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Fig. 1: Given an object image with unknown pose, we propose a NeRF-based pose estimation method, which reduces the
hundreds of optimization steps in former NeRF-based method to only one step, while avoiding being stuck in local minima,
and obtaining more accurate poses. As a result, with only 5 minutes training of a fast NeRF [1], our method achieves CAD

model-free real-time pose estimation on novel objects at 6FPS.

Abstract— Given the image collection of an object, we aim at
building a real-time image-based pose estimation method, which
requires neither its CAD model nor hours of object-specific
training. Recent NeRF-based methods provide a promising
solution by directly optimizing the pose from pixel loss between
rendered and target images. However, during inference, they
require long converging time, and suffer from local minima,
making them impractical for real-time robot applications. We
aim at solving this problem by marrying image matching
with NeRF. With 2D matches and depth rendered by NeRF,
we directly solve the pose in one step by building 2D-3D
correspondences between target and initial view, thus allowing
for real-time prediction. Moreover, to improve the accuracy
of 2D-3D correspondences, we propose a 3D consistent point
mining strategy, which effectively discards unfaithful points
reconstruted by NeRF. Moreover, current NeRF-based methods
naively optimizing pixel loss fail at occluded images. Thus, we
further propose a 2D matches based sampling strategy to pre-
clude the occluded area. Experimental results on representative
datasets prove that our method outperforms state-of-the-art
methods, and improves inference efficiency by 90x, achieving
real-time prediction at 6 FPS.

I. INTRODUCTION
Object pose estimation has wide applications in robot ma-
nipulation, augmented reality (AR) and mobile robotics [2].

*The corresponding author is Prof. Yang Cong. The work is sup-
ported in part by National Key R&D Program of China under Grant
2023YFB4704800, and NSFC under Grant 62225310, 62127807.
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Traditional methods typically require the CAD model of the
object in advance, and searching for handcrafted features [3],
[4] between the preregistered images or templatesand the tar-
get image. However, obtaining such high-quality CAD model
can be difficult and labor-intensitive, or requires specialized
high-end scanners. Recent methods have been applying deep
neural network to regress the poses [5]-[9]. However, they
can only estimate poses of known instances [5]-[7] or similar
ones from the same category [8]-[11], and have to retrain on
novel objects for hours. Moreover, they require large amount
of training data, which is tedious to collect and annotate.
Thus, it is difficult to apply such methods in real world due
to unaffordable training time and human labor.

To further avoid tedious retraining for each novel object,
recent methods [12], [13] learn from the traditional pipeline
of SfM (Struction-from-Motion) to estimate object poses via
feature matching. Given a small set of multi-view images,
they first reconstruct sparse point cloud of the object via
SfM, and then form 2D-3D correspondences to estimate the
pose by solving the PnP [14] problem. Unfortunately, such
methods rely on forming stably repeatable correspondences
across all input frames, which usually cannot be guaranteed,
thus leading to large pose error. On the other hand, recent
advances in NeRF (Neural Radiance Fields [1], [15]-[17])
provide a mechanism for capturing complex 3D geometry
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in a few minutes. Following former render-and-compare
methods for pose estimation [18]-[20], iNeRF [16] first
trains a NeRF from image collection, and then during testing,
it optimizes the pose by minimizing dense pixel error be-
tween the rendered and target image. Such dense supervision
allows iNeRF to achieve more accurate alignment, but it also
requires hundreds of iterations taking minutes. Moreover, its
convergence relies on good initialization, and typically fails
at large pose differences or occlusion.

In this work, we try to combine the best of both worlds
by marrying image matching with NeRF to achieve real-time
image-based pose estimation, without hundred steps of op-
timization. With 2D pixel matches and corresponding depth
rendered by NeRF, we can build 2D-3D correspondences,
and directly solve the pose with PnP [14]. This significantly
reduces the iteration number and allows for real-time in-
ference for NeRF based method. Moreover, comparing to
former keypoint-based method [12], [13], this eases the diffi-
culty of building 2D-3D correspondences in traditional SFM-
based methods, which needs to find 2D matches between
multiple input frames and the target image. With NeRF, our
method only matches between two images once, and can
convert arbitrary 2D matches to 2D-3D correspondences by
backprojecting NeRF rendered depth into 3D space.

Moreover, owing to the implicit nature of NeRF, the
rendered depth can be noisy and unfaithful [21]-[23]. To
improve the quality of 2D-3D correspondences, we further
propose a 3D consistent point mining strategy to discard
unfaithful and noisy 3D points reconstructed by NeRF so
that the PnP can obtain more accurate poses. Specifically,
we render the 3D points from nearby viewpoints and regard
the variation of them as the 3D consistency.

Our method also allows for further pose refinement from
pixel error, like former render-and-compare methods [16],
[18], [19]. However, this process is sensitive to occlusion,
which bakpropagtes false gradient to the pose. We notice that
the matching points indicate unoccluded area, and propose a
matching point based sampling strategy for loss computation.
In experiments, we show that our proposed method improves
the efficiency over former NeRF based methods by 90 times,
and can inference in real-time at 6FPS, while achieving
higher pose accuracy and stronger robustness to occlusion.

Our contributions are three folds: 1) An efficient NeRF
based pose estimation method is proposed by introducing
image matching, which allows real-time image-based infer-
ence, and is free of CAD model or hours of pretraining.
2) We propose a 3D consistent point mining strategy to
detect and discard unfaithful points reconstructed by NeRF
to enable more accurate pose estimation. 3) In contrast to
former render-and-compare based methods, our method can
overcome the occlusion problem with a matching point based
sampling strategy.

II. RELATED WORKS

A. Deep Learning Based Pose Estimation

Recently, deep neural networks have led a series of break-
throughs for pose estimation. Some methods [5], [6], [24]

focus on regressing the object pose directly. Some methods
[25]-[27] train neural networks to build the 2D-3D corre-
spondence first and then apply the PnP algorithm to compute
the 6-dof poses. OSOP [28] proposes a one-shot method by
first using a textured 3D template to match target image,
and then solve the pose from dense 2D-3D correspondences
constructing by image matching. Recently, some methods
[8]-[11] leverage category-level representation to estimate
both the pose and the scale of novel instances within the same
category. Although great success has been made, they have
to either obtain high-quality CAD models or spend expensive
costs to collect and annotate large amount of data, severely
limiting their application in the real world.

B. Render-and-compare Based Pose Estimation

Traditional render and compare methods [19], [20], [29],
[30] first render the 3D CAD model and compare with input
2D images, and then minimize the error to optimize the
pose. So they typically require high-quality 3D models in
advance, which cannot be applied in our CAD-free setting.
Though 3D models can be obtained from multi-view images
via differentiable renders [18], [31], [32], the reconstruction
and rendering quality is limited, and may fail at complex
real-world scenes.

NeRF-based. Neural Radiance Fields [15] provide a remedy
for render-and-compare based strategy with its remarkable
improvement in rendering quality. INeRF [16] first proposes
to estimate the pose by inverting NeRF, ie., optimizing
the pose from image difference. Though achieving accurate
results, it requires hundreds of iterations, and struggles at
converging to correct poses. To solve these problems, Loc-
NeRF [33] and [17] propose to use Monte Carlo sampling to
improve the efficiency and robustness to local minima. How-
ever, these methods still require optimization, thus cannot
achieve real-time estimation. On the other hand, NeRF has
been used in SLAM methods [34]-[36], where the camera
poses are required to be estimated. iMap [34] and NICE-
SLAM [35] use RGB-D camera to capture depth to supervise
the localization process. In contrast, our method aims at
estimating pose from RGB images.

C. Keypoint-Matching-Based Pose Estimation

Traditional methods [37]-[39] use hand-crafted features
like SIFT [40], FAST [41] and ORB [42] to match interest
points between training images and a pre-built 3D model
to solve the pose. Nowadays, some methods introduce deep
learning to improve accuracy of matches. [43], [44] train
a classifier to distinguish inliers and outliers. SuperGlue
[45] designs self- and cross-attention layers to enhance the
exploration of features relations. Recently, OnePose [12]
assigns features to SfM reconstructed 3D points by ag-
gregating image features from multiple training views, and
directly matches with target images. Onepose++ [13] later
improves it with a keypoint-free reconstruction framework.
However, they still rely on large training data to train feature
aggregation networks limiting their application.
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III. BACKGROUND

NeRF. Given multi-view images with annotated camera
parameters, NeRF [15] represents scenes via a 5D function:

c,0 = P(x,d), (1)

which maps the query point location x € R? to its density
o € R!, and view-dependent color ¢ € R? at direction d €
R3. It reconstructs the scene implicitly, and is able to render
freeview images. To render an image from view P, the color
C(p, P) of a pixel p € R? is obtained by accumulating the
color along rays r that passes the pixel, following the volume
rendering technique [46]:

N
C(p,P) = Zwicia 2

where w; = ZfV:sz(l — exp(0;0;)) is the weight of each
ray point, T; = exp(— Z;;ll 0;9;), and §; is the sample step
along the ray. Similarly, we can also render an approximate
depth at pixel p by

N
2(p,P) = witi, 3)

where t; € R! is the depth at each ray point.

InstantNGP. The original NeRF suffers from tediously
lengthy training, and is infeasible to run in real time. In-
stantNGP [1] improves the effciency by decomposing the
scene into a multi-resolution hash table and tiny MLP. It
significantly reduces the training time to 5min, and allows
for real-time rendering. For application in pose estimation,
this makes fast online training of novel objects, and real-time
inference possible. So we use it as default NeRF model.

NeRF-based Pose Estimation. INeRF first proposes to
estimate the pose of a novel object with NeRF. It first trains
a NeRF model ® with multi-view images of the object. Then,
during inference, given a new target image [;, iNeRF [16]
recovers the camera pose T € SFE(3) by optimizing:

T = argmin |®(T') — It||2, 4)

TESE(3)
where ®(T') denotes NeRF rendered image from view T,
and the function denotes an L2 loss between ®(7) and the
target image [;. The NeRF weights are fixed in optimization.

IV. METHOD

Our method aims at improving the convergence speed of
NeRF-based pose estimation method. The key insight is to
marry feature matching with NeRF to directly solve the pose
from 2D-3D correspondences via PnP, which we introduce
in IV-A. Moreover, owing to the implicit nature of NeRF, 3D
coordinates lifted from 2D pixels can be noisy and unfaithful.
Thus, in Sec. IV-B, we improve the 3D consistency by
introducing a 3D consistent point mining strategy before
solving the pose. So far, without any refinement, our result is
already more accurate than iNeRF [16] in most cases, which
needs hundreds steps of refinement. Our method also allows

further optimization to refine the initial pose. However, we
notice that current pixel error (Eq. 4) cannot handle occluded
images. For this, we propose a keypoint-guided occlusion
robust refinement to tackle the occlusion problem, which is
introduced in Sec. IV-C.

A. One-step Pose Estimation via Feature Matching

Optimizing the pose from the photometric loss between
rendered and target image following the formulation of
iNeRF [16] (Eq. 4) can be extremely challenging, due to
highly non-convex objective function. As a result, current
methods are prone to being stuck in local minima. Here, we
propose to estimate the pose by marrying image matching
with NeRF. As shown in Fig. 2, the method has three main
steps:

1) Matching: To estimate the pose of the target image I,
we first render an image I,. from the initial guess of camera
pose P with the trained NeRF model. Then, a pretrained off-
the-shelf image matching model [45], [47], [48] is applied
to form 2D-2D matches [q;, p;] between the target image I
and the rendered image [, with q; € I; and p; € I,.. We
apply the recent proposed transformer-based image matching
method LoFTR [47] in all our experiments.

2) Lifting: We then convert 2D-2D matches [q;, p;
between target image I; and rendered image I, to 2D-
3D correspondences [q;,x;]. We achieve this by lifting the
matched 2D pixels p € R? in NeRF rendered image I, to
3D space. Specifically, we first obtain the depth 2; from the
depth map D rendered by the trained NeRF model following
Eq. 3. Then, the 3D coordinate of the corresponding point
X is obtained via backprojection, and transformed to world
space via current camera pose P:

%; = P4 K 'p; )

3) PnP: After obtaining the 2D-3D correspondences, the
pose is computed via PnP [14] with RANSAC [49]. The
above procedure already allows us to obtain good pose with
only one rendering step, which is much faster than former
NeRF based baselines [16], [17]. However, there may exists
error due to inaccurate feature matches. In the following, we
introduce a strategy to further improve the performance.

B. 3D Consistent Point Mining

In the above framework, one of the key factors that affect
the pose accuracy is the precision of the 2D-3D matches,
which are computed by a trained NeRF [15] model as
stated in IV-A.2. However, owing to the implicit nature of
NeRF, the learned scene geometry can be unfaithful and
noisy [21]-[23]. Moreover, the estimated 3D coordinates
can be inconsistent when rendering from different views,
resulting in large pose error. These problems become severer
when the training images are limited, or the camera poses
are noisy.

To counter the above problem, we propose to preclude the
inconsistent 3D points by introducing a 3D consistent point
mining strategy. Specifically, for each 3D keypoint x that
is lifted from a matched 2D pixel p, its consistency m is
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Fig. 2: Framework of the one-step pose estimation via feature matching strategy. Given the initial pose, we use NeRF [1]
to render an RGB image I,., and a depth image D. Then, an off-the-shelf image matcher [47] is applied to generate 2D-2D
matches between the rendered and target image. Given location of matched 2D points and its depth rendered by NeRF, the
3D coordinates can be obtained, thus forming 2D-3D matches, from which the pose is finally solved via PnP+RANSAC.

evaluated by re-estimating the 3D coordinates from nearby
views, and computing how well these points are aligned with
each other.

Specifically, given the current view P and estimated 3D
keypoint x, we first sample k nearby views P = {P;}k_,.
Then, we shoot rays R = {r;}*_, that pass the 3D keypoint
x from each view in P, and estimate the 3D coordinates
X = {x;}¥_, on these rays:

X = Z -norm(PP~'x), (6)

where Z = {2;}5_, is the depth value of rays R estimated
by NeRF, and norm(:) denotes vector normalization. We
measure the point consistency with the location variance:

1
m = 2lIX = x|, ™

where larger m indicates lower consistency. Finally, we in-
troduce a threshold ~ to discard the points whose consistency
m > vy, where «y is determined empirically.

C. Keypoint-guided Occlusion Robust Refinement

Current NeRF-based method cannot estimate the pose
of occluded images. The reason is that the photometric
loss computed from occluded area will backpropagate false
gradients to the pose, which will aggravate the issue of being
stuck in local minima.

Our image-matching based strategy provides a solution to
this problem. Assuming the image matcher to be accurate
enough, the matched keypoints naturally provide cues for
unoccluded area, thus preventing the false gradients. We
propose to compute the photometric loss with a new matched
keypoint-guided sampling strategy. Specifically, after predict-
ing matches, we apply 5 x 5 morphological dilation around
the matched keypoint for n times to obtain the sample region.

V. EXPERIMENTS

We evaluate the pose estimation performance of our pro-
posed method on NeRF synthetic dataset [15] and complex
real-world scene from LLFF dataset [50].

A. Comparison Methods

We evaluate our method by comparing against state-of-
the-art NeRF based pose estimation methods, and image
matching based method:

iNeRF [16] is the first method to estimate object poses by
inverting neural radiance fields. It computes photometric loss
between the rendered and target images, and backpropagate
throught NeRF’s framework to optimize the pose.

pi-NeRF [17] improves the efficiency of iNeRF by using
instant-NGP [1]. It overcomes the local minimum by paral-
lelly optimizing and pruning Monte Carlo sampled poses.

LoFTR [47] , where we directly solve the pose from 2D
matches estimated by LoFTR via epipolar geometry. The
translation evaluation is omitted due to scale ambiguity.

Ours (I-step) To demonstrate the significance of the
proposed feature matching strategy, we build Ours (1-step)
baseline. It takes the PnP solved pose as final results, and
does not apply further pose refinement.

B. Results on Synthetic Dataset

1) Setting: We choose Instant-ngp [1] as the NeRF model,
and train it on all the training images. For evaluation, we
follow iNeRF [16] to choose 5 test images from test set to
estimate the pose. For each image, 5 initial poses are sampled
by rotating around a random axis by a random angle within
[10°,40°], and translating along a random vector by length
within 0.2. To explore the performance limits, such initial
pose perturbation is severer than former work [16], [17], so
the results of the comparison methods may be worse than
the results reported in the original paper. All comparison
methods except for iNeRF! are evaluated with the official

Thttps://github.com/salykovaa/inerf
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TABLE I: 6-DoF pose estimation Results on the NeRF
Synthetic and LLFF datasets, where RE / TE denote rotation
/ translation error, respectively. mRE / mTE denote mean
rotation / translation error over all subjects.

Method RE<5°(1) TE<0.05(1) mRE () mTE (})
NeRF Synthetic Dataset
iNeRF [16] 0.585 0.56 10.33 0.559
pi-NeRF [17] 0.24 0.04 15.83 1.073
LoFTR [47] 0.785 - 6.15 -
Ours (1-step) 0.945 0.75 1.57 0.096
Ours 0.95 0.88 1.25 0.077
LLFF Dataset
iNeRF [16] 0.50 0.55 16.46 0.0618
pi-NeRF [17] 0.00 0.00 133.37 3.999
LoFTR [47] 0.994 - 0.667 -
Ours (1-step) 1.00 1.00 0.325 0.0027
Ours 1.00 1.00 0.135 0.0008
implementation.

2) Results: As shown in Tab. I, we report the pose
correctness, i.e., the rate of poses with rotation error < 5°,
and translation error < 5 units, and mean rotation (mRE)
and translation error (mTE).

On NeRF Synthetic dataset, Ours (1-step) already outper-
forms NeRF-based methods by 36% and 19% in terms of the
rotation and translation accuracy. Moreover, pi-NeRF [17]
achieves worse performance that iNeRF [16]. We assume the
reason is that pi-NeRF fails to guess good initial pose under
such severe pose perturbation, and abandoning the interest
region based pixel loss used in iNeRF makes the convergence
even harder. Our method is also superior than direct solving
pose from LoFTR [47] 2D matches via epipolar geometry,
which indicating that our idea of combining 2D matches
with 3D information provided by NeRF can complement
each other, and further boost the performance. With post
refinement of 40 steps, our full method can further boost the
correctness of rotation and translation from 94.5% / 75% to
95% / 88%. Such few steps of optimization is much less than
iNeRF (300 steps), and pi-NeRF (2500 steps), thanks to the
accurate initial pose obtained by 1-step pose solving strategy.
It can effectively alleviates the local minima suffered by pure
optimization based method. The qualitative results shown
in Fig. 3 shows that our method achieves nearly perfect
alignment under large initial pose differences.

C. Results on Real World Scene

1) Setting: We evaluate on 4 complex scenes captured
by LLFF [50] including Fern, Fortress, Horns, and Room
following iNeRF. The model and protocol for pose initial-
ization is the same as in iNeRF [16]. Here, the scenes are
captured from forward view. So the setting is closer to the
visual localization task in SLAM.

2) Results: On real-world scene, similar to NeRF Syn-
thetic dataset, our method achieves the best results. This
dataset is more challenging, because the scenes are captured
with forward-facing images, which will result in larger image
differences under the same rotation angle. As a result, it leads
to performance degradation for the comparison methods.

iNeRF
100 steps

iNeRF Ours
200 steps 1 step

Initial Pose

Fig. 3: Qualitative results of pose estimation on NeRF
synthetic [15] and real-world LLFF dataset [50]. We visulize
the results by overlying the target image and NeRF rendering
image from the estimated pose.

On the contrary, our method even achieves better results
(100%). This verifies the robustness of our method to large
pose variations. Compared to synthetic dataset, the improved
performance may be because the matcher [47] performs
better on real-world data.

D. Results on Occluded Dataset

1) Setting: We further explore the performance of our pro-
posed method on occluded dataset. The occluded data is syn-
thesized by composing the NeRF synthetic and LLFF dataset.
The LLFF real-world images are used as background, and
objects from synthetic dataset are randomly transformed and
added as foreground. See the leftmost column of Fig. 4 for
an example.

2) Results: We show qualitative pose estimation results on
occluded dataset in Fig. 4. For iNeRF [16], taking fortress
(second row) as an example, with the main object being
occluded, the photometric loss computed from repeated
pattern of the table cannot guide the pose optimization. For
pi-NeRF [17], Monte Carlo sampling strategy also fail on oc-
cluded images, because the photometric error from occluded
area can no longer be used as a criterion to sample correct
pose. On the contrary, our method bypasses the occluded
area by leveraging the power of matching method [47], and
still solves good pose in one step. The effect of occlusion
robust matching area guided sampling strategy is analyzed
in Tab. II of ablation study .

E. Efficiency

Efficiency is one of our key advantages. We evaluate the
efficiency on NeRF Synthetic dataset, and run all experi-
ments on one RTX3090 GPU. Without post refinement, our
method runs at 6FPS, and is 90x faster than former best
method [17], including ~50ms for rendering, ~60ms for
matching, ~15ms for PnP+RANSAC. For post refinement,
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TABLE II: Results of ablation studies on the proposed
3D Consistent Points Mining Strategy (3D Consis.), and
Keypoint-guided Occlusion Robust Refinement (KOR) strat-
egy, where rot. and trans. denote rotation and translation.

Balines \ Mean rot. error (°) | \ Mean trans. error (cm) |
NeRF Synthetic Dataset
I w/o 3D Consis. (1-step) 2.08 0.133
II w/ 3D Consis. (1-step) 1.57 0.096
Occluded LLFF Dataset
1II w/o KOR Refine. 0.562 0.33
IV w/ KOR Refine 0.518 0.29

a2 ez

a) Lego b) Fortress

Fig. 5: Visualization of the points discarded by 3D consistent
point mining strategy.

our method requires much less iterations (40) comparing to
iNeRF [16] (300) and pi-NeRF [17] (2500), which also boost
the efficiency of pose refinement. We attribute the reduction
to the good initialization of our keypoint based strategy.
Optimizing Instant-NGP [1] for 40 steps takes about 400ms.

F. Ablation Studies

We explore the effectiveness of each proposed compo-
nents, including the 3D consistent point mining strategy and
the keypoint-guided sampling strategy for occlusion robust
pose refinement.

3D Consistent Point Mining. To explore how 3D consis-
tent point mining works, we first visualize the inconsistent
points that are discarded in Fig. 5. In the Lego images, the
inconsistent points typically locate near the silhouette, where
NeRF cannot reconstruct well, and slight mismatch of pixels
may cause large change of depth. Similarly, in the fortress
image, the discarded points also appear near the fortress
edge. Other discarded points are at the corner of the image,
whose geometry is also not well-defined as they are rarely
seen. In conclusion, the proposed 3D consistent point mining

Comparison Methods

iNeRF
Step=500

=

Ours
Step=1

Fig. 4: Qualitative results of pose estimation on synthesized occluded data. The comparison methods fail to align the occluded
images after hunderds of iterations, while our method aligns well in one step.

pi-NeRF
Step=2500

. - B
7 b)'W/ refinement c) w/ refinement
w/o KOR w/ KOR
Fig. 6: Visualization of the effect of the proposed keypoint-

guided Occlusion Robust Refinement strategy (KOR).

|

a) w/o refinement

strategy can automatically detect and discard unstable 3D
points learned by NeRF, thus improving the pose accuracy.

We also evaluate 3D Consistent Point Mining strategy
quantitatively on NeRF synthetic dataset in Tab. II. Here, we
report the 1-step results without post refinement. The results
validate its effectiveness.

Keypoint-guided Occlusion Robust Refinement. As
shown in Fig. 6, the proposed keypoint-guided occlusion
robust (KOR) strategy achieves accurate alignment under se-
vere occlusion, while the interest area sampling strategy [16]
(w/refinement, w/o KOR) suffers from local minima. Quan-
titatively, as shown in Tab. II, KOR reduces rotation and
translation error by 4.4%.

VI. CONCLUSION

We have proposed a fast NeRF-based framework for
imaged-based, CAD-free novel object pose estimation. By
introducing keypoint matching, our method can directly
solve the pose with one step, and is free of long opti-
mization time and local minima. Moreover, we propose a
3D consistent point mining strategy to improve the quality
of 2D-3D correspondences, and a matching keypoint based
sampling strategy to improve the robustness to occluded
images. Experiments demonstrate our superior performance
and robustness to occlusion. For future work, we hope that
this method can be extended to robot manipulation or recent
neural field based SLAM tasks [36], [51]-[54] to push the
efficiency limit of localization.
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