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Abstract. Non-upright panoramic images often suffer from distor-
tion due to camera tilt, which compromises the accuracy of down-
stream tasks. We propose a novel panoramic upright adjustment
method based on 3D coordinate mapping estimation, which funda-
mentally reformulates the task from a 2D projection problem to a
3D unit spherical mapping problem. Our method employs an end-to-
end neural network to directly generate an upright panoramic image
from a non-upright input. The key innovation of our approach lies
in the use of a 3D Coordinate Mapping Matrix (3D CMMatrix) in-
stead of the traditional 2D CMMatrix. By leveraging the inherent 3D
structure of panoramic images, our method effectively captures the
spatial continuity of the entire spherical space, eliminating the dis-
continuous issues that arise at the edges of non-upright panoramic
images when using 2D coordinate mapping. The network consists of
an encoder that extracts tilt features from the non-upright image and
transforms them into a 3D CMMatrix, and a decoder that gradually
upsamples the 3D CMMatrix to match the resolution of the original
image. This 3D-based approach not only resolves edge artifacts but
also significantly improves the overall quality of the upright image.
Experimental results demonstrate that our proposed method achieves
state-of-the-art performance, outperforming existing methods.

1 Introduction

Non-upright panoramic images are caused by the tilt of panoramic
cameras. When the camera is tilted, its direction becomes misaligned
with the scene, resulting in distorted images as shown in Figure
1(a). In contrast, the corresponding upright image of the same scene,
shown in Figure 1(b), maintains proper alignment with the scene. It
is evident that Figure 1(b) is more suitable for scene understanding
because it preserves the spatial consistency of the scene and reduces
visual distortions. Therefore, today’s downstream panoramic image
tasks, such as panoramic depth estimation [30, 2, 20], panoramic se-
mantic segmentation [24, 28, 29], and panoramic scene understand-
ing [8, 31, 32], are all based on upright images like Figure 1(b).

The process of correcting the camera’s incorrect orientation to
generate upright images is known as upright adjustment. To achieve
this, a straightforward approach is to first estimate the inclination of
the camera and then compensate for the estimated inclination by re-
sampling the non-upright image. This method, commonly referred to
as the traditional method [23, 10, 11, 12], divides the upright adjust-
ment task into two subtasks: inclination estimation and image resam-
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Figure 1. Due to the limitations of two- dimensional projection, current
proposed 2D CMM atrix based networks fails to connect the left and right
sides in the learning process, leading to the appearance of discontinuity.

pling. However, this approach relies on accurate inclination estima-
tion and may introduce artifacts during resampling.

Another method is to use an end-to-end deep learning network
to perform upright adjustment of panoramic images. Unlike the
traditional method, which requires explicit inclination estimation,
the end-to-end network learns to directly map non-upright im-
ages to upright images. Through end-to-end learning, the network
model automatically extracts relevant features directly from the in-
put data. For example, Chen [4] et al. proposed an end-to-end net-
work that achieved the first real-time online upright reconstruction of
panoramic images using deep learning. Similarly, Liu [19] et al. pro-
posed a network that extracts features to obtain pixel displacement
information, enabling the direct generation of upright panoramic im-
ages from non-upright inputs.

When adjusting non-upright images, some current practices treat
panoramic images as two-dimensional images, which is a straightfor-
ward approach. Following this idea, we utilized the ConvNeXt net-
work [21] to extract the latent space of the image and subsequently
reshaped this latent space into a 2D Coordinate Mapping Matrix (2D
CMMatrix). The 2D CMMatrix is then upsampled to the same size
as the input image. However, after conducting network training, we
observed that the generated upright images exhibited cracks, partic-
ularly at the left and right boundaries of the original image, as shown
in Figure 1(c).

This issue arises because the left and right sides of a panoramic



image represent a continuous space in the real world, but the two-
dimensional projection used in the network fails to capture this con-
tinuity. As a result, the network cannot properly connect the left and
right boundaries during the learning process, leading to excessive er-
ror oscillations at the edges. For example, as depicted in Figure 1(c),
the leftmost and rightmost points of the panoramic image should rep-
resent adjacent scenes. However, the network trains them as two sep-
arate parts, causing the edges to fail to converge and resulting in vis-
ible cracks.

To solve this issue, we employ two strategies: (1) Inspired by
the Pano-style Shift Windowing scheme (PSW) [17], we extend the
edges of the non-upright panoramic image before performing con-
volutional operations. This extension compensates for the informa-
tion loss caused by the convolution operation and helps the network
better handle the continuity of the panoramic image. (2) consider-
ing that panoramic imaging is based on continuous unit spherical
coordinates, we propose imposing coordinate constraints in three-
dimensional space. Specifically, we reorganize the 2D CMMatrix
into a 3D CMMatrix, which better represents the spatial continu-
ity of the panoramic image. By performing upsampling in three-
dimensional space, we ensure that the left and right boundaries of
the image are properly connected, eliminating the cracks observed in
the 2D approach.

Ultimately, this method solves the issue of discontinuities and
cracks in the image and significantly improves the quality of the up-
right images. To the best of our knowledge, we are the first to adopt
a three-dimensional coordinate mapping matrix to constrain the net-
work for upright adjustment. Our main contributions are as follows:

1. We innovatively use a 3D CMMatrix instead of a 2D CMMa-
trix to constrain the end-to-end upright adjustment network and per-
form upsampling in three-dimensional space, which better captures
the spatial continuity of panoramic images.

2. We extend the image borders to compensate for CNN’s convolu-
tional information loss and design an upsampling block using group
convolution, where the X, y, and z axes do not interfere with each
other.

3. We employ pyramid constraints layer by layer to guarantee the
stable and convergent learning of the network for the mapping ma-
trix. The experimental results demonstrate that our proposed method
achieves superior performance compared to existing approaches.

2 Related works

Over the years, numerous studies have been conducted on upright
adjustment. In this section, we will introduce two aspects: tradi-
tional upright adjustment methods and current deep-learning-based
approaches.

2.1 Traditional image upright adjustment

Traditional upright adjustment methods primarily rely on inclination
estimation, where the rotation angle is calculated to perform upright
correction. For example, Gallagher et al. [7] proposed an algorithm
that automatically removes the tilted appearance of images by detect-
ing vanishing points and calculating the rotation angle. It assumes
that the vanishing points correspond to the principal directions of the
scene (e.g., horizontal and vertical lines), enabling the algorithm to
estimate the tilt and correct the image orientation. This approach is
particularly effective for structured environments with clear geomet-
ric patterns. Lee et al. [15] introduced a method based on human
perception research to straighten human constructs in images. It uses

a combination of edge detection and line segment analysis to iden-
tify dominant orientations and adjust the image accordingly. An et al.
[1] proposed an adjustment method for planar objects based on the
2D Manhattan World assumption, which posits that most structures
in the scene align with a dominant set of orthogonal directions. By
detecting these directions, the method estimates the tilt and performs
upright adjustment. Gakne et al. [6] presented a method that esti-
mates rotation by detecting vertical and horizontal lines of vanishing
points. Jung et al. [11] adopted the Manhattan World assumption to
adjust 360-degree spherical panoramic images without prior infor-
mation. Kawai et al. [14] proposed an automatic algorithm for robust
upright adjustment in both indoor and outdoor scenes. It combines
line segment detection with a probabilistic model to estimate the tilt
angle, ensuring reliable performance across diverse environments.

These traditional methods rely on feature extraction and assump-
tions, such as detecting vanishing points and vertical/horizontal lines,
to estimate tilt and perform upright adjustment. While effective, these
approaches are often cumbersome and complex. In contrast, our
method employs an end-to-end network that directly generates up-
right panoramic images from non-upright inputs, significantly sim-
plifying the process.

2.2  Deep-learning-based image upright adjustment

With the advancement of deep learning, many methods have been
proposed for upright adjustment. Jeon et al. [10] introduced a frame-
work based on convolutional neural networks to estimate 2D rolling
and adjust rotated panoramic images. Jung et al. [12] proposed a
method to automatically estimate the orientation of VR images and
return upright results. Davidson et al. [5] integrated geometric and
semantic cues to reduce non-upright errors during image capture. By
combining information from scene geometry and object semantics,
the method achieves more robust tilt estimation, even in challenging
environments. Jung et al. [13] proposed a network combining CNN
and GCN to map images onto a sphere for upright adjustment. The
CNN extracts local features, while the GCN captures global rela-
tionships between different parts of the image. This hybrid approach
enables the model to handle both local distortions and global orienta-
tion, resulting in highly accurate upright corrections. Shan et al. [26]
introduced a multi-scale shallow geometric feature attention mecha-
nism to address geometric deformations caused by camera tilt. The
attention mechanism ensures that the most relevant features are pri-
oritized, improving the overall accuracy of the upright adjustment.
Chen et al. [4] proposed an end-to-end network to estimate rolling
and pitching angles for upright reconstruction. The network is trained
to directly predict the tilt angles from the input image, eliminating
the need for intermediate steps. Most of these methods still focus on
tilt estimation, similar to traditional approaches. Recently, Liu et al.
[19] transformed the task into a pixel displacement mapping prob-
lem, generating upright images from non-upright inputs. However,
their method still processes images in two-dimensional coordinates.

Unlike these approaches, we reorganize the 2D mapping coordi-
nate matrix into a 3D coordinate mapping matrix (3D CMMatrix).
For the first time, we use a 3D CMMatrix to constrain the network,
aligning more closely with the inherent logic of panoramic images.
Experimental results demonstrate that our method achieves superior
adjustment outcomes, offering a robust solution for panoramic up-
right adjustment.
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Figure 2. The proposed network Frame: (a) Network structure: Encoder for generating the small-sized 3D CMMatrix. Decoder for the refined 3D CMMatrix
by group convolution and pixelshuffle strategies. Mapping for upright adjustment by 3D CMMatrix. (b) L2M structure: converting the latent features to
spherical coordinates. (c) Upsampling: refine the 3D CMMatrix to the same size of the input.

3 Methods
3.1 Network Framework

The comprehensive network architecture is illustrated in Figure 2(a),
where a non-upright panoramic image serves as the input. Initially,
border expansion is performed to mitigate information loss at the
image borders due to 2D imaging. In the encoder stage, the Con-
vNeXt network is used to extract the non-upright panorama features.
The ConvNeXt network [21] is a deep convolutional neural network
for image classification tasks. It is trained on large datasets and has
a deep understanding of image features [9, 16, 22]. Then, the one-
dimensional features are transformed through the L2M (Latent to
Matrix) model to obtain a 16 x32 3D CMMatrix, which adheres to
unit spherical coordinates. In the decoder stage, the 3D CMMatrix
is gradually expanded through four upsampling layers to obtain co-
ordinate information consistent with the size of the original image.
Ultimately, the original image is mapped onto this refined coordinate
system, yielding the desired upright image output.

3.2 Border Expansion

In our method, during the data processing stage, we employ matrices
to perform slice-and-stitch operations on non-upright panoramic im-
ages, extending them by 32 pixels in all directions (up, down, left,
and right). As illustrated in Figure 3(a), the original image with-
out expansion is shown. Figure 3(b) schematically represents the left
and right extension process. Here, the left portion of the cut image
is translated and spliced directly onto the right side of the original
image, and the same process is applied to the other side to achieve
extension of the left and right boundaries. Similarly, Figure 3(d) il-
lustrates the up-and-down extension process, where the image that
has already undergone left-right extension is used. In this step, the

(b)Horizontal expansion
Rotate 180 degree
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Figure 3. Border expansion: (a) the 360 panorama input. (b) horizontal
expansion. (c) expanded panorama. (d) vertical expansion.

top part of the image is sliced, rotated 180°, and spliced at the top
of the image, while the bottom extension is performed analogously
to complete the up-and-down extension of the image. The resulting
expanded image is shown in Figure 3(c). By cutting and rotationally
splicing specific parts of the non-upright image, we enlarge the size
of the original panoramic image and properly extend its boundary re-
gions. This enables the network to extract more continuous features
from the boundaries of the non-upright panoramic image, ultimately
enhancing the accuracy of image mapping constraints.

3.3 Latent to Matrix

Figure 2(b) introduces the entire process of the L2M module. It takes
the latent feature space extracted by the pre-trained ConvNeXt-tiny
network [21] as its input. The input latent feature space is a one-
dimensional vector with 768 channels. To obtain the desired vector,
a fully connected layer is used to integrate the features, outputting a



tensor with 1536 channels. We consider that although different non-
upright images may have different scenes, if they have the same tilt
angle, their panoramic image representations will exhibit a common
pattern. As shown in Figure 4, when two upright images from dif-
ferent scenes are both rotated by the same angles (pitch 45° and roll
45°), similar curved shapes emerge in the images. This observation
guided us in designing a mapping matrix to represent deep features,
where each element in the matrix represents a mapping coordinate
for the final upright adjustment of the mapped image.

P" (a)upright image1 P’

(d)image2(Pitch 45° Roll 45°)

(c)upright image2

Figure 4. Two upright images from different scenes are both rotated by the
same angles (pitch 45° and roll 45°), similar curved shapes emerge in the
images

The current Liu’s method [19] is based on pixel displacement. Its
essence lies in using a 2D coordinate mapping matrix. However, this
approach has limitations when applied to panoramic images. Essen-
tially, panoramic images should have a continuous space between
their left and right borders. Mapping them onto a 2D matrix ignores
the continuity of panoramic images, resulting in a disconnection due
to the limitations of 2D projection. During the learning process, the
network struggles to link the left and right sides, leading to exces-
sive error oscillations at the edges and thus ambiguities arise. Specif-
ically, the leftmost point and the rightmost point in the image are
adjacent scenes. Due to the presence of errors, convergence cannot
be achieved at the edges, resulting in cracks appearing in the final
mapped and vertically adjusted panoramic image.

However, the mapping coordinates of panoramic images are es-
sentially continuous in 3D space, without any segmentation issues.
Therefore, unlike previous methods, we innovatively use a three-
dimensional matrix to transform potential features into unit spherical
coordinates. Therefore, unlike previous methods, we propose an in-
novative approach that leverages a three-dimensional matrix to trans-
form latent features into unit spherical coordinates. This transforma-
tion is designed to capture the geometric and spatial relationships
within the data more effectively, enabling a richer representation of
the underlying structure. The process begins by reshaping the one-
dimensional feature vector into a set of three-dimensional (x, y, z)
coordinates. Specifically, the first 512 channels are assigned to the
x-coordinate, the next 512 to the y-coordinate, and the final 512 to
the z-coordinate. This reshaping operation effectively maps the high-
dimensional feature space into a 3D spatial domain, where each point
(x4, yi, zi) represents a unique feature combination. Next, we nor-
malize these 3D coordinates to lie on the surface of a unit sphere.
This normalization is achieved by dividing each coordinate by its Eu-
clidean norm, ensuring that all points satisfy the condition =7 + 37 +
22 = 1. Following normalization, we organize the normalized 3D co-
ordinates into a structured grid. Finally, this process yields a 3D Co-
ordinate Mapping Matrix (CMMatrix) with dimensions of 3x16x32.
The 3D CMMatrix is a compact and structured representation of the

transformed features, where each element corresponds to a specific
spatial location on the unit sphere.

3.4 Upsampling Block

In the encoder, we have already obtained the tilt feature informa-
tion of the image with a size of 16x32. Since we need to map this
information to the input image of 256512, we need to perform up-
sampling. During the upsampling process of the coordinate mapping
matrix, we found that there is no strict continuity constraint between
each coordinate and its neighboring coordinates in the matrix. As
shown in Figure 4, point P in Figure (b) will be corrected to point
P’ in Figure (a), while its adjacent points will be corrected to points
like P” after adjustment. Therefore, unlike previous methods that use
neighboring interpolation for upsampling, we employed PixelShuffle
upsampling to ensure that each coordinate information is calculated
independently and not contaminated. This process transforms a low-
resolution input image of H X W into a high-resolution image of rH
x rW through sub-pixel operations. Considering that the coordinates
of X, y and z are also independent of each other, to prevent confusion
of feature information among the three channels during the convolu-
tion process, we adopted group convolution. The specific process is
shown in Figure 2(c). After passing through four upsampling mod-
ules, we obtain a 3D coordinate mapping matrix with the same res-
olution as the input image. This ensures that information from each
channel is generated independently, maintaining the precision of the
coordinate information.

To ensure the stability of upsampling at each layer, we adjust the
size of the convolutional kernels for each layer. Specifically, for the
first layer with an image size of 16x32, we set the convolutional ker-
nel size to 3; for the second layer with an image size of 32x64, we set
the convolutional kernel size to 5; for the third layer with an image
size of 64x128, we set the convolutional kernel size to 7; and for the
last layer with an image size of 128x256, we set the convolutional
kernel size to 9. This helps maintain a consistent workload for each
layer of the network. Additionally, the 3D coordinate mapping ma-
trix obtained from each upsampling module is used as an output for
the decoder.

3.5 Mapping

The 3D coordinate mapping matrix obtained through upsampling re-
quires mathematical operations to convert the 3D coordinates into
2D coordinates for image mapping. First, let us introduce the math-
ematical formulas for converting 2D coordinates to 3D coordinates.
Based on the length and width of the panorama, the corresponding
zenith angle # and azimuth angle ¢ on the spherical surface can be
mapped. Then, using ¢; and 6;, the orthogonal coordinates (X, y, z)
of the pixel point P(u,, v,) on the unit sphere are calculated. The two
formulas are as follows:

Up g _ ;Y
W,Gz T ey

T = cos ¢;sinf;,y = sin ¢; sinh;, z = cos b; 2)
W: Width of the image, H: Height of the image
We use the inverse functions of equationl and equation? to trans-
form the mathematical formula of the obtained 3D coordinates into
2D coordinates:
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Figure 5. Mapping procedure: Utilizing a 3D unit sphere model, coverting the 3D CMMatrix to 2D coordinates in order to adapt the final 2D panorama
upright adjustment.

we generate the estimated 3D coordinate point (Axzp, Ay,, Azp)
through the network, obtaining the corresponding 2D coordinate
point P(Awu, Av) using equation3 and equation4. Then, we ap-
ply a simple mapping function called grid sample to generate the
upright image. This function fills input values to specified posi-
tions based on the coordinate information provided by the 2D map-
ping coordinates. As shown in Figure 5, assuming the pixel coor-
dinate of the non-upright image is P(up,vp), and the correspond-
ing upright image coordinate is P’(uj,v,), then P'(up,v,) =
P(up,vp) @ P(Au, Av) (where the symbol €D represents the map-
ping operation in the process). By combining the image coordinate
information obtained from the decoder with this function’s map-
ping, we get the output image. By resizing the input image, it can
be mapped with different-sized 3D coordinate mapping matrices ob-
tained from the decoder, resulting in output images of different sizes.

3.6 Loss Function

In our image generation network, we employ L1 loss for regular-
ization to achieve high-quality image generation. However, images
generated solely with a single L1 constraint often suffer from de-
fects in detail, as the network may fail to converge if constraints are
only imposed at the final output stage. To address this, we introduce
multi-level image constraints [18, 25], which ensure the stability of
network convergence by applying constraints at multiple resolutions.
Specifically, we resize the target upright image and enforce image
constraints with the output images at corresponding resolutions, as
illustrated in Figure 6.
We denote the Pyramid Loss as:

losspy = lossza + losses + l0ss12s + l0ss256 %)

Here, each term (e.g. losss2, lossea) represents the L1 loss com-
puted at a specific resolution level, ensuring that the network learns
to generate consistent details across all scales. This multi-resolution
approach helps the network capture both global structures and fine-
grained details, leading to higher-quality outputs.

In addition to the Pyramid Loss, we introduce a 3D Ground Truth
Grid Loss to address the spatial variations inherent in upright ad-
justment tasks. Convolutional networks, by design, are translation-
invariant and struggle to model global spatial transformations, such
as rotations or tilts, which are critical for upright adjustment. To over-
come this limitation, we impose an intermediate mapping constraint.
First, we calculate the 2D mapping ground truth grid offline using the
tilt angle based on a spherical model. The details of this process are
described in [19]. Next, we use Equations 1 and 2 to derive the 3D
Ground Truth Grid (denoted as "3D Gridtruth") from the 2D map-
ping ground truth grid. Finally, we apply a ground-truth constraint
between the 3D CMMatrix obtained from the encoder and the "3D

Gridtruth", ensuring that the network learns accurate spatial trans-
formations during training. This intermediate constraint enables the
network to better model the geometric relationships required for up-
right adjustment, improving both convergence stability and output
quality. This is denoted as:

lossgria = L1 (3D CM Matriz, 3D Gridtruth) (6)

The total loss is expressed as:

loss = 1088py+1088grid @)

Loss 32 Resize

Loss 64

Output -

Loss 128

128 X256

Loss 256 «~—
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Figure 6. Pyramid Constraint, which can ensure the stability of network
convergence.

4 Experiment
4.1 Dataset and Training Details

Dataset: In this paper, we use Matterport3D [3] and SUN360 [27]
for evaluation like previous papers. Furthermore, we used the 3D60
dataset [33] for depth estimation experiments. For all images, we
apply random angle rotations within the range of [-90°, 90°]. We
allocate 70% of the images for training, 15% for validation, and the
remaining 15% for testing within the dataset.

Training Details: All network models are trained using the Adam
optimizer on a TITAN RTX with 24GB of memory. The batch size is
set to 4. The learning rate is set to 1 x 10™* for the first 1-20 epochs
and 5 x 10™° for subsequent epochs.

Notice: Our paper have compared all major and representative
methods, following the evaluation protocols used in their original pa-
pers. Early approaches focus on angle estimation (Tables 2-3), while
recent methods like Liu’s [19] adopt end-to-end correction and are
evaluated by image quality metrics (Tables 4-6). Chen’s method [4]
supports both types and appears in both settings (Tables 2 and 4). Al-
though the metrics vary across tables, each was chosen to match the
corresponding baseline.



4.2 Ablation Analysis

In this section, we conducted a comparison to analyze the effect of
extending the input training images. Additionally, we introduced 3D
CMMatrix Loss, the pyramidal image-level Loss, and group convo-
lutions in the upsampling layers. An ablation study was performed
to investigate the impact of them. Given the challenge in distinguish-
ing differences in perspectives, we adopted FID (Frechet Inception
Distance) to evaluate the entire test set under various conditions. FID
is a widely used metric in image generation tasks, as it quantifies
the similarity between generated and real images by comparing their
feature distributions. A lower FID score indicates better quality and
diversity in the generated outputs, making it a robust measure for
assessing our model’s performance across different conditions.

Each experiment was trained for the same number of epochs, as
detailed in Table 1. As shown at the first row, there is a drastic de-
crease in image quality when we perform mapping using 2D CMMa-
trix. A comparison between the third row and the sixth row reveals
that border expansion can help improve image quality. Furthermore,
a comparison between the fifth and sixth rows shows that the in-
corporation of group convolutions enhances the image quality. By
comparing the data in the second, fourth, and sixth rows, it is evi-
dent that the choice of loss function significantly impacts the results.
Specifically, omitting multi-level image constraints and using an im-
age constraint with a size of 16x32 both tend to reduce image quality
to a certain extent and slow down convergence speed.

loss16 | lossgrig | lossase | losspy | Expand | Group Conv | 3D | 2D FID]
v v v v v | 39.8227
v v v v v 19.9865
v v v v 19.2931
v v v v v 18.9239
v v v v 18.7748
v v v v v 18.4060

Table 1. Ablation analysis

4.3  Upright Evaluation

To facilitate a direct comparison with previous works, we trained a
model to estimate angles from the latent features. This model takes
the 3D coordinate matrix obtained from the encoder as input, re-
shapes the 3D coordinates into a 1D feature vector, and processes
them through fully connected layers followed by an activation func-
tion to produce two normalized values between O and 1. These val-
ues correspond to the predicted pitch and roll angles, which are used
to estimate the tilt. Previous upright adjustment methods based on
angle estimation have primarily relied on the Sun360 dataset [27].
The results of our angle estimation model are presented in Table 2.
The numbers in the table represent the percentage of the difference
between the estimated tilt angle of the non-upright images and the
ground truth, relative to the entire test sample. We achieved com-
plete correction for 53.3% of the testset, significantly outperforming
existing methods, while 94.9% of the images had an error within 5
degrees, slightly lower than [26].

Additionally, the most recent work by Shan et al. [26] also uti-
lized the M3D dataset for tilt angle estimation. To ensure a fair
comparison, we trained and evaluated our model on the same M3D
dataset. The results, presented in Table 3, show that our method gen-
erally outperforms [26] across various metrics. Notably, it can be ob-
served that [26] exhibits significant instability, performing far better
indoors than outdoors, particularly for small angle errors. This incon-
sistency may stem from its reliance on features that are more preva-

lent in indoor environments, such as structured lines and geometric
patterns. In contrast, our approach demonstrates greater universality
and consistency across different environments, making it more robust
and reliable for real-world applications. This universality is achieved
through a combination of robust feature extraction and adaptive nor-
malization techniques, which ensure stable performance regardless
of the scene’s complexity or environmental conditions.

Dataset Method 1° 2° 3° 4° 5° 12°
Sun360 | [26] (CVPR) | 31.2 [ 729 | 89.8 | 955 | 97.5 99.5
[4] (PCS) 299 [ 653 [ 80.3 | 86.3 | 89.2 952

[ST(ECCV) [ 19.7 [ 53.6 | 755 [ 872 [ 92.6 98.4

[12] (VR) 71 | 245 | 439 | 60.7 | 742 97.9

Ours 533 [ 83.0 [ 904 | 935 | 949 97.7

The numbers represent the percentage of the difference between estimation and groundtruth

Table 2. Tilt angle estimation comparison on SUN360 Dataset

Dataset Method 1° 2° 3° 4° 5° 12°
M3D [26] (CVPR) | 70.3 | 89.2 [ 93.0 | 945 | 955 974
Ours 66.2 [ 90.3 | 94.8 | 96.3 | 97.1 98.6

The numbers represent the percentage of the difference between estimation and groundtruth

Table 3. Tilt angle estimation comparison on M3D Dataset

4.4 Image quality, Spatial and Temporal Costs

Image Quality: The methods in above section only estimate the an-
gles without correcting the images. Recently, two papers [4][19] has
done the generated image quality evaluation. Following their evalua-
tion criteria, we calculated the Normalized Root Mean Square Error
(NRMSE) and Normalized Mean Absolute Error (NMAE) between
the ground truth and the output of our model. As shown in Table 4,
the quality of our generated images is superior than theirs. In Fig-
ure 7, the first column displays the input non-upright images, the
second column shows the ground truth, the third column presents
the direct output from our end-to-end network, and the last column
represents the method by Liu et al. [19]. In comparison, the upright
images generated by our network are closer to the ground truth, with
fewer jagged edges.

Spatial and Temporal Costs: We tested our network on PyTorch
using a GPU. As shown in Table 5, the average time for processing a
single sample is 0.024s, while the method by Liu et al. [19] takes an
average of 0.009s. Since our network operates in a 3D-to-2D manner,
involving mathematical operations for the transformation and output
constraints at each level, it requires significantly more time than the
lightweight network of Liu et al.[19] . However, we believe that the
improvement in image quality justifies this increase in processing
time. The primary spatial cost of our network lies in the pre-trained
model, which requires only 113MB of storage space, which is rel-
atively small in the field of deep learning. It can be seen that our
network effectively balances spatial and temporal costs.

Evaluation Ours [19] (WACYV) | [4] (PCS)

NRMSE| | 0.1512 0.2268 0.3225

NMAE]| 0.0829 0.1363 0.2180
FID| 18.40 31.21 -

Table 4. Image quality comparison with other methods



Evaluation Ours
Time? 0.024s
Spacel 113MB

[19] (WACV)
0.009s
163MB

Table 5. Image quality, time, space comparison

Input Abs Rell | SqRell RMS RMSlog | § <1.25%1
Non-upright[-90°,90°] 0.4525 0.7797 1.257 0.5211 0.7984
Upright by [19] 0.0902 0.0657 | 03522 | 0.1409 0.9856
Upright by ours 0.0583 0.0288 | 0.2422 | 0.0924 0.9964
Ground truth 0.0377 0.0102 | 0.1602 | 0.0598 0.9991

Table 6. Depth estimation on 3D60 using the same method with different
input

4.5 Downstream task evaluation

In this section, we estimate depth using the method proposed by Liu
etal. [20] and utilize samples from the 3D60 dataset[27] for depth es-
timation. The dataset samples are all ground truth, and we rotate the
images by random angles within the range of [-90°, 90°] to obtain
a non-upright image dataset. Then, both the non-upright images and
the corrected images through our network are input into the depth
estimation network. The qualitative evaluation results are shown in
Table 6. Compared to the ground truth, the depth estimation perfor-
mance for non-upright images is relatively poor when using depth es-
timation network, as existing depth estimation models are all trained
on upright images, whereas the images generated by our method are
closer to the ground truth. Additionally, our method outperforms that
of Liu et al.[19]. This experiment demonstrates that our network can
output high-quality upright images for depth estimation. Figure 8
shows our visual depth results.

Input Ground Truth

Matterport3D

Figure 7. The left is the input, the second column is the Ground Truth, the
third column is the result of our method, the 4th column is the result of
Liu[19]

Ground Truth

Figure 8. Depth estimation samples from 3D60
5 Conclusions

Compared to previous methods, We innovatively use a 3D CMMatrix
to constrain the end-to-end upright adjustment network, and perform
upsampling in three-dimensional space. Experimental results show
that our method effectively improves the quality of generated images
compared to previous approaches, and resolves the issue of cracks
appearing in the generated upright images.
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