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Abstract

Neural Radiance Fields (NeRF) have shown promise in gen-
erating realistic novel views from sparse scene images. How-
ever, existing NeRF approaches often encounter challenges
due to the lack of explicit 3D supervision and imprecise cam-
era poses, resulting in suboptimal outcomes. To tackle these
issues, we propose AltNeRF—a novel framework designed
to create resilient NeRF representations using self-supervised
monocular depth estimation (SMDE) from monocular videos,
without relying on known camera poses. SMDE in AltNeRF
masterfully learns depth and pose priors to regulate NeRF
training. The depth prior enriches NeRF’s capacity for pre-
cise scene geometry depiction, while the pose prior provides
a robust starting point for subsequent pose refinement. More-
over, we introduce an alternating algorithm that harmoniously
melds NeRF outputs into SMDE through a consistence-
driven mechanism, thus enhancing the integrity of depth pri-
ors. This alternation empowers AltNeRF to progressively re-
fine NeRF representations, yielding the synthesis of realistic
novel views. Extensive experiments showcase the compelling
capabilities of AltNeRF in generating high-fidelity and robust
novel views that closely resemble reality.

Introduction

Neural rendering has achieved unprecedented progress on
the long-standing view synthesis task in computer vision re-
search (Zhou et al. 2016; Kellnhofer et al. 2021; Yu et al.
2022; Li, Li, and Zhu 2023). A prominent exemplar of this
task is NeRF (Mildenhall et al. 2020), which captures the
continuous volumetric essence of real-world scenes using
multi-view images and precise camera poses, thereby gener-
ating lifelike new perspectives. However, NeRF often strug-
gles with suboptimal outcomes that compromise novel view
synthesis and distort scene geometry. In this paper, we iden-
tify and address two primary causes for this issue. First,
NeRF solely hinges on 2D image supervision, which may
provide inadequate geometric constraints for textureless or
view-limited scenes. As evidenced in Fig. 1 (a), NeRF is
trapped into a suboptimal solution that manifests itself as in-
correct scene geometry. Second, NeRF’s reliance on precise
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PNSR: 22.7
NeRF Using COLMAP Estimated Pose

PNSR: 33.0
NeRF Using Our Estimated Pose

Figure 1: (a) We showcase that NeRF is prone to fitting in-
correct geometry, by back-projecting a training view to point
cloud using estimated radiance and density. (b) We also
show how NeRF creation is affected by inaccurate poses, by
optimizing NeRF with COLMAP and our pose estimation.

camera poses for constructing proper volumetric representa-
tions is a stumbling block in the face of pose inaccuracies or
noise. Such errors in the camera poses compound the opti-
mization challenges for NeRF, as illustrated in Fig. 1 (b).
Although existing methods have endeavored to tackle ei-
ther of these issues, they remain encumbered by certain lim-
itations. Firstly, some methods (Deng et al. 2022; Roessle
et al. 2022; Wang et al. 2023) leverage depth priors as an
explicit 3D supervision to prevent NeRF from fitting in-
correct scene geometry. These methods derive depth priors
from structure-from-motion (SFM) methodologies or depth
estimation techniques, employing them as fixed constraints
for NeRF. However, these depth priors might not attain the
requisite accuracy, potentially skewing NeRF’s optimization
trajectory and yielding deteriorated performance. Secondly,
some methods (Wang et al. 2021d; Lin et al. 2021; Jeong
et al. 2021) alternative strategies undertake the joint opti-
mization of NeRF and camera poses to remove the require-
ment for accurate camera poses. Nevertheless, this com-
bined task encompasses a non-convex optimization conun-
drum that is acutely sensitive to the initialization of cam-
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Figure 2: (a) Existing methods establish a fixed target (the
blue dot) using inaccurate depth prior, whereas we leverage
valuable intermediate results from NeRF to dynamically ad-
just the objective (the green dots) towards the real depth (the
red dot). (b) Pose refinement starting from different initial
poses. The experiment is conducted on Vasedeck scene.

era poses. Consequently, these approaches necessitate ini-
tial camera poses that closely approximate the optimal val-
ues; otherwise, they frequently converge towards unfavor-
able local minima. Illustratively, Fig. 2 (b) depicts the sce-
nario where BARF (Lin et al. 2021) employs identity ma-
trices as green-hued initializations, eventually converging to
nonsensical poses after numerous iterations.

To address the previously mentioned problems, we pro-
pose AltNeRF—a novel framework designed to generate
high-fidelity neural radiance fields from monocular videos.
The core concept of AltNeRF is a synergistic process of
self-supervised monocular depth estimation (SMDE) and
NeRF optimization. SMDE can learn from accessible video
data and provide robust depth and pose estimation, which
can serve as depth-pose priors for NeRF. Meanwhile, NeRF
maintains a continuous volume field, which can represent
3D scenes more accurately than warping-based SMDE. We
propose an alternating algorithm that leverages the comple-
mentary strengths of SMDE and NeRF to progressively en-
hance both methodologies. Specifically, we use the pose es-
timated by SMDE as an effective initialization for NeRF,
facilitating smoother optimization akin to the orange poses
depicted in Fig. 2 (b). Furthermore, we use the estimated
depth as an initial objective for NeRF, steering it away from
reconstructing inaccurate scene geometries. After optimiz-
ing NeRF for many iterations, we can obtain improved pose
and depth from it, which can further improve the depth esti-
mation of SMDE. This alternation continuously updates the
depth objective to converge towards actual scene depths, as
illustrated in Fig. 2 (a). By harnessing the complementary
strengths of SMDE and NeRF, AltNeRF can achieve more
reliable scene representations. Overall, our contributions can
be summarized as:

* We introduce depth-pose priors learned from monocular
videos to simultaneously regularize the scene geometries
and initialize the camera poses to enhance the novel view
synthesis of NeRF.

* To the best of our knowledge, we are the first to pro-
pose AltNeRF—a novel framework that alternately op-
timizes self-supervised monocular depth estimation and
NeRF, synergistically boosting both components.

* We also collect a new dataset of indoor videos captured
with a cellphone. Extensive experiments on LLFF, Scan-
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Net, CO3D and our dataset demonstrate that our AItNeRF
can synthesize realistic novel views with high fidelity and
robustness, and outperforms the existing NeRF methods.

Related Work

Self-supervised Monocular Depth Estimation. The
learning of SMDE is an image reconstruction problem. It
is supervised by the photometric loss that measures the dif-
ference between a target frame and frames warped from
nearby views. SfM-Learner (Zhou et al. 2017) is a seminal
work that proposed to jointly predict scene depth and rela-
tive camera poses. Follow-up works enhanced SfM-Learner
by decomposing depth scale (Wang et al. 2021b; Yan et al.
2023), introducing powerful neural networks (Guizilini et al.
2020; Lyu et al. 2021; Guizilini et al. 2022), and apply-
ing iterative refinement (Bangunharcana, Magd, and Kim
2023). Furthermore, MonoDepth2 (Godard et al. 2019) pro-
posed a minimum reprojection loss to handle occlusions,
and some works addressed the dynamic object problem by
compensating and masking pixels within dynamic areas us-
ing optical flow (Zou, Luo, and Huang 2018; Ranjan et al.
2019) and pretrained segmentation models (Gordon et al.
2019). Some other works boosted the performance of self-
supervised depth estimation by introducing a feature-metric
loss (Shu et al. 2020), proposing a resolution adaptive frame-
work (He et al. 2022), and exploring the knowledge distilling
approaches (Petrovai and Nedevschi 2022; Ren et al. 2022).
Recently, some works have focused on challenging environ-
ments, such as indoor (Ji et al. 2021; Wu et al. 2022) and
nighttime (Vankadari et al. 2020; Wang et al. 2021a; Liu
et al. 2021) scenes and shown impressive performance.

View Synthesis with NeRF. NeRF is a powerful tech-
nique for novel view synthesis, but they face several chal-
lenges in different scenarios. Many works have extended
NeRFs to handle dynamic (Pumarola et al. 2021; Liu et al.
2023), unbounded (Zhang et al. 2020; Barron et al. 2022;
Reiser et al. 2023), and large-scale scenes (Tancik et al.
2022; Turki, Ramanan, and Satyanarayanan 2022), as well
as to optimize NeRFs from in-the-wild (Martin-Brualla et al.
2021) and dark images (Mildenhall et al. 2022). Some works
have also improved the generalization (Yu et al. 2021b;
Wang et al. 2021c; Chen and Lee 2023), bundle sampling
(Kurz et al. 2022), initialization (Bergman, Kellnhofer, and
Wetzstein 2021; Tancik et al. 2021) and data structure (Yu
et al. 2021a; Miiller et al. 2022) of NeRFs. However, these
methods still rely on accurate camera poses, which are not
always available or realistic. To address this problem, re-
cent works (Wang et al. 2021d; Jeong et al. 2021; Meng
et al. 2021; Lin et al. 2021) have studied the joint task of
optimizing NeRF model and camera poses. However, they
are restricted to simple or known pose distribution. More-
over, some methods introduce depth priors (Deng et al.
2022; Roessle et al. 2022) from external sources, which
may be noisy or inaccurate and result in suboptimal NeRF
outcomes. In contrast, we introduce SMDE to estimate the
depth-pose priors to assist NeRF optimization, and devise
an alternating algorithm to harnesses the complementary
strengths of SMDE and NeRF for robust NeRF creation.
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Figure 3: The overall pipeline of our AltNeRF. The scene prior module estimates depth and pose, which serves as the depth
reference and initial poses, respectively. The scene representation module simultaneously refines the initial poses with A P; and
learns 3D scene representation, which is regularized by D;, and produces more accurate poses P;; and finer depth maps D, ;.
These refined depth and pose are then fed back to the scene prior module as guidance to improve its performance.

Preliminary

In this section, we review the key concepts and techniques
of Self-supervised Monocular Depth Estimation (SMDE)
and Neural Radiance Field (NeRF) to provide the necessary
background for our method.

Self-supervised Monocular Depth Estimation. SMDE
is a training method that only requires monocular videos V
and known camera intrinsic K. It employs two neural net-
works, fg : I — D and f, : (It,I;) = P, to predict
the depth map D of an input image I and relative camera
pose P;_, s between frames I; and [s. The training objec-
tive is to reconstruct the target frame I; from nearby views
I, by warping pixels x4 from the source image to the tar-
get image x; based on the predicted depth and camera pose:
xs ~ KP,_,;D(x;) K~ 'x;. The photometric loss is used to
supervise this process, which consists of the structural simi-
larity term and the ¢; term:

Ly(I;, 1) :%(1 — SSIM (I, I,))+

(1= )llTs = Tl

where « is often set to 0.85. An edge-aware smoothness loss
is also added to ensure smoothness in predicted depth maps.
This loss is based on the image gradients J, and 0, along
the horizontal and vertical axes, and is weighted by an expo-
nential function of the image gradients to preserve edges:

L, = |0, Dle” 1% |9, D|e~ 1911 ()

where | - | returns the absolute value.

ey

Neural Radiance Field. NeRF represents a scene as a
continuous volumetric field. It takes in a 3D point p € R?
and a unit viewing direction d € R3, and returns the corre-
sponding density o and color ¢: f,, : (p,d) — (o,c). The
volumetric field can be rendered to 2D images using volume
rendering techniques (Kajiya and Von Herzen 1984):

/t N T(t)o(t)e(t)dt.

n

C(r) 3)

5510

Similarly, the scene depths are created by computing the
mean terminating distance of a ray 7 = o-+td parameterized
by camera origin o and viewing direction d, via

/ Y Pttt

n

D(r)

4)

where T'(t) = exp(— j; ) handles occlusions, and
t, and ty are near and far depth bounds, respectively. The
optimization objective of NeRF is to minimize the recon-
struction loss, which is computed as the squared differences
between the rendered and ground truth colors for all rays:

Le = [C(r) = C(r)]l2. (5)
AltNeRF Framework

In this section, we introduce our AltNeRF framework, which
comprises two components: the Scene Prior Module (SPM)
and the Scene Representation Module (SRM). These mod-
ules work together under an alternating algorithm. In the fol-
lowing sections, we will delve into the details.

Scene Prior Module

Pretraining NeRF is optimized individually for each
scene, and thus lacks the prior knowledge for scene under-
standing. To address this limitation, we pretrain SPM on a
large dataset to accumulate the prior knowledge for 3D re-
covering. SPM is built on SMDE, which only requires acces-
sible video data for training. However, SMDE is susceptible
to dynamic objects and view-dependent appearances, which
can degrade its performance. Therefore, we employ the dis-
tilling strategy introduced in (Wu et al. 2022) to mitigate
these disadvantages:

L.=1-SSIM(D,D,)+
0.1 x (E, ® E/ size(E)),

where D, is the reference depth map produced by an off-the-
shelf relative depth estimator, DPT(Ranftl, Bochkovskiy,

(6)



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

and Koltun 2021), @ denotes XOR operation, size(-) returns
the size of a set, and E,. and F are occluding boundary maps
of D, and D, respectively. The final loss of this stage is:

Lyt =Ly + L, +1.0e™ x L. )

Test-time Adaptation The input for AltNeRF is also
video data. To adapt SPM to the target video, we fine-tune it
for a little iterations using the input video data. This helps
close the domain gap between the target and the training
data. However, SMDE produces relative depths defined up
to an unknown scale factor, which can cause potential in-
consistency across frames. Therefore, we introduce the ge-
ometry consistency loss from (Bian et al. 2019) to ensure the
scale consistency:

_ ”Ds(xs) _Dt(xt)”l
9 Dy(zs) + Dy(zy) ®)

where Dy and D; are predicted depth map of I and I, re-
spectively. The final loss used in adaptation step is

Lag = Lpy + 0.5 x L. )

Pose Conversion To register each camera to an unified
world coordinate, we use the following procedure. We es-
tablish a world coordinate system that aligns with the cam-
era coordinate system of the first frame Iy, whose pose
matrix is an identity matrix. SPM predicts the relative 3D
transformations P;_1_,; between adjacent frames, which we
use to calculate the camera poses P; of subsequent frames.
We apply the chain rule to compute the camera poses via
Py=P 1 X P

L

Scene Representation Module

SRM serves a dual purpose of learning 3D scene represen-
tation and refining camera poses simultaneously. It extends
the BARF approach (Lin et al. 2021) by introducing three
improvements: depth regularization, improved pose initial-
ization, and warmup learning. These enhancements will be
discussed in more details below.

Depth Regularization Recovering 3D geometry from the
view-limited scenes (e.g. forward-facing scenes) or texture-
less scenes (e.g. indoor scenes) is an ill-posed problem, since
there are numerous incorrect shapes that can also explain
the input images. To address this problem, we introduce the
depth prior estimated by SPM as an explicit 3D supervi-
sion for NeRF. This helps mitigate the shape ambiguity that
can mislead the NeRF optimization to a degenerate solution.
Specifically, we enforce the consistency between depth prior
D and NeRF rendered depth D. However, we do not strictly
align the rendered depth with the depth prior as previous
works did (Deng et al. 2022; Roessle et al. 2022), since the
depth prior itself is not precise either. Instead, we propose an
error-tolerant depth regularization that enforces the rendered

depth to fit a possible depth range:
€ 0>> ; (10)

D-D
L. = H | max ”AiHl —
D+ D
where H (-) denotes the Huber loss (Huber 1964), and ¢ is
a tolerance coefficient controlling the length of the possible
depth range.
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Figure 4: We illustrate that the depth estimation of SPM is
improved by visualizing the initial depth estimate Dy, and
depth estimates D and D after 1 and 2 alternating steps.

Improved Pose Initialization To improve the joint opti-
mization of camera pose and NeRF representation, which is
a highly non-convex problem that is prone to converging to
a suboptimal solution when the initial pose is far from the
actual pose, we use a pose prior estimated by SPM as ini-
tialization for SRM. This pose prior, denoted as P, is closer
to the actual pose, which helps it converge to the global
minimum. We then refine it by optimizing a residual pose
AP that represents the difference between them. The re-
fined pose, denoted by P, is calculated by combining them
through P = AP x P.

Warmup Learning To improve the joint optimization of
camera pose and scene representation, we propose a warmup
learning strategy that synchronizes the learning process for
these two tasks. SRM learns the scene representation from
scratch, but refines the camera pose using a good pose prior.
This asynchrony can result in an incorrect update direction
for the camera pose. Therefore, we set the learning rate of
AP to a low value at the beginning of the training and lin-
early increase it to the original learning rate after 1K iter-
ations. This allows SRM to learn a prototype of the scene
representation before updating the camera pose.

The final loss for optimizing SRM consists of both recon-
struction loss and depth regularization:

LST:LC"’_’V'Lev (11)

where 7 is a scalar hyper-parameter that balances these two
terms of losses.

Alternating Algorithm

To achieve robust NeRF creation, we propose an alternating
algorithm that synergistically boosts SPM and SRM based
on their complementary advantages. SPM can produce ro-
bust depth and pose estimates as a good scene prior for SRM,
but these estimates are not accurate enough to recover pre-
cise 3D scenes. On the other hands, SRM learns a continu-
ous volumetric field that can accurately represent 3D space
with fine geometries and improves the initial pose through
bundle adjustment. Therefore, SRM can overcome the short-
comings of SPM, while an improved SPM can provide more
accurate depth regularization which helps SRM achieve bet-
ter results. The overall framework is illustrated in Fig. 3. In
the following sections, we will introduce the workflow of
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the alternating algorithm, the multi-view consistency check,
and discuss its potential extension.

Workflow We denote the alternating step as ¢, SPM at step
i as ®;, and SRM as V;. The alternation is formulated as:

\I/i : (D“Pz) — (Di+17Pi+1)7

®;: (Diy1, Piy1) = (Dig1, Pipr).

In each cycle, SRM takes P; as initial pose and simultane-
ously learns scene representation and pose refinement un-
der the regularization of D;. This process is supervised by
Eq. (11). After Sr iterations, SRM outputs the estimated
scene depth Di+1 and improved camera pose ]52»+1. These
improved outcomes are then used to fine-tune the depth es-
timation network fy of SPM. Specifically, we use Eq. (6) to
distill structure information from SRM by replacing the ref-
erence depth D, with rendered depth ﬁi+1- The final loss
that supervises the fine-tuning process is Eq. (7). We fine-
tune SPM for S, iterations. Through these cyclist steps, both
SPM and SRM can be improved. We showcase the improved
depth estimation of SPM in Fig. 4.

(12)

Multi-view Consistency Check To assess the possible
unreliability of the depth estimates from SPM and SRM, we
use a multi-view consistency check to measure the uncer-
tainty of the predicted depth maps. We denote a depth map of
a target image I; as Dy, and compute the depth maps D;_,,
warped from nearby source views I using camera poses
P;_,, from SPM or P from SRM. We expect Dy and Dg_,;
to be identical, except for occlusions. Therefore, we define
an uncertainty U, of depth map D; as the difference between
Dy and Dg_y;: Uy = || Dy — Dg—s¢l|1- To account for occlu-
sions, we compute the average difference from four views
with the smallest differences. We incorporate this depth un-
certainty into our loss functions (i.e. Eq. (6) and Eq. (10)) by
weighting them with the Softmin(-) function. This helps to
mitigate the affect of unreliable depth estimates.

Discussion Our alternating algorithm is a general method
that can actually leverage any depth-pose priors, not just
those learned from SMDE. Using the valuable intermedi-
ate results of SPM and SRM, the algorithm can tolerate im-
precise priors and still create high-quality NeRF representa-
tions, which helps reduce the cost for robust NeRF creation.

Experiment

In this section, we evaluate AItNeRF on 16 scenes of four
datasets and compare it with existing methods to demon-
strate its state-of-the-art (SOTA) performance. We first in-
troduce the datasets and implementation details, and then
report the experiment results.

Dataset

We evaluate AltNeRF on four datasets: LLFF (Milden-
hall et al. 2019), CO3D (Reizenstein et al. 2021), Scan-
Net (Dai et al. 2017) and our collected dataset, named
Captures. Each dataset contains different scenes with vary-
ing levels of complexity and camera motion. We employ
the same train/test data division as BARF, which uses the
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first 90% of frames for training and the remaining 10%
for testing. LLFF: we select five scenes from LLFF for
evaluation: Fern, Flower, Fortress, Orchids and Room. We
also incorporate Vasedeck from nerf_lIff_360 into this set.
CO3D: we randomly select three scenes from the Couch cat-
egory of this dataset: 193_20797_40499, 349_36504_68102
and 415_57184_110444. These three scenes have more than
80 frames per scene and exhibit complex camera motions
with simultaneous panning and rotation. ScanNet: we ran-
domly select three scenes, scene0079_00, scene0553_00 and
scene0653_00, to evaluate the depth estimation performance
of AltNeRF. We use the data processed by NerfingMVS
(Wei et al. 2021) and reduce each scene to 20 frames to en-
large the viewpoint difference of adjacent frames. Captures:
Captures consists of four scenes that we collect with our
smartphone. Two scenes are forward-facing (Scene_01 and
Scene_02) and two scenes are inner-facing with semicircu-
lar camera trajectory (Scene_03 and Scene_04). This dataset
is challenging as it contains many textureless views and its
viewpoint diversity is also limited.

Implementation Detail

The depth estimation network f4(-) in SPM is based on the
U-Net (Ronneberger, Fischer, and Brox 2015) architecture.
The encoder is a ResNet-50 (He et al. 2016) with the fully-
connected layer removed, and the decoder consists of ten
3 x 3 convolutional layers, two for each scale, and uses bi-
linear up-sampling. The pose estimation network f,(-,-) is
structured with a ResNet-34 and outputs a vector of nine
element length, where the first six elements are continuous
rotation representation (Zhou et al. 2019) and the last three
elements denote translations. SPM is pretrained on around
300K images collected from NYUv2 (Nathan Silberman and
Fergus 2012) and VOID (Wong et al. 2020). The scene rep-
resentation function f,,(+,) in SRM uses the same network
structure as NeRF, i.e. eight fully-connected layers with skip
connections for density output, and one linear layer for color.
The ~ in Eq. (11) is set to 0.08 for LLFF and CO3D, and
0.15 for ScanNet and Captures. We pretrain the SPM with
a learning rate of 10~%, and fine-tune it with 5.0 x 10~°.
For SRM, the initial learning rate for NeRF learning is set
to 1073, and exponentially decays to 10~* throughout the
training process. The initial learning rate for pose refinement
is set to 1075, and linearly increases to 2.0 x 1073 after 1K
iterations before exponentially decaying to 10~°. The num-
ber of iterations S, and .S, are set to 50K and 500, respec-
tively, and we perform two alternations in all experiments
unless otherwise specified. Our method is trained for 150K-
200K iterations according to the number of frames, which
costs around 4.0-6.4 hours totally on single RTX 3090.

Comparing with Existing Method

Here, we evaluate AltNeRF on novel view synthesis, depth
estimation and camera pose estimation tasks, and compare it
with existing methods to showcase its SOTA performance.

Evaluation on LLFF and Captures We compare Alt-
NeRF with existing methods on novel view synthesis task.
The compared methods are NeRF (Mildenhall et al. 2020),
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Figure 5: Qualitative comparisons of novel view synthesis and depth estimation on LLFF and Captures datasets.

Method LLFF Captures

PSNR?T SSIM1 LPIPS | |PSNR?T SSIMT LPIPS|

NeRF 26.36 0.778 0.147 | 25.48 0.886 0.098
BARF 24.80 0.722 0.262 | 19.33 0.705 0.425
NeRFmm || 20.40 0.557 0.451 | 19.61 0.670 0.402
DS-NeRF || 26.11 0.773 0.174 | 27.35 0.893 0.109
DDP-NeRF || 22.33 0.690 0.242 | 2420 0.848 0.148
NoPe-NeRF|| 24.77 0.714 0.265 | 23.50 0.786 0.232
Our 27.41 0.803 0.139 | 29.72 0.922 0.067

Table 1: Quantitative comparison on novel view synthesis.
The best result is in bold, and the second is underlined.

Method || Abs Rel] SqRel] RMSE|[ o1 oo o031
NeRF 0.143 0072 0312 |80.5 95.8 96.7
DS-NeRF || 0.075 0025 0.169 |904 956 99.5
NerfingMVS || 0.075 0025 0.164 |93.8 98.9 99.8
Our 0.051 0.008 0.106 | 98.7 99.8 99.9

Table 3: Quantitative results of depth estimation. The re-
ported results are average over three scenes of ScanNet.

Method Fortress Orchids Vasedeck
PSNR?T SSIM1|PSNRT SSIM7|PSNR1 SSIM?T

DS-BARF || 30.61 0.883 | 19.46 0.582 | 21.83 0.641
Our 3098 0.899 | 20.33 0.648 | 23.34 0.701

Table 2: Quantitative comparison on novel view synthesis
with COLMAP assisted baseline, DS-BARF.

BAREF (Lin et al. 2021), NeRFmm (Wang et al. 2021d), DS-
NeRF (Deng et al. 2022), DDP-NeRF (Roessle et al. 2022)
and NoPe-NeRF (Bian et al. 2023). These methods aim to
address the shape ambiguity or camera pose requirement of
NeRF. Tab. 1 shows the mean quantitative results. We use
PSNR, SSIM (Wang et al. 2004) and LPIPS (Zhang et al.
2018) metrics to evaluate the image synthesis performance.
We employ identity matrices to initialize the camera pose of
BARF and NeRFmm. The LLFF and Captures datasets do
not have dense depth ground truth, thus we directly use the
pretrained depth completion model provided by DDP-NeRF,
as its dense depth prior. In general, our method outperforms
the competitors on all metrics. On LLFF, it outperforms the
second best method, NeRF, by 3.98%, 3.21% and 5.44% on
PSNR, SSIM and LPIPS, respectively. The improvement on
Captures is more significant since the competitors perform
pool on textureless and view-limited scenes. Specifically,
AltNeRF improves the second best method, DS-NeRF, by
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Method Couch_193 Couch_349 Couch_ 415
PSNR?T SSIM1|PSNRT SSIM?|PSNRT SSIM7
NeRF 34.56 0.929 | 32.46 0.906 | 36.07 0.948
BARF 942 0384 | 12.89 0.547 | 15.78 0.717
DS-NeRF || 32.48 0.939 | 31.19 0.887 | 34.97 0.928
NoPe-NeRF|| 15.21 0.495 | 13.09 0.593 | 16.35 0.698
Our 34.69 0.930 | 33.08 0.912 | 37.08 0.949

Table 4: Quantitative comparison on novel view synthesis
task. The experiments are conducted on CO3D.

8.66%, 3.25% and 38.53% on these three metrics.

Existing methods focus on either addressing the shape
ambiguity or the pose requirement of NeRF, while our
method addresses these two problems simultaneously. To
further demonstrate the advantages of our method, we com-
bine BARF with DS-NeRF as a new baseline, which can
also optimize pose and regularize NeRF learning. We de-
note this new baseline as DS-BARF. It initializes the camera
pose using COLMAP (Schonberger and Frahm 2016) esti-
mated pose, and supervises NeRF learning using the same
method as DS-NeRF, with the depth estimated by COLMAP.
We freeze its camera pose for the first 1K iterations to align
the learning process of camera pose and NeRF. We compare
with this baseline on three scenes of LLFF, and report the
quantitative results in Tab. 2. The results demonstrates that
simply combining existing methods is insufficient for high-
quality NeRF creation.

Fig. 5 shows the qualitative comparisons on novel view
synthesis and depth estimation tasks. Each method is eval-
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Figure 6: Qualitative results of pose estimation on CO3D.

Method Flower Scene 02
PSNR1 SSIM1 LPIPS||PSNR?T SSIM? LPIPS|

BARF 2399 0.744 0.183 | 29.68 0.932 0.053
+ pose prior || 2521 0.752 0.154 | 31.31 0.962 0.038
+ depth prior || 24.99 0.757 0.141 | 34.09 0.974 0.030
1 alternation || 25.96 0.786 0.117 | 35.05 0.976 0.030
2 alternations|| 26.07 0.794 0.114 | 35.05 0.978 0.029
4 alternations|| 26.13 0.793 0.112 | 35.05 0.978 0.028

Table 5: Quantitative results for ablation study. BARF is the
baseline method and we gradually enable each component
to demonstrate their effectiveness.

uated on two scenes from LLFF and Captures datasets. The
results show that AltNeRF can synthesize realistic novel
views and reasonable depth maps for both scenes. For exam-
ple, it estimates the depth of the distant chairs in the Fortress
scene more accurately, while the other methods underesti-
mate their depth or fail to capture their details.

Evaluation on ScanNet ScanNet has high-quality depth
ground truth, therefore we use it to demonstrate the supe-
rior geometry reconstruction ability of AltNeRF. Specifi-
cally, we compare AltNeRF with three existing methods,
namely NeRF, DS-NeRF, and NerfingMVS, and report the
quantitative results in Tab. 3. We use three error metrics, Abs
Rel, Sq Rel and RMSE, and three accuracy metrics, o1, 02
and o3 (%), to measure the quality of the estimated depth
maps. Our method outperforms the competitors by a large
margin on each scene. It reduces the Sq Rel and RMSE met-
rics by 68.0% and 35.37%, respectively, compared to the
second best method, NerfingMVS. It also achieves a near-
perfect performance on the o3 metric, which indicates a high
accuracy of depth estimation. This demonstrates that Alt-
NeRF can perform well on the depth estimation task, and
also shows that it can learn a more accurate scene represen-
tation than the existing methods.

Evaluation on CO3D CO3D dataset contains long-length
videos with more complicated room-level camera motion.
We use this dataset to demonstrate that AltNeRF is also
applicable in these challenging scenes. First, we report the
quantitative results on novel view synthesis task in Tab. 4.
Note that, SFM methods (e.g. COLMAP) usually work well
when input images are abundant. However, AltNeRF still
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Figure 7: Ablation study on pose estimation on Scene_04.
The x-axis indicates the number of iterations. BARF is the
baseline method, and we gradually enable each component
to test their performance.

outperforms NeRF and DS-NeRF, which employ the camera
pose and depth estimated by COLMAP. This demonstrates
the superiority of our method over the COLMAP assisted
approaches. To evaluate AltNeRF on the camera pose esti-
mation task, we use the camera pose estimated by COLMAP
as pseudo ground truth and report the qualitative comparison
with BARF and NoPe-NeRF in Fig. 6. Our predictions are
closely coincide with those of COLMAP, while BARF and
NoPe-NeRF fail to produce meaningful pose outputs.

Ablation Study

We demonstrate the effectiveness of each component of Al-
tNeRF through ablation study reported in Tab. 5. We use
BARF with identity matrices initialization as the baseline.
First, we introduce the pose prior by initializing the cam-
era poses with SPM estimates. This improves the perfor-
mance on all metrics. Then, we introduce the depth prior
and regularize NeRF with the proposed error-tolerant loss.
This improves most metrics except for PSNR of Flower. We
attribute this to the inaccurate depth prior, which impairs the
learning of scene representation. The inaccurate depth prior
can be improved via alternation. We report the results using
1, 2 and 4 alternations in the last three rows of this table.
More alternating steps can consistently improve the perfor-
mance, although the improvement is decreasing.

We evaluate the performance of each component on pose
estimation and report the results in Fig. 7. We use BARF
as baseline and gradually enable the pose priors, the error-
tolerant depth loss and the warmup learning strategy to test
their effects. The results show that the camera pose errors
decrease as more components are enabled. In particular,
enabling the pose priors significantly reduces the pose er-
ror. The error-tolerant loss also improves the performance
over + pose prior, which verifies its effectiveness. With the
warmup learning strategy, the errors are further reduced,
leading to the most accurate pose estimation.

Conclusion

NeRf creation often suffers from suboptimal solutions due
to the lack of explicit 3D supervision and imprecise camera
poses. In this paper, we propose a alternation-based frame-
work that harmoniously melds self-supervised depth estima-
tion and neural rendering to address these problems. Our
method can produce high-quality NeRF representations and
accurate camera poses only from monocular videos.
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