











To address the above issues, as shown in Fig. 2 (f), we
calculate the Jacobians of 6D pose with respect to the 2D
keypoints based on implicit function theorem (IFT) [47].
Then we deterministicly propagate K™ to C¢ using the un-
certainty propagation theorem. The Jacobian is difficult to
compute due to the non-linear relationship in perspective
geometry. The IFT implicitly computes Jacobians by lever-
aging geometric constraints, avoiding the need for an ex-
plicit solution. Following [34], we define a single-shot PnP
solver, which outputs the pose y = [y1, ..., )T, denoted
as g:

y = g(X’Z>K) @)

where x 2 R?*N and z 2 R3*¥ represent N 2D-3D cor-
respondences, and K 2 R3*3 is the camera intrinsic matrix.
The objective function of g is defined as follow:

N
O(x,y,2,K) =) kr,k; ®)

n=1
where r,, = x,, 7, is the reprojection error of the n-

th correspondence. m, = II(z,jy,K) is the reprojected
points, calculated by the projective function II.

A stationary condition is formulated by computing the
first-order derivative of O with respect to y.
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The IFT constraint function f is constructed based
on Eq. (9).
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f(x,y,2,K) = [fi, .., fm]" (10)

The dimensionality of the pose, i.e., m, depends on the pa-
rameterization of the rotation SO(3). Chen et al. [34] use
the less intuitive axis-angle representation m = 6. For bet-
ter user comprehension, we adopt the Euler angle in this
work and m = 6. For each parameter of the pose represen-
tation, the constraint function f; is expressed as:

90(x,y,2.K) om,,
=B 9N Thy,, 202 (11)
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Furthermore, based on the IFT, we can apply the constraint
function f to compute g—i.

dg o] [of
L el 12
ox {3y} ox (12)
Subsequently, the covariance matrix X, 2 R2V*2N rep-

resenting K" is directly propagated to X, 2 R%*% standing
for CZ using the uncertainty propagation.
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The covariance matrices for the Euler angles and the trans-
lation vector are denoted as g = Xy (1 : 3,1 : 3) and
3y =3,(4:6,4:6), respectively.

In summary, as shown in Fig. 2, our method eliminates
the need for inefficient sampling and integration processes
by developing a deterministic method for tighter 6D pose
confidence regions C¢ = fR?, T 4g.
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In contrast to the sample-based approach C;, we apply the
IFT to derive parameterized, ellipsoidal confidence regions
for both rotation and translation.

4. Experiment

4.1. Datasets and implementation details

We conduct experiments on the LMO [23] and the
SPEED [22] datasets. Both are designed for 6D pose esti-
mation task. LMO includes photorealistic rendered training
images of randomly cluttered scenes. We split the dataset
following [9], with 200 images allocated to D.,; and 1,214
images to Dy.s:. LMO includes 8 labeled objects with sig-
nificant occlusion. SPEED is used to test the safety-critical
applicability of the proposed pose confidence region. To en-
sure a rigorous analysis, we apply a sixfold cross-validation
(CV) method, dividing the 12,000 simulated images into six
subsets. Five-sixths are designated as Dy,.q;,, While one-
sixth is split equally into D.,; and Dy;.

The runtimes are evaluated on a workstation equipped
with Nvidia A6000 GPUs. The network architecture is
based on [45]. The regression model undergoes 96 epochs
of training, utilizing a pre-trained model based on the
COCO dataset [48]. The training employs the AdamW op-
timizer [49]. The fixed learning rate is set as 3 1075,
The upper bound for the keypoint confidence region radius
is set to the image diagonal length, as this value sufficiently
covers the entire image, making larger radii unnecessary.

4.2. Evaluation metrics

We adopt keypoint reprojection accuracy [11], denoted by
Acc, to evaluate the accuracy. However, the existing met-
rics for pose estimation mainly focus on accuracy, neglect-
ing the evaluation of confidence regions. Hence, we pro-
pose 4 metrics beyond accuracy, including the size of the
confidence regions and coverage rate.

2D keypoint coverage rate: The validity of the region
is assessed by the probability of all ground truth keypoints
% falling within K" or K" aiming to align with 1 ¢, as
stated in (2). For example, the coverage rate P! of K" for
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Figure 5. A boxplot analysis of baseline and proposed method for

V; on the LMO dataset. The boxplot for 7,% exhibits consistently lower

values across all key statistical measures compared to 7;°. After applying 7;¢, V4 also decreases.

LMO Ours [9] + Samp. [9] + Det.
Objects | 77 Out  RZ Out T Out  Rj ou | 7§ Ou RP Out
1 0.9 0 28.96 69 12.6 0 2522 1041 0.5 0 50.3 64
2 0.7 0 9.9 9 28.3 0 N/A 1207 0.9 0 45.0 12
3 2.8 3 50.7 113 66.8 0 N/A 1052 14 0 4.9 73
4 1.5 0 6.5 12 52.0 0 N/A 1214 0.1 0 3.5 2
5 0.4 0 52.8 43 63.1 0 N/A 1064 0.2 0 24.7 24
6 57.6 11 514.4 1055 82.2 1 N/A 1095 | 59.9 10 515.7 1057
7 4.8 0 62.9 98 252.4 0 N/A 809 0.8 0 67.5 56
8 0.03 0 4.6 3 322.2 0 N/A 1210 0.3 0 51.6 9
mean 8.6 2 91.3 175 109.9 0 252.2 1070 8.0 1 100.1 162
SPEED 0.7 0 0.2 0 287.8 920  210.6 898 73.4 50 4.4 18

Table 4. V; and Vg with € = 0.1: The unit for the rotational and translational confidence region are 10® deg® and 1073 m®. "N/A’ means

all confidence regions are over the threshold, while *Out’ is the co

lation (V;) volumes on the occlusion-free SPEED. Conse-
quently, our method achieves a significant reduction in both
Vr and Vi compared to [9] (Fig. 3). Other visualizations
can be found in the supplementary material. The largest
pose confidence region volume is observed with C;, where
most R} volumes exceed the threshold. The mean volume
of T, remains within the threshold but is still the high-
est, indicating that sampling-based confidence regions fail
to cover the ground truth pose within a narrow range.

Transitioning from C; to CZ reduces Vg by 63.8% and
99.9%, and V; by 92.2% and 99.8% across the two datasets.
In the occlusion-free SPEED, our proposed method reduces
the volumes of T, and R? to as low as 0.7 1073 m? and
0.2 10° deg®. To elucidate the statistical disparities in re-
gion volumes across diverse methods, we visualize the CDF
curves of Vg (Fig. 4) and the boxplot of V; (Fig. 5) within
the LMO. In the CDF curve, Rf is closer to the top-left
corner, while most R} exceeds 7R, validating the efficacy
of our deterministic propagation method in reducing region
size. Furthermore, as shown in Fig. 5, V; of Trd is reduced
by several orders of magnitude compared to T,.

5. Conclusions

Our framework introduces an efficient pipeline for estimat-
ing compact 6D pose confidence regions that achieve real-
time operational capability. Crucially, we develop novel

unt of images that are.

evaluation metrics that consider both ground-truth coverage
probability and volumetric compactness of the confidence
regions. Benchmark evaluations on the LineMOD Occlu-
sion and SPEED datasets demonstrate significant improve-
ments: 1) 33% faster inference speeds compared to the
baseline, 2) up to 99% decrease in confidence region vol-
ume, while maintaining comparable coverage rates across
test scenarios. But our Gaussian pose assumption is a key
limitation, as the non-linear 2D-to-6D transformation chal-
lenges its coverage guarantees, which we will address by
exploring more suitable distributions.
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