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AbstractÐ Accurate 3D object pose estimation is key to
enabling many robotic applications that involve challenging
object interactions. In this work, we show that the density
field created by a state-of-the-art efficient radiance field re-
construction method is suitable for highly accurate and robust
pose estimation for objects with known 3D models, even when
they are very small and with challenging reflective surfaces. We
present a fully automatic object pose estimation system based
on a robot arm with a single wrist-mounted camera, which can
scan a scene from scratch, detect and estimate the 6-Degrees
of Freedom (DoF) poses of multiple objects within a couple of
minutes of operation. Small objects such as bolts and nuts are
estimated with accuracy on order of 1mm.

I. INTRODUCTION

It remains a significant challenge to enable robots to

manipulate objects around them with enough competence

to unlock applications such as general domestic robotics,

especially when these robots must rely only on their own on-

board sensors such as cameras. While simple picking up and

dropping can often be achieved via direct image-to-action

control policies, more complex manipulation such as precise

placing or insertion, can benefit from explicit reasoning about

the 3D shape of objects.

While general object shape estimation is an interesting

and important problem, in most application scenarios (e.g.

office, factory, kitchen or household) a robot will usually be

dealing with objects whose type is known in advance. Precise

3D models are often also available in the form of Computer-

Aided Design (CAD) provided by the manufacturer, shared

by other robots or estimated from the robot’s own past

experiences. In this case, 3D scene understanding takes the

form of pose estimation of known object models.

In this paper, we show for the first time that the recent

real-time light field reconstruction method in the form of

Instant-NGP [13] is ready to be straightforwardly used as

an intermediate representation as part of a fully automatic

system for highly accurate 3D object pose estimation in

table-top settings for precise manipulation tasks. Our system

comprises a robot arm with a single wrist-mounted RGB

camera, which makes a rapid scan, reconstructs the scene,

and fits object models all within two minutes of operation.

RGB light field reconstruction was recently revitalised by

Neural Radiance Field (NeRF) [12], which uses a single

neural network optimised via volume rendering to recon-

struct scene density and illumination. Instant-NGP (Instant

Neural Graphics Primitives) [13] is a development which

uses a much more efficient hybrid grid/neural representation

than NeRF to achieve efficient optimisation and rendering.

Fig. 1: A set of posed images (top-left) from a scene

containing multiple objects is used to train a NeRF. The

reconstructed density field (bottom-right) is employed to

align model-to-scene poses for each object using multi-

hypothesis optimisation, with the best pose silhouette repro-

jection overlaid (magenta).

Since it was designed primarily for visual fidelity rather than

geometry estimation, the reconstructed scene density field

is not necessarily accurate nor smooth. However, here we

show that it contains details which are sufficiently suitable

for object pose estimation, especially when heavily relying

on object edges. We perform pose estimation via straight-

forward iterative optimisation of a cost function measuring

the agreement between an object model and the Instant-NGP

density field (see Fig. 1). Object poses are initialised auto-

matically using off-the-shelf RGB object detection. Our full

system includes automatic scene scanning, with camera pose

estimates coming initially from robot arm kinematics and

then refined using Instant-NGP’s camera pose optimisation

function for increased accuracy. The use of kinematics means

that the reconstruction is correctly scaled and object poses

can be estimated with high metric precision.

This approach has many advantageous properties for ob-

ject pose estimation in a robot manipulation setting. Firstly,

it requires only a single RGB camera which the robot moves

by itself. Alternatives such as depth cameras or stereo rigs

typically have minimum and maximum range limits and

limited reconstruction precision, as well as usually being

more bulky and expensive. A single RGB camera can be

moved arbitrarily close to the scene to gather great scene

detail. We will show that this means that the pose of even

tiny objects such as bolts and nuts can be estimated with an
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accuracy of less than 1.5 mm. Further, light field estimation

methods can cope with a wide range of lighting conditions

and can build density maps which enable pose estimation

even of objects which are usually difficult to deal with in

computer vision due to issues such as shiny or metallic

surfaces. Our method requires only geometric shape models

of the objects, without any colour or texture information.

Fit-NGP is simple, accurate, and automatic, and is a

method that other researchers will easily be able to copy and

use in a wide range of manipulation settings. We present

results which demonstrate the accuracy of the method in

real robot experiments, and its ability to deal with different

objects and lighting conditions.

II. RELATED WORK

6-DoF pose estimation of objects is a long-standing prob-

lem in computer vision, and much work has focused on

methods which only require one input image, from classical

pipelines using RANSAC+PnP [10] up to recent learning-

based methods such as PoseCNN [22], DeepIM [11], or

MegaPose [9].

Single-view methods are fundamentally sensitive to

occlusions, poor lighting conditions or ambiguities. In

manipulation-oriented setups where a robot controls the

motion of a camera on its end effector, a robot can rapidly

capture multiple frames while moving, and use all of the

information to aid pose estimation. One option is to pool

many single-frame pose estimates via multi-view constraints

as in CosyPose [8]. Similar multi-view refinement has been

taken to the scale of whole scenes in the object-based SLAM

literature characterised by works such as SLAM++ [17].

Alternatively, multiple frames can be used to build an

intermediate 3D scene representation before attempting pose

estimation directly against the reconstruction, which is the

approach we follow in this paper. Related approaches de-

signed for a manipulation setting include MoreFusion [21]

which used a wrist-mounted depth camera to perform octree-

based occupancy reconstruction [4] before fitting object CAD

models and performing collision-aware pose refinement to

deal with piles of objects. Scan2CAD [1] achieved something

similar at a room scale using 3D CNNs for alignment.

During manipulation, cameras are close to the scene and

the reconstruction accuracy and minimum range of depth

cameras can often become a problem. New developments

in light field estimation offer new possibilities to use RGB

cameras to build a more accurate intermediate represen-

tation. NeRF [12] made a breakthrough by showing that

a coordinate-based Multi-Layer Perceptron (MLP) can be

trained through volume rendering to produce a photo-realistic

scene representation from a set of posed RGB views and

with no need for prior information, though at the cost of

expensive off-line processing. iMAP [18] was the first real-

time capable scene modelling system based on a NeRF-like

MLP, but the requirement for a depth camera and a cut-down

network size for speed meant that its reconstruction accuracy

was not suitable for object pose estimation.

Recently, hybrid representations have emerged that train

much faster than NeRF, and achieve higher view synthesis

quality, especially Instant-NGP, which uses multi-resolution

hash encoding of 3D voxel grids, indexing small MLPs, and

converges in tens of seconds for many scenes.

NeRF and Instant-NGP were designed for high fidelity

view synthesis, not accurate reconstruction, and the density

fields they reconstruct are often noisy. It is possible to apply

a regularisation prior [14] to improve surface smoothness.

Instead, in our work we directly apply the strongest prior

available Ð that the world is made of up objects for which

we have known models Ð and directly fit these models

against the raw density reconstruction. Although fuzzy in

places, we have found that the reconstructions include accu-

rate details on edges and high texture regions which allow

extremely accurate object alignment, even for small objects

with reflective surfaces which are very difficult to deal with

in most RGB view-based methods. Instant-NGP can cope

with these challenging issues and allows pose estimation to

be purely based on the models and scene geometry.

NeRF is already beginning to be used in some robot

systems such as in Dex-NeRF [5] and Evo-NeRF [6]. There

is some work on aligning multiple NeRF reconstructions

such as nerf2nerf [3], but we are not aware of other work

attempting the alignment of object models against them.

III. METHODOLOGY

At its most general, Fit-NGP enables pose retrieval of

multiple objects in an arbitrary scene given a set of RGB

images with approximate camera poses, 3D models of the

shape of the objects, and an off-the-shelf image segmentor

capable of identifying the objects in one of these images,

requiring no additional training data. We demonstrate a

system designed for a potential indoor manipulation, where

images are captured by an automatic scan from a single wrist-

mounted RGB camera on a robot arm, with approximate

camera poses coming from the arm’s known kinematics.

The core of our method is first to use the posed images

to globally reconstruct the density and radiance fields of the

scene. We then use segmentation in a single view to propose

and initialise 3D object model pose hypotheses, which are

refined by alignment with the density field reconstruction.

In this paper we rely on Instant-NGP [13] for radiance

field and density field reconstruction, as well as refinement

of the original camera poses, which is crucial for accurate

reconstruction and model fitting. In principle, any existing

or future radiance and density reconstruction method could

be used instead, though it would need to improve on Instant-

NGP’s remarkable accuracy and efficiency for that to be

worth it. An overview of the method is depicted in Fig. 2.

A. Object Model Representation

We represent object models M flexibly as a set of surface

points with normals (xi,ni), xi ∈ S ⊂ R
3, ni ∈ N ⊂ R

3.

This representation can be used for object models acquired

or designed in different ways. For instance, in Sec. IV, we

show the algorithm applied to both human-designed CAD
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Fig. 2: Overview of the proposed framework: an Instant-

NGP reconstruction is obtained from images captured from

a robot’s wrist-mounted camera. Objects of interest are

segmented from a reference view, and a depth map rendering

from the same view is used to initialise a set of per-object

pose hypotheses. Each hypothesis is optimised finding the

best pose alignment using the Instant-NGP’s density field.

models and models built by 3D reconstruction. Our method

tackles object pose alignment in purely geometrical terms,

and our object models do not need any appearance infor-

mation, granting the method robustness to varying lighting

conditions. If necessary we pre-process models with high

numbers of points and normals by uniformly sampling NM

samples across the surface for efficiency.

B. Density fields from Instant-NGP

We align the object models against a 3D density field σ(x),
which maps every 3D scene location x ∈ R

3 to its density

or probability of being occupied. In our current system, this

field comes from Instant-NGP, which optimises a density and

radiance field against a set of captured images via volumetric

rendering. We initialise the camera poses from robot arm

kinematics, so no additional camera tracking system such as

sparse visual SLAM/structure from motion is needed.

Instant-NGP does not explicitly aim for a high-fidelity

density field and thus the quality of the retrieved 3D recon-

struction is generally variable. However, we will demonstrate

that it is sufficient to achieve millimetre-accuracy object pose

estimation without any special post-processing. We only need

to capture images and optimise Instant-NGP once per scene,

and then multiple objects can be fitted to the same density

reconstruction.

C. Multi-hypothesis Object-Pose Optimisation

Each object is allocated a fixed number of hypothe-

ses of potential model-to-scene alignment poses H =
{ξ0, ξ1, . . . , ξNH

} , ξ = {R,p} ∈ ⟨SO(3) × R
3⟩, that map

coordinates in the canonical space of the object onto the

scene coordinate system as ξ(x) = Rx+ p, ∀x ∈ R
3.

1) Initialization: To initialize these per-object hypotheses,

we consider a specific view among all the posed images to

be the reference view of the scene (e.g., the first captured

image, the most top-down view) and apply an off-the-shelf

2D instance segmentor [23] to identify all the relevant objects

in the scene for which we have 3D models. We render a

depth map from Instant-NGP for this reference view and

extract a partial 3D point cloud from the 2D pixel mask of

each identified object. We then generate multiple 3D pose

hypotheses H, using the centre of mass of the partial point

cloud as the translation of every hypothesis and rotations

are equally distributed in SO(3). In Sec. IV we show that

this simple initialization is sufficient to achieve good model

fitting in real-world experiments.

2) Alignment Refinement: For each object model M, we

define a set of points XS closely distributed around the

surface of the model and a set of points distributed outwards

along the surface normals XN . Formally:

XS =
{

x
S | xS = xi + ni

[

−δS , δS
]}

(1)

XN =
{

x
N | xN = xi + ni

(

δS , δS + δN
]}

(2)

∀ {xi,ni} ∈ {S,N}, with δS , δN ∈ R
+ parametrising the

uniform sampling in the defined intervals along the normals.

For a good model-to-scene fit, all the points near the

surface of the model XS should be projected to high-density

regions of the density field σ whereas the points projected

outwards along the normals XN , away from the surface

into free space, should be mapped to low-density regions.

We retrieve an occupancy measurement from Instant-NGP’s

density field as s(x) = 1 − exp(− exp(σ(x))β),x ∈ R
3,

which resembles the expression for the light transmittance

used in differential rendering using a tuneable parameter β ∈
R

+. As Instant-NGP’s density field is often quite irregular

(see Fig. 3), δS and δN help in creating bands of points

around the surface or out of it, i.e. XS or XN , which are

largely expected to be occupied or empty, respectively, for

the best model-to-scene fit. Formally, we define the model-

to-scene fitness function:

f(ξ) =
1

|XS |

∑

x
S∈XS

s(ξ(xS))−
1

|XN |

∑

x
N∈XN

s(ξ(xN )),

(3)

which can be used to convert all the initial pose hypotheses

{ξ0, ξ1, . . . , ξNH
} into refined ones

{

ξ∗0 , ξ
∗
1 , . . . , ξ

∗
NH

}

via

non-linear optimisation. Among all the refined pose hypothe-

ses, the one that fits the best Eq. (3) is selected as the optimal

pose of the object. Depending on the number of hypotheses

per object NH and the complexity of the geometry, it is not

uncommon that multiple initial hypotheses are refined to the

same final pose. In practice, each hypothesis is independent

of the others and thus their refinement is executed in parallel

as a batch.

IV. EXPERIMENTAL EVALUATION

We now showcase the capabilities of our method in a

challenging robotic experimental setup. We explore a series

of self-collected experiments with multiple objects loosely

arranged in a table-top configuration (see Fig. 4). Many of the

objects used are small, have complex geometries or would

require tight tolerances in their manipulation, justifying the
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3D View Section

Fitted Object Model

Surface Point

Surface Normal

High-Density Sample

Low-Density Sample

Fig. 3: Section of a reconstructed density field within object.

Note that, while the RGB renders from a NeRF can achieve

high-fidelity, the underlying density field can be as noise as

shown here, even after NeRF convergence. This noisy density

field is used in our fitness function Eq. (3), promoting that

points near the surface of the aligned model object XS and

points along their normal XN fall within high-density or

low-density region, respectively.

need for highly accurate pose estimation. Additionally, we

focus on objects that are visually challenging for other

techniques, with textureless or reflective surfaces.

A. Implementation Details and Experimental Setup

In our experiments, the scene is observed using a Franka

Emika robot arm equipped with a wrist-mounted Real-sense

Sense D455 1280×720 camera (only RGB data is used),

interfaced via ROS [16] and hand-eye calibrated as per Tsai

et al. [20]. For each experiment, we automatically execute

a precomputed hemispherical trajectory, capturing up to 78

posed images pointing towards the centre of the scene which

are used to train Instant-NGP. While the whole scanning

process takes over a minute, it might be potentially too slow

for some potential downstream applications. Therefore, in

our experiments, we investigate how the performance of the

system would be impacted in a less complete albeit faster

scanning (see Sec. IV-D). Although poses for the captured

views are initially retrieved via robot arm kinematics, we

have found that potential inaccuracies (e.g., arm encoder

noise, deviations in the hand-eye calibration) are handled

by enabling the camera poses refinement in Instant-NGP,

yielding higher fidelity density fields. Instant-NGP is trained

once per scene and used in frozen form for pose estimation

of all of the objects.

Once Instant-NGP has been trained, we employ Detic [23]

to create 2D instance object masks for hypothesis initial-

ization as described in Sec. III-C. Each object is allocated

NH = 216 hypotheses, refined by optimising Eq. (3) via

non-linear optimisation for 200 iterations using Adam [7]

in Pytorch [15] and LieTorch [19], with different learning

rates lRot = 2.5e−2 and lTrans = 1.0e−3 for rotation

and translation, respectively. In our experiments, we set

β = 0.01. Note that while some experiments show objects

arranged on a flat table-top, our system is not specifically

tailored for this case, and always estimates full 6-DoF poses.

In our experiments, we consider a mixture of YCB [2]

and other common objects such as bolts and washers, for

which 3D reconstructions and CAD designs are available,

respectively. Each object model M is uniformly subsampled

to only consider a set of NS = 1280 points along the

surface and their normals. While the definition of XS and

XN allows for the generation of many points along each

normal according to the intervals defined by δS and δN ,

in our experience a single point on the object the surface

(δS = 0) and a single point in the direction of the normal

at a fixed distance (δN = 5.0e−3) is sufficient to retrieve

accurate poses for simple object geometries, while greatly

reducing the computational cost of querying the density field

σ. This is further tested in the ablation study of Sec. IV-D.

The whole pipeline is run on a single machine with an

NVIDIA Geforce RTX 3090 GPU, i7 Intel CPU and 64GB

RAM. A single object is optimised in under 3 seconds;

this time includes the concurrent optimisation of all 216
hypotheses. This duration can be significantly reduced by

using better initial estimates which can allow us to run with

a lower number of hypotheses.

B. Accuracy Evaluation

Quantitative Results. To assess the pose estimation ac-

curacy, we collected our own dataset of 4 different scenes

each containing a subset of standardised, industrial-grade

low-tolerance objects with accurate and widely available

CAD models. The dataset in aggregate is comprised of 43

object instances, containing: M8 nuts, M8x25 bolts, M8x30

hex bolts and M8x25 socket bolts. The small dimensions

of these objects render external positioning systems largely

inapplicable for highly accurate pose estimates. Hence, we

manually aligned them using technical graph paper with

a 1 mm grid division to establish our ground truth. We

purposely placed the objects so that their relative 3D poses

can be accurately retrieved from the graph paper up to 1

mm in translation and up to 4 degrees in rotation, given the

geometry of the objects. We compare the estimated relative

pose for all object-to-object combinations (considering object

symmetries as in [8]) to their ground-truth counterparts. On

this dataset, we report a median relative translation error of

1.6 mm and a median relative rotation error of 3.3 degrees.

See Fig. 4 (top row) for illustrative examples.

Qualitative Results. We also showcase the capabilities

of our system with a diverse set of objects, with scenes

composed of YCB objects [2] and other common objects

in randomly placed configurations. While these scenes offer

a wider range of interesting configurations compared to

the aforementioned dataset, millimetre-accurate ground-truth

poses for such arrangements cannot be obtained without the

use of specialised setups. Thus, we present here a qualitative

evaluation instead, as depicted in 4. In these scenes, the

proposed system is able to accurately retrieve the pose of

each of the objects as evidenced by the object silhouettes

reprojected onto the image space from their estimated poses.

Note that these scenes include objects that are visually

challenging to reconstruct due to, for instance, reflective

surfaces (e.g. cans), or small dimensions (e.g. M8 washers),

even for Instant-NGP. Additionally, our system is able to
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Fig. 4: Self-collected real-world datasets where the poses of all the relevant objects are accurately estimated, as evidenced

by the re-projection of the silhouettes of their models perfectly aligning in the image plane.

simultaneously operate on objects with very different scales

(e.g. note the size difference of the M8 nuts with respect to

the mustard bottle).

Fig. 5 shows a typical failure case of our algorithm. While

Instant-NGP density field reconstruction is generally poor, in

our experience, it is often sufficiently good for object pose

estimation but only if the initial set of pose hypotheses are

sufficiently close to the global optima. As our system only

implements a simple initialization step based on rendered

depth maps, where such a reconstruction is significantly

erroneous (e.g. Instant-NGP cannot accurately disambiguate

the local geometry), the initial set of poses will be too far

from the optima to yield any meaningful pose estimation.

C. Performance over Varying Views

While the quality of the final trained Instant-NGP is

dependent on many factors, one of the key elements is the

number of views and how well they can characterise the

scene (see Fig. 6). For applications targeting extremely high

fidelity, a significant amount of effort can be dedicated to

collecting many views of the scene with good coverage so

that Instant-NGP performs the best. However, downstream

tasks employing a robotic perception system are often time-

bounded and thus only a limited number of views are

expected available at any time. Here we explore how our

system is impacted when a dense and lengthy scanning of

the scene is not possible (see Fig. 7). Given that our method

is limited in its capability to initialise pose hypothesis on

degraded density fields (see Fig. 5), in the following results

we initialise all the objects using the original set of densely

captured views although only a limited subset of them is

used in the training of Instant-NGP used later during the pose

refinement optimisation. As per the quantitative experiment

from Sec. IV-B we report the same median translational and

rotational error in the scene for which we have ground-truth

object poses.

RGB Render Density Field

Bowl Pose (Sucess) Mug Pose (Failure)

Fig. 5: Example of failure case of the proposed system.

Instant-NGP is able to produce photorealistic RGB render-

ings (top left) even when the quality of the underlying density

field is poor (top right). Despite this, object poses can still

be retrieved provided that pose hypothesis initialisation is

sufficiently close to the optima (bottom left), resulting in

failure otherwise (bottom right).

Density Field: 78 views Density Field: 5 views

Fig. 6: Density field with varying number of views.
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Fig. 7: The number of training views (in parentheses) im-

poses a trade-off between the quality of Instant-NGP (and

our system’s performance) and the data acquisition time. Our

experiments explore how the performance degrades when

only a small set of close views with limited view coverage

of the scene are considered (mid) or a sparse set of randomly

sampled views (right).

Sparse Random Views. Here we randomly subsample the

set of all the originally captured views that densely observe

the the scene. For each of these subsets, we have a degraded

yet generally good sparse coverage of the scene. Fig. 8

(top) illustrates how a minimal set of views is required to

accurately reconstruct the scene to any meaningful degree so

that our algorithm can be applied (around 20 views). Beyond

the minimal set, only diminishing returns are achieved to a

consistent transnational and rotational error of less than 5

mm and 5 degrees, respectively.

Views with Limited Scene Coverage. It is not unusual that

robots are not fully capable of observing the scene from an

extensive number of viewpoints, for instance, due to limited

reach or physical obstacles. Here we explore how the system

is impacted by these situations by first randomly selecting

a viewpoint looking at the center of the scene. Then only

a subset of all the poses that are within a specified angle

from the reference viewpoint are considered to train Instant-

NGP. In this experiment, the scene coverage is poorer than

using a random set of sparse views for the same number of

training images, but the perceived parts of the scene are to be

better reconstructed. However, this setup also imitates better

the expected challenges encountered by a robotic perception

system deployed in the wild. The presented results in Fig. 8

(bottom) indicate a strong dependency on this scene coverage

factor, which is to be expected due to the fundamental

limitations of multi-view geometry estimation.

D. Ablation Study

In this section, we provide an ablation over multiple design

choices, reporting in Tab. I the resulting estimation error in

the dataset with available ground truth.

We show that the camera pose obtained from the robot arm

is high to a degree that renders the density field unusable for

fitting objects using our method, producing estimates that

more than the object diameters.

The optimisation function Eq. (3) requires both points on

the objects’ model surface XS and along the normals XN

to lie in high-density and low-density regions of the density

field. While it would be expected that the points on the

model’s surface would be sufficient to accurately estimate

Fig. 8: Impact on pose estimation accuracy by randomly

selecting a subset of the training views (top) and varying

degrees of scene coverage (bottom). Results here aggregate

the information of 8 randomly executed experiments under

the same configuration.

Trans. Error [mm] Rot. Error [deg]

w/o camera pose optimisation 17.3 49.4
w/o samples along the normal 43.2 70.1
All 1.6 3.3

TABLE I: Performance for different variants of the pipeline.

object pose, in practice, this is evidenced as insufficient. We

believe that using both points on the model surface XS and

along their normal XN alleviates the fact that the resulting

Instant-NGP cannot accurately model the object’s geometry

but can roughly estimate the transition between high-density

and low-density regions.

V. CONCLUSIONS

We have presented a complete system with accurate and

robust performance for model-based object pose estimation,

suitable for operation in a high-precision manipulation set-

ting where a robot arm is equipped with a single RGB

camera. We make use of a state-of-the-art light field re-

construction method integrated with and calibrated against

arm kinematics. Fit-NGP can estimate the full 3D pose of

even small, metallic objects such as bolts and washers to

within millimetre precision. Future work would expand on

improving the performance of the system and, in particular,

the initialisation of the pose hypotheses when considering

only a small number of posed images for which we plan to

explore active and data-driven approaches to scene scanning.
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