2024 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS)

October 14-18, 2024. Abu Dhabi, UAE

Active Pose Refinement for Textureless Shiny Objects using the
Structured Light Camera

Jun Yang*, Jian Yaof, and Steven L. Waslander*

Abstract—6D pose estimation of textureless shiny objects
has become an essential problem in many robotic applications.
Many pose estimators require high-quality depth data, often
measured by structured light cameras. However, when objects
have shiny surfaces (e.g., metal parts), these cameras fail to
sense complete depths from a single viewpoint due to the
specular reflection, resulting in a significant drop in the final
pose accuracy. To mitigate this issue, we present a complete
active vision framework for 6D object pose refinement and
next-best-view prediction. Specifically, we first develop an
optimization-based pose refinement module for the structured
light camera. Our system then selects the next best camera
viewpoint to collect depth measurements by minimizing the
predicted uncertainty of the object pose. Compared to previous
approaches, we additionally predict measurement uncertain-
ties of future viewpoints by online rendering, which signifi-
cantly improves the next-best-view prediction performance.
We test our method on the real-world ROBI dataset. The
results show that our pose refinement module outperforms
the traditional ICP-based approach when given the same input
depth data, and our next-best-view strategy can achieve high
object pose accuracy with significantly fewer viewpoints than
the heuristic-based policies.

I. INTRODUCTION

Textureless shiny objects, such as metal parts, are
essential components of many products. Detecting and
estimating the 6-DoF (Degree of Freedom) poses of these
objects is crucial in many applications, such as robot
manipulation [1], [2]. With the explosive growth of deep
learning, many RGB-based solutions have been developed
to estimating 6D object poses [3], [4], [5]. While these ap-
proaches show high detection rates in 2D space, the actual
6D pose accuracy is often low due to scale and perspective
ambiguities in RGB images. This limitation restricts the
use of object poses in tasks like robotic bin-picking, which
require highly accurate 6D object poses (e.g., 5-mm and
5-degree accuracy) for grasping and assembly [6]. Hence,
depth data is often necessary to refine the object pose
accuracy in many object pose estimation systems.

To acquire reliable depth maps, the structured light
illumination (SLI) camera is usually used because of its
high accuracy and resolution. It projects light patterns
onto objects to simplify the stereo-matching problem and
excels on diffuse surfaces. However, when imaging shiny
objects, the SLI camera produces depth maps with low
accuracy and missing data. Due to specular reflection, a
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(a) Image Saturation
Fig. 1: Missing depth measurements on shiny objects’
surfaces using a structured light camera.

(b) Low SNR (c) Inter-reflection

large amount of incident light is reflected, either directly
back to the camera (image saturation), completely missing
the camera (low SNR), or reflected within the object
surfaces before reaching the camera (inter-reflection). As
illustrated in Figure 1, each effect can result in inaccurate
or missing depth measurements. To address this issue,
our recent work fuses multi-view depth maps to improve
scene completion [7]. Remaining challenges include se-
lecting camera viewpoints to maximize information gain
and using multi-view depth for object pose estimation,
crucial for fast scene understanding.

Some approaches have been proposed to predict the
next-best-view (NBV) to complete the depth data on the
target objects and estimate object poses [8], [9]. These
studies assume that complete depth data is necessary
for the optimal object pose estimation, and aim to find
camera viewpoints that can recover as much depth data
as possible on all objects. However, this strategy is usually
inefficient since, for the object pose estimation, depth
from some areas of the scene is far more important than
others (e.g., areas with lower measurement uncertainties
and better constraints for object pose refinement).

The above observations motivated us to introduce a
tightly coupled framework of 6D pose refinement and
next-best-view prediction for textureless shiny objects.
Inspired by [5], [10], we first develop an optimization
approach based on signed distance functions (SDF) to
refine object poses. In addition, to mitigate the impact of
depth errors, we estimate depth uncertainties from the SLI
camera and integrate them into our pose refinement mod-
ule. Given the initial object pose, we iteratively refine it
and determine the next best camera viewpoint to enhance
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Fig. 2: An overview of the proposed multi-view pose refinement and the next-best-view prediction for the shiny objects.

pose accuracy. For NBV prediction, our proposed method
includes two main parts: a) a surface reflection model
to predict depth uncertainties, b) the NBV prediction for
object pose refinement by incorporating the reflection
model. In the first part, we estimate the object’s surface
reflection parameters by differentiable rendering tech-
niques. The estimated parameters are then used by online
rendering to predict object’s depth uncertainties from a
future viewpoint. In the second part, we integrate our
reflection model into an information-theoretic NBV policy.
For each candidate viewpoint, we predict the expected
uncertainty of the object pose and determine the NBV by
minimizing the predicted uncertainties. Figure 2 shows an
overview of the framework.

We perform the evaluation on the real-world ROBI
dataset [11]. We first evaluate our pose refinement ap-
proach, demonstrating its superiority over the widely used
iterative closest point (ICP) method when given same in-
put depth measurements. To demonstrate the advantages
of our NBV approach, we compare it with two heuristic-
based strategies. The results indicate our method can
achieve high pose refinement accuracy using significantly
fewer viewpoints. In summary, our key contributions are:

- A 6D pose refinement approach for textureless shiny
objects designed for SLI cameras. Our approach com-
prises (a) the estimation of pixel depth uncertainties,
(b) the integration of uncertainty estimates within our
SDF-based object pose refinement module.

« A surface reflection model to predict the object’s
depth uncertainties for unseen camera viewpoints.
Our reflection model recovers the object’s reflection
parameters with the differentiable renderer.

. An active vision system that integrates our pose
refinement approach and reflection model via the on-
line rendering to predict the NBV for pose estimation.

II. RELATED WORK
A. Object Pose Refinement

To acquire highly accurate object poses, pose refine-
ment is a critical step and has been mostly addressed
using depth data. Iterative Closest Point (ICP) is the most
classical approach and has been used in many object pose

estimation pipelines [3], [4]. Given the initial object pose,
ICP refines it iteratively by establishing the point-to-point
correspondences from the point cloud to the object model
and minimizing the distances. To improve the runtime
performance, several approaches [5], [10], [12] have been
proposed to reduce the computation cost. Among them,
Deng et al. [5] avoid the costly point correspondence
building and refine the object pose by aligning the 3D
point cloud with the SDF of the target object. Learn-
ing based approaches, such as DenseFusion [2], improve
pose refinement by replacing ICP with a neural network.
DenseFusion fuses the RGB and depth features and trains
a refinement network to iteratively regress a pose offset.

B. Depth Acquisition with Structured Light Camera

Structured Light Illumination (SLI) cameras are one
of the most used indoor 3D sensors, but they produce
inaccurate and missing depth measurements when target
objects have shiny surfaces. To overcome the image sat-
uration problem (Figure la), high dynamic range (HDR)-
based methods are widely used in many SLI systems [13].
HDR methods fuse a set of images under multiple expo-
sures into a single image for stereo matching. To reduce
HDR’s time cost, Liu et al. [14] employed a neural net-
work to directly enhance single exposure-captured images.
Despite good performance, these methods cannot solve
the low SNR and inter-reflection problems (illustrated in
Figure 1b and 1c) from a single viewpoint. In comparison,
when the setup permits, multi-view acquisition [7], [9] can
provide a high level of depth completion.

C. Active Vision

Active vision refers to actively manipulating the camera
viewpoint to obtain the maximum information for differ-
ent tasks. Active vision has received a lot of attention
from the robotics community and has been employed
in many applications, such as robot manipulation [8],
reconstruction [9], [15] and SLAM [16], [17]. Recent studies
show that active vision can be achieved by maximizing
the Fisher information of the robot state [15], [16], [17].
For example, the authors in [16], [17] use the Fisher
information to find highly-informative trajectories and
achieve high localization accuracy.
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ITII. MULTI-VIEW OBJECT POSE REFINEMENT

This section presents our multi-view 6D pose refine-
ment formulation for shiny objects with the SLI camera.
Given the 3D object model and multi-view acquired depth
maps, we aim to refine the rigid pose T,, € SE(3) from a
global (world) coordinate W to the object coordinate O.
We assume that we know the camera poses T, € SE(3)
relative to the world coordinate. Our pose refinement
module consists of two parts: (a) depth uncertainty es-
timation from the SLI camera, (b) an optimization-based
object pose refinement module that takes the uncertainty
estimates into account. In the following subsections, we
describe these two parts in detail.

A. Estimating Measurement Uncertainty

For an SLI camera, the depth measurement uncertainty
is a function of the depth, camera parameters (e.g., in-
trinsics), and the photometric appearance of the projected
light patterns. In this section, we describe how to compute
the depth uncertainty, starting from estimating the uncer-
tainty for the disparity, o’é, and propagating it through a
non-linear model to obtain the depth uncertainty, o.

Depending on the hardware design of an SLI camera,
the stereo matching is performed from camera-to-camera
or camera-to-projector. We use the camera-to-camera
in our derivation, which can be easily adapted to the
camera-to-projector design. Given the stereo pair of left
I} and right Ir pattern projected images, the disparity
uncertainty, afi, accounts for the appearance ambiguities
between image patches. Intuitively, matching is reliable
for image patches with strong image intensity gradients.
When the dominant gradient direction is parallel to the
epipolar line (x axis for the left-right setup), the obtained
disparity becomes more reliable, which results in lower
uncertainty and vice versa. Inspired by [15], we use the
sum of squared differences (SSD) to quantify the disparity
and define the photometric error as:

e=1Ir(ur,v)—Ig(ug,v)=Ip(ur,v)-Ig(ur—d,v) 1)

where d is the acquired disparity for the pixel u = [u, v]
in the left image I;. We assume the disparity of a pixel
is normally distributed and compute its variance, o'fi,
through the Fisher information:

o2 =035 1,7 @

where 0% denotes the variance of the image noise and
Jacobian J; is derived by:

_66_ alRauR_OIR
T 0d~ Ougr dd  Odug

which is the image gradient along the x-axis over a patch
from image Ig, centered at the pixel ug = [ug,v]. To
obtain the measurement variance of the depth, a%, we
propagate the disparity variance, 0'2, through:
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Fig. 3: Upper: The pattern projected image and the
estimated uncertainties on the depth map. Lower: The
correlation between estimated and measured uncertainty.
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where F is the Jacobian of depth, z, with respect to
disparity, d. For the camera-to-camera setup, the acquired
depth will have high uncertainty when the image gradient
is weak in the left or right image. Hence, we need to
compute o2, and o2 for I; and I, respectively, and
final depth uncertainty is obtained by:

0’ = max (ai,L’Ui,R) ®)

We demonstrate our estimated uncertainty measure in
Figure 3. We can see that the estimated uncertainty accu-
rately correlates with the actual measured depth variance.

B. Pose Refinement With SDFs

We formulate the object pose refinement as an opti-
mization problem and solve it iteratively. Our refinement
process is illustrated in Figure 4. Based on a signed
distance function (SDF) approach [5], [10], we refine the
object pose Ty, by matching the depth measurement, z,
which is defined for each pixel u = [u, v], against the SDF
of the target object model.

Given the depth map Zi(u) from viewpoint k, we
first extract the object mask, My, and obtain the object’s
depth measurements. We utilize an instance segmentation
network from [18] which provides pixel-level instance pre-
dictions. By back-projecting the pixels in M}, we obtain
the point cloud of the object, P, € R3, defined in the k"
camera coordinate as:

Pc,k:{Zk(u)K‘1 [u,l]T,ueMk} (6)

where K represents the camera intrinsic matrix. We trans-
form the point cloud, Pk, to the world coordinate frame,
W, with the known camera pose, T :

sz{Twc,kPC,k,kzlzK} @)

where P, is the point cloud defined in the world frame.
We optimize the object pose T,, by matching the 3D
points against the SDF of the target object model:

T;,=argmin ) ||SDF(T0W;rJW-)H2 8)

pw,iEPW
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Fig. 4: Object pose refinement module. Pink and blue
represents the space with positive and negative distance,
respectively. Black dots are the transformed point cloud.
From left to right: the object pose, T, is refined itera-
tively by minimizing the SDF loss (Equation 8).

where p,, ; is a 3D point in the point cloud P,,. The func-
tion SDF (T, p,,, ;) denotes the signed distance value by
transforming the 3D point p,,; from the world frame to
the object model frame with a pose estimate T,,.

To estimate the pose, T,y, from measurements P,
we formulate the problem as a nonlinear least squares
(NLLS) problem. We solve this problem with the Gauss-
Newton algorithm and integrate the SDF measurement
uncertainties, Xgq4f, in each iterative step:

(Jguw S_C}f Jfaw) 6501‘/ = Jgaw Zs_df SDF (9)
where Jg, ~is the stacked Jacobian matrix of SDF:

0SDF 0SDF opP,

J = = (10)
o T 08, 0Py 0y

where &,,, € se¢(3) is the Lie algebra representation of the
transformation T,,, and P, is the point cloud, trans-
formed to the object frame. We acquire the uncertainty,
2sdf, by propagating the depth uncertainty (obtained from
Section III-A), @2, through a nonlinear model:

stf:GaiGT (11)

where G is the Jacobian of SDF value with respect to the
depth measurement z.

IV. PREDICTING DEPTH UNCERTAINTY

The object pose refinement performance relies heavily
on the input depth measurements from different view-
points. For an SLI camera, to find the optimal viewpoint,
it is important to quantify the depth uncertainty for
future viewpoints. In this section, we detail how to predict
the depth uncertainty by the rendering technique. The
predicted uncertainties will be used to find the next-best-
view for the object pose refinement (Section V).

A. Image Acquisition Process

The depth acquisition of an SLI camera is influenced
by the light sources, camera viewpoint, and object char-
acteristics (e.g., surface materials). Figure 5 illustrates the
image acquisition process of the SLI camera. While the
details of this process are given in [9], we include a brief
description in this paper for completeness.

Typically, two light sources need to be considered: the
ambient light, L,, and the projector light, L,. Since the

Light
(L)

Radiance Exposure Intensity
(E) (X) (1)
» ———

Camera Photometric
Shutter Response Function

Fig. 5: Image acquisition process of the SLI camera.

Surface
Reflection

Sensor Exposure

0 32 64 96 128 160 192 224
Pixel Intensity

Fig. 6: Left: Input images for calibrating the photometric
response function. Right: The recovered function.

projector light is the primary light source and the ambient
light is negligible in comparison, we define the total light
source Lsosq1 as:

Liotai=Lp+La=Ly (12)

Given the light source and other scene parameters (e.g.,
object poses, materials), the reflection function, f(), re-
turns the radiance, E, which is the amount of light that
reflects into the camera lens per time unit. We recover the
reflection function using a differentiable rendering algo-
rithm, as detailed in Section IV-B. The sensor exposure,
X, then integrates the received radiance, E, within the
camera exposure time, At, via the camera shutter. The
photometric response function, g(X), finally maps the
exposure X to the pixel intensity I in the pattern projected
image:

I=g(X)=g(EAY) (13)

We obtain the function g (X) and its inverse, g~! (I), using
a photometric calibration approach, presented in [19]. The
input to the calibration process is a number of images
taken from a static scene with different known exposures,
At. A white pattern is projected onto the scene during the
capture. An example of input images and the recovered
photometric response function, g(X), is shown in Figure 6.

B. Recovering Reflection Function

The reflection function, f(-), describes how light inter-
acts with surfaces in the scene. As illustrated in Figure 5,
it takes the physical attributes of a scene (e.g., lighting
source, objects’ poses, and materials) and outputs the
radiance, E. We implement the reflection function, f(-),
as a rendering process, and solve this inverse problem us-
ing the differentiable rendering technique. The reflection
function is differentiable. Its derivative 5’; provides a first-
order approximation of how a desired output y (rendered
radiance) can be achieved by optimizing the inputs x
(scene parameters). The differentiable loss function, /(y),
is used to quantify the rendering output y. As illustrated
in Figure 7a, scene parameters (e.g., object materials) can
be estimated by minimizing the loss function.
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For each object, we estimate its materials with the
known projector light, Ly, radiance map, E,;; and ground
truth 6D object poses, T.,. The radiance map and object
poses are obtained by capturing a static scene of the target
objects. We calculate the radiance for each pixel on the
object’s surface using the photometric response function
(Section IV-A). To acquire object poses, we capture a depth
map of the scene and manually label the 6D pose for each
object in the camera coordinate.

We assume the projector light source, Lp, is a point light
emitter, which radiates the uniform illumination to all
directions. For the surface reflection, we use the principled
BSDF (bidirectional scattering distribution function) [21]
as the surface reflection model. We estimate the BSDF
coefficients with the differentiable rendering technique.
The optimization problem can be solved with gradient-
based methods iteratively. In our approach, we imple-
ment the differentiable rendering using the Mitsuba 3
library [20]. All parameters are initialized to the medium
value and optimized with the L2 loss and the Adam
optimizer [22]. Figure 7b illustrates the loss curve and
estimated BSDF coefficients of a textureless shiny object.
The corresponding error map between the target and
estimated radiance map is shown in Figure 7c.

C. Predicting Measurement Uncertainty

For an object, we predict its depth uncertainty, &2,

from a future camera viewpoint, T, using the forward
rendering process. With the recovered reflection function,
f (), and photometric response function, g(-), we can
generate a white pattern projected image, I, of the target
object. An object is defined with its CAD model and a 6D
pose hypothesis, Tuw20, defined in the world coordinate:

I, = g(EAY) (14)

Inter-reflection

Missing Depth :

Low Uncertainty

(c) synthesized pattern image.

gh Uncertainty
‘/

(d) Predicted uncertainty.

Fig. 8: (a)&(b) Rendering with single- and multi-path ray-
tracing, demonstrating the presence of inter-reflection.
(©)&(d) The synthesized pattern projected image of the
objects from a future viewpoint and the corresponding
predicted depth uncertainty map.

E= f (Lp ’ TcZo) = f (Lp ’ TCZWTLUZO)

where T, is the object pose hypothesis in the camera
frame. To predict the missing depth measurement caused
by the inter-reflection problem (shown in Figure 1), we
render the object with both multi- and single-path ray
tracing. As illustrated in Figure 8a, the rendered image
with single-path, I;,gr., Only contains direct reflections,
which serves as the signal portion to acquire the depth
for an SLI camera. The multi-path rendered image (Fig-
ure 8b), I,,,1+, contains both direct and inter-reflections.
We treat a pixel depth as missing if the intensity ratio
between ILg;pgre and Iy, is smaller than a threshold 77

(15)

Ismgle < TI}
Lnuiri

To predict the depth uncertainty from the SLI camera,
we synthesize a random pattern projected image and
compute the uncertainty, 2, using Equations (1)-(5).
We synthesize the random pattern image by combining
two multi-path rendered white pattern images with two
different lighting intensities (one strong and one weak).
Figure 8c-8d show an example of our synthesized pattern
image and the predicted depth uncertainties. A pixel depth
is considered missing when the predicted uncertainty is
larger than a pre-defined threshold 7,:

{z:QS | v (16)

{zz¢|V&z>rg} (17)

Note that, for a candidate viewpoint, a pixel depth mea-

surement is considered to be missing if any condition
from Equations (16)-(17) is fulfilled.

V. ACTIVE POSE REFINEMENT WITH NEXT-BEST-VIEW

In Section III, we formulate the multi-view object pose
refinement problem and solve it using an iterative ap-
proach. However, collecting many viewpoints is usually
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not practical. Hence, in this section, we present an active
vision approach for object pose refinement. We devel-
oped our NBV policy based on the Fisher information.
Compared to most previous NBV approaches [16], [17],
which neglect the measurement uncertainty, we exploit
our predicted depth uncertainties (Section IV-C) when
computing the Fisher information. For each iteration, we
estimate the uncertainty of the object pose and find the
NBYV, which minimizes the predicted uncertainty.

We assume the initial object pose is obtained (e.g.,
from an external pose estimator) and refine the pose by
optimizing the Equation (8) with the Jacobian, Jg, and
measurement uncertainty, Zsqf. We compute the covari-
ance of the refined object pose, ¢, through a first-order
approximation of the Fisher information matrix (FIM):

T -1
Zezik = (Jz,m Zsdf 2.0 J:,zu() (18)

where Z;.x denote the collected depth measurement sets
from K viewpoints. The stacked Jacobian, Jg¢z, ., and
measurement uncertainties, Zgq4fz, ,, are represented by:

Jz,Zl stf,Zl

Jez,x = s Zedf Zyx = (19)

Jizy Zsdf, zx

The row-blocks, Jg z, and Zgq4¢ 7, , correspond to the Jaco-
bian matrix and SDF uncertainty with the k' viewpoint,
and can be calculated using Equation (10) and (11), re-
spectively. To compute the uncertainty for the object pose
covariance, we use the differential entropy, he (Z¢z,.,):

he(Zezi) = 5 (@r0" |Ze2])  @O)
where h,(Z¢7,) is expressed in nats.

To increase the object pose accuracy, we aim to find
the next best camera viewpoint v* from a set of candi-
date viewpoints {V} which will minimize the entropy of
the object pose, h.(Z¢). Suppose we have collected the
depth measurement sets, Z;.x, from K viewpoints. For
a future camera viewpoint, ¥, the stacked Jacobian and
measurement uncertainties have the following form:

Zsdf,z,.x 0
0 stf,Z

szZI:K

J.—=
J{,Z

¢,z

» Zedfz = 2D

where Z ={Z1.x,Z} includes acquired measurement sets
Z1.x from viewpoints v;.x and predicted measurement set
Z for the future viewpoint, ¥. With the FIM evaluation,
we can predict the object pose covariance by:

-1

_-(yT -1 _
27= (07 Zukrz Ye7) (22)
Note that, in Equation (21), we compute the Jacobian
J; 7 and uncertainty Z ¢ 5 before actually moving to the
camera viewpoint v. The computation of Jacobian J;
is based on the initial object pose guess. We compute
the SDF uncertainty, Z 4 >, using the online rendering

process (described in Section IV-C).

Our NBV is determined over candidate viewpoints {V}
by minimizing the predicted entropy of the object pose:

v = argmin h, (262) (23)
v

Once the next-best-view v* is determined, the camera is
moved, and a measurement set Z* is collected from the
corresponding viewpoint. We append the measurement
set by Z).x UZ* — Zy.x+1 to recompute the object pose and
perform the NBV selection again using Equations (21)-
(23). This process is repeated until the predicted entropy
falls below a user-defined threshold or a maximum num-
ber of views is selected.

VI. EXPERIMENTS

To demonstrate the effectiveness of our active pose
refinement system, we aim to address two questions: (1)
Can our pose refinement module accurately recover object
poses given depth measurements? (2) Can our active
vision policy achieve optimal performance with minimal
viewpoints? To answer the question (1), we compare our
pose refinement module with the classical ICP algorithm,
given the same input depth data. For question (2), we
use our pose refinement module and test our active
vision approach against two heuristic-based policies. We
obtain initial object poses using LINE-MOD [23], starting
with object segmentation using an instance segmentation
network from [18], followed by feeding the segmented
objects into the pose estimator. An initial object pose
will be used for evaluation only if its translation error is
smaller than 30 mm and the rotation error is smaller than
30 degrees. In our evaluation, a ground truth pose will be
considered if its occlusion rate is less than 20%.

A. Datasets and Evaluation Metrics

In our experiments, we use an industrial-grade SLI cam-
era (IDS ENSNESO N35), which equips with two cameras
and a visible-light projector. We evaluate our method
on the ROBI dataset [11], which was captured using
this camera. The ROBI dataset provides multi-view depth
maps and pattern-projected images for shiny objects. The
dataset also includes precisely labeled ground truth 6D
object poses. In our experiments, We select five of the
shiniest objects and evaluate each object individually.

Objects\Metrics | ADD | (5mm, 5°) | 2mm, 2°)
Eye Bolt 75.8 9.3 0.19
Tube Fitting 63.4 18.4 0.86
Chrome Screw 76.2 34.5 5.35
Gear 69.7 24.7 1.31
Zigzag 96.0 19.9 1.14
ALL 76.2 21.4 1.77

TABLE I: Correct detection rate (%) on initial object
poses (before the refinement) with different evaluation
metrics. Compared to the widely used ADD metric, the
(5mm, 5°) and (2 mm, 2°) metrics have much more strict
criteria to consider an object pose as the correct detection.
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Methods Eye Bolt Tube Fitting Chrome Screw Gear Zigzag ALL
(5,5 | 22 (5,5 | 22 (5,5 (2,2) 5,5 | 22) (5,5 | 22 (5,5 | 22
Initial Pose 9.3 0.19 18.4 0.86 34.5 5.35 247 1.31 19.9 1.14 214 1.77
SDF+Random || 91.0 | 735 || 84.1 | 60.3 || 69.2 | 193 938 | 895 || 96.6 | 875 || 869 | 66.0
ICP+Random 88.8 72.0 77.3 45.4 723 19.5 93.1 85.6 95.2 81.2 85.3 60.7
SDF+Max 87.4 68.0 77.6 43.0 60.3 14.7 96.6 | 91.6 96.4 89.0 83.7 61.3
ICP+Max 82.7 64.2 71.6 34.5 67.5 15.4 94.0 85.4 95.1 82.5 82.2 56.4
SDF+NBV 94.5 | 81.5 94.1 76.8 77.5 24.3 978 | 97.7 98.8 | 88.6 92,5 | 73.8

TABLE II: Object pose refinement results with different refinement approaches and view selection strategies on the
ENSENSO test set from the ROBI dataset [11], expressed as the correct detection rate. An object pose is considered
correct if it lies within (5 mm, 5°), or (2 mm, 2°) of ground truth. The maximum number of viewpoints is set to 2.

To evaluate the object pose performance, most works
use the average model distance (ADD) metric [23], [3],
[4], [5], [2]. However, this metric is not strict enough and
cannot guarantee a high pose accuracy (e.g., it tolerates
up to 30-degree rotation error on some parts). Instead,
we evaluate the 6D object pose accuracy using the 5-
mm/5-degree (5,5) and 2-mm/2-degree (2,2) metrics. The
5-mm/5-degree metric considers a pose correct if the
translation error is under 5 mm and the rotation error
is under 5 degrees. In Table I, we demonstrate the correct
detection rate of initial object poses using ADD, (5,5) and
(2,2) metrics. Although initial object poses can achieve a
high detection rate with the ADD metric, but performance
drops significantly with the (5,5) and (2,2) metrics, show-
ing the importance of pose refinement and NBV.

B. Object Pose Refinement Evaluation

We first visualize how the poses of objects are refined
in Figure 9. Our pose refinement module reliably and
accurately refines object poses even in the presence of
many outliers and the initial pose has a large error.

For quantitative evaluation, we compare our SDF-based
refinement approach with the widely used ICP algorithm.
For the viewpoint selection, we compare our NBV ap-
proach against two heuristic-based strategies as the base-
lines. The first baseline, "Random", selects viewpoints ran-
domly from candidate viewpoints. The second baseline,
"Max-Distance" moves the camera to the furthest distance
location from previous viewpoints. For all approaches, we
use the same initial object poses and perform the pose
evaluation on each individual object. To obtain the results,
the maximum number of viewpoints is set to 2.

The results of the object refinement are summarized
in Table II. It is evident that the initial object poses have
low detection rates for both 5-mm/5-degree and 2-mm/2-
degree metrics. The results can be significantly improved
when performing the pose refinement with the depth data.
With the same viewpoint selection strategy ("Random”
and "Max-Distance"), our SDF refinement module out-
performs the ICP algorithm in almost all tests. Using the
5-mm/5-degree metric, our pose refinement module out-
performs ICP by 1.6% for the "Random" strategy, and 1.5%
for the "Max-Distance" strategy. With the stricter 2-mm/2-
degree metric, our refinement method surpasses ICP by a
more significant margin of 5.3% and 4.9% for "Random"

(c) Chrome Screw

(a) Gear
Fig. 9: Example refinement results on the ROBI dataset.
The red and green point clouds are transformed by initial
and refined object pose, respectively.

(b) Zigzag

and "Max-Distance" strategy, respectively. However, it is
noteworthy that our SDF refinement module performs
worse than ICP on object "Chrome Screw", mainly due
to its extreme shininess, resulting in many missing depth
data on the surface. Moreover, as shown in Figure 9c,
this object’s cylindrical shape lacks geometric constraints,
making it difficult for the optimization to find the global
minima. Hence, selecting informative viewpoints to ac-
quire sufficient depth measurements is crucial.

C. Next-Best-View Evaluation

To demonstrate the advantage of our next-best-view
approach, we use the same pose refinement module (SDF-
based approach) for a fair comparison. As shown in
Table II, comparing to the "Random" and "Max-Distance"
baselines, our method outperforms them by a large mar-
gin of at least 5.6% with the 5-mm/5-degree metric and
7.8% with the 2-mm/2-degree metric, respectively.

Figure 10 further presents the NBV results when using
different number of viewpoints with the 5-mm/5-degree
metric. To achieve the same level of correct detection
rate, our NBV policy (blue curve) requires much fewer
viewpoints than the baselines (red and green curves). This
phenomenon is more obvious when using fewer and fewer
viewpoints. When compared to the "Random" strategy,
our NBV approach outperforms it by 12.1% for 1-view and
5.1% for 3-view test set. Compared to the "Max-Distance",
the NBV policy exceeds it by 15.1% and 5.6% for 1-view
and 3-view, respectively. For the shiniest object "Chrome
Screw", our NBV policy achieves a high detection rate,
73.2%, with only one viewpoint. This result is comparable
to the baseline policies when using four views (76.2% for
the "Random", 73.6% for the "Max-Distance").

As presented in Section IV and V, a key component
of our NBV policy is the depth uncertainty prediction of
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Fig. 10: Evaluation of our next-best-view policy when comparing against two heuristic-based baselines. We use our pose
refinement module for all the viewpoint selection strategies. The results are evaluated using the correct detection rate
with the 5-mm/5-degree metric. Our approach can achieve a high correct detection rate with much fewer viewpoints.

future viewpoints by online rendering. To demonstrate its
effectiveness, we implement an alternative version of our
NBV approach, one which assumes the depth uncertainty
is constant for different future camera viewpoints. This
version does not require online rendering and predicts
the object pose covariance (Equation 22) with the Ja-
cobian approximation only. As shown in Figure 10, the
NBV can achieve high performance without predicting
the depth uncertainty (yellow curve) for the object "Eye
Bolt" and "Zigzag". This is because these two objects
have low specular reflection, and the depth uncertainty
is consistent for a wide range of different viewpoints.
However, when objects have strong specular reflection
(e.g., "Chrome Screw", "Tube Fitting", "Gear"), the NBV
performance can be significantly improved by including
the depth uncertainty prediction module.

VII. CONCLUSIONS AND FUTURE WORK

In this paper, we present an active vision framework for
refining 6D pose and predicting next-best-view for shiny
objects. Based on the SLI camera, we first estimate depth
measurement uncertainties and integrate them into our
object pose refinement module. Our framework refines the
object pose and selects the NBV by minimizing predicted
uncertainties. We evaluate our approach on a challenging
real-world dataset for shiny objects. Results demonstrate
that our pose refinement module outperforms the clas-
sical ICP algorithm when using the same input depth
data. Additionally, our NBV policy achieves high pose
refinement accuracy with significantly fewer viewpoints
compared to heuristic baselines. In future work, we will in-
vestigate how to include the initial object pose estimation
into our active vision framework, and explore how RGB
images can be leveraged in a similar way, eliminating the
specialization of our approach to the SLI camera setting.
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