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ABSTRACT
Omnidirectional images reveal advantages when addressing the understanding of the environment due to the 360-degree
contextual information. However, the inherent characteristics of the omnidirectional images add additional problems to obtain
an accurate detection and segmentation of objects or a good depth estimation. To overcome these problems, we exploit
convolutions in the frequency domain, obtaining a wider receptive field in each convolutional layer, and convolutions in the
equirectangular projection, to cope with the image distortion. Both convolutions allow to leverage the whole context information
fromomnidirectional images. Our experiments show that our proposal has better performance onnon-gravity-oriented panoramas
than state-of-the-art methods and similar performance on oriented panoramas as specific state-of-the-art methods for semantic
segmentation and for monocular depth estimation, outperforming the sole other method which provides both tasks.

1 Introduction

In recent years, the research community has put a great effort into
the 3D scene understanding problem from images [1]. Among
the different branches in the scene understanding field, object
detection and segmentation [2] has great interest for interaction
while depth estimation [3] is more interesting for 3D mapping
and navigation.

Previous approaches to indoor scene understanding rely on using
conventional cameras with classic algorithms (i.e., ORB-SLAM
[4] for 3D mapping and localization). With the rise of deep
learning approaches [5], several solutions for depth [6, 7] and
semantic segmentation [8] from perspective images appeared.
Even though these solutions provide good results, conventional
cameras still lack one key feature in navigation: awareness of the
surroundings. Conventional cameras provide a limited field of

view which makes it difficult to obtain a complete knowledge of
the environment.

Omnidirectional cameras, such as fish-eye or panoramic cameras,
provide a better understanding of the environment in a single
image. With a field of view up to 360 degrees, these cameras
encode the whole environment’s information into a single image.
However, we find some challenges that we do not find on
conventional cameras. The first challenge is the image distortion
of these omnidirectional cameras. Due to the wide field of view,
the projection model of these cameras carry heavy distortion in
some areas of the image (i.e., in equirectangular panoramas, the
top and bottom part of the images are heavily distorted since, in
the extreme, one pixel is stretched in the whole image width).
The second challenge is the few number of labelled datasets for
general or specific purposes. Since these images have only being
used in the last decade and it is difficult to manually annotate the
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FIGURE 1 Overview of our proposal. From a single RGB panorama (a), we make a semantic segmentation (b) and estimate a depth map (c) of an
indoor environment. With this information we are able to reconstruct in 3D the whole environment (d).

images due to the distortion, there are few datasets and the ones
that can be found are not very large.

In this work, we aim to cope with these scene understanding
challenges. We present a neural network that jointly provides
semantic segmentation and monocular depth estimation of
indoor environments from a single equirectangular panorama
(see Figure 1). We propose the use of the Fast Fourier convo-
lution (FFC) [9] to leverage the wider receptive field of these
convolutions. We also use convolutions adapted to the equirect-
angular distortion [10] to take advantage of the wide field of
view of 360 panoramas. Besides, we propose a joint training of
semantic segmentation and depth, where each task can benefit
from the other. We further explore the use of different loss
functions for semantic segmentation and optimization processes
to compute the hyper-parameters for the global loss function.
From the scarcity of labelled data, we present a new tool for a
better panoramic image stitching and the possibility of obtaining
semantic segmentation maps in equirectangular projection from
the Matterport3D dataset [11].

The main contributions of this work can be summarized as:

1. We evaluate the robustness and adaptability of several
learning-based solutions formonocular depth estimation and
semantic segmentation on non-gravity-oriented panoramas.

2. We jointly exploit convolutions adapted to the equirectangu-
lar projection, obtaining a better distortion management in
the equirectangular panorama, and the fast Fourier convolu-
tion, obtaining a wider receptive field in early layers of the
network increasing the context information for indoor scene
understanding.

3. We propose a joint training of monocular depth and semantic
segmentation, leveraging the similarities between both tasks
to obtain better predictions.

2 RelatedWork

Among the 3D scene understanding topics, the semantic segmen-
tation and monocular depth estimation problems have attracted
the attention of researchers in the last years. Besides, with the use
of omnidirectional images,we can find several approaches to cope
with the distortion and leverage context information.

Semantic Segmentation. The semantic segmentation on per-
spective images is a well-studied field. We can find many works
on object detection [12], semantic segmentation [13, 14] or both
tasks [15] from perspective cameras. These approaches provide

good results but lack context information. On the other hand, the
use of omnidirectional images provides a better understanding
of the surroundings and new approaches are appearing. We
can find works on object detection [16] or segmentation [17]
or both at the same time [18] which use convolutional neural
networks, attention modules [19, 20] or transformers [21, 22].
Since omnidirectional images present heavy distortions (e.g., in
spherical projections, like equirectangular images, this distortion
is more accentuated in the mapping of the poles) these kinds
of images are difficult to manually annotate. Nevertheless, due
to the wide field of view of these images (e.g., in the spherical
projection, we can see all the surroundings in a single image),
the use of omnidirectional images in semantic segmentation is
an active field of study since we can obtain a complete semantic
understanding of the environment from a single image.

Depth Estimation. Monocular depth estimation is a research
topic that has been in the spotlight in recent years. Recent
approaches rely on deep learning methods, such as [23], which
proposes convolutions adapted to the camera calibration, [24]
propose relative depth maps and [25] estimate the camera cal-
ibration and depth maps at the same time, all in perspective
cameras. On omnidirectional cameras, first approaches used
convolutional networks [26]. New ones combine convolutional
networks with: recurrent networks [27], attention modules [19,
28] or transformers [22, 29]. The use of twin networks has also
been studied in [30, 31] as well as different fusion methods [32].
Each work presents particular approaches for monocular depth
estimation, being an open field of study with great interest and
many applications.

Network Architecture. Previous works on semantic segmenta-
tion or depth estimation rely on convolutional encoder-decoder
architectures with some recurrent [27] or attention mecha-
nism [19] as hidden representation of the environment. These
approaches of encoder-decoder architecture which rely on stan-
dard convolutions [26] suffer from slow growth of the receptive
field of the convolutions, losing general context information.
More recent approaches overcome this problem decomposing
the panoramic image into several gnomic projections to take
advantage of standard convolutions [17] or visual transformers
[33, 34], using a spherical geometric positional encoding for
feature fusion.

Our method is inspired by works that try to adapt convolutional
neural networks [5] to the particular distortion of equirectangular
panoramas [21]. In particular, we propose an encoder–decoder
architecture with convolutions adapted to spherical distortion,
EquiConvs [10], as well as convolutions in the frequency domain
with a higher receptive field, fast Fourier convolutions (FFC)
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[9]. With distortion-aware convolutions and a higher receptive
field, we are able to obtain more context information of the
environment directly from a single panorama. We believe that
learning directly from the spherical model provides continuous
context information, which is lost in the decomposition of the
panorama in patches of transformed-based networks. Besides,
adapting the network to the distortion allows a more robust
behaviour againstmore general conditions (i.e., panoramas under
different orientations).

3 Monocular Depth and Semantic Segmentation

In this article we build upon the architecture presented in [35].
We present an encoder–decoder architecture with Resnet-50
[36] as initial feature extractor and separate branches for depth
estimation and semantic segmentation, as seen in Figure 2. We
use multi-resolution encoding and decoding, in order to obtain
a multi-scale features, and the use of weighted skip connections
between encoder and decoder. Each branch takes intermediate
feature maps from the decoder, obtaining multi-scale informa-
tion. The main novelties of the architecture are the building
blocks used, combining frequency and spatial convolutions, and
the multi-branch decoder designed for the joint training of
both tasks.

As main difference with the previous work, we change the
standard convolutions by convolutions adapted to the equirect-
angular projection in parallel with the fast Fourier convolutions.
Furthermore, we alsomake an extended study of the loss function
for training and the adjustment of the hyper-parameters. In this
section we present these novelties.

3.1 Equirectangular Convolutions

Kernels are the keystone of convolutional neural networks
(CNN). Conventional kernels are square filters that go through
images or feature maps obtaining new feature maps. Previous
works addressed the problem: what happens if we change the
shape of the kernel? The work [37] was the first to present a
learned deformable kernel, improving the performance of CNN
on several tasks. In this work, we also propose the use of
deformable kernels, but in our case we are not learning them.
We use the equirectangular projection to compute the kernel

FIGURE 3 Equirectangular panorama with padding and convolu-
tions on different places. From left to right: Standard convolution, learned
deformable convolution [37], Equirectangular convolution [10]. In empty
black circles are where the standard convolutions would be located.

deformation adapting our network to the distortion of equirectan-
gular panoramas. Figure 3 shows the differences among standard,
deformable and equirectangular kernels.

The convolutional kernels that we use in this work are called
EquiConvs and were first presented by [10]. Taking advantage of
the closed form of the equirectangular projection, we can deform
the kernel to adapt its geometry to the equirectangular distortion.
This deformation comes from computing a set of offsets for the
kernel in each pixel of the image or feature map.

In a similar manner as [10], we define a kernel of resolution 𝑟𝑤 ×
𝑟ℎ as: 𝐤𝐢𝐣 = [𝑖, 𝑗, 𝑑], where 𝑖, 𝑗 are in the range

[
− 𝑟−1

2
,
𝑟−1

2

]
and 𝑑 is

the distance from the center of the sphere to the kernel.

Defined the kernel as a plane tangent to the sphere, we rotate
the kernel to match its center with the pixel coordinates we want
to apply the convolution on as: 𝐤𝐢𝐣 =

[
𝑥𝑖𝑗, 𝑦𝑖𝑗, 𝑧𝑖𝑗

]
= ℛ𝑜𝑡 𝐤𝐢𝐣∕|𝐤𝐢𝐣|,

where ℛ𝑜𝑡 is the rotation matrix to the pixel where we apply the
convolution. Once defined the kernel in the correct position, we
use the back projection model to define the kernel back into the
equirectangular image domain.

𝜙𝑖𝑗 = arctan

(
𝑥𝑖𝑗

𝑧𝑖𝑗

)
; 𝜃𝑖𝑗 = arcsin

(
𝑦𝑖𝑗

)
(1)

FIGURE 2 Network architecture. The encoder part is formed by a feature extractor (ResNet50) and four encoder blocks. The decoder part is formed
by six decoding blocks and two branches that predict depth and semantic segmentation.
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First, we compute the spherical coordinates of the kernel’s
projecting rays (see Equation 1) and then we compute the pixel
coordinates as:

𝑢𝑖𝑗 =
(

𝜙𝑖𝑗

2𝜋
+ 0.5

)
𝑊; 𝑣𝑖𝑗 =

(
−
𝜃𝑖𝑗

𝜋
+ 0.5

)
𝐻, (2)

where (𝑊,𝐻) is the panorama width and height and (𝑢𝑖𝑗, 𝑣𝑖𝑗) are
the pixel coordinates of the kernel in the image.

3.2 Loss Function

We introduce the loss function used for training, based in the
prior work [35]. We define each individual loss and present
our combined loss function. Semantic segmentation and depth
estimation have common characteristics that can benefit from
each other [38](i.e., object edges are clear on the semantic
segmentation map and define a discontinuity in the depth map;
room layouts define 3D planes in the depth map and can aid the
detection of the structural elements in the segmentation map).
We want to take advantage of these similarities by making a
joint training where the semantic segmentation and the depth
estimation can be jointly predicted.

For the semantic segmentation loss 𝐿𝑆𝑒𝑔, we use the standard
Cross Entropy Loss and weights for the classes, as a solution for
the class imbalance in the dataset.

𝐿𝐶𝐸 = −
𝐶∑

𝑐=0

𝑤𝑐𝑦𝑐 log(𝑦̂𝑐), (3)

where𝑤𝑐 denotes the weight for the class c from the C number of
classes, 𝑦𝑐 is the true label for class c and 𝑦̂𝑐 is the prediction for
the same class. We also compare this solution with the proposed
in [39] called Recall Loss. This loss is computed as:

𝐿𝑅𝑒𝑐𝑎𝑙𝑙 = −
𝐶∑

𝑐=0

𝐹𝑁𝑐

𝐹𝑁𝑐 + 𝑇𝑃𝑐

𝑁𝑐 log(𝑃
𝑐), (4)

using the same notation as in the original paper where 𝐹𝑁𝑐 are
false negatives of class c, 𝑇𝑃𝑐 the true positives, 𝑁𝑐 the count of c
class pixels and 𝑃𝑐 is the geometric mean confidence of the class.

For the depth estimation loss 𝐿𝐷𝑒𝑝 we use the Adaptive Reverse
Huber Loss (Equation 5), defined as:

𝐵𝑐(𝑒)

⎧⎪⎨⎪⎩
|𝑒| |𝑒| ≤ 𝑐

𝑒2+𝑐2

2𝑐
|𝑒| > 𝑐

, (5)

where 𝑒 = 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 − 𝐺𝑟𝑜𝑢𝑛𝑑𝑇𝑟𝑢𝑡ℎ and 𝑐 is defined as the 20%
of themaximum absolute error for each training batch. Following
the same idea as [27], we also define the loss function as the sum
of the adaptive reverse Huber loss on the depth map as well as
the gradients (approximated as Sobel filters). The final 𝐿𝐷𝑒𝑝 is
computed as:

𝐿𝐷𝑒𝑝 = 𝐵𝑐1
(𝑒) + 𝐵𝑐2

(∇𝑥) + 𝐵𝑐2
(∇𝑦), (6)

where 𝑒 defines the absolute depth error between the prediction
and ground truth, ∇𝑥,∇𝑦 define absolute error between the x, y
gradients of the prediction and ground truth, respectively, 𝑐1 is
the threshold in Equation (5) for the absolute depth map and 𝑐2 is
the threshold in Equation (5) for the gradients.

We add another two losses to help in the joint training process.
The first one is the margin loss, in order to force the depth
estimation branch to fill the depth range between the closest and
farthest pixels. We compute the mean square difference between
the minimum and maximum values of prediction and ground
truth in each batch as:

𝐿𝑚𝑎𝑟 =

(
𝑦𝑚𝑎𝑥
𝑔𝑡 − 𝑦𝑚𝑎𝑥

𝑝𝑟𝑒𝑑

)2

+
(
𝑦𝑚𝑖𝑛
𝑔𝑡 − 𝑦𝑚𝑖𝑛

𝑝𝑟𝑒𝑑

)2

2
, (7)

where 𝑦𝑚𝑎𝑥
𝑔𝑡 , 𝑦𝑚𝑎𝑥

𝑝𝑟𝑒𝑑
, 𝑦𝑚𝑖𝑛

𝑔𝑡 and 𝑦𝑚𝑖𝑛
𝑝𝑟𝑒𝑑

are themaximum andminimum
values of the ground truth and predicted depthmaps, respectively.
The second one is an object oriented loss 𝐿𝑜𝑏𝑗 . This loss helps
the network to better define the objects boundaries as well as
create the depth discontinuities that appear in these boundaries.
To compute the loss, we first compute per-class depth maps from
the network prediction and ground truth. Then we compute the
mean of the mean squared error (MSE) of each class depth map
to obtain the final 𝐿𝑜𝑏𝑗 as:

𝐿𝑜𝑏𝑗 =
1

𝐶

𝐶∑
𝑖=0

(𝑦𝑔𝑡
𝑖 − 𝑦𝑝𝑟𝑒𝑑

𝑖)2, (8)

where 𝐶 is the number of classes and 𝑦𝑔𝑡
𝑖 , 𝑦𝑝𝑟𝑒𝑑

𝑖 are the ground
truth and predicted class depth maps for the class 𝑖, respectively.

Our final training loss is the combination of the previous losses.
This joint loss function is computed as:

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝛼1 ⋅ 𝐿𝑆𝑒𝑔 + 𝛼2 ⋅ 𝐿𝐷𝑒𝑝 + 𝛼3 ⋅ 𝐿𝑚𝑎𝑟 + 𝛼4 ⋅ 𝐿𝑜𝑏𝑗, (9)

where 𝛼𝑖 are hyper-parameters to weight the relevance of each
individual loss in the final joint loss function. At first, we empir-
ically set these hyper-parameters to 𝛼 = [8.0, 12.0, 0.001, 4.0].
After a first training, we make a Bayesian optimization with the
tool Adaptive Experimentation Platform1 to optimize these hyper-
parameters to obtain the best validation metric for our network.

4 Experiments on Oriented Panoramas

In this section, we present several ablation studies to evaluate
and validate the different design decisions made for our network.
We also compare our proposal with state-of-the-art methods that
provide depth, semantic segmentation or both tasks. But first,
we present our proposal for panoramic image stitching for the
Matterport3D dataset.

4.1 Panoramic Stitching of Matterport3DS
Dataset

The Matterport3D dataset [11] is a great collection of perspective
images taken in indoor environments with an array of cameras
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FIGURE 4 Comparison of panoramic stitching. On the left, results
of the tool provided by Joanneum research. On the right, results of our
proposal. Notice the zoom detail where our proposal provides a seamless
panorama.

to cover 360 degrees field of view. The dataset provides the color
images and depth scans as perspective images. Furthermore, they
also provide a 3D reconstruction of the different environments
as 3D meshes with semantic information in the nodes of the
meshes. In order to obtain semantic and depth information in the
equirectangular projection, we generate the panoramic images
from the raw data provided in the original dataset. We generate
the same number of panoramic images as locations are in the
dataset. We keep the same train-test split of the original work,
providing a multi-modal comparison for future works, that is,
the possibility to compare perspective vs panoramic images in the
same environments.

To obtain the color panoramas, we blend the perspective images
in the equirectangular projection using Gaussian Pyramids [40],
reducing the artefacts in the intersection of the perspective
images. The blending also takes into account the brightness of
the scene, adapting the brightness of the perspective images to
avoid hard changes in the illumination conditions in consecutive
or overlapping images. Even if the implementation is similar to
tools previously proposed2, we observe great differences in the
resulting panorama, as can be seen in Figure 4 where the inter-
section of the perspective images is clearly visible. Depth maps
are built blending the perspective scans into the equirectangular
projection and computing the average depth in overlapping areas.
Also, depth measures are corrected with the extrinsic calibration
of the array of cameras to compute the distance from focal center
of each panorama.

The main novelty that we present are the semantic segmentation
maps. These maps are retrieved from the 3D meshes of each
environment, where the semantic information is available in the
raw data. To retrieve and project this semantic information, we
build a virtual environment with the 3D mesh and fill each
triangle of the mesh with the label of the nodes. Three cases can
appear: if the three nodes have the same label, the triangle takes
that semantic label; if one node has a different label than the
other two, the triangle takes the semantic label of the two nodes;
if each node has a different label, the triangle takes no semantic
label, that means, that triangle get the “unknown” label. Once
the virtual environment is built, the image acquisition follows
the pipeline described in OmniSCV [41]. We obtain 6 perspective
images (a.k.a. cubemap) in the same locations as the color images

and project these images into the equirectangular projection.
We use the extrinsic calibration of the whole array of cameras
in each position to correctly align the semantic segmentation
maps with the color and depth panoramas obtained from the
raw acquisitions.

4.2 Ablation Study

In this section we evaluate different training methods on sev-
eral network configurations to obtain the network that better
generalizes to unknown environments. In [35] we presented
ablation studies regarding the joint training and the proposed
loss functionswith fixed hyper-parameters. Here, we extend these
experiments and, for a better understanding, we split the results
obtained in 3 experiments. In all the experiments we compare
our proposal with standard convolutions and with EquiConvs.
We show two metrics for each task: mean relative error (MRE)
and an inlier ratio (𝛿1) for depth estimation and the mean
Intersection over Union (mIoU) and mean Accuracy (mAcc)
for semantic segmentation. Training is performed in one GPU
NVIDIAGeForce RTX3090-Ti with an initial learning rate of 1e-5.
We use the first folder split from Stanford2D3DS [42] for training,
leaving Area 5 only for test. We make an inner split in the train
set (all areas except Area 5) of 80%–20% as train-validation sets.
We use the validation set for comparison in this ablation study
and finally we use the test set to select the network that better
generalizes to unknown environments.

We name each network with a four-attribute code where: the first
attribute describes if we use an spectral block (F) or if we use
a convolutional layer instead the Fourier block (X); the second
attribute describes if we use standard convolutions (Std) or
Equiconvs (Equi); the third attribute describes the semantic seg-
mentation loss used during training as (CE) for the cross entropy
loss or (RL) for the recall loss; and the last attribute describes
if we use the Bayesian optimization (B) for the tune of hyper-
parameters or if we don’t (X). For example, the code F-Std-CE-X
describes a network with FFC and standard convolutions, trained
with the cross entropy loss and with hand-set hyper-parameters.

4.2.1 Loss Function

In this experiment, we compare the performance of the network
with the two proposed loss functions for semantic segmentation:
cross entropy and recall loss. The training of these networks has
been done from scratch and with the hyper-parameters set by
hand, that is, 𝛼 = [8.0, 12.0, 0.001, 4.0]. From the results shown in
Table 1, we infer that the cross entropy and recall loss have similar
performance, being better the depth estimation with the recall
loss and better the semantic segmentation with the cross entropy
(taking into account both semantic metrics). This behaviour may
be due to the balance between both branches of the network,
which may fight each other for a better performance.

4.2.2 Hyper-Parameter Optimization

After the first training of the networks, we perform a Bayesian
optimization in the hyper-parameters in order to improve their
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TABLE 1 Ablation study. Loss functions comparison evaluated on
the validation set.

Network MRE ↓ 𝜹𝟏 ↑ mIoU ↑ mAcc ↑

F-Std-CE-X 0.0589 0.9059 62.40 84.47
F-Std-RL-X 0.0545 0.9172 62.69 79.59
F-Equi-CE-X 0.0626 0.9009 62.26 84.14
F-Equi-RL-X 0.0576 0.9145 62.26 78.96

TABLE 2 Ablation study. Bayesian optimization evaluated on the
validation set.

Network MRE ↓ 𝜹𝟏 ↑ mIoU ↑ mAcc ↑

F-Std-CE-B 0.0412 0.9404 71.12 89.76
F-Std-RL-B 0.0408 0.9409 75.61 88.73
F-Equi-CE-B 0.0461 0.9378 71.45 89.15
F-Equi-RL-B 0.0510 0.9258 72.56 86.42

TABLE 3 Ablation study. Convolution influence evaluated on the
validation set.

Network MRE ↓ 𝜹𝟏 ↑ mIoU ↑ mAcc ↑

F-Std-CE-X 0.0589 0.9059 62.40 84.47
X-Std-CE-X 0.0629 0.8998 62.27 84.29
F-Equi-CE-X 0.0626 0.9009 62.26 84.14
X-Equi-CE-X 0.0666 0.8862 58.43 83.13

performance. The evaluation results are shown in Table 2. When
tuning the hyper-parameters with the Bayesian optimization, the
metrics obtained during training increase significantly. This can
mean two things: the network generalizes better or the fine tune
over fits to the validation set.

4.2.3 Convolutions

Additionally, we perform another experiment to evaluate the
influence of each type of convolution in the final performance
of our network. In this experiment we compare the presented
architecture but changing the spectral block from theFourier block
by a convolutional layer, standard or equirectangular. The results
shown in Table 3 strengthen our proposal, the use of convolutions
in the frequency domain help the network to better understand
the scene.

4.2.4 Performance in Unknown Environments

Finally, we evaluate the generalization to unknown environments
of the several training configurations proposed using the test split
of Stanford2D3DS (Area 5 of the dataset). From this evaluation
we have selected the two best networks for the state of the art
comparison:we take the best networkwith standard convolutions
and the best with EquiConvs. The results are shown in Table 4,

TABLE 4 Ablation study. Performance in unknown environments.
We evaluate different trainingmethods and proposed architectures on the
test set. Selected networks for SOTA comparison are in bold.

Network MRE ↓ 𝜹𝟏 ↑ mIoU ↑ mAcc ↑

F-Std-CE-X 0.0961 0.8313 44.85 64.45
F-Std-RL-X 0.0888 0.8416 42.61 58.63
F-Std-CE-B 0.0968 0.8481 45.64 63.76
F-Std-RL-B 0.0964 0.8483 46.31 58.79
X-Std-CE-X 0.0979 0.8147 44.31 64.01
F-Equi-CE-X 0.0993 0.8270 43.29 63.27
F-Equi-RL-X 0.0945 0.8414 42.01 56.31
F-Equi-CE-B 0.1010 0.8533 45.32 62.24
F-Equi-RL-B 0.1046 0.8357 44.82 56.56
X-Equi-CE-X 0.0999 0.7927 42.35 62.90

where we can see that the Bayesian optimization does not provide
a great improvement in the performance of the network, which
may lead that this fine tuning over fits the network to the
validation set. Nevertheless, these networks are the ones that
provide the best performance on gravity-oriented panoramas.

4.3 State of the Art Comparison

From the different configurations of our proposal (see Sec-
tion 4.2), we select one that uses standard convolutions (F-Std-
CE-B) and other with EquiConvs (F-Equi-CE-B) in parallel with
the FFC for the comparison with state-of-the-art methods. The
metrics used for the depth estimation task are the standard
metrics introduced by [26].We use themean relative error (MRE),
mean absolute error (MAE), mean square error of linear (MSE)
and logarithmic (MSElog) measures, and three relative accuracy
measures defined as the fraction of pixels where the relative
error is within a threshold of 1.25𝑛 for 𝑛 = 1, 2, 3 (𝛿1, 𝛿2, 𝛿3).
On the other hand, for the semantic segmentation task, we use
standard metrics as the mean intersection over union (mIoU),
computed as the average IoU for each class except the unknown
class; and the mean accuracy (mAcc), computed as the average
accuracy for each class except the unknown class. The exper-
iments have been conducted using two datasets of panoramic
images: Stanford2D3DS [42] and Matterport3D [11] with our
presented stitching.

We compare our proposal with task-specific state-of-the-art
methods for semantic segmentation task and depth estimation
task. We evaluate methods with different architectures, from
convolutional-based to attention-based. The methods evaluated
are those where network and weights are publicly available and
can be tested with the same dataset and metrics.

For the depth estimation task, we compare our work in the
Stanford2D3DS dataset [42], following the first folder split, with
HohoNet [19] and OmniFusion [29]. We also compare our
proposal in the Matterport3D dataset [11] against HohoNet [19]
and SliceNet [27].
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TABLE 5 Quantitative comparison for depth estimation on gravity-oriented panoramas. In bold are the two best metrics.

Dataset Network MRE ↓ MAE ↓ MSE ↓ MSElog ↓ 𝜹𝟏 ↑ 𝜹𝟐 ↑ 𝜹𝟑 ↑

Stanford2D3DS [42] HohoNet [19] 0.0812 0.1162 0.3137 0.0367 0.8838 0.9674 0.9880
OmniFusion

[29]
0.0798 0.1566 0.1443 0.0480 0.8619 0.9654 0.9771

F-Std-CE-B 0.0968 0.1320 0.2738 0.0430 0.8481 0.9589 0.9863
F-Equi-CE-B 0.1010 0.1305 0.2638 0.0439 0.8533 0.9579 0.9848

Matterport3D [11] HohoNet [19] 0.8847 0.4170 0.5610 0.0576 0.8409 0.9483 0.9781
SliceNet [27] 0.8434 0.4398 0.4836 0.1036 0.7974 0.9231 0.9671
F-Std-CE-B 0.7220 0.3815 0.7036 0.0782 0.7517 0.9201 0.9695
F-Equi-CE-B 0.7022 0.3883 0.6635 0.0846 0.7366 0.9125 0.9658

FIGURE 5 Qualitative comparison of state-of-the-art methods for depth estimation on gravity-oriented panoramas in the Stanford2D3DS data-set
[42].

For the semantic segmentation task, we compare our network
with HohoNet [19] and Trans4PASS [21]. We evaluate on the
Stanford2D3DS dataset, following the first folder split. We also
provide quantitative results of our network in the PanoramicMat-
terport3DS dataset, with the same labelling as the Stanford2D3DS
dataset. Results of other networks are not available since there
is no other work that evaluates semantic segmentation on the
Matterport3DS dataset with equirectangular panoramas.

Notice that HohoNet appears in both comparisons. This is the
only existing method that provides both semantic segmentation
and depth estimation from a similar network architecture with
public code for evaluation. However, HohoNet uses ground truth
depth aswell as RGBdata as input for semantic segmentation. For
a fair comparison, we use the depth output of HohoNet as input
for the semantic segmentation task (this configuration is different
from their original experiments).

The quantitative results of the evaluation of depth estimation
and semantic segmentation are presented in Tables 5 and
6, respectively. We also present a qualitative comparison for
depth estimation and semantic segmentation on Figures 5 and
6, respectively.

The experiments show that our method has better performance
on semantic segmentation and similar on depth estimation than
the only other evaluated method that provides both tasks [19].
In the comparison with task-specific methods, we observe that
we are close in performance in each task, but we obtain more
information with the same network and at the same time.

TABLE 6 Quantitative comparison for Semantic Segmentation on
gravity-oriented panoramas. Greater metrics is better. In bold are the two
best metrics.

Dataset Network mIoU mAcc

Stanford 2D3DS [42] HohoNet [19] 35.6 45.7
Trans4PASS-T

[21]
47.7 58.2

Trans4PASS-S
[21]

52.3 62.7

F-Std-CE-B 45.6 63.8
F-Equi-CE-B 45.3 62.2

Panoramic
Matterport3DS

HohoNet [19] — —
Trans4PASS-T

[21]
— —

Trans4PASS-S
[21]

— —

F-Std-CE-B 35.4 57.4
F-Equi-CE-B 37.3 52.5

In particular, in the Stanford2D3DS dataset, we have similar
performance than the other twomethods in depth estimation and
outperformHohonet by amargin in semantic segmentation, with
the same network and weights. The strength of our proposal is
presented in the next section where we evaluate these architec-
tures in rotated panoramas. Additionally, the qualitative results
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FIGURE 6 Qualitative comparison of state-of-the-art methods for semantic segmentation on gravity-oriented panoramas in the Stanford2D3DS
data-set [42].

of the transformer-based approach shows little inconsistencies on
depth estimation maps, being visible the image patches, while
convolutional methods provide smoother maps. However, the
qualitative comparison on semantic segmentation shows that all
methods provide smooth results.

5 Experiments on Rotated Panoramas

Indoor datasets of panoramic images are often aligned with
the gravity direction. This means that the distribution of the
environment is almost always the same: floor at the bottom of
the image, ceiling at the top and walls in the middle. However,
for indoor navigation systems, this particular orientation could
not be completely fulfilled (i.e., when flying a drone indoors,
bi-pedal or quad-pedal robots or taking the camera by hand),
therefore this distribution can change. In this section, we evaluate
the robustness of different networks to non-gravity-oriented
panoramas. To obtain these images, we take the images from the
Stanford2D3DS dataset [42] and rotate these panoramas around
a horizontal axis.

5.1 Ablation Study

We evaluate how the proposed convolutions and training meth-
ods behave under rotated panoramas. All networks have been
trained on gravity oriented panoramas in the Stanford dataset.
The evaluation is made in the test set (Area 5) rotating the
panoramas around an axis in the horizon plane and a fixed angle.
Results of this experiment are shown in Figure 7. Additionally, we
present qualitative results of success and failure cases of rotated
panoramas in Figure 9.

In the hyper-parameters’ comparison (see curves with B attribute
at Figure 7) we observe that, for small rotation angles, networks
with the Bayesian optimization provide the best performance.
However, as we increase the angle of rotation, these networks
decrease their performance faster than any other, ending as the
worst solution. Our intuition is that networks with Bayesian
optimized hyper-parameters over fit the validation data (used for
the hyper-parameter tuning), generalizingworse onmore general
environments. In the comparison of convolutions, on depth
estimation (see first two graphs on Figure 7) we can observe that,
for all the angles, the networkswith equirectangular convolutions
provide the best performance, F-Equi-CE-B at first and F-Equi-
CE-X for greater angles. However, for semantic segmentation (see

last two graphs on Figure 7) this behaviour does not apply and F-
Std-CE-X prevails as the best option for almost all angles. These
results show that equirectangular convolutions may not pro-
vide the best performance for gravity-oriented equirectangular
panoramas. Nevertheless, we do see a trend where Equiconvs are
more robust than standard convolutions on non-gravity-oriented
panoramas, presenting less performance decay.

5.2 State of the Art Comparison

In this experiment, we compare different state-of-the-art net-
works and evaluate how well they generalize to non-gravity-
oriented panoramas. For that purpose, we test the networks
as in the previous experiment. Additionally, we fine tune the
networks on non-gravity-oriented panoramas to evaluate their
behaviour when they have learned under these circumstances.
To differentiate the networks trained on non-gravity-oriented
panoramas, we include at the end of their name the attribute “-
r”. The training is made rotating the panoramas around a random
axis in the horizon plane and an angle sampled from an uniform
distribution 𝒰(−10◦, 10◦). The evaluation is made rotating the
panoramas around an axis in the horizon plane and a fix angle
between 0 and 30 degrees. Results of this experiment are shown
in Figure 8.

From the results presented of our proposal, we observe that the
initial performance of the networks trained on gravity-oriented
panoramas is a bit better than the networks trained on non-
gravity-oriented panoramas. However, as we increase the rotation
angle, those trained on non-gravity-oriented panoramas are
significantly more robust. We also observe that the network with
the Equiconvs performs better that the network with standard
convolutions, validating their use on more general conditions.

Analysing the performance of OmniFusion [29], we observe that
it has an uneven behaviour while the rotation angle increases.
On the other hand, OmniFusion-r has greater performance and a
more stable behaviour, being the network with best performance
in the training range (i.e., up to 10◦). However, it suffers a bigger
performance decay for new rotation angles than our proposed
method. Our intuition is that the division of the rotated panora-
mas into patches for the visual transformermakesOmniFusion to
struggle at some angles, while does not affect at others. Besides,
we believe that OmniFusion-r learns the rotation while training
but struggles to generalize outside training data, obtaining even
worse results than OmniFusion.

8 of 12 IET Image Processing, 2025
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FIGURE 7 Ablation study of the different training and architec-
tures under different rotation angles.

FIGURE 8 Comparison of the different state-of-the-art methods
under different rotation angles. The methods which name finish as “-r”
have been trained on rotated panoramas.
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FIGURE 9 Qualitative result of non-gravity oriented panoramas rotated 15◦ around an axis in the 𝑋 − 𝑌 plane. In the first two examples (first 4
rows), we present successful cases while in the last example (last two rows) we present the worst found case. Results are from our network on rotated
panoramas, F-Equi-CE-X-r.

The results of HohoNet [19] for depth estimation show that has
a great performance with small angles, but it decays really fast as
the rotation angle increases. For the semantic segmentation task,
the performance also decreases faster than on other methods.
On the other hand, HohoNet-r presents really bad results from
the beginning. Even if the performance is more constant than
HohoNet, the quantitative results are worse than other methods.

We think that the 1D representation of this architecture cannot
handle different orientations during training, which leads to
worse performances on evaluation.

After these experiments we believe that the 1D representation of
the environment of HohoNet and the patch division of Omni-
Fusion does not allow the networks to generalize to different

10 of 12 IET Image Processing, 2025
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orientations of the panorama outside the training data while the
fast Fourier convolutions andEquiConvs aremore suited formore
general conditions. In this aspect, our proposal is able to better
adapt to a more general problem, obtaining more robust and
stable results in unknown conditions and outperforming the state
of the art in non-gravity-oriented panoramas.

6 Conclusion

In this paper we present a novel approach to jointly estimate
monocular depth and semantic segmentation from panoramas in
challenging conditions, such as non-gravity oriented panoramas.
We have evaluated different components of common convo-
lutional architectures, observing that the combination of fast
Fourier convolutions and equirectangular convolutions does
improve the performance and robustness of our proposal with
rotated panoramas, providing a better generalization of the
network on more general and challenging conditions.

In the comparison with the state of the art, we observe how our
proposal have a more predictable behaviour, achieving the best
performance for unknown conditions in both, depth estimation
and semantic segmentation against single task neural networks.
Besides, our experiments on oriented panoramas show that our
proposal has slightly better performance than the sole state-
of-the-art method that obtains both tasks, depth estimation
and semantic segmentation in equirectangular images. Even
though, task specific methods can achieve better performance on
each individual task, our proposal is able to obtain both tasks
simultaneously and from a single RGB panorama.

Our current approach can only handle the distortion of
panoramic images. In a future work, we would like to extend this
idea to different imagery, such as fisheye or catadioptric systems.
Besides, our neural network is too large to be incorporated in
portable devices. For future applications, we would like to reduce
the dimensionality and requirements of our proposal to be able
to work on wearable devices or autonomous robots. Finally, one
limitation of the method can be seen in Figure 9. Our proposal
is the one with the best performance in rotated panoramas and
unknown rotations, however it still struggles with big rotations.
As future work, we will improve our proposal, finding new
methods to handle the image rotation.
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