTI-360
dataset and more extensive validation.

We summarize our contributions as follows:

• The main contribution of this paper is the proposal and
study of RendBEV, preliminarily introduced in [19], the
first method – to the best of our knowledge – to train

bird’s eye view semantic segmentation networks that
uses no explicit BEV supervision (neither ground truth
labels nor pseudolabels), supervising only in perspective
view via rendered semantics. Originally, RendBEV used
a neural density field to provide geometric information
about the scenes [19]. Here, we show it can work also
with a foundational monocular metric depth model,
without losing performance. This enables its usage on
new datasets without the need to previously train a neural
density field on the new domain while decreasing the
memory footprint and forward time during training.

• We provide extensive experimental results on the
challenging nuScenes [13] and KITTI-360 datasets [14].
The results on nuScenes were not present in [19], as well
as experiments on KITTI-360 using a monocular depth
network.

• We show how our method can be used to train recent
BEV architectures without relying on annotated data,
leading them to deliver competitive results, which
overperform baselines by a significant margin, as we
highlight in Fig. 1.

• Finally, we show that if a limited amount of BEV
ground truth labels are available, our method can be used
as pretraining, providing better results than methods
specifically designed for semi-supervised learning in the
nuScenes dataset and outperforming other pretraining
methodologies in the KITTI-360 dataset. RendBEV also
performs better than models trained from scratch with
the same amount of data.

II. RELATED WORK
A. BIRD’S EYE VIEW SEGMENTATION FROM IMAGES
BEV segmentation pipelines from images generally follow
multiple steps [20]: first the perspective image(s) are passed
through an encoder to obtain image features. Then, these
features are lifted to a three-dimensional representation
and collapsed or directly transformed to BEV. Finally,
a network operating on the BEV features produces the
final 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 [1] uses a Variational Encoder-Decoder
architecture to simultaneously solve the mapping and seg-
mentation problems. VPN [21] employs a two-layer MLP to
perform the view transformation. BEVFormer [9] combines
geometry-awareness with more sophisticated neural mech-
anisms like spatio-temporal deformable attention. Depth-
based. These approaches predict depth or depth distributions,
either with a pretrained model [8] or implicitly in the network
architecture [4] to inform the model on the geometry of
the scene and place features in an appropriate 3D location.
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Homography-based. These methods rely on warping the
image or image features to the ground plane using an
homography. A common baseline approach in BEV semantic
segmentation is to generate a perspective view semantic
segmentation of the image and then warp it using the inverse
perspective mapping (IPM) [22]. This process results in
extreme deformation of areas which do not belong to the
ground plane in the original perspective image. In some
works like PanopticBEV [6] or Cam2BEV [2] 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 [5] 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 segmenta-
tion to provide supervision. However, obtaining these labels
is an expensive process. It requires point clouds registered
with the perspective images that have to be manually
annotated.

Recently, Gosala et al. [18] proposed a training method-
ology that does not use BEV GT, comprised of two stages.
First, the architecture without the BEV segmentation head is
pretrained by predicting future frontal view semantic labels.
They are computed by coarsely approximating perspective
projection, i.e. by collapsing along the depth dimension a
feature volume that the architecture is assumed to compute.
Then, to provide supervision to train the BEV segmentation
head and fine-tune the network, 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 approximate 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, especially in the low-annotation regime.
In our work, we propose a new architecture-agnostic self-
supervised training scheme based on the proper rendering
of segmentation 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
pseudolabels) and does not introduce approximations of the
image formation process. OccFeat [23] authors propose a
pretraining 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. LetsMap [24] proposes to
pretrain a neural density field which masks a feature volume
filled with features lifted from the output of a DINOv2 [25]
encoder by predicting future frontal view frames similarly
to [18] but in RGB rather than in the semantic domain.
Although it provides good results, LetsMap is still unable to
train the BEV semantic segmentation head in the pretraining
stage, and thus requires a finetuning stage in which direct
BEV supervision is needed.

SemiBEVseg [26] approaches the training of BEV seman-
tic segmentation networks in low-annotation data regimes
within a semi-supervised learning paradigm instead. The
authors propose to use a teacher-student framework with
consistency losses together with an augmentation explicitly
designed for the monocular BEV segmentation task (a
conjoint rotation). This allows them to exploit unlabeled data
during training, enhancing the performance in experiments in
the nuScenes dataset.

B. SCENE RECONSTRUCTION AND NEURAL FIELDS
The prediction of scene geometry from monocular cameras
has been a field of great interest and progress in recent years.
Monocular depth estimation models learn to predict the depth
from each pixel. Self-supervised depth-from-mono mod-
els [27] learn to do so 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 viewpoint of another
image and minimizing a photometric loss. Other models use
full supervisionwith depth ground truths. Recently, big, fully-
supervised models [28], [29], [30], [31], trained on very large
amounts of data from multiple domains, both synthetic and
real, have made progress in enabling zero-shot monocular
depth-estimation, with improved generalization capabilities.
Some of these modes like Metric 3D (v2) [29], [30] are able
to provide metric depth estimation, i.e. not just relative or
affine-invariant but directly in metric units. Metric 3D v2
achieves this by jointly training on large quantities of diverse
depth and surface normal ground truth data as well as using a
canonical camera space transformation module with which
the scale ambiguity is resolved (with known camera focal
length). In this work, we employ Metric3D v2’s capability
of metric depth estimation to provide us with information
about the scene geometry and reconstruct semantics predicted
by BEV semantic segmentation networks and train them by
shifting the supervision to the perspective view.

Inspired by Neural Radiance Fields (NeRFs) [32] and
image-conditioned NeRFs [33], Behind the Scenes [34]
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 architecture
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 [35] extends [34] with
an additional 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.
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III. THE RENDBEV METHOD
RendBEV is based on one core idea: supervising a bird’s eye
view segmentation model without direct BEV supervision by
sampling its output and rendering semantic perspective views
using the sampled values. A visual summary of RendBEV is
provided in Fig. 2.

A. PROBLEM SETTING AND NOTATION
We assume the following setting: we have access to a dataset
of videos captured from a monocular camera. We identify
the k-th frame of a video as I k ∈ R3×H×W . We have
access to the semantic segmentation Sk of the frames, with
a predetermined set of C classes C = {0, . . . ,C − 1}.
These can be the labeled GT if available or obtained from
a trained model. Camera poses for each frame with respect
to an arbitrary world reference frame M k→w

∈ R4×4 and
intrinsic parameters K ∈ R3×3 of the camera are also
known.We denote pixel locations in the images with p =

(u, v),p ∈ {1, . . . ,H} × {1, . . . ,W }. We denote three-
dimensional points as x.
At training time, we subsample videos in the dataset to

obtain shorter sequences T = {1, . . . ,T } of frames I t ,
t ∈ T . A BEV semantic segmentation network working
on monocular RGB images takes as input a single reference
image I t and outputs a bird’s eye view segmentation logit map
B̂t ∈ RC×HBEV×WBEV . RendBEV aims to (pre-)train any such
network without access to BEV targets Bt (neither labels nor
pseudolabels) for supervision or any type of range-finding
sensor data like lidar or radar. To do so, we propose to
sample semantic values (logits or class probability values)
from B̂t and render semantic views Ŝ t

′

, where t ′ ∈ T , with
the sampled values ((Sec. III-B)) by relying on a geometry
module to provide 3D information of the scene (Sec. III-C).
Our training method is agnostic to the architecture of
the BEV semantic segmentation network, as it works by
sampling its final output, without accessing any intermediate
representation.

B. SEMANTIC SAMPLING
To perform the training in this constrained scenario, we pro-
pose to shift the supervision from the BEV to the perspective
view by rendering semantic views Ŝ t

′

. Fig. 3 provides a
visual overview of the process. Producing the views Ŝ t

′

to match targets S t
′

is our pretext task. The model needs
to learn a spatio-temporally consistent, correctly segmented
BEV to improve in this pretext task. In this setting, we assume
that the scene is locally static, so that we can reconstruct
multiple views (at different temporal instants t ′) from the
BEV produced from a single view. This allows us to provide
a richer supervision to the model, including more points in far
areas and in regions occluded in the reference view. However,
real-world data will include dynamic objects. The explicit
handling of dynamic objects is currently an open research
problem, which we leave for future work.

Given a sequence T of frames, and known camera
intrinsics (pinhole camera model):

K =

fu 0 cu
0 fv cv
0 0 1

 (1)

we process a single frame I t with our BEV semantic
segmentation network, obtaining a BEV prediction B̂t . Next,
for each image in the sequence, we unproject image pixels
p = (u, v) to rays with direction vector:

v = K−1
(
p
1

)
=

 u−cu
fu

v−cv
fv
1

 , (2)

which we normalize to get a unit vector:

v̂ =
v

||v||
. (3)

The equation for each 3D point xp along the ray at distance
ρ from the origin Ot

′

(expressed in the camera coordinate
frame of t ′) is then:

xp(ρ) = ρv̂. (4)

For each point, we transform its coordinates to those of the
reference frame using camera poses

M t ′→t
= (M t→w)−1M t ′→w, (5)

and project the points to the BEV orthographically by
dropping their vertical component y with the projection:

π⊥ =

1 0 0 0
0 0 1 0
0 0 0 1

 . (6)

Then, for each point xp, we obtain a vector of semantic values
(either logits or class probabilities) sxp by sampling in B̂t with
the transformed coordinates. We express the whole operation
in Eq. (7) (in homogeneous coordinates):

sxp(ρ) = B̂t ⟨π⊥(M t ′→t
(
xp(ρ)
1

)
)⟩, (7)

where ⟨·⟩ is a sampling operator. We pad B̂t with zeros to deal
with points falling outside the BEV extents.

After that, the semantics Ŝp for pixel p, are obtained by
aggregating the sampled values along each ray. Let m be the
number of points sampled along a specific ray at distances ρi,
xi = xp(ρi), i = 1, . . . ,m. We define αi as the probability of
the ray hitting a surface along the ray between xi and xi+1, and
Ti as the probability that the ray travels in free space before
xi. We express the rendering along the ray as

Ŝp =

m∑
i=1

wisxi , (8)

where wi = αiTi are referred to as rendering weights. In the
following subsection, we present two ways to concretely
realize this aggregation.
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FIGURE 2. Visual summary of RendBEV: we supervise a bird’s eye view (BEV) segmentation model,which ingests a frame I t , by sampling its
output and rendering a perspective view (PV) Ŝt ′ with which the loss function is computed. The loss function target St ′ can be the ground truth
(GT) PV segmentation if available or a pseudolabel computed with an off-the shelf segmentation model. A geometry module, using pretrained
3D vision networks, is fed frame I t ′ and provides the scene geometry for rendering.

Finally, we supervise the BEV semantic segmentation
network by computing a loss (e.g., a cross-entropy loss or
a dice loss) with the rendered perspective views Ŝ t

′

and the
semantic perspective view targets S t

′

:

L(Ŝ t
′

, S t
′

), (9)

the specific loss used in each setting is presented in Sec. IV-B.

C. RENDERING AND GEOMETRY MODULE
We use a pretrained model to provide information about the
geometry of the scene so that we can render the perspective
views. This model can be either a neural density field or a
monocular depth estimation network.

1) VOLUMETRIC RENDERING WITH A NEURAL DENSITY
FIELD
The first possibility is to use a neural density field such as
Behind the Scenes [34], which is trained in self-supervised
fashion on the target dataset in a preliminary step. Suchmodel

can be queried with a 3D point xi and a feature map to provide
a volumetric density value σxi . In this setting, we sample m
points uniformly in disparity with an added random noise
factor along each of the rays we cast, following [34]. Different
from [34] we query a density value σxi , by feeding the model
with a feature map extracted from I t

′

from which the ray is
cast for each sampled point xi. We also sample a semantic
vector sxi = sxp(ρi) as described in Eq. (7). Then, we use
the following formulation (illustrated in Fig. 4) to perform
volumetric rendering: let δi be the distance between xi and
xi+1, we compute:

αi = 1 − exp(−σxiδi). (10)

Given the previous αj, j = 1, . . . , i − 1, along a ray, we can
compute the probability Ti as:

Ti =

i−1∏
j=1

(1 − αj). (11)
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FIGURE 3. Overview of the core idea in RendBEV: we render the semantic segmentation Ŝt ′ of view I t ′ with class probability values sx
sampled from the BEV B̂t prediction, enabling us to shift the supervision from the BEV to the perspective view.

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

wicxi . (12)

In our case, we are interested in rendering vectors of class
probabilities (or logits), so we do:

Ŝp =

m∑
i=1

wisxi , (13)

and obtain a vector of semantics for each pixel in the target
views.

2) DEPTH-BASED RENDERING WITH A MONOCULAR DEPTH
ESTIMATION NETWORK
An alternative approach (illustrated in Fig. 5) consists
of passing the sequence frames I t

′

through a pretrained
monocular depth estimation network, which provides a depth
estimate d t

′

p for each pixel. For each ray cast from the camera
center Ot

′

across a pixel p, we thus get a single 3D point
xp = xp(d = d t

′

p ) using a variation of Eq. (4):

xp(d) = dv, (14)

with the unnormalized viewing direction vector, as the output
of monocular depth estimation models is a z-depth and not
a ray distance. This can be understood as a limit case of the
previously introducedmethod based on volumetric rendering.
In this case, the volumetric density σ along a ray would take
the shape of a step function, so that:

σi =

{
0 di < d t

′

p

L di ≥ d t
′

p ,
(15)

where L is a very high value and di is the depth of point
xp(di) = div. Consequently, the rendering weights would
be binarized, so that wi is zero for every point except the
one before hitting a surface, where the ray terminates. This
is equivalent to saying that all surfaces are either fully
transparent or fully opaque.

We then sample a vector of class probabilities or logits
sxp(d) for each of these points following the process described
in Sec. III-B. In this case the rendering process is a backward
mapping, as we have a single 3D point corresponding to each
pixel, so that:

Ŝp = sxp(d) = B̂t ⟨π⊥(M t ′→t
(
xp(d))

1

)
⟩ (16)

Using this alternative has two main advantages: first,
foundational depthmodels likeMetric3D v2 [30], trained on a
variety of real world and simulated datasets have been shown
to generalize to a variety of settings with good performance,
enabling the application of our method to new scenarios
without the need to previously train a neural density field
(which might prove difficult in certain cases, like when
images are corrupted due to environmental factors, e.g., rain
or when the quality of the camera poses is not optimal).
Second, it alleviates the computational burden. Instead of
running the neural density field for each point across each
ray and performing volumetric rendering, we can run the
monocular depth estimation model on each frame I k in
our training dataset in a preliminary step and store the
results. The rendering process then reduces to reading the
precomputed depth, unprojecting the pixels in the target
views and sampling the BEV output. As our goal is to render
class probability values or logits and not color, and we are
only concerned with solid objects that we can safely consider
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FIGURE 4. Reconstructing a semantic perspective view Ŝt ′ with volumetric rendering and a neural density field: we sample
xi , i = 1, . . . , m across each ray and query volumetric densities σxi from the neural density field. Rendering weights wi obtained from the

volumetric densities are combined with the sampled semantics sxi and summed to obtain pixel values Ŝt ′
p .

‘‘opaque’’ in the semantic domain, we assume this can be a
good enough approximation for our application.

IV. EXPERIMENTS
A. DATASETS
We perform training experiments on the nuScenes [13] and
KITTI-360 [14] datasets. We generate ground truth BEVs
from the nuScenes dataset following the instructions given
by the authors of PON [3] and use the BEV version of
KITTI-360 provided by the authors of SkyEye [18] (obtained
by further processing the annotated 3D data in KITTI-360,
as the original annotation do not contain BEV labels). These
ground truth BEVs are used for evaluation and fine-tuning
experiments, but not when training with RendBEV.

All of our experiments are performed in a monocular
setting using the frontal camera (both datasets feature a multi-
camera rig), although our method can easily be extended to a
multiple camera configuration.

B. EXPERIMENTAL SETTING
We aim to evaluate the performance of RendBEV in a
setting with a minimum amount of supervision. We explicitly
avoid using lidar data or ground truth perspective view
semantic segmentation data. Instead, we use models which
have been trained on other datasets or in a self-supervised
way. Metric3D v2 [30] is trained with full supervision on a
large combination of datasets, which does not include KITTI-
360 or nuScenes. Before the training experiments, we run
Metric3D v2 over all the frontal images in both datasets and
save the obtained depth maps, which allows to reduce the
computation and memory footprint at training time. Behind
the Scenes [34] is trained in a self-supervised way in a

preliminary step. Further details on the experimental setting
are provided in Appendix.

1) EXPERIMENTS ON KITTI-360
We perform training experiments using RendBEV on the
KITTI-360 [14] dataset using eitherMetric3D v2 [30] (DINO
v2-reg ViT-giant backbone) for depth-based rendering or
Behind the Scenes [34] for volumetric rendering. With these
experiments we aim to evaluate the overall performance of
models trained with our method and the impact of switching
our rendering strategy. We use the BEV semantic segmenta-
tion network described in SkyEye [18] as our BEV model.
The input image size is 1408 × 384. We use as semantic
segmentation targets in the perspective view pseudolabels
produced by an off-the-shelf Panoptic-Deeplab [36] model
trained on the Cityscapes [37] dataset (i.e. run zero-shot
on KITTI-360). These pseudolabels were made public by
the authors of S4C [35]. The KITTI-360 BEV segmentation
dataset [18] (which we use for evaluation and fine-tuning
experiments) and the pseudolabels are multiclass and single
label: a single class (or none) is associated to each pixel. For
training in KITTI-360, we use a weighted cross-entropy loss

LKITTI-360 = WCE(Ŝ, S), (17)

with class weights from [18], to account for class imbalance.

2) EXPERIMENTS ON NUSCENES
Weperform training experiments on the nuScenes dataset [13]
using Metric3D v2 and depth-based rendering. The archi-
tecture introduced in [18] is our BEV model. The input
image size is 896 × 448. We generate our own semantic
segmentation pseudolabels using the GroundedSAM2
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FIGURE 5. Reconstructing a semantic perspective view Ŝt ′ with depth-based rendering and a monocular depth model: a single point xp is
obtained across each ray at the depth d t ′

p given by the output of the monocular depth model at the pixel through which the ray was cast, the
semantic value sampled from the BEV sxp can thus directly be mapped to the pixel value Ŝp.

pipeline1 [38], [39], [40] prompted with groups of text
strings corresponding to the classes used to benchmark BEV
semantic segmentation models in the dataset. Additional
details are provided in Appendix. With these experiments,
our purpose is to verify the applicability of our method to new
scenarios with basic supervision and low engineering effort.
This recipe (Metric3D v2 for depth and GroundedSAM2 for
semantic pseudolabels) can easily be ported to other datasets
and benchmarks. The nuScenes BEV segmentation data and
the pseudolabels we generate are multilabel, i.e., each pixel
can be associated to more than one class simultaneously. For
training in nuScenes we use a balanced binary cross-entropy
loss:

LnuScenes = BBCE(Ŝ, S), (18)

i.e. PyTorch’s BCEWithLogitsLoss with positive weights,
to account for the imbalance between positive and negative
pixels within each class. We compute the weights for the
positive examples of each class with the square root of
the number of negative examples divided by the number
of positive examples in the perspective view pseudolabels
for training with RendBEV. For the fine-tuning and training
from scratch experiments, we get the number of positive and
negative examples in the set of available labels and compute
the weights accordingly.

1Source code available at: https://github.com/IDEA-Research/Grounded-
SAM-2

C. NO BEV SUPERVISION EXPERIMENTS
We present the experiments in the setting without BEV
supervision. To the best of our knowledge, there are no
other learning-based methods capable of providing results
without using any BEV label or pseudolabel. We use
two unsupervised baseline approaches: one via an IPM
[22], which we compute using the known camera height
and extrinsic parameters, assuming the ground is a flat
and horizontal plane. The computed warping is applied
to semantic segmentation pseudolabels to generate the
target BEV. We provide an additional baseline based on
depth unprojection, similar to the one proposed in [3], but
with new perspective pseudolabels (the same we use with
our method, produced with GroundedSAM 2) and depth
maps from Metric3D v2 for the nuScenes dataset. For the
KITTI-360 dataset we use the depths predicted by Metric3D
v2 and the pseudolabels from the off-the-shelf Panoptic
DeepLab model. Each pixel is unprojected to a 3D point
using the depth map and the camera calibration matrix. Then,
these 3D points are projected to the ground plane, and the
semantic BEV is constructed by assigning the corresponding
semantic values in the perspective view pseudolabels to
those points. Due to the high resolution of the BEV in
KITTI-360, we construct a coarser BEV (1/4 of the target
resolution) and then upsample with nearest neighbors in order
to obtain a denser result. We do not perform any filtering, and
collisions (multiple classes ending in the same BEV pixel
after projection) are not explicitly handled. For evaluation,
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TABLE 1. Quantitative results – in IoU (%) – of methods using no BEV supervision on the nuScenes [13] validation set (PON split [3]). IPM and Depth
Unproj. stand for Inverse Perspective Mapping and Depth Unprojection respectively. ‘‘Mean’’ indicates IoU across all classes. Driv., Cross., Sw., Cprk., C.V.,
Motor., Ped. stand for Drivable area, Crosswalk, Sidewalk, Carpark, Construction Vehicle, Motorcycle and Pedestrian respectively. Multilabel segmentation
setting. M3D stands for Metric3D.

FIGURE 6. Qualitative results of a network trained with RendBEV and baselines for the setting with no BEV supervision in the nuScenes dataset. Field of
view and occlusion masks from the ground truth are applied to all BEVs. PV stands for Perspective View, GT for Ground Truth, IPM for Inverse Perspective
Mapping, Depth. Unproj. for Depth Unprojection, RendBEV corresponds to our method with Metric3D v2 depth-based rendering. Best viewed with zoom.

we apply the occlusion and field of view masks present in the
ground truth labels to the result of all methods.

In Tab. 1 we show the quantitative results of RendBEV
and baselines on the nuScenes dataset, accompanied by
qualitative results in Fig. 6. RendBEV beats the unsupervised
baselines by a significant margin. Although the IPM and the
depth unprojection give acceptable results for the drivable
area, RendBEV is able to overperform both. The depth
unprojection suffers from sparsity in its results, especially in
far areas, and the inability to provide the shape of objects
aside from their enclosing surface. The IPM works well for
the road but produces huge shadows for any surface not
contained in the ground plane e.g., vehicles or pedestrians,
as can be observed in Fig. 6. The carpark class is zero
for all methods, as our perspective view pseudolabeling
pipeline failed to produce any results for the class. We still
consider it during evaluation, i.e. we average over all classes
to compute the mIoU, including the zero value in carpark,
to facilitate the comparison with others using the benchmark.

In the most relevant motor vehicles (car, bus, construction
vehicles and truck) our method is capable of producing
results above 10% IoU even in this challenging scenario,
outperforming both baselines. For smaller vehicle classes
(bike, motorcycle) which are intrinsically more difficult to
segment – especially in the BEV as their footprint from above
is always small, even if they are close to the camera, and
thus comparatively bigger in the perspective view – themodel
trained with RendBEV provides about 8 % IoU while the
baselines reach only about 2 %. Some common patterns in
the behavior of the model when segmenting these objects
can be observed in rows 2 and 3 of Fig. 6: objects closer
to the camera and clearly delimited, such as the pedestrian
crossing the street in the second row are properly segmented,
but small localization errors hurt the IoU. Groups of these
small objects, like the parked motorcycles to the right of the
road in row 3 or the group of pedestrians standing andwalking
around a bus in the same image, get aggregated in a blob-like
shape.
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TABLE 2. Quantitative results – in IoU (%) – using no BEV supervision on the KITTI-360 validation set. IPM, Depth Unproj., BtS, M3D stand for Inverse
Perspective Mapping, Depth Unprojection, Behind the Scenes and Metric3D respectively.

FIGURE 7. Qualitative results for the setting with no BEV supervision on the KITTI-360 dataset. Field of view masks from the ground truth are applied to
all BEVs. PV stands for Perspective View, GT stands for Ground Truth, IPM for Inverse Perspective Mapping, Depth. Unproj. for Depth Unprojection, M3D for
Metric3D. Best viewed with zoom.

Tab. 2 contains the results for the no BEV supervision
experiments in the KITTI-360 dataset, which we pair with
qualitative results in Fig. 7. The data show similar trends
to the ones observed in the previous table, with our model
beating the IPM and depth unprojection baselines, with
a especially significant edge on the object classes. The
depth unprojection baseline suffers from an even greater
sparsity in this case, due to the resolution of the KITTI-
360 images. These results also allow us to compare the
performance provided by a model trained with RendBEV
using the two different rendering strategies described in
this work: the model using depth-based rendering and
Metric3D v2 has slightly better general performance. Overall,
the numerical results with both methods are very similar,
showing that using a monocular depth estimation model to
reconstruct the perspective views is a viable option, and thus
unlocking the possibility of extending RendBEV to more
scenarios.

Using Metric3D v2 and depth-based-rendering decreases
computational constraints during training when compared to
Behind the Scenes and volumetric rendering. A full 20-epoch
training with Behind the Scenes takes about 8 days in a single
V100 GPU with 32GB memory, reduced to approximately
one day for 15 epochs when training using depth-based-
rendering with precomputed Metric3D v2 depths. Table 3
provides an overview of the compute profile of the training

TABLE 3. Training compute profile: peak memory, number of epochs, time
to completion and batch size for each no BEV supervision experiment. BtS
and M3D stand for Behind the Scenes and Metric3D respectively.

runs. The computation of these depth maps over all the frontal
images in the KITTI-360 dataset takes approximately a day
on the same hardware. At inference time, the network requires
1.1 GB of GPUmemory and has an average latency of 103ms
in a V100 GPU (with a batch size of one image) for the
nuScenes dataset. The measured average latency is 90.9 ms
for the inference on KITTI-360 with a memory footprint of
2.1 GB.

D. FINE-TUNING EXPERIMENTS
With the aim of evaluating our method as a pretraining
strategy when limited GT BEVs are available, we perform
fine-tuning experiments at different degrees of annotated data
availability, i.e., we first train a model using RendBEV and
then fine-tune it using different subsets of the training dataset.

In Tab. 4 we report the results on the nuScenes dataset
obtained using RendBEV as pretraining and then fine-tuning
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TABLE 4. Quantitative results – in IoU (%) – of models trained with different percentages of data availability (percentage splits from Semi-BEVseg [26])
on the nuScenes [13] validation set (PON split [3]). ‘‘Mean’’ indicates IoU across all classes. Driv., Cross., Sw., Cprk., C.V., Motor., Ped. stand for Drivable
area, Crosswalk, Sidewalk, Carpark, Construction Vehicle, Motorcycle and Pedestrian respectively. M3D stands for Metric3D.

with different amounts of data available (as percentages of
the nuScenes training set). To further compare our results,
we also include the results of a semi-supervised learning
methodology specifically designed for BEV segmentation
Semi-BEVseg [26], targeting training with limited amount of
data in the same settings and other common semi-supervised
learning baselines. Our results show that RendBEV is an
effective pretraining methodology for low-annotated data
regimes, providing better results in terms of overall per-
formance than the semi-supervised learning methodologies
especially designed for this setting. Moreover, the best
semi-supervised methodology (Semi-BEVseg), relying on
data augmentations and a teacher-student framework during
training, is mostly orthogonal to our methodology as it
operates at a different level (during our ‘‘finetuning’’ stage)
and through different mechanisms (data augmentations and
symmetry). Both methods could potentially be combined by
running RendBEV as pretraining and Semi-BEVseg as fine-
tuning. The impact of the pretraining is particularly notable
when lower amounts of data (5% of the training dataset or
around 1700 annotated BEVs) are available.

Furthermore, in Tab. 5 we show the results obtained with
a model pretrained with RendBEV (using both volumetric
and depth-based rendering) in the KITTI-360 dataset and
then fine-tuned on different percentages of available data.
We compare it with the pretraining methodology proposed
in the original SkyEye paper, where the architecture we
are using was introduced. In both cases we show the
results when pretraining is done using perspective view
pseudolabels. We also show the results of a recent pretraining

method, LetsMap. It is worth noting that the results of
networks trained with SkyEye and RendBEV share the
same underlying architecture, making them more directly
comparable than the results obtained by LetsMap, which uses
a different one. In low-annotated data regimes, RendBEV
provides higher performance, beating SkyEye and LetsMap
in mIoU. When the amount of available data is increased
to 10 % of the KITTI-360 training set, RendBEV (using
Metric3D v2) and LetsMap provide the best overall results.
At 50 % of data from the KITTI-360 training dataset
available, RendBEV(Metric3D v2) and LetsMap are the top
performers with the overall performance being slightly better
for RendBEV in this case.

Finally, we validate the effectiveness of our method as
a pretraining strategy by training the same architecture we
use in the previous experiments from scratch at different
percentages of data availability and comparing it with models
first trained with RendBEV and then fine-tuned on that
same amount of data. In Tab. 6 we present the quantitative
results for the nuScenes dataset. We provide some qualitative
examples for the 5% and 20% splits to aid in the analysis
of the results in Fig. 8. Pretraining with RendBEV yields
a substantial boost in performance at all data splits, with
a higher boost at lower data availability. Focusing in the
split with lower amount of ground truth BEV labels (5%)
we observe notable improvements in rarer classes such as
pedestrian crossing, bus (from just 2.0 % IoU to 28.8 %),
bike, motorcycle, pedestrian or trailer. This is illustrated e.g.
in the second row of Fig. 8, where the pedestrian crossing
structure is more complete and there are less hallucinated
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TABLE 5. Quantitative results – in IoU (%) – of models trained with different percentages of data availability on the KITTI-360 validation set. Percentage
splits defined in SkyEye [18]. BtS and M3D stand for Behind the Scenes and Metric3D respectively.

pedestrians, and in the third row, where the pretrained model
predicted the far away vehicle on the left as bus while the
model trained from scratch predicted it as car. The pretrained
model was also able to segment 3 pedestrians (albeit not
precisely located) while the model trained from scratch only
hallucinated one at an incorrect location. With a higher
amount of GT supervision e.g. 20%, the performance boost is
less substantial, but the results are still overall better than the
model from scratch, with the pretrained model being able to
predict more difficult to segment objects such as the far away
car to the left waiting in a pedestrian crossing in the first row.

We display the numerical results of experiments conducted
in a similar fashion on the KITTI-360 dataset on Tab. 7:
our method provides a high boost in performance in the 1%
split (of more than 10 percentage points for both models
trained using Metric3D v2 and Behind the Scenes) with
the importance of the pretraining decreasing as more data
becomes available. We present a comparison of qualitative
results for the 1% and 10% splits in Fig. 9. The improvement
in the results of the pretrainedmodel with respect to themodel
trained from scratch is easy to visualize in Fig. 9, especially in
the 1% split. The pretrainedmodel is able to correctly perform
important predictions close to the ego-vehicle that the model
trained from scratch misses; the parked car to the left in the
first row, the pedestrian waiting to cross the street in front
of the ego-vehicle on the second row or the biker under the
shadow on the sidewalk on the right in the third row are clear
examples.

E. ABLATION STUDIES
We investigate the effect of limiting the supervision to a
single frame (the input one) instead of using a sequence,
and of using a sequence composed of the current frame and
the two immediately adjacent ones against using a longer
sequence. We report results in Tab. 8. The best overall results
are achieved with a longer sequence, encompassing 8 frames,
from the one before the reference frame to the sixth after
it. Using a shorter sequence composed of the reference

frame and the immediately adjacent ones i.e., the previous
and the following frames also provides better results than
providing supervision by merely reconstructing the reference
frame. We illustrate typical cases where the model trained
with a sequence is able to perform better predictions in
Fig. 10. Stronger supervision in far areas allows longer range
predictions of the scene layout. In terms of computation,
the training time for the three experiments is roughly the
same (approximately 1 V100 GPU day), while the peak
memory during training is 30.4GB, 27.7GB and 25.4GB
for the models using the full sequence, the current and two
immediately adjacent frames, and just the current frame,
respectively.

F. ROBUSTNESS AND LIMITATIONS
We investigate the robustness of RendBEV to perturbations to
the estimated depth. We do so by running Metric3D v2 Small
(DINO2reg-ViT-Small backbone) to extract depth maps for
the nuScenes dataset, and training a model using them instead
of the Metric3D v2 Giant used in the original experiment.
In addition, we run an experiment in which we apply additive
Gaussian noise with zero mean and a standard deviation of
0.5m to every depth value during training.

We report the results in Tab. 9. We observe a very limited
performance degradation, slightly higher when substituting
the depth maps with the ones coming from the smaller
model. These results suggest that our model is robust to mild
perturbations in depth. Computing depth maps for the 34,139
training images from nuScenes requires 4 GPU hours with
the Small Metric3D v2 model compared to 24 GPU hours
with the Giant one. Using the smaller model could be an
alternative when scaling to very large datasets and/or under
tight computational budgets.

In order to simulate less precise camera poses, we run four
different experiments in which we apply a random translation
and/or rotation to each of the poses in a sequence (the noise is
different for each sequence element). Each of the components
of the translation vector is sampled independently from a
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TABLE 6. Quantitative results – in IoU (%) – of models trained with different percentages of data availability (percentage splits from Semi-BEVseg [26])
from scratch and with RendBEV on the nuScenes [13] validation set (PON split [3]). ‘‘Mean’’ indicates IoU across all classes. Driv., Cross., Sw., Cprk., C.V.,
Motor., Ped. stand for Drivable area, Crosswalk, Sidewalk, Carpark, Construction Vehicle, Motorcycle and Pedestrian respectively. M3D stands for Metric3D
1 is the difference between the mIoU of the model pretrained with that row’s method and the same architecture trained from scratch.

FIGURE 8. Qualitative results of models pretrained with RendBEV and then fine-tuned on 5% and 20% of the nuScenes training data and models trained
from scratch on the same amount of data. PV stands for Perspective View, PT stands for Pre-Trained, FS stands for From Scratch. FOV and occlusion masks
applied to all BEVs. Best viewed with zoom.

TABLE 7. Comparison of quantitative results – in IoU (%) – of models trained with different percentages of data availability on the KITTI-360 validation
set with RendBEV and from scratch. 1 is the difference between the mIoU of an architecture trained with that row’s method and the same architecture
trained from scratch. BtS and M3D stand for Behind the Scenes and Metric3D respectively.

Gaussian distribution with zero mean and standard deviation
σ = 0.1m or σ = 0.5m. For the rotation noise, we sample
each of the three angles independently from a Gaussian
distribution with zero mean and standard deviation σ = 1◦ or

σ = 2.5◦. We report the results in Tab. 10. We observe small
performance losses when only applying translation noise.
Adding rotation noise on top of the translation noise has a
more pronounced impact on performance, which indicates
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FIGURE 9. Qualitative results of models pretrained with RendBEV and then fine-tuned on 1% and 10% of the KITTI-360 training data and models trained
from scratch on the same amount of data. PT stands for Pre-Trained, FS stands for From Scratch. Best viewed with zoom.

TABLE 8. Quantitative results – in IoU (%) – of RendBEV with a single frame or a sequence using no BEV supervision on the nuScenes [13] validation set
(PON split [3]). ‘‘Mean’’ indicates IoU across all classes. Driv., Cross., Sw., Cprk., C.V., Motor., Ped. stand for Drivable area, Crosswalk, Sidewalk, Carpark,
Construction Vehicle, Motorcycle and Pedestrian respectively. Multilabel segmentation setting.

FIGURE 10. Qualitative results of models with no BEV supervision trained with the target equal to the input image t ′ = t or with targets along a sequence
t ′ ∈ [t − 1, . . . , t + 6].

that our method is more susceptible to noise in the camera
orientation than in its position.

We evaluate the robustness of RendBEV (with depth-
based rendering and Metric3D v2) to the quality of the
perspective view semantic segmentation supervision by

performing a training on the KITTI-360 dataset – where
ground truth perspective view segmentation is available –
and comparing it with the results obtained when train-
ing with noisy pseudolabels obtained with an off-the-
shelf model. We report the results in Tab. 11. Using
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TABLE 9. Quantitative results – in IoU (%) – of RendBEV under different perturbations to the depth. M3D v2-G → M3D v2-S means that depth maps from
Metric3D v2 Small are used instead of the M3D v2 Giant ones used in the original experiment. ±G(σ ) represents additive Gaussian noise with zero mean
and standard deviation σ . Results using no BEV supervision on the nuScenes [13] validation set (PON split [3]). ‘‘Mean’’ indicates IoU across all classes.
Driv., Cross., Sw., Cprk., C.V., Motor., Ped. stand for Drivable area, Crosswalk, Sidewalk, Carpark, Construction Vehicle, Motorcycle and Pedestrian
respectively. Multilabel segmentation setting.

TABLE 10. Quantitative results – in IoU (%) – of RendBEV with noise applied to the poses. G(σ ) represents Gaussian noise with zero mean and standard
deviation σ . Results using no BEV supervision on the nuScenes [13] validation set (PON split [3]). ‘‘Mean’’ indicates IoU across all classes. Driv., Cross., Sw.,
Cprk., C.V., Motor., Ped. stand for Drivable area, Crosswalk, Sidewalk, Carpark, Construction Vehicle, Motorcycle and Pedestrian respectively.

TABLE 11. Quantitative results – in IoU (%) – using no BEV supervision on the KITTI-360 validation set when using Ground Truth Perspective View (GT PV)
semantic segmentation and pseudolabels from an off-the-shelf model. M3D stands for Metric3D.

FIGURE 11. Qualitative results of RendBEV (Metric3D v2) on the nuScenes dataset with no BEV supervision in the standard setting t ′ ∈ {t − 1, . . . , t + 6} in
dynamic scenes. Ground Truth (GT) and results when only rendering the present frame during training t ′ = t (and thus dropping the static scene
assumption) shown for reference.

ground truth semantic segmentation in the perspective view
slightly increases performance, although the only class
with a significant increase in performance is sidewalk.
The usage of perspective view pseudolabels from an off-
the-shelf model is thus a viable option, although ground

truth labels provide the best downstream performance if
available.

The main limitation of networks trained with our method
is the performance on moving objects, especially in scenes
crowded with them. Indeed using multiple frames in training
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TABLE 12. Splits, BEV extents and resolution, loss and optimizer used across experiments in each dataset.

TABLE 13. Positive class weights for experiments in the nuScenes dataset, computed as the square root of the number of negative examples divided by
the number of positive examples. In the 0% row, this is computed on the pseudolabels, while in the other rows, it is computed in the available ground
truth examples. Constr. stands for Construction, GT stands for Ground Truth.

TABLE 14. Class to prompt mappings for GroundedSAM2. Strings with the
same group number were fed together in a single prompt. This prompt is
formed by concatenating all the individual strings with a period and a
white space ‘‘. ‘‘ separating each of them as recommended by the authors.

improves general performance, as seen in Tab. 8, but relies
on the assumption of a locally static scene, that might not
always be valid. In Fig. 11 we show the behavior of a network
trained with RendBEV when dealing with highly dynamic
scenes. We also provide the results of a network trained only
by rendering the reference frame t instead of multiple frames.
In the first row, we can view a failure case on dynamic
objects in the bird’s eye view segmentation, where vehicles
are blurred in the direction of their perceived movement.
When a group of moving vehicles are close together, this
results in the individual vehicles merging into a single blob.
This does not happen when only a single reference frame
is used, although other problems are present, such as worse
segmentation through occlusion and in the longer range,
as well as a stronger shadow effect in the depth direction.
In the second row, we can observe similar behavior on an
input image with adverse weather conditions and moving
objects in the longitudinal direction instead of the traversal
direction.

Based on these observations, we hypothesize that better
performance on dynamic objects could be achieved in future
work by dropping the static scene assumption while still
rendering multiple frames by explicitly modeling object

motion. This could be done by predicting bird’s eye view
backward flows and supervising them with perspective view
optical flow obtained from an off-the-shelf model, in a similar
manner to how the semantics are supervised in this work.

An additional limitation is the performance on small
objects such as pedestrians or bicycles (see, e.g., Tab. 1 and
Fig. 6), which is a common problem in the literature. Some
improvements in this regard have been obtained by the BEV
architectures proposed in recent work [45], [46], that could be
integrated in RendBEV.Other possible improvements include
the explicit modeling of motion and the usage of more precise
geometry networks and pseudolabels.

V. CONCLUSION
In this work we have presented RendBEV, a method for
training bird’s eye view semantic segmentation models
without using BEV ground truth labels. Our method relies
on shifting the supervision to the perspective view by
rendering it with values sampled from the output of the
BEV network to be trained. The rendering pipeline exploits
either a pretrained neural density field or a foundation
monocular depth model to provide information on the scene
geometry. Extensive experimental work on the nuScenes and
KITTI-360 dataset validates our approach. We have also
shown how RendBEV can be used as pretraining when
limited BEV ground truth labels are available, leading to a
significant boost in performance comparedwith training from
scratch with those labels. In addition, RendBEV beats Semi-
BEVseg [26] and other semi-supervised learning baselines
on low-label regimes on the nuScenes dataset and surpasses
(SkyEye [18]) or is on-par (LetsMap [24]) with competing
methods on low-label regimes on the KITTI-360 dataset.
An open challenge that remains to be addressed is the
handling of dynamic objects.

APPENDIX
EXPERIMENTAL DETAILS
For the purpose of enhancing reproducibility, we offer
additional details on the experiment configuration here. An
overview of configurations shared across the experiments
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performed for each dataset is provided in Tab. 12. We use
a learning rate of 0.0001 in all of our experiments with
no scheduling. For finetuning and training from scratch
experiments with GT labels, we train for 70, 40, 40 and
30 epochs respectively for the 5%, 10%, 20% and 40% splits
of nuScenes, and for 100, 50 and 30 epochs respectively with
the 1%, 10% and 50% splits of KITTI-360.

The class weights used in the experiments in nuScenes are
reported in Tab. 13. The class weights for the experiments
on KITTI-360 are set as follows: Road (2.5539), Side-
walk (3.8968), Building (1.9405), Terrain (5.6612), Person
(29.7894), 2-Wheeler (24.0978), Car (3.7109), and Truck
(8.2586).

The class name to prompt mappings for GroundedSAM2
are displayed in Tab. 14. We use all the default parameters
in the GroundedSAM2 local demo but we change the
GroundingDINO backbone from the SwinT version to the
SwinB version. Our pipeline is intended to be minimal, and
we simply merge all the outputs without performing any
filtering.

For the experiments with Behind the Scenes and volumet-
ric rendering, we use depth range from 3 m to 80 m and
sample 64 points across each ray.
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