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Abstract

In this paper, we evaluate three state-of-the-art ap-
proaches for 6D pose estimation. The three models are
Pixel-wise Voting Network [S8], EfficientPose[?] and Aug-
mented Autoencoder[12]. QOur experiment covers test-
ing their provided weight on LineMOD[5] and Occlusion
LineMOD[1]. We evaluate the performance of three models
with the ADD(-S) [0, 17] metrics. Also, we test the robust-
ness against noise on the three model by applying differ-
ent amount of noise. Finally, we compare their runtime on
Nvidia Tesla K80 machine. With the experiments, we pro-
vide a clearer view of three models on accuracy, robustness
and speed aspects. In the conclusion section, we further
compare the pros and cons between three model type and
discuss the limitations for models.

1. Introduction

6D pose estimation is an important topic in computer vi-
sion. Tasks such as autonomous driving, robot manipulation
and augmented reality relies on accurate and robust pose es-
timation.

Traditional methods like [6] estimate pose by finding and
matching 3D model to image. Recent studies like [17, 15]
uses RGB-D as input data achieves satisfying results with
novel deep learning methods. However, depth cameras may
be more expensive that depth information might not always
be available in most camera devices. Thus, there are many
studies that solve the task with only RGB data.

6D pose estimation would be difficult in many condi-
tion. Textureless object would make feature mapping meth-
ods hard to locate points. Symmetric object might mislead

the models to predicting an opposite pose. Different scenes
that varies in brightness, object reflection or cluttered back-
ground are important aspects that hugely impact the perfor-
mance we need to address. Runtime should also be consid-
ered as an important key for future realtime applications.

In this paper, we choose three RGB-based models and
evaluate their performance. The three models are Pixel-
wise Voting Network (PVNet)[8], EfficientPose[2] and
Augmented Autoencoder (AAE)[12]. These three models
covers different kind of learning methods, where PVNet
and EfficientPose are supervised learning and AAE is self-
supervised learning. PVNet and AAE are two-stage detec-
tion while EfficientPose is one-stage methods. We want
to know the limitations and advantages using these entirely
different type of models. Thus, we evaluate the models with
ADD(-S) metrics proposed by [0, 7] on LineMODI[5] and
Occlusion LineMOD[ 1] to compare the accuracy. We will
also evaluate the performance on noisy input since robust-
ness on different conditions are unavoidable in most appli-
cation. Finally, we will also compare the runtime for each
models on the same machine.

In the approach section, we will first briefly introduce
the three methods and their main contributions. Then, we
will explain the experiments and show the results that we
did on those models. In the conclusion section, we will
conclude the results and discuss about the pros and cons for
each models.

2. Related Work

On the research field of 6D pose estimation, the deep
learning based approaches can mostly be assigned to one of
the following two categories: one-stage detection or two-
stage detection.



2.1. One-stage detection

The methods in this category directly estimate the 6D
pose from end to end. PoseCNN[17] follows this strategy
to estimate the 3D translation of an object by localizing its
center in the image and predict its distance from the camera.
The 3D rotation of the object is estimated by regressing to
a quaternion representation. They also introduce a novel
loss function that enables PoseCNN to handle symmetric
objects.

EfficientPose[2] is also a method that falls into this cat-
egory. They base their work on an 2D object detection ap-
proach and extend it with the ability to also predict the 6D
pose of objects in an intuitive and efficient way to main-
tain the advantages of the base network and to keep the
additional computational costs low performing 6D objecct
pose estimation of multiple objects. The runtime of their
method is nealy independent from the number of objects
which makes it suitable for real world scenarios.

2.2. Two-stage detection

In another category, they first detect 2D targets of
the object in the given image and subsequently solve a
Perspective-n-Point problem for their 6D pose. We can
go a step further and divide this method into two category:
keypoint-based and dense 2D-3D correspondence methods.
PVNet[&] uses pixel-wise voting for keypoint localization
and the uncertainty-driven PnP for final pose estimation,
and shows that predicting the vector fields followed by
RANSAC-based voting for keypoint localization gained a
superior performance.

The dense 2D-3D correspondence methods predict the
corresponding 3D model point for each 2D pixel of the ob-
ject. DRODJ[11] estimates dense multi-class 2D-3D corre-
spondence maps between an input image and available 3D
mod- els. Given the correspondences, a 6DoF pose is com-
puted via PnP and RANSAC. An additional RGB pose re-
finement of the initial pose estimates is performed using a
custom deep learning-based refinement scheme.

Another two-stage method is SSD (Single Shot Multi-
Box Detector)[7]+ AAE (Augmented Autoencoders)[12].
SSD discretizes the output space of bounding boxes into
a set of default boxes over different aspect ratios and scales
per feature map location. At prediction time, the network
generates scores for the presence of each object category
in each default box and produces adjustments to the box to
better match the object shape. AAE is a real-time pipeline
based on a variant of the denoising autoencoder that is
trained on simulated views of a 3D model using domain
randomization.

3. Approach

We choose to compare one of the one-stage detection
approachs and two of the two-stage detection approachs,
which is PVNet[8], EfficientPose[2], and Augmented Au-
toencoders (AAE)[12]. They are all RGB image based
model, where both PVNet and EfficientPose are supervised
learning, while AAE is self-supervised learning. From the
papers of these methods, PVNet aims that using keypoint
voting and unit vectors make it robust for occluded or trun-
cated objects, EfficientPose aim to be efficient, scalable, and
accurate using single shot image to detect multiple objects,
and finally, AAE aims that it doesn’t need pose annotation
data to achieve robustness to pose ambiguity. Hence, we
want to go through these methods, and explore the perfor-
mance of them.

3.1. PVNet

This paper introduce a Pixel-wise Voting Network
(PVNet)[8] to regress pixel-wise unit vectors pointing to the
keypoints and use these vectors to vote for keypoint loca-
tions using RANSAC. Unlike other recent methods, PVNet
can address the problem of being sensitive to occlusion and
truncation. They created a flexible representation for lo-
calizing occluded or truncated keypoints. They estimated
the object pose using a two-stage pipeline: first detect 2D
object keypoints using CNNs, and then compute 6D pose
parameters using the PnP algorithm.

» Voting-based key point localization Given an RGB im-
age, PVNet predicts pixel-wise object labels and unit
vector vi(p) that represent the direction from every
pixel to every keypoint.

The unit vector v (p) is defined as

vi(p) = kP
[xx = pll2

Once the directions to a certain object keypoint from
all pixels belonging to that project are given, they
generate hypotheses of 2D for that keypoint. They
randomly choose two pixels and take the intersec-
tion of their vectors as a hypothesis hy, ; for the key-
point x;. Repeated N times, they can get a set of
hypotheses hy, ;i = 1,2,..., N representing possible
keypoint locations.

Finally, they can calculate the voting scores wy ;
through RANSAC-based voting.

ZH hkz

2 g —pll o

vi(p) > 0)

The resulting hypotheses characterize the spatial prob-
ability distribution of a keypoint in the image. The



mean p and the covariance oy, for a keypoint xy, are
estimated by:
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In this paper, the keypoints are selected on the object
surface, and these key points should spread out on the
object to make the PnP algorithm more stable. They
selected K key points using the farthest point sampling
(FPS) algorithm.

 Uncertainty-driven PnP Given 2D key points locations
for each object, its 6D pose can be computed by solv-
ing the PnP problem. Given the estimated mean py
and covariance matrix > for k = 1,..., K, they can
compute the 6D pose (R, t) by minimizing the Maha-
lanobis distance. They directly minimize the reprojec-
tion errors using the Levenberg-Marquardt algorithm.

They used the smooth ; loss proposed in [9] for learning
unit vectors, which id defined as

K

(w) = > L(Avi(psw)le) + L (Avi(p; w)l,),

k=1 p
vi(p;w) = Vi(p; W) — vi(P)
3.2. EfficientPose

EfficientPose[?] is a highly accurate, scalable, and effi-
cient 6D object pose estimation model that can detect the
2D bounding box of multiple objects and estimate their full
6D poses in a single shot. This model is extended from
the state-of-the-art 2D object detection EfficientDet[ 3] and
adds two extra subnetworks to predict the translation and ro-
tation of objects, similar to the classification and bounding
box regression subnetworks. The authors further proposed
a new 6D augmentation technique that uses image rotation
and scaling transformation to generate more data, which
boosts the performance of their model on small datasets like
LineMOD[6] and improve generalization. This approach
achieves a new state-of-the-art accuracy of 97.35% in terms
of the ADD(-S) metric on LineMOD, while still running
end-to-end at over 27 FPS. It runs even with multiple ob-
jects (eight) end-to-end at over 26 FPS.

The goal of EfficientPose is to extend the EfficientDet
architecture in an intuitive way and keep the computational
overhead rather small. The authors integrated the task of 6D
pose estimation via two subnetworks to predict the transla-
tion and rotation of objects and used the anchor box map-
ping and non-maximum-suppression (NMS) of the bas ar-
chitecture to filter out background and multiple detections,

which created an architecture that can detect: Class, 2D
bounding box, Rotation, and Translation, of one or more
object instances and categories for a given RGB image in a
single shot. The extra subnetworks are described as follow:

* Rotation Network: The subnetwork predicts one ro-
tation vector r € R3 for each anchor box. The au-
thors added an iterative refinement module on the out-
put ;. The module takes the current rotation r;,;¢
and the output of the last convolution layer prior to
the initial regression layer to output Ar, and iteratively
compute N, times to get the final rotation vector:

Niter(¢) =1+ L¢/3J
r =T +Ar

Each intermediate iteration step r is set to r;,;; for the
next step. The authors also replace batch normaliza-
tion with group normalization to reduce the minimum
needed batch size during training.

* Translation Network: Similar to the rotation network
described above with the difference of outputting a
translation t € R for each anchor box. The authors
adopt the approach of PoseCNN[ | 7] and split the task
into predicting the 2D center point ¢ = (c;,c,) ' of
the object in pixel coordinates and the distance ¢, sep-
arately. Itis equal to predicting the relative offset to the
center point c at each point in the given feature map.

This model is scalable using a coefficient ¢, which is in-
herent from EfficientDet [13] that could change the number
of layers in the model.

The loss function adopted the PoselLoss and
ShapeMatch-Loss from PoseCNN[!7]. For asymmet-
ric and symmetric objects is defined as follows:

1

Lasym = = 3 [Rot(F, x) +) ~ Rot(r, x) + )]
xeM
1 . ~ 7
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Rot(F, x) and Rot(r,x) represents the rotation of x with
the ground truth r and the estimated rotation r by applying
the Rodrigues’ rotation formula. Also, m is the number of
points and M represents the set of the object’s 3D points.
It calculates the mean point distances between the trans-
formed model points and directly optimized on the ADD
metric. For symmetric objects, the minimal distance for
each point to any point in the other transformed point set
is taken into account.
The transformation loss L4y s 1S defined as follows:

I _ Lsym
trans — . .
Lasym if asymmetric.

if symmetric,



3.3. Augmented Autoencoders

Augmented Autoencoders (AAE)[!2] is a real-time,
RGB-based pipeline for object detection and 6D pose es-
timation. It is a self-supervised method which doesn’t re-
quire true, pose-annotated data. Instead of learning the ex-
plicit representation and mapping the image to the pose, it
learns an implicit pose orientation by encoding the image
into the latent space. The approach has many advantages:
(1) it could handle with pose ambiguity, (2) it is robustness
to occlusion and (3) it is generalized to different test sensor
and environment.

* Augmented Autoencoders: The autoencoders is con-
structed based on [10], which is trained to encode an
input with X € RP to a latent representation z € R"
where n << D, which could be written as:

&= (Vod)(zx)=U(z)

In [14], the input image is added with artificial random
noise to train the Denoising Dutoencoder, which shows
that latent representations are invariant to noise. In this
paper, it applied random augmentations fy,gm (-), than
the target for the AAE. Thus, the target for the AAE
becomes:

t=(Vodo faugm)(x) =(¥o (I))(l‘/) = \II(Z/)

and it is showed that representing the orientation based
on the appearance is efficient to avoid pose ambigui-
ties.

» Synthetic Object Views for Training: To train the au-
toencoder, the paper proposed a Domain Randomiza-
tion (DR) technique that makes encoding invariant to
environment and sensor variation. It applied random
augmentation to the training view, including render-
ing random light position, diffuse, reflection, insert-
ing background from Pascal VOC dataset[3]. Also,
it modified the image contrast, brightness, Gaussion
blur, distortion and applied random masks and black
squares to generate occlusions.

* Network Architecture: The encode-decoder’s archi-
tecture is a CNN-based model, which is constructed
with 2D convolution layers, ReLLU layers with fully-
connect layers. Bootstrapped pixel-wise L2 loss[16] is
applied to avoid converging to local minima that gen-
erated black images. [16].

* Codebook Creation: Once the training is done, the
AAE is able to encode 3D objects in latent represen-
tation. Then, to determine object orientation, it cre-
ates a codebook. First, the object is rendered at nearly
equidisitant viewpoints using refined icosahedron[4].

Then, the view is applied in-place rotation. Finally, all
resulting images is used to generate latent code in z €
R'28 and assigns rotation Reqmaon; € R3* by the
codebook. Thus, in testing, the detected and cropped
object could be encode to a zi st € R'28_ Then, co-
sine similarity between z.; and all z; € R'?® in the

codebook.
ZiZtest

1Zill l[ztcsl
Finally, the 3D object orientation could detemined by
finding the k-Nearest-Neighbor with k£ = 1.

cos; =

4. Experiments
4.1. Dataset

To compare the performance between these different ap-
proaches, we selected two benchmark datasets: LineMOD
[5] and Occlusion LineMOD Dataset[ | ].

¢ LineMOD[5] contains 15 texture-less objects which
are placed in different cluttered scenes and provides
annotations for around 1,000 RGB images for each of
the 15 objects. The images in each scene contain mul-
tiple objects but only one object is annotated with the
ground-truth class label, bounding box, and 6D pose.
Most papers only use 13 objects in the dataset to test
their approach, we also use the same settings.

¢ Occlusion LineMODJ[!] is a subset of LineMOD
dataset, which consists of a single scene of LineMOD
where additional ground-truth annotations for eight
objects in that scene are provided. This introduces
more challenging test cases with various levels of oc-
clusion.

4.2. Evaluation Metrics

* ADD [6]: Given the ground truth rotation R, trans-
lation T, and the estimated rotation f{, translation T.
And M denotes the set of 3D model points and m is
the number of points.

1 - N
ADD = — R T)-R T
2 (R T) Rt 7

The average distance computes the mean of the pair-
wise distances between the 3D model points trans-
formed.

* ADD-S [17]: For symmetric objects, the mean dis-
tance is computed based on the closest point distance.

1 N -
ADD—-S = — i —
— > min [[(Rx1+T)-Rxz +T|
r1EM
The 6D pose is considered to be correct if the average dis-
tance (ADD or ADD-S) is smaller than a predefined thresh-
old.



(a) EfficientPose(¢ = 0)

(b) PVNet (c) AAE

Figure 1: Sample output images of three models.

4.3. Experimental details

For experiment, we remain the parameters’ settings and
evaluate the best model each paper reported on a Google
Cloud Platform’s virtual machine (nl1-standard-4 CPU and
Nvidia Tesla K80 GPU). For AAE[12], we couldn’t find
the precomputed bounding box of the objects, hence, we
use the ground-truth bounding box as one of the input.
Also, since we couldn’t find the weights of AAE model
on Occlusion LineMOD, we only evaluate the performance
of EfficientPose[2] and PVNet[&8] on Occlusion LineMOD
dataset.

4.4. Results

In Table 1, we compare the results of three models: Ef-
ficientPose, PVNet, and Augmented Autoencoders (AAE),
on the LineMOD dataset in terms of the ADD(-S) metric.
EfficientPose outperforms the other two methods, followed
by PVNet, and AAE has the lowest score. Figure 1 shows
some sample outputs of the three models.

EfficientPose has the power of detecting and estimating
objects with their 6D poses in only one single shot, with-
out any post-processing steps like RANSAC-based voting
or PnP, and still achieves the highest score. The authors
of EfficientPose stated that the 6D augmentation technique
is a crucial part of this approach, which significantly in-
creases the performance on small dataset like LineMOD.
They did some ablation studies on their 6D augmentation
method, and found that without the data augmentation, the
performance on Driller will drop from 99.90 to 72.15. The
performance of ¢ = 0 and ¢ = 3 models are close despite
of their different capacities. This indicates that the capac-
ity of ¢ = 0 model is sufficient enough to train the small
LineMOD dataset and reach the bottleneck performance.

As for AAE, since it is a self-supervised method and the
objective is not mapping the image to the ground truth 3D
pose orientation explicitly, we believe it is fair that AAE
doesn’t reach high scores in this experiment.

Method EfficientPose PVNet | AAE
p=0 ¢=3
Ape 87.71 89.62 | 49.90 | 0.50
Benchvise 99.61 99.71 99.81 | 75.00
Camera 97.94 | 98.53 86.76 | 36.00
Can 98.52 | 99.70 | 95.96 | 59.50
Cat 98.00 | 96.21 76.65 | 38.00
Driller 99.90 | 99.50 | 97.13 | 30.00
Duck 90.99 | 89.30 | 56.34 | 4.00
Eggbox* 100.00 | 100.00 | 99.15 | 18.50
Glue* 100.00 | 100.00 | 95.66 | 28.00
Holepuncher | 95.05 95.72 80.88 | 30.50
Iron 99.69 | 99.08 | 98.67 | 47.50
Lamp 100.00 | 100.00 | 99.14 | 71.00
Phone 9798 | 9846 | 9222 | 5.10
Average 97.34 | 97.37 | 86.79 | 32.63

Table 1: Quantitative evaluation and comparison on the
LineMOD dataset in terms of the ADD(-S) metric. * repre-
sents symmetric object.

For the Occlusion LineMOD dataset, we compare the re-
sults of EfficientPose and PVNet in Table 2. EfficientPose
still reaches a higher average score than PVNet, which sug-
gests that enriching the training data on small dataset using
data augmentation technique is the keypoint to improve the
performance.

Method EfficientPose PVNet
=0 ¢=3
Ape 56.57 59.29 15.30
Can 91.12 93.37 61.14
Cat 68.58 79.78 19.21
Driller 95.64 97.77 63.76
Duck 65.21 73.23 33.30
Eggbox* 93.46 96.18 50.17
Glue* 85.15 90.80 49.62
Holepuncher 76.43 81.66 39.83
Average 79.02 84.01 41.54

Table 2: Quantitative evaluation and comparison on the Oc-
clusion LineMOD dataset in terms of the ADD(-S) metric.
* represents symmetric object.

4.5. Noisy Image

In addition to compare the performance, we would like
to test the robustness against noises of the three models. We
use the LineMOD dataset in this experiment. We generated
the noisy images using Salt-and-Pepper noise, an impulse



(a) Amount = 0.004

(b) Amount = 0.01

(c) Amount = 0.05

Figure 2: Example input images after adding Salt-and-Pepper noise with different amount settings

EfficientPose (phi=0) PVNet AAE
S&P Amount | nonoise [ 0.004 [ 0.01 [ 0.05 [ nonoise [ 0.004 | 0.01 [ 0.05 [ nonoise [ 0.004 [ 0.01 [ 0.05
Ape 87.71 84.48 82.67 66.67 499 3854 20.9 0.11 0.5 0.0 0.0 0.0
Benchvise 99.61 9942 99.32 97.38 99.81 8593 59.15 0.0 75.0 67.0 655 52.0
Camera 9794 9775 97.84 96.27 86.76  49.59 10.45 0.0 36.0 240 18.0 7.0
Can 98.52 98.18 97.83 95.77 9596 8895 10.59 12.13 59.5 48.0 400 18.0
Cat 98 97.21 96.11 91.62 76.65 67.17  40.02 4.29 38.0 295 17.5 0.5
Driller 999 995 99.7 98.61 97.13 41.8 4.92 2.08 30 18.5 11.0 4.0
Duck 90.99 90.89 893  86.1 56.34 48.07 3492 1091 4.0 5.0 5.0 1.5
Eggbox* 100 100 100 9991 99.15 45.07 35.61 8.49 18.5 15.5 8.0 0.0
Glue* 100 999 99.81 99.81 95.66 40.89  33.77 5.52 28.0 220 16.5 2.0
Holepuncher 95.05 9467 941 87.82 80.88 61.43 3891 4.35 30.5 25.5 14.5 0.5
Iron 99.69 99.49 99.39 98.88 98.67 95.19  88.58 4.33 47.5 29.5 13.0 1.0
Lamp 100 99.9 99.81 99.52 99.14 59.5 21.61 1.13 71.0 610 57.0 29.0
Phone 97.98 97.6 97.41 9549 9222 7551 56.61 9.11 5.1 445 420 18.0
Average 97.34 96.85 96.41 9337 86.79 6136 35.08 4.8 32.63 26.0 20.53 8.9
Drop -049 -093 -397 -25.43  -51.71 -81.99 -6.63  -12.1 -23.73
Table 3: Results on different noisy amount images using EfficientPose (¢ = 0), PVNet, and AAE.

type of noise in images. We randomly modified each color Network | EfficientPose | EfficientPose | PVNet | AAE

channel of a pixel with two different values of noise (0 and ¢=0 $=3

255). We changed the noise amount with three settings: FPS 8.00 1.94 4.12 | 1575

0.004, 0.01, and 0.05. Figure 2 shows some example im- ms 124.96 515.05 | 242.90 | 63.49

ages of adding Salt-and-Pepper noise in different amount
settings. Then, we use the same augmented images as input
for the three models and run the evaluation.

Table 3 shows the accuracy drop for three models on dif-
ferent parameter settings. PVNet has the most significant
accuracy drop, while EfficientPose only drops slightly and
still pertains the highest scores among all the models. As for
AAE, we could see that some objects are quite robust to the
noise, like Benchvise, while some drops from a high score
to nearly zero, like Iron. This suggests that EfficientPose is
more robust to noisy input images, while PVNet and AAE
is prone to noise. We think that PVNet is unable to detect
the keypoints of the object in the noisy image, thus effect-
ing the estimation of 6D pose. Figure 3 shows some sample
outputs of three models given amount = 0.05 noisy images.

Table 4: Runtime for network forward propagation.

4.6. Running Time

We use the setting from the original papers that take
480640 RGB image as input. We use nl-standard-4 CPU
and one NVIDIA Tesla K80 GPU on the Google Cloud Plat-
form. Table 4 shows the run time for three models on our
machine. Due to the Tensorflow version, we run AAE with
CPU while the others are run on GPU. The run time is tested
on network propagation time. For EfficientPose and PVNet,
the time included the time for object detections, while the
time for AAE only contains the autoencoder part (pose es-
timation).



() EfficientPose ( =0)

(b) PVNet

Figure 3: Sample outputs of three models given amount = 0.05 noisy image.

To compare with the run time written on the original pa-
pers, Table 5 shows the run time written on the original pa-
pers. PVNet [8] runs on Intel i7 3.7GHz CPU and a GTX
1080 Ti GPU. EfficientPose [2] runs on i7-6700K CPU and
a GTX 2080 Ti GPU. AAE [12] runs on a GTX 1080 GPU.

Network | EfficientPose | EfficientPose | PVNet | AAE
¢=0 ¢=3

FPS 28.18 12.26 25.00 | 42.00

ms 35.49 81.20 40.10 | 24.00

Table 5: Runtime end-to-end written on original paper.

We can see from the tables that the run time of AAE
are considerably faster than others. EfficientPose are much
more slower when setting ¢ = 3 rather than ¢ = 0.

5. Conclusion

In all the experiments, we can clearly see that Efficient-
Pose has the most accurate results with a considerable short
run time, and it is also robust to noise. EfficientPose also
has the advantage that it is scalable through a single param-
eter ¢ which is convenient to trade off between efficiency
and accuracy. PVNet tends to be prone to noise that it
would tend to fail when detecting keypoints, but it still has
better precision compared to AAE. By constrast, AAE has
the lowest ADD comparing to supervised learning methods,
but using self-supervised learning would reduce the need of
large pose-annotated data, which has great potential for fur-
ther applications. Also, AAE has the shortest run time and
shows fine robustness in the noisy images.
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