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Abstract

High-resolution wide-angle fisheye images are becom-
ing more and more important for robotics applications
such as autonomous driving. However, using ordinary
convolutional neural networks or vision transformers on
this data is problematic due to projection and distor-
tion losses introduced when projecting to a rectangular
grid on the plane. We introduce the HEAL-SWIN trans-
former, which combines the highly uniform Hierarchi-
cal Equal Area iso-Latitude Pixelation (HEALPix) grid
used in astrophysics and cosmology with the Hierarchical
Shifted-Window (SWIN) transformer to yield an efficient
and flexible model capable of training on high-resolution,
distortion-free spherical data. In HEAL-SWIN, the nested
structure of the HEALPix grid is used to perform the patch-
ing and windowing operations of the SWIN transformer, en-
abling the network to process spherical representations with
minimal computational overhead. We demonstrate the su-
perior performance of our model on both synthetic and real
automotive datasets, as well as a selection of other image
datasets, for semantic segmentation, depth regression and
classification tasks. Our code is publicly available1.

1. Introduction
High-resolution fisheye cameras are among the most com-
mon and important sensors in modern intelligent vehi-
cles [42]. Due to their non-rectilinear mapping functions
and large field of view, fisheye images are highly distorted.
Moreover, the most commonly used large-scale computer
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versity, SE-901 87 Umeå, Sweden
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Figure 1. Our HEAL-SWIN model uses the nested structure of
the HEALPix grid to lift the windowed self-attention of the SWIN
model onto the sphere.

vision and autonomous driving datasets do not contain fish-
eye images. For these reasons, fisheye images have received
much less attention than rectilinear images in the literature.

Despite the distortions introduced by the mapping func-
tion, the traditional approach for dealing with this kind of
data is to use standard (flat) convolutional neural networks
which are adjusted to the distortions and either preprocess
the data [16, 17, 26, 36, 46, 50] or deform the convolu-
tion kernels [47]. However, these approaches struggle to
capture the inherent spherical geometry of the images since
they operate on a flat approximation of the sphere. Errors
and artifacts arising from handling the strong and spatially
inhomogeneous distortions are particularly problematic in
safety-critical applications such as autonomous driving.

Utilizing spherical representations is an approach taken
by some models [8, 10, 19] which lift convolutions to the
sphere. These models rely on a rectangular grid in spherical
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coordinates, namely the Driscoll–Healy grid [15], to per-
form efficient Fourier transforms. However, this approach
has several disadvantages for high-resolution data: First, the
sampling in this grid is not uniform but much denser at the
poles, necessitating very high bandwidths to resolve fine de-
tails around the equator. Second, the Fourier transforms in
the aforementioned models require tensors in the Fourier
domain of the rotation group SO(3) which scale with the
third power of the bandwidth, limiting the resolution. Third,
the Fourier transform is very tightly coupled to the input do-
main: If the input data lies only on a half-sphere, as is often
the case for fisheye images, the definition of the convolu-
tional layers needs to be changed to use this data efficiently.

As a novel way to address all these problems at the same
time, we propose to combine an adapted vision transformer
with the Hierarchical Equal Area iso-Latitude Pixelisation
(HEALPix) grid [23]. The HEALPix grid was developed
for capturing the high-resolution measurements of the cos-
mic microwave background performed by the MAP and
PLANCK satellites featuring a uniform distribution of grid
points on the sphere that associates the same area to each
pixel. This is in contrast to most other grids used in the lit-
erature like the Driscoll–Healy grid or the icosahedral grid.

In our model, which we call HEAL-SWIN, we use
a modified version of the Hierarchical Shifted-Window
(SWIN) transformer [37] to learn directly on the HEALPix
grid with minimal computational overhead. The SWIN
transformer performs attention over blocks of pixels called
windows which aligns well with the nested structure of
the HEALPix grid (Figure 1). To distribute information
globally, the SWIN transformer shifts the windows in ev-
ery other layer, creating overlapping regions. In HEAL-
SWIN, we employ the same principles but tailor them to fit
the structure of the HEALPix grid. In particular, we pro-
pose two different strategies for shifting windows on the
sphere: Either aligned with the hierarchical structure of the
HEALPix grid or in a spiral from one pole to the other.

Besides excellent performance, an additional benefit of
using HEAL-SWIN is that the attention layers do not re-
quire a Fourier transform and can therefore easily deal with
high-resolution data and with data which covers only part of
the sphere, resulting in significant efficiency gains. This is
of central importance to dealing with high-resolution fish-
eye images which cover about half of the sphere, leaving
half of the input unused in spherical models which rely on
operating on the entire sphere.

In order to verify the efficacy of our proposed model,
we train HEAL-SWIN on a number of different computer
vision tasks: classification, depth estimation and seman-
tic segmentation of fisheye images from a diverse range
of datasets. In these experiments, we put particular em-
phasis on tasks from the autonomous driving domain for
which high-resolution input images and very precise out-
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Figure 2. Chamfer distance (lower is better) and mIoU (higher is
better) for HEAL-SWIN (HS) and SWIN (S). Details are provided
in Section 4.3 and in Section 4.1.2.

puts in terms of 3D information are critical, necessitating
geometry-aware representations. To the best of our knowl-
edge, we are the first to treat fisheye images in automotive
applications as spherical signals.

In particular, we perform fisheye-image-based depth es-
timation and compare the resulting predicted 3D point
clouds to the corresponding ground truth point clouds. In
this way, we can assess the quality of the learned repre-
sentations for downstream tasks that rely on accurate 3D
information, such as general obstacle detection and colli-
sion avoidance, allowing us to isolate the effect of using
spherical representations on the HEALPix grid. We show
that our model outperforms the flat SWIN transformer in
this setting on the SynWoodScape dataset [45] of computer-
generated fisheye images of street scenes, see Figure 2
(left), establishing the benefit of using HEALPix represen-
tations. For the semantic segmentation task, we confirm the
superior performance of our model on both the real-world
WoodScape dataset [49] and on the SynWoodScape dataset,
see Figure 2 (right). For both depth estimation and semantic
segmentation we optimize the loss directly on the sphere.

Having shown that the addition of spherical represen-
tations is beneficial for high-resolution image datasets, we
verify that our model is competitive with the state of the art
in spherical image classification and semantic segmentation
of indoor scenes.

Although we focus in this work on fisheye images, our
model is not specific to this kind of problem but can be
trained on any high-resolution spherical data, as provided
for instance by satellites mapping the sky or the earth. In
particular, deep spherical models (and in particular trans-
formers) were recently shown to outperform physical mod-
els for weather prediction tasks [3, 32, 35, 40], opening an-
other important application domain for our model.

Our main contributions are as follows:
• We construct the HEAL-SWIN transformer which op-

erates on high-resolution spherical representations by
combining the spherical HEALPix grid with an adapted
SWIN transformer. By exploiting the similar hierarchi-
cal structures in HEALPix and SWIN, we construct win-
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dowing and shifting mechanisms for the HEALPix grid
which efficiently deal with data that only covers part of
the sphere.

• We treat fisheye images in automotive applications for the
first time as distortion-free spherical signals. We demon-
strate the superiority of this approach for depth estimation
and semantic segmentation on both synthetic and real au-
tomotive datasets.

• To compare HEAL-SWIN to other models operating on
spherical representations, we benchmark on the Stanford
2D-3D-S indoor fisheye dataset [1] and find that our
model outperforms comparable spherical models.

2. Related work
The transformer architecture was introduced in [48], ex-
tended to the Vision Transformer (ViT) in [14], and fur-
ther refined in [37] to the Shifted-Window (SWIN) trans-
former based on attention in local windows combined with
window shifting to account for global structure. A first
step towards spherical transformer models has been pro-
posed in [7] where various spherical grids are used to extract
patches on which the ViT is applied, and in [4] where icosa-
hedral grid sampling is combined with the Adaptive Fourier
Neural Operator (AFNO, see [24]) architecture for spatial
token mixing to account for the geometry of the sphere.
Compared to previous spherical transformer designs, such
as [7], our model constitutes a significant improvement by
incorporating local attention and window shifting to accom-
modate high-resolution images in the spherical geometry,
without requiring the careful construction of accurate graph
representations of the spherical geometry.

The SWIN paradigm has been incorporated into trans-
formers operating on 3D point clouds (e.g. LiDAR depth
data) by combining voxel based models (see [39]) with
sparse [20] and stratified [33] local attention mechanisms.
In [34], spherical geometry is used to account for long range
interactions in the point cloud to create a transformer based
on local self-attention in radial windows. Closer in spirit
to our approach is [25], where the point cloud is projected
to the sphere, and partitioned into neighborhoods. Local
self-attention and patch merging is then applied to the cor-
responding subsets of the point cloud, and shifting of sub-
sets is achieved by rotations of the underlying sphere. Our
HEAL-SWIN model inherits windowing and shifting from
the SWIN architecture, but in contrast to the point cloud
based approaches we handle data native to the sphere and
use the HEALPix grid to construct a hierarchical sampling
scheme which minimizes distortions, allows for the han-
dling of high-resolution data, and, in addition, incorporates
new shifting strategies specifically adapted to the HEALPix
grid.

Several Convolutional Neural Network (CNN) based
models have been proposed to accommodate spherical data.

As mentioned above, [8, 10, 19] use an equirectangular grid
and implement convolutions in Fourier space, while [31]
applies CNNs directly to the HEALPix partitions of the
sphere. DeepSphere is a graph-based CNN which is ro-
tationally equivariant for radial filters [11]. The underly-
ing graph allows for a non-uniform sampling which can be
beneficial for certain applications. DeepSphere has been
specialized to the HEALPix grid [41] but cannot exploit the
nested grid in the same way as HEAL-SWIN which em-
ploys windowed self-attention.

Other works that consider spherical CNNs combined
with the HEALPix grid include [16, 29]. Compared to pre-
vious works combining CNNs and the HEALPix grid, the
windowed self-attention equips our model with the ability
to efficiently encode long-range interactions. Moreover,
transformers are known to be able to benefit from large
datasets where CNNs reach their capacity limits.

Due to the general shortage of computer vision datasets
involving fisheye images, it is common to evaluate pro-
posed methods by creating spherical versions of MNIST
[12] and SYNTHIA [44]. In 2021, the first set of com-
puter vision tasks for real-world automotive fisheye images
was released for the WoodScape dataset [49]. In 2022,
the SynWoodScape [45] dataset was released, consisting of
synthetic fisheye images generated using the driving simu-
lator CARLA [13].

Outside of the automotive domain, a common bench-
mark for fishey image data is the Stanford 2D-3D dataset [1]
of indoor scenes. Previous works that, like our proposed
HEAL-SWIN model, perform evaluation in the spherical
domain for this dataset include; [50] based on an icosahe-
dral grid sampling, [27] which constructs structured graph
convolutions to incorporate the spherical geometry, [29]
where convolutional kernels are parameterised using differ-
ential operators on the sphere, and [19] which uses spin-
weighted spherical harmonics to perform spherical convo-
lutions in the Fourier domain.

3. HEAL-SWIN
We propose to combine the SWIN-transformer [37, 38]
with the HEALPix grid [23] resulting in the HEAL-SWIN-
transformer which is capable of training on high-resolution
images on the sphere. In this section, we describe the struc-
ture of the HEAL-SWIN model in detail.

3.1. The SWIN transformer

The SWIN-transformer is a computationally efficient vision
transformer which attends to windows that are shifted from
layer to layer, enabling a global distribution of information
while mitigating the quadratic scaling of attention in the
number of pixels.

In the first layer of the SWIN-transformer, squares of
pixels are joined into tokens called patches to reduce the ini-
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Figure 3. Grid shifting scheme for window size 16: The windows
before the shift are framed in red and the patches are numbered in
the nested scheme. After a shift by half a window size, the patches
are divided into the windows framed in blue, so that e.g. patch 0
becomes patch 12 after the shift. The hashed regions are masked
in the attention layer. The patches hashed horizontally correspond
to the pixels marked in yellow in Figure 4 (left). They are filled
with patches hashed vertically which correspond to the pixels lost
in the center of Figure 4 (left).

tial resolution of the input images. Each following SWIN-
layer consists of two transformer blocks which perform at-
tention over squares of patches called windows. The win-
dows are shifted along the patch-grid axes by half a window
size, before the attention for the second transformer block
is computed. In this way, information is distributed across
window boundaries. To down-scale the spatial resolution,
two-by-two blocks of patches are periodically merged.

An important detail in this setup is that at the boundary of
the image, shifting creates partially-filled windows. Here,
the SWIN-transformer fills up the windows with patches
from other partially-filled windows and then performs a
masked version of self-attention which does not attend to
pixel pairs which originated from different regions of the
original.

For the depth-estimation and segmentation tasks we con-
sider in this work, we use a UNet-like variant of the SWIN-
transformer [3, 5] which extends the encoding layers of the
original SWIN-transformer by corresponding decoding lay-
ers connected via skip connections. The decoding layers
are identical to the encoding layers, only the patch merging
layers are replaced by patch expansion layers which expand
one patch into a two-by-two block of patches such that the
output of the entire model has the same resolution as the
input.

3.2. The HEALPix grid

In the HEAL-SWIN-transformer, the patches are not as-
sociated to an underlying rectangular pixel grid as in the
original SWIN-transformer, but to the HEALPix grid on
the sphere. The HEALPix grid is constructed from twelve
equal-area, four-sided polygons (quadrilaterals) of different
shapes which tessellate the sphere (drawn in red in the top-

left sphere of Figure 1). These are subdivided along their
edges nside times to yield a high-resolution partition of the
sphere into npix = 12 ·n2

side equal-area, iso-latitude quadri-
laterals (the nside = 2 grid is drawn in white in the top-left
sphere of Figure 1). To allow for a nested (hierarchical)
grid structure, nside needs to be a power of two. The pixels
of the grid are then placed at the centers of the quadrilat-
erals. The resulting positions are sorted in a list either in
the nested ordering descending from the iterated subdivi-
sions of the base-resolution quadrilaterals, as illustrated in
Figure 3, or in a ring ordering which follows rings of equal
latitude from one pole to the other. Given this data structure,
we use a one-dimensional version of the SWIN transformer
which operates on these lists. For retrieving the positions of
the HEALPix pixels at a certain resolution, translating be-
tween the nested- and ring indexing and interpolating in the
HEALPix grid, we use the Python package healpy [51].

Since for our experiments, we consider images taken by
fisheye cameras which cover only half of the sphere, we use
a modification of the HEALPix grid, where we only use the
pixels in eight out of the twelve base-resolution quadrilat-
erals which we will call base pixels. These cover approxi-
mately half of the sphere and allow for an efficient handling
of the input data, in contrast to many methods used in the
literature which require a grid covering the entire sphere.
The restriction to the first eight base pixels is performed by
selecting the first 8/12 entries in the HEALPix grid list in
nested ordering.

3.3. HEAL-SWIN

In HEAL-SWIN we adapt the patching-, windowing- and
shifting mechanisms of the SWIN transformer to the
HEALPix grid, enabling the transformer to operate on an
inherently spherical representation of the data.

3.3.1 Patches and windows

The nested structure of the HEALPix grid aligns very well
with the patching, windowing, patch-merging and patch-
expansion operations of the SWIN transformer. Corre-
spondingly, the modifications to the SWIN transformer re-
sult in a minimal computational overhead.

The input data is provided as a list in the nested ordering
described in Section 3.2 above. Therefore, we start from
a one-dimensional version of the model (in contrast to the
usual two-dimensional version used for images). Then, the
patching of the input pixels amounts to joining npatch con-
secutive pixels into a patch, where npatch is a power of
four. Due to the nested ordering and the homogeneity of
the HEALPix grid, the resulting patches cover quadrilateral
areas of the same size on the sphere. Similarly, to partition
patches into windows over which attention is performed,
nwin consecutive patches are joined together, where nwin
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Figure 4. Grid (left) and spiral (right) shifting strategies for the
HEAL-SWIN transformer, projected onto the plane for visualiza-
tion. The grid lines outline the eight base pixels used for this
dataset, arrows indicate the directions in which pixels move. High-
lighted regions are masked in the attention layers. Note that in grid
shifting, pixels at boundaries of colliding base pixels are moved to
the outer edge. In ring shifting, distortions are introduced towards
the pole (center). For better visibility, the amount of shifting in
these images is exaggerated.

is again a power of four. E.g. in Figure 3, a window size
of nwin = 16 is illustrated with patches 0 − 15 in the first
window, patches 16 − 31 in the second window etc. For
patch merging, we can similarly merge n = 4k consecutive
patches in the HEALPix list for downscaling and expand
n = 4k patches for upscaling.

3.3.2 Shifting

As mentioned above, to distribute information globally in
the image, the SWIN transformer shifts the windows by half
a window size along both image axes in every second atten-
tion layer. We have experimented with two different ways
of performing this shifting in the HEALPix grid.

The most direct generalization of the shifting in the pixel
grid of the original SWIN-transformer is a shifting in the
HEALPix grid along the axes of the quadrilaterals of the
base-resolution pixels, cf. Figure 3 and Figure 4 (left). We
call this grid shifting and shift by half a window in both
directions. Similarly to the original SWIN shifting scheme,
there are boundary effects at the edge of the half sphere cov-
ered by the grid. Additionally, due to the alignment of the
base pixels relative to each other, the shifting necessarily
clashes at some base-pixel boundaries in the interior of the
image. As in the original SWIN transformer, both of these
effects are handled by reshuffling the problematic pixels to
fill up all windows and subsequently masking the attention
mechanism to not attend to pixel pairs which originate from
different regions of the sphere. The corresponding pixels
are highlighted in yellow in Figure 4.

In the spiral shifting scheme, we first convert the nested
ordering into a ring ordering and then perform a roll op-
eration by nshift on that list. Finally, we convert back to
the nested ordering. In this way, windows are shifted along
the azimuthal angle by nshift pixels, with slight distortions
which grow larger towards the poles due to the decreased
length of circles of constant latitude, cf. Figure 4 (right).

A shift by half a window is achieved with a shift size of
nshift =

√
nwin/2.

2

As in the grid shifting scheme, we encounter boundary
effects. In the spiral shifting, they occur at the pole and at
the boundary of the half sphere covered by the grid. These
effects are again handled by reshuffling the pixels and mask-
ing the attention mechanism appropriately. In this scheme,
there are no boundary effects in the interior of the image.

Both shifting strategies can be implemented as precom-
puted indexing operations on the list holding the HEALPix
features and are therefore efficient. In ablation studies we
found that the spiral shifting outperforms the grid shifting
slightly (see section 4.2).

3.3.3 Relative position bias

In the SWIN-transformer, an important component that
adds spatial information is the relative position bias B
which is added to the query-key product in the attention
layers: Att(Q,K, V ) = SoftMax(QK⊤/

√
d + B)V . This

bias is a learned value which depends only on the differ-
ence vector between the pixels in a pixel pair, i.e. all pixel
pairs with the same relative position receive the same bias
contribution.

In the HEALPix grid, the pixels inside each base
quadrilateral are arranged in an approximately rectan-
gular grid which we use to compute the relative posi-
tions of pixel pairs for obtaining the relative position
bias mapping. Consequently, in HEAL-SWIN, B ∈
Rnwin×nwin with values taken from a learnable matrix B̂ ∈
R(2

√
nwin−1)×(2

√
nwin−1) according to

Bij = B̂x(i)−x(j)+
√
nwin, y(i)−y(j)+

√
nwin

, (1)

where (x(i), y(i)) are the Cartesian coordinates of the pixel
i in the window, e.g. in Figure 3, pixel 11 would have co-
ordinates x(11) = 1, y(11) = 0. We share the same rela-
tive position bias table across all windows, so in particular
also across base quadrilaterals. We also experimented with
an absolute position embedding after the patch embedding
layer but observed no benefit for performance.

4. Experiments
To verify the performance of our model, we trained the
HEAL-SWIN and the SWIN transformer on challenging
realistic datasets of fisheye camera images of both street-
and indoor scenes. We perform semantic segmentation and
monocular depth estimation and furthermore test our model
on the standard classification problem of spherical MNIST
digits.

We show that HEAL-SWIN reaches better predictions
than the non-spherical version of the model in all direct

2Since nwin is a power of four, the square root is always an integer.
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Table 1. Mean intersection over union on the sphere for seman-
tic segmentation of fisheye street scenes with HEAL-SWIN and
SWIN, averaged over three runs.

Model Dataset mIoU

HEAL-SWIN Large SynWoodScape 0.947
SWIN Large SynWoodScape 0.918

HEAL-SWIN Large+AD SynWoodScape 0.841
SWIN Large+AD SynWoodScape 0.809

HEAL-SWIN WoodScape 0.628
SWIN WoodScape 0.617

comparisons and is competitive on standard benchmarks for
spherical models.

Due to space limitations, the details of the experiments
on spherical MNIST are relegated to Appendix B.

4.1. Semantic segmentation of fisheye street scenes

We compare the performance of HEAL-SWIN on
HEALPix-projected fisheye images to that of the SWIN
transformer on the original, i.e. flat and distorted im-
ages. The architecture and training hyperparameters were
fixed by ablation studies for semantic segmentation on the
WoodScape dataset unless stated otherwise.

As a baseline, we use the SWIN transformer in a 12-layer
configuration similar to the “tiny” configuration SWIN-T
from the original paper [37] with a patch size of 2× 2 and a
window size of 8×8, adapted to the size of our input images.
Since both tasks require predictions of the same spatial di-
mensions as the input, we mirror the SWIN encoder in a
SWIN decoder and add skip connections in a SWIN-UNet
architecture, resulting in a model of around 41M param-
eters. We found the improved layer-norm placement and
cosine attention introduced in [38] to be very effective and
use them in all our models.

For the HEAL-SWIN models, we use the same con-
figurations as for the SWIN model with a patch size of
npatch = 4, mirroring the 2 × 2 on the flat side and a win-
dow size of nwin = 64, mirroring the 8 × 8 on the flat
side. For shifting, we use the spiral shifting introduced in
Section 3.3.2 with a shift size of 4, corresponding roughly
to half windows. Again, we mirror the encoder and add
skip connections to obtain a UNet-like architecture. A table
with the spatial feature dimensions throughout the network
can be found in Appendix C. The shared model configura-
tion gives our HEAL-SWIN model the same total parameter
count as the SWIN model.

Figure 5. Example of segmentation using SWIN (left) and HEAL-
SWIN (right) on the Woodscape dataset of real automotive images.
Overlays correspond to predicted segmentation masks. The pedes-
trian (overlayed in red) is only recognized by HEAL-SWIN.

4.1.1 Real-world images

We evaluate our models using the real-world WoodScape
dataset3 [49] consisting of 8234 fisheye images of street
scenes recorded in various locations in the US, Europe and
China. The images are presented as flat pixel grids together
with calibration data which we use to project the input data
and ground truth segmentation masks onto the sphere.

Although using only eight out of the twelve base pixel of
the HEALPix grid allows for an efficient representation of
the fisheye images, some image pixels are projected to re-
gions outside of the coverage of our subset of the HEALPix
grid; see the hatched regions of Figure 8 in Appendix A.
However, the affected pixels lie at the corners of the image,
making the tradeoff well worth it for the autonomous driv-
ing tasks considered here. We restrict evaluation to the eight
base pixels.

For WoodScape, we exclude the void class from the
mean but keep it in the loss, different from the 2021 CVPR
competition [43] as explained in Appendix A. As shown
in Table 1, the HEALPix version of the SWIN transformer
outperforms the baseline with otherwise identical training
scheme and model architecture supporting the claimed ben-
efit of spherical representations. See Figure 5 for an ex-
ample of the qualitative improvement of HEAL-SWIN over
SWIN for the task of pedestrian segmentation.

We investigated whether HEAL-SWIN outperforms the
baseline in certain regions of the image and concluded that
HEAL-SWIN outperforms SWIN everywhere and not just
in a particular (e.g. very distorted) region of the image. This
is likely the case since HEAL-SWIN can benefit from dis-
torted and undistorted training regions equally, leading to a
better overall performance.

4.1.2 Synthetic images

In order to remove the effects of the labeling inaccu-
racies, we perform the analogous experiments with the

3For WoodScape, we noticed inconsistencies in the semantic labels, see
Appendix A for further details.
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Table 2. Inference times for semantic segmentation models on a
single A40 GPU. Measurements are taken from first to last model
operation in a forward pass with an input tensor of batch size one
available on the GPU. Mean and standard deviation over 200 iter-
ations with 10 iteration warm-up.

Resolution Pixels time / pixel

HEAL-SWIN 8× 256.02 5.2 · 105 297 ± 26ns
SWIN 640× 768 4.9 · 105 296 ± 39ns

same HEAL-SWIN model and SWIN baseline on the
SynWoodScape [45] dataset of 2000 fisheye images from
synthetic street scenes generated using the driving sim-
ulator CARLA [13]. We use two different subsets out
of the 25 classes provided in the dataset. All excluded
classes are mapped to void. In the first subset, which we
call Large SynWoodScape, we train on 8 classes which
cover large areas of the image, like building, ego-vehicle,
road etc. obtaining a dataset which lacks a lot of fine
details and hence minimizes projection effects between
the flat projection and HEALPix. For the second subset,
Large+AD SynWoodScape, we include further classes rele-
vant to autonomous driving, like pedestrian, traffic light and
traffic sign to create a more realistic dataset with 12 classes
and featuring finer details; see Figure 8 in Appendix A for a
sample. More details about the datasets are in Appendix A.

The performance results on the different datasets are
summarized in Table 1 and show that HEAL-SWIN outper-
forms the baseline in all cases. Figure 2 (right) shows the
results on Large+AD SynWoodScape.

Inference time Due to the efficient handling of the spher-
ical data in HEAL-SWIN, the inference time is the same
as the baseline model for the target resolution, cf. Table 2.
See Appendix Table 11 for an ablation over resolutions. At
lower resolutions, the memory layout in the HEALPix grid
enables faster inference times for HEAL-SWIN compared
to SWIN. For a comparison of the computational benefits of
the SWIN architecture compared to CNNs we refer to [37].

Dataset size ablation We also study the effects of the size
of the dataset by training on different subsets of the training
data. We train on the Large+AD SynWoodScape class sub-
set. Within a run, we use exactly the same subset for both
models, HEAL-SWIN and SWIN, while strictly increasing
the subset when moving to a larger training set. All mod-
els are trained entirely from scratch until convergence and
evaluated using the entire validation set. We find that the
HEAL-SWIN model can make better use of larger training
sets than the SWIN model, as the difference in performance
becomes larger the more training data is used as shown in
Figure 6.
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Figure 6. Semantic Segmentation for varying training set sizes.
Performance is measured as the mean intersection over union
(higher is better) computed on the HEALPix grid (spherical
mIoU).

Table 3. Performance of spherical models on the Stanford 2D-3D
segmentation task of indoor fisheye images evaluated using the
official three-fold cross-validation.

Model mIoU mAcc

Gauge CNN [9] 39.4 55.9
UGSCNN [29] 38.8 54.7
HexRUNet [50] 43.3 58.6

SphCNN [18, 19] 40.2 52.8
Spin-SphCNN [19] 41.9 55.6

HEAL-SWIN (Ours) 44.3 61.9

4.2. Semantic segmentation of indoor fisheye images

To enable a comparison between our model and other mod-
els operating on spherical representations, we trained a ver-
sion of HEAL-SWIN with about 1.5M parameters on the se-
mantic masks of the Stanford 2D-3D-S dataset [1] of 1413
RGB-D fisheye images of indoor scenes. We project the
data to a HEALPix grid of resolution nside = 64, corre-
sponding to 49k pixels. For this task, we use all twelve base
pixels of the grid. For details on the data, model architecture
and training scheme, see Appendix A and C.

In Table 3, we compare the performance of HEAL-
SWIN to the performance of similarly-sized spherical mod-
els on the same dataset trained in a similar fashion (e.g.
without data augmentation). HEAL-SWIN outperforms
comparable models in this class. We use the same data pre-
processing and weighted loss as [50].

Ablations To investigate how the model performance de-
pends on the HEALPix-specific hyper parameters, we per-
form ablations over patch size, window size, shift size and
shift strategy, as summarized in Appendix Table 9. The best
model was obtained for window size nwin = 16, patch size
npatch = 4, and a shift size of nshift = 2 with spiral shift-
ing.
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Figure 7. Depth-map ground truth for the image in Appendix Fig-
ure 8 (left) and corresponding point cloud (right). The red arrow
indicates the orientation of the camera.

4.3. Depth estimation

Estimating distances to obstacles and other road users is an
important task for 3D scene understanding and route plan-
ning in autonomous driving. In monocular depth estima-
tion, pixel-wise distance maps are predicted from camera
images. For the SynWoodScape dataset, pixel-perfect depth
maps are available on which we train our models. We use
the same architectures and training procedures as in Sec-
tion 4.1 and set the number of output channels to one.

The model is trained using an L2 loss and the depth data
is standardized to have zero mean and unit variance; in ad-
dition, the sky is masked out during training and evaluation.
In order to preserve the common high-contrast edges all re-
sampling is done using nearest neighbor interpolation.

In order to capture the quality of 3D scene predictions
of the different models, we evaluate the depth estimations
in terms of point clouds. More specifically, we generate
a point cloud from the ground truth depth values by com-
puting azimuthal and polar angles for each pixel from the
calibration information of the camera and scaling the corre-
sponding vectors on the unit sphere with the depth values,
cf. Figure 7 (right). Similarly, the SWIN predictions are
transformed into a point cloud, as are the HEAL-SWIN pre-
dictions, for which we use the pixel positions in HEALPix
for the spherical angles. Comparing the predicted point
clouds to the full-resolution ground truth point cloud leads
to an evaluation scheme which is sensitive to the 3D in-
formation in the predicted depth values. These in turn are
essential for downstream tasks.

To compare the predicted point cloud Ppred to the ground
truth point cloud Pgt, we use the Chamfer distance [2].

From the results depicted in Figure 2 (left),4 it is evident
that the point clouds predicted by HEAL-SWIN match the
ground truth point cloud better than the point clouds pre-
dicted by the SWIN transformer, indicating that the HEAL-
SWIN model has indeed learned a better 3D representation

4For completeness, we want to mention that one HEAL-SWIN run per-
formed very differently from the others with a Chamfer distance of 6.784.
According to Chauvenet’s criterion this run should be classified as an out-
lier and is therefore not included in the figure.

of the spherical images.

5. Conclusion
We constructed the efficient spherical vision tranformer
HEAL-SWIN, combining the HEALPix spherical grid with
the SWIN transformer. We showed superior performance of
our model on the sphere, in comparison to a baseline SWIN
model, for depth estimation and semantic segmentation on
automotive and indoor fisheye images.

Although showing high performance already in its
present form, HEAL-SWIN still has ample room for im-
provement. Firstly, in the presented setup, the grid is cut
along base pixels to cover half of the sphere, leaving parts
of the image uncovered while parts of the grid are unused.
This could be improved by descending with the boundary
into the nested structure of the grid and adapting the shift-
ing strategy accordingly. Secondly, the relative position bias
currently does not take into account the different base pix-
els around the poles and around the equator. This could be
solved by a suitable correction deduced from the grid struc-
ture. Thirdly, the UNet-like architecture we base our setup
on, is not state-of-the-art in tasks like semantic segmenta-
tion. Adapting a modern vision transformer decoder head
to HEALPix could boost performance even further.

Finally, our setup is not yet equivariant with respect to
rotations of the sphere. For equivariant tasks like seman-
tic segmentation or depth estimation, a considerable perfor-
mance boost can be expected from making the model equiv-
ariant [21]. In this context it would also be very interest-
ing to investigate equivariance with respect to local trans-
formations. This has been thoroughly analyzed for CNNs
in [6, 9, 22] and a gauge equivariant transformer has been
proposed in [28].
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