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Just Flip: Flipped Observation Generation and Optimization for Neural
Radiance Fields to Cover Unobserved View
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Fig. 1: Overview of our method. (Left) The baseline approach where the robot only observes one side of an object while driving. This
case does not yield good rendering results in unobserved views that the robot has not explored. (Right) Our method generates the flipped
observations from the actual observations. The robot exploits both input images and flipped images and estimated camera poses to learn
3D space using NeRF for unexplored regions as well. Our method obtains qualified rendering results in unobserved views, even without

providing images from unobserved views as a training set.

Abstract— With the advent of Neural Radiance Field (NeRF),
representing 3D scenes through multiple observations has
shown significant improvements. Since this cutting-edge tech-
nique can obtain high-resolution renderings by interpolating
dense 3D environments, various approaches have been proposed
to apply NeRF for the spatial understanding of robot per-
ception. However, previous works are challenging to represent
unobserved scenes or views on the unexplored robot trajectory,
as these works do not take into account 3D reconstruction
without observation information. To overcome this problem,
we propose a method to generate flipped observation in order
to cover absent observation for unexplored robot trajectory.
Our approach involves a data augmentation technique for
3D reconstruction using NeRF, by flipping observed images
and estimating the 6DOF poses of the flipped cameras. Fur-
thermore, to ensure the NeRF model operates robustly in
general scenarios, we also propose a training method that
adjusts the flipped pose and considers the uncertainty in flipped
images accordingly. Our technique does not utilize an additional
network, making it simple and fast, thus ensuring its suitability
for robotic applications where real-time performance is crucial.

I. INTRODUCTION

Simultaneous Localization and Mapping (SLAM) is one of
the key methods in both the fields of robotics and computer
vision. SLAM is the process of generating a 3D map of an
unknown environment while simultaneously estimating the
position and movement of a robot or camera. This technique
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is actively researched due to its applications in various real-
world scenarios such as autonomous vehicles, unmanned
robots, etc [1], [2], [3], [4]. Recently, in computer graphics,
a novel technology called Implicit Neural Representation
(INR) has emerged that utilizes neural networks to param-
eterize continuous and differentiable signals. As one of the
INR, Neural Radiance Field (NeRF) [5] is a deep learning-
based approach for 3D scene representation. In this approach,
network learns 3D space by projecting a set of 2D views of
a scene into a continuous 3D space, such that the color and
density information from each view, thus new views of the
scene is interpolated for 2D rendering. This technique can
be applied to 3D mapping for SLAM as it can be exploited
as a 3D scene representation. It also has several advantages
over existing SLAM systems in that it can represent space
continuously and is more memory-efficient as it utilizes
neural networks to represent space. Due to these features,
many recent works [6], [7], [8], [9], [10] have applied NeRF
to SLAM and 3D mapping.

However, despite many advantages of NeRF, similar to
the previous 3D perception methods it also has limitations
in synthesizing unobserved views; from here, we define an
unobserved view as a view that the robot has not explored
or cannot explore. We also define the unobserved view
problem as the task of estimating the synthesized view of an
unexplored area. For example, in Fig. 1, the robot explores
the orange camera trajectory while observing the lego truck,
and the green cameras and trajectory represent unobserved
views and the unexplored trajectory respectively. The view
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from the green cameras is unobserved views because they
have not been explored yet. These unobserved views cannot
be obtained from the observation trajectory due to the 2.5D
observation of the robot and the self-occlusions of the
objects. To address the crucial issue of obtaining observations
of the unexplored region, studies for various explicit spatial
representations have also been conducted. [11], [12] utilized
an encoder-decoder structure for completing limited 3D
point clouds, highlighting the significance of extending our
perceptual boundaries beyond current observations. [13] tried
to overcome the occlusion problem by capturing visibility
patterns of 3D voxel exemplars, but they are learning-based
methods which require a massive training dataset. The robot
needs to be adaptive in environments where it encoun-
ters various objects, so NeRF achieves some advantages
compared to the method based on the object dataset [13]
while it does not require pre-training in such challenging
environments. However, as mentioned above, it is hard for
the robot to achieve unobserved views while navigating and
thus obtains limited input image data. Therefore, training
NeRF with a few images becomes important and various
data augmentation methods such as [14], [15] have been
studied. Although these methods use geometric approaches
to acquire views between or near explored views, they still
have limitations in that they do not consider any information
about unexplored areas, resulting in the unobserved view
problem. Moreover, since they require model training for
data augmentation, they may not be suitable for robotics
applications that require real-time processing.

To address the unobserved view problem in NeRF, we
propose a new unobserved view generation and optimization
method. We assume that artificially created objects in indoor
and outdoor environments mostly exhibit symmetrical 3D
shapes [16], [17], [18]. Following this assumption, [19]
presented a method that predicts unobserved views by lever-
aging a symmetry prior and an additional network. However,
these data-driven methods require massive training dataset
to learn the symmetric features, which are limited to the
robotic application, where fast and robust operation in new
environments without additional priors or dataset is crucial.
Therefore, we propose a method to predict unobserved
views that solely requires the observed sequence, without
the need of training dataset involving massive 3D objects
and an additional network. To achieve this, we suggest
flipping object observation so that we can generate additional
significant information of unobserved views. Since training
NeRF requires both the images and camera poses, estimating
the camera position for the flipped observation image is also
imperative. Fortunately, various works [20], [21], [22], [23],
[24], [25] that try to train NeRF without camera poses have
been introduced. However, these methods cannot guarantee
finding the global minimum of the camera poses where
the camera pose is completely randomly initialized without
additional model. To relax this problem of our method, we
propose a method to estimate the 6DOF camera pose of the
flipped image using the camera pose of the input image.
However, apparently this flip and estimation stratege is not

effective for complex objects. To catch symmetric parts and
dismiss dissymmetric region, we refine the flipped camera
pose and employ a Bayesian approach that incorporates the
uncertainty of the flipped image. Therefore we show that
it is possible to exploit the symmetric parts of the given
3D object and ignore the unnecessary part according to the
estimated uncertainty, thereby we have the robust unobserved
view prediction approach.

In summary, we propose a flipped observation generation
and training method by considering robot trajectory to im-
prove understanding of unobserved views Our contribution
is as follows:

o We introduce the flip method for predicting unobserved
views and propose an approach for the initial 6DOF
pose estimation of the flipped images.

o Recognizing that the initialized flipped camera pose can
be noisy depending on the object’s shape, we propose a
learning approach that performs bundle adjustment on
the flipped pose. This method simultaneously optimizes
the camera pose and network parameters.

o Flipped images also inherently have uncertainties
depending on the object. To address this, we use
Bayesian approach that integrates these uncertainties
into the model’s loss during the learning process.

II. RELATED WORK

In the traditional SLAM techniques, 3D representation
was achieved using methods such as mesh [26], [27], point
clouds [28], [29], and depth maps [30], [31]. However, these
approaches have the drawback of having memory limitations
since they require storing discrete information, resulting in
the map being represented in a sparse manner. To address
these limitations, recent research [6], [7], [8], [9], [10] has
applied NeRF to SLAM for 3D mapping. NeRF defined as
a continuous function by a neural network that takes in a
spatial location and viewing direction as inputs and outputs
the RGB values and volume density. By continuous neural
network function, their approach has the advantages of high
resolution and low memory. NeRF has shown remarkable
performance in synthesizing photorealistic novel views of
real-world scenes or objects. Afterward, NeRF have been
extended to achieve fast training [32], [33], [34], few input
data [35], [36], large scale scene [37], [38], [39], dynamic
scene capture [40], [41], scene editing [42], [43].

In neural radiance fields, we attempt to effectively predict
unobserved views in a few-shot setting for robots by
estimating the camera pose and uncertainty associated with
flipped images. Since the flipped image does not have a
camera pose, NeRF needs to be trained without camera
pose or simultaneously estimate the camera pose and neural
radiance fields. This challenge has been tackled in some
works. [20] implemented pose estimation by inverting a
neural radiance field, while [21] adopted a two-stage strategy
optimizing both camera parameters and the radiance field.
With the use of the SIREN layer, [24] introduced sampling
methods to counter the joint optimization in NeRF. However,
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they can only optimize camera pose for relatively short
camera trajectories. [22] can reconstruct neural radiance
fields and estimate camera poses using generative model.
[23] applies bundle adjustment, and [25] utilizes monocular
depth estimation, have also been explored. Amidst this
backdrop and given our approach to flipped images, the task
of addressing inherent uncertainty becomes crucial. There
are several prior studies that have incorporated uncertainty
into NeRF. Specifically, [44] introduced the concept of
uncertainty to render complex scenes from unstructured
images. In this approach, they derive uncertainty from
transient networks and consider it in the pixel levels
of the images. [45] produce uncertainty estimates by
modeling a distribution over all the possible radiance
fields modeling the scene. They represent the distribution
of all potential radiance fields for scene modeling using
variational inference. [46] by the same authors address the
limitations of [45] by integrating a conditional normalizing
flow with latent variable modeling. Based on these
methods, we introduce a flip data generation and training
method within NeRF to tackle the unobserved view problem.

III. PRELIMINARY

NeRF is a deep learning-based approach for 3D scene
reconstruction from 2D images. It aims to model a 3D scene
as a continuous function that maps a 3D point in space to
its color and density in the image plane. This function is
represented as a neural network, which is trained on a set
of input images Z = {I1,Is,...,Ix} of a scene, with their
associated camera parameters I1 = {m, 7o, ..., mx}. NeRF
model is to learn a mapping of image radiance ¢ = (r, g, b)
and spatial density o for 3D coordinates X = {x} at viewing
direction d = (0, ¢). This mapping is represented by a
neural network and the mapping function can be represented
mathematically as Fo : (x,d) — (c, o), where © is network
parameters.

In order to obtain the rendered image I i, the color at each
pixel p = (u,v) is estimated by a rendering function R. The
expected image color I;(p) of camera ray r(t) = o+td that
starts from camera origin o with near and far bound ¢,, and
ty can be written as:

I;(p) = R(p, m|0)
_ /t o (e(t))e(e(t), d)dt, ()

n

where

t
T(t) = ea:p(—/ o(r(s))ds). (2)
in
T'(t) denotes the accumulated transmittance along the ray
from ¢, to t, i.e., the probability that the ray travels from ¢,
to ¢t without hitting any other particle. Therefore, the network
can be trained by minimizing the difference between the
predicted (or rendered) image I and the ground truth input

image I. This difference can be defined as photometric loss
Ly:
N

Ly(©,10) = > |1 = L]l5. 3)

(2

IV. APPROACH
A. NeRF with Camera Pose

1) Initial Camera Pose: Symmetry is prevalent in real-
world objects due to its functional and aesthetic benefits,
and can be manufactured easily in some cases [16], [17],
[18]. Based on this premise, our idea starts flipping the input
images {I} in order to predict unobserved views for the
unexplored area. Then Eqn. (3) can be written as follows:

N N
Ly@©,1) =Y L = Ll + Y I =15 @

where {I/,...,I)} = T’ are flipped images and I1%! is a
union set of the existing camera poses II = {m;,...,m,} of
7 and camera poses II' = {x}, ..., 7} } for Z'. In this case, a
challenge arises since the flipped images {I'} for the unob-
served views do not possess defined camera poses. To relax
this issue, approaches such as [47], [23] based on Bundle
adjustment (BA) can be adopted. However, those BA-based
approaches require a larger number of images than those
acquired from scenarios such as exploration or navigation,
or require a nice initial guess for the camera poses. Thus, it
is not suitable to directly apply those approaches.

Thus, we propose a method to estimate the initial camera
pose for the flipped images {I’} by leveraging the existing
camera pose and geometric constraints. This method com-
mences by using the least squares approach to identify the
optimal sphere that passes through the given input camera
pose. The general equation of a sphere with its center at
20, Y0, 20 and radius r is represented by 2% + 3% + 22 =
220 + 2yyo + 2220 + 12 — 23 — y2 — 22. Using input camera
poses, we can express the equation of a sphere in matrix
form as f = Ac, where ¢ contains information regarding the
radius and the center coordinates of the sphere. Through the
matrix equation, we can find the value of ¢ that minimizes
the norm of the residual as the following:

@ =argmin(A¢— f)T(Ac— f).

Once the optimized sphere is obtained, the input camera pose
coordinates x,y,z undergo a symmetrical transformation
through the symmetric plane that intersects the center of
the sphere. Subsequently, leveraging the transformed cam-
era coordinates ¢ = (z/,y',2), the sphere’s center point
at = (zo, Y0, 20), and the up vector up = (0,0,1), we
can compute the rotation matrix [. Naturally, transformed
camera pose corresponds to the translation vector 7' and by
integrating it with the rotation matrix R, we can derive the
estimated initial 6DOF camera pose 7’. With the assistance
of methods such as [48], [19], we can further refine our
6DOF camera pose estimation.
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2) Camera Pose and BA-NeRF: It is important to note
that assuming object symmetry introduces a significant con-
straint; if the object is not symmetrical, the flipped images
and their inferred camera poses can destabilize the NeRF
model. To mitigate this, we perform BA-based NeRF [23]
with estimated initial camera poses for refining flipped
camera poses and learning 3D space simultaneously.

When training the model with the flipped images’ camera
poses initialized randomly, the learning process tends to
proceed in an incorrect direction. However, by using our
6DOF pose estimation, it becomes suitable for BA-based
NeRF, which requires moderately estimated camera poses.
Considering our confidence in the initial input pose, the train-
ing strategy we adopted ensures that only the flipped pose
undergoes bundle adjustment, while the original remains
unaffected. We can formulate homogeneous coordinates of
pixel coordinates as p = [p;1]7. Then, we can represent
a 3D point x on the viewing ray at depth z by using the
equation x = zp. Given a camera pose 7', 3D point x,
within the camera’s view space undergoes a transformation
to align with the world coordinates using a rigid 3D trans-
formation Y. Consequently, the RGB value rendered at a
particular pixel, intrinsically dependent on the camera pose,
is illustrated as the following:

I'(p;)

Here, our goal is to optimize flipped camera poses II' =
{n},...,m} and network parameters ©. Consequently, using
Eqn. (4) we can have the optimal solution as:

H/opt Qort — argmln Z Z ‘

i=1 p

=R (Fo (W (:1P;7)) ..., Fo W (2nD;7"))).

2
I(p) — I'( p,wg,@)H :
2

Given the inherent non-linearity of the optimization problem,
we employed a gradient-based optimization approach. We
implemented the Lucas-Kanade algorithm used in Optical
Flow and leveraging the Jacobian, conducted backpropaga-
tion.

B. NeRF with uncertainty

We started our approach based on the assumption of
object symmetry, attempting to predict unobserved views by
flipping images. However, not all objects exhibit symmetry,
and depending on the viewing angle of an object, a simple
flip can result in performance decrease. We handle this issue
in the aspect of camera pose estimation, but similar challenge
occurs in images as well. Since various objects are not
perfectly symmetric, in Eqn. (1) some of rays r gathered
from the flipped images I’ gives us significant errors while
training NeRF. To ensure robust predictions of unobserved
views by ignoring wrong pixels and exploiting correct pixels
from I’, we propose a training method that takes into account
the uncertainty associated with flipped images. Following
similar approach to the bundle adjustment on the flipped
pose, we consider uncertainty values solely for the flipped
images.

To address the uncertainty of the predicted color value,
we follow Bayesian framework [49]. To compute the loss
for observed images I in Eqn. (4),

r) = |[Cir) - C)| 5)
In Eqn. (5) all rays r in [ are fully exploited for training
NeRF, which matters in our case, since 3D objects are not
perfectly symmetric thereby some of the rays r’ from I’ are
not matched to the 3D shape. Instead of representing the
ray (or color value) from any given point in the scene as
a singular value, we propose modeling it using a Gaussian
distribution for the observation uncertainty. This predicted
variance can be interpreted as an indicator of the data’s un-
certainty for a specific location. Consequently, the mapping
function can be represented as Fo : (x,d) — (5% ¢c,0),
where 32 is the variance of color (uncertainty). To validate
the variance value, the Softplus function 52 = (2,; +log(1+
exp(B%(r(t)))) was adopted. Contrary to the flipped images,
the original input image set the value of 52 to B2, This
approach compels the model to exhibit heightened uncer-
tainty in unobserved regions, thereby facilitating effective
predictions of unobserved views. Based on Eqn. (1), the
rendering function R, being a linear combination of sampled
points, leads the rendered color value C(r) to follow a
Gaussian distribution. Same way, we can derive the variance
of rendered color 32(r). Building on this, the loss for the
ray r’ in flipped image I’, taking into account uncertainty,
is defined as follows:

2

Ci(r') - C(r') o 2 w N
PN L L

The above cost function aims to minimize the negative log-
likelihood, with the final term serving as a regularization
term to prevent blurring effects.

We initialized the flipped camera pose using a geometric
approach. Given the unreliability of the flipped information,
we refined the camera pose, taking into account the
uncertainty associated with the image pixels. Our method
does not require an additional network, making it both
efficient and rapid, and particularly apt for robotics
applications. In the subsequent section, we compare our
proposed method with the baseline method.

V. EXPERIMENTS
A. Implementation and Setup

Given that we possess the ground-truth for unobserved
views, we used the NeRF synthetic dataset [5] and Modelnet
dataset [50] for experiments. This dataset comprises objects
that exhibit a certain degree of structural symmetry and those
without such symmetrical properties. Neither of these cases
has the symmetry of lighting and color. Considering the input
data scenario, as shown in Fig. 1 we assume that the robot
is limited to observing only partial side of the object. In
alignment with real-world robot applications, we trained with
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Fig. 2: Dataset configurations. To generalize performance across
different views, we generate a total of eight dataset configurations
for a single data scene. For each configuration, we selected 16
evenly spaced images by rotating around an object. The n'" dataset
configuration encompasses images from the (2n — 1) to the
(2n + 6)*". Through this setup, we demonstrate our method can
effectively predict unobserved views, not just in specific views but
in more general ones.

a limited image set, i.e., in our case eight images. Since
flipping an image can lead to differing performance depend-
ing on the observation view, we considered it essential to
ensure a comprehensive evaluation of general performance.
Therefore, we constructed a total of eight different input
dataset configurations, as illustrated in Fig. 2. We compared
on five distinct methods (baseline, baseline + uncertainty,
flip, flip + uncertainty, upper bound), discussed in detail in
the analysis. For simplicity in all our experiments, we used
a single network that samples 128 points. Considering that
uncertainty during training can lead to instability, thus we
perform conventional NeRF training up to 10k epochs and
apply Bayesian approach up to 50k epochs subsequently.
The remaining configurations were kept consistent with the
vanilla NeRF setup, all experiments were conducted on
NVIDIA RTX 4090 GPU. As our approach strives to predict
the view that cannot be observed, we utilize the unobserved
view from the opposite side as the validation and ground-
truth image. For quantitative comparison, we used three
metrics: Peak Signal-to-Noise Ratio (PSNR) [51], Structural
Similarity Index Measure (SSIM) [52], and Learned Percep-
tual Image Patch Similarity (LPIPS) [53].

B. Analysis of the experiment results

First, we provide a description of the five methods in
detail. Our dataset consists of four sets: the input image set
obtained from the robot exploration, the flipped image set,
the test image set, and the upper image set for the unexplored
scene. Each set contains eight images, and we assume that
the corresponding camera poses are already known except for
the camera pose of the flipped image. The input image set
consists of data that the robot has acquired while navigating,
whereas the flipped image set is created by flipping the
input images. The test set comprises unobserved views that
the robot cannot explore. We construct the upper data by
selecting views that are closest to those in the test data. We
summarize the five methods in Table. 1. (a) baseline (B/L)
is trained using the image set obtained while the robot is

TABLE I: Summary of the five experimental methods.

(a) (B/L) input image

(b) (B/L) + U | input image + consider ucert

(c) Flip input image + flipped and refine pose

(d) Flip + U input image + flipped and refine pose + consider ucert
(e) Upper input image + ground-truth image

TABLE II: ablation study. We report PSNR, SSIM, and LPIPS of
the full model(the last row) and three configurations by removing
the application of bundle adjustment, uncertainty on the flip image
and both, respectively.

bundle adjustment  uncertainty PSNRT  SSIM?T  LPIPS|
- - 16.636 0.787 0.232
v - 17.205 0.789 0.230
- v 16.694 0.790 0.240
v v 17.620 0.794 0.229

navigating. (b) B/L + uncertainty (U) is applied uncertainty
to all images used in the baseline. (c) Flip leverages both
the input image and its flipped version, and utilizes the
least squares method to estimate the flipped camera pose
for training. Moreover, it refines the pose of the flipped
image through bundle adjustment. Our proposed method,
(d) Flip + U, extends (c) Flip by additionally considering
the uncertainty of the flipped image. Meanwhile, (e) Upper
method trains the model using both the input image, upper
image, and corresponding upper camera pose. This approach
is an upper bound since it directly uses the image of the
unobserved view in training. To examine each element of our
proposed method, we conducted an ablation study and show
the results in Table. II. The results indicated that applying
both bundle adjustment and uncertainty to the flipped image
yielded the best performance.

In TABLE III, we display the metric results of the five
methods. Naturally, for objects with inherent structural sym-
metry, flipping the image from certain views can effectively
predict unobserved views. To validate performance in gen-
eral settings, we performed experiments on eight dataset
configurations as depicted in 2, and averaged the results.
Our primary goal is to predict unobserved views. Therefore,
(a) B/L, which relies solely on one side of an object,
exhibits significantly low performance. As shown in Fig. 3,
certain portions disappear, and in specific views, the resulting
image is entirely blank. (b) B/L + U, which considers the
uncertainty of the input image, demonstrates performance
improvements even without flipping the image. However, as
evidenced in the qualitative results, (b) B/L + U has an issue
with black noise appearing in unobserved views. (c) Flip, on
the other hand, does show an enhancement in performance
compared to (c) B/L and effectively addresses the black noise
issue. Yet, for non-symmetric objects, its performance lags
behind that of (b) B/L + U. Furthermore, as demonstrated in
the lego scene of 3, configurations that observe only the front
face of an object do not always benefit from the flip method.
Contrasting this with the chair scene, where the side of the
object is observed, there are instances where the unobserved
views aren’t accurately predicted despite flipping.
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TABLE III: Quantitative comparisons of our flip methods with baseline method and upper bound method on the NeRF synthetic dataset
[5]. The upper image is a case where an image observed from a viewpoint that the robot has not explored is added to the image used
at the baseline. The experiments, as depicted in 2, were conducted using a total of 8 input dataset configurations for each scene, and the
metric value averaged out. (* B/L mean baseline and U mean uncertainty)

Scene PSNR 1 SSIM 1 LPIPS |
B/L B/L+U Flip Flip+U  Upper | B/L B/L+U Flip Flip+U Upper | B/L B/L+U Flip Flip+U  Upper

Chairs 14.07 16.46 19.69 19.86 2696 | 0.75 0.78 0.87 0.88 0.92 0.48 0.28 0.13 0.12 0.05
Lego 11.57 14.85 15.24 17.79 2391 0.65 0.67 0.74 0.78 0.87 0.50 0.34 0.23 0.20 0.11
Materials 9.66 16.74 17.29 19.14 25.60 | 0.66 0.75 0.81 0.83 0.90 0.50 0.31 0.18 0.14 0.09
Ship 6.73 16.97 18.29 18.70 2477 | 0.55 0.65 0.71 0.72 0.80 0.61 0.40 0.27 0.26 0.18
Drum 10.24 11.91 11.90 13.77 20.19 | 0.60 0.59 0.63 0.68 0.83 0.55 0.43 0.47 0.43 0.16
Ficus 11.20 15.59 17.15 18.02 22.59 | 0.72 0.78 0.81 0.82 0.88 0.33 0.22 0.15 0.13 0.10
Hotdog 13.67 19.07 18.91 18.92 28.30 | 0.70 0.83 0.84 0.84 0.93 0.44 0.22 0.19 0.21 0.07
Mic 12.89 14.16 13.78 14.30 2493 | 0.82 0.78 0.82 0.80 0.93 0.46 0.30 0.38 0.30 0.07
Mean 11.25 15.71 16.53 17.56 24.65 | 0.68 0.72 0.77 0.79 0.88 0.48 0.30 0.25 0.22 0.10
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Fig. 3: Qualitative comparisons on the NeRF synthetic dataset. Our method captures the object structure of unobserved views effectively,
offering a more accurate image than other methods while maintaining a noise-free output.

Predicting unobserved views by flipping images is
based on utilizing the 3D structural features of objects. To
demonstrate the efficacy of our approach, we additionally
conducted experiments on the ModelNet dataset. Since
ModelNet is a structurally featured dataset without color,
flipping images and conducting bundle adjustment can be
examined effectively. We arbitrary choose two instances
per class, total 80 instances. We set the dataset to follow
the configuration of NeRF synthetic dataset 2 and conduct
experiments solely for training depth information. TABLE
4 reveals that while (a) B/L and (b) B/L + U experienced
noise-induced blurring, methods (c¢) Flip and (d) Flip +
U resolved this issue by optimizing camera poses after
flipping images. Additionally, considering uncertainty has
demonstrated performance improvements across all scenes,
finely capturing the edges of objects. Consequently, by
integrating the strengths of both (b) B/L + U and (c)

Flip, our method (d) Flip + U significantly enhances
performance, regardless of object symmetry.

VI. CONCLUSION

In this paper, we introduced a flipped observation gener-
ation method for NeRF to predict unobserved views. Most
of the robot exploration is performed in real-time, thus it
is challenging to observe all the possible viewpoints. To
predict unobserved views, we propose a method that exploits
the observed views by image flipping. Given that flipped
images do not have camera poses, we also proposed a
method for estimating the 6DOF pose of flipped images.
Furthermore, we applied bundle adjustment to optimize these
estimated poses in conjunction with the model parameters.
Since only the observed parts should be exploited in order
to have robust unobserved view prediction, for the flipped
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TABLE IV: Quantitative comparisons of five methods on the Modelnet dataset [5S0]. We conducted our experiments using the same setup
as in the NeRF synthetic dataset in 2. Our method demonstrates performance improvement in predicting unobserved views, even without

utilizing areas the robot has not explored for training.

Seenc PSNR T SSIM T LPIPS |
B/L B/L+U Flip Flip+U Upper | B/L B/L+U Flip Flip+U Upper | B/L B/L+U Flip Flip+U Upper

Airplane | 24.55 28.36 30.70 31.46 33.65 | 091 0.93 0.94 0.96 0.96 0.32 0.24 0.21 0.17 0.14
Bench 19.26 21.39 24385 26.50 32.83 | 0.81 0.83 0.88 0.90 0.94 0.47 0.40 0.31 0.29 0.21
Car 23.35 25.12 2942 31.51 36.88 | 0.90 091 0.94 0.95 0.96 0.32 0.28 0.23 0.19 0.13
Chair 16.72 19.30 33.34 35.57 36.10 | 0.71 0.83 0.93 0.96 0.97 0.51 0.40 0.18 0.14 0.12
Door 22.69 26.08 32.14 3542 37.94 | 0.87 0.89 0.94 0.95 0.96 0.34 0.27 0.15 0.10 0.08
Flower 19.06 22.73 26.43 29.79 34.66 | 0.80 0.84 091 0.93 0.96 0.48 0.39 0.26 0.13 0.11
Guitar 19.82 23.62 2432 25.12 36.71 | 0.87 0.89 0.93 0.96 0.97 0.42 0.36 0.29 0.16 0.07
Stair 18216  21.67  26.75 30.04 35.07 | 0.83 0.90 0.93 0.96 0.97 0.40 0.33 0.24 0.14 0.12
Table 17.32 19.00 30.10 32.29 34.68 | 0.72 0.84 0.94 0.95 0.96 0.49 0.45 0.29 0.24 0.16
Person 18.76 25.99 32.49 33.22 36.47 | 0.73 0.89 0.94 0.95 0.97 0.48 0.28 0.19 0.13 0.10
Mean 19.98 23.33 29.06 31.10 3550 | 0.82 0.86 0.93 0.95 0.97 0.42 0.34 0.24 0.17 0.12
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Fig. 4: Qualitative comparisons on the ModelNet dataset reveal significant performance improvement when images are flipped and camera
poses optimized through bundle adjustment. The ModelNet dataset, lacking color information and consisting solely of structural data,
benefits greatly from this approach, effectively addressing blurring issues and enhancing overall performance.

images, we incorporated Bayesian approach by considering
the uncertainty estimation. From experimental results we
show that our approach markedly improves performance in
predicting scenes from unobserved viewpoints and shows
competitive results compared to the traditional approaches.
Our flipped observation method is suitable for robotic ap-
plications such as robot exploration and navigation where
real-time is important as our approach is simple yet robust.
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