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Executive summary

This report was developed in the context of the AGIMUS project, funded by the Horizon
Europe Framework Program for Research and Innovation of the European Union for 2021-
2027. Its objective is to present the progress mainly towards the specific objective SpO1.2:
Develop advanced perception combining data-driven training with physics-based mod-
els. that is part of the Objective 1: Significantly accelerate the introduction and deploy-
ment of a robotic system to a new agile production environment through advanced
perception and understanding of human-centric feedback.
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1 Introduction

Consistent and accurate perception is one of the key needs for robotic manipulation as it
drives robot control. This work summarizes our effort towards accurate image-based per-
ception module that is fast enough to be used in closed-loop robot control. The report is
based on the following Agimus-related publications:

• MegaPose: 6D Pose Estimation of Novel Objects via Render & Compare [8] pre-
sented at the Conference on Robot Learning (CoRL) 2022, and

• Visually guided model predictive robot control via 6D object pose detection and
tracking [9] submitted to IEEE International Conference on Robotics and Automation
(ICRA) 2024 conference.

The full version of both papers is attached at the end of the deliverable.

The deliverable is structured as follows:

The object 6D pose estimation methods from images are described in Sec. 2. It covers the
pose estimation method from RGB(D) data for (i) objects known at the train time i.e. Cosy-
Pose [7] as well as for (ii) objects unseen during training i.e. MegaPose [8]. Both methods
were partially reimplemented in the Agimus project into a single open-source framework
called HappyPose that is available at https://github.com/agimus-project/happypose.
The CosyPose and MegaPose documentation has been combined and updated into the
HappyPose documentation, which is attached at the end of the deliverable.

In Sec. 3 we describe our effort towards speeding up the perception module so that it can
be used in closed-loop robot control. Our approach combines slower CosyPose [7] pose
detection with faster image-based 6D pose tracker, called ICG [11]. Our Python wrap-
per around ICG is publicly available at https://github.com/MedericFourmy/pyicg. The
presented perception module provides fast and temporally consistent predictions that are
required for developing T4.3: Feedback from multimodal perception (haptic+vision).

2 Object Pose Estimation

The primary objective of the object pose estimation method is to predict the relative transfor-
mation between the camera frame and the frame attached to the object of interest i.e. Tco ∈
SE(3). Input to the method is an RGB(D) image of the scene, the camera intrinsic calibration,
and the database of 3D models of interest. The approach adapted in the project is split into
three stages:

• object detection,

• coarse pose estimation, and

• pose refinement.
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The implementation of these stages differs for objects seen and unseen during training.

2.1 Objects seen during training

For estimating pose of a known object, i.e. object seen during training, we use CosyPose [7],
the winning method in the BOP Challenge 2020 (5 awards in total, including the best overall
method and the best RGB only method).

Object detection. The CosyPose uses the MaskRCNN [5] detector that is trained for each
dataset of objects; this is possible because the objects are known during training. The output
of the detection model is a list of bounding boxes and labels of objects that are shown in the
image patches defined by the bounding boxes.

Coarse pose estimation. The bounding box of the previous stage is used to heuristically
compute the first guess of the pose of the object. The model that corresponds to the detected
label is selected from the database and used for rendering in the render-and-compare strat-
egy. The coarse pose estimator first renders the image based on the model and the guessed
pose. The rendering is concatenated with the input image patch and used as input to a neu-
ral network that is trained to predict update of the pose. The predicted update is applied to
the first guess to create a new estimate of the object pose. The coarse model is evaluated
only once.

Pose refinement. The same render-and-compare strategy used in coarse pose estimation
is also used for pose refinement. The current estimate of the object pose is used to render
the image which is concatenated with the input image patch and used as input to neural
network. The goal of the refiner is to predict an update to the pose that iteratively reduces
the error to zero. The refiner is evaluated several times in a sequence.

Training. Both coarse and refiner models are trained for a specific dataset of objects. There-
fore, costly (about 4 hours on 40 GPUs) retraining is needed for each new object, which is
impractical for real-world industrial applications. This limitation motivates us to design un-
seen object pose estimator as described next.

2.2 Objects unseen during training

Unseen object pose estimation is based on two works: the state-of-the-art unseen object
detection module called CNOS [10] and the Agimus co-developed pose estimation method
MegaPose [8]. Note that the database of objects of interest is known only at runtime but not
at the training time.

Object detection. For detecting the bounding boxes and object labels without training, we
used CNOS: CAD-based Novel Object Segmentation module. The method uses SAM [6] or
FastSAM [13] as a proposal mechanism that predicts a set of segmentation masks. These
masks are combined with the input image to segment-out the background, i.e. only the object
of interest is visible for each proposal. Dino features are extracted from the proposal and the
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Figure 1: CNOS overview. Given CAD models of the target objects, the objects are onboarded by
(i) rendering a set of templates showing the models from different viewpoints, and (ii) describing the
templates by the DINO features. At inference time, segmentation proposals are generated from the
input RGB image using SAM or FastSAM, and the proposals are matched against the templates by
comparing their DINO features. The image is from [10].

closest feature is selected from a database that is computed on a synthetically pre-rendered
images from the database of objects. An overview of the CNOS approach is shown in Fig. 1.
Note that at the time of writing this report, CNOS is the only method competing in BOP
Challenge 2023, in the unseen-object detection category.

Coarse pose estimation. The cropped input image and the object label are used to run
MegaPose, which is, similarly to CosyPose, divided into the coarse pose estimator and the
refiner. Contrary to CosyPose, the coarse pose estimation is framed as a classification
problem. The input to the classification problem is a rendering of the object concatenated
with the input crop. The neural network is used to score similarity between these two images,
and the one with the best score is selected for refinement. The coarse estimator is shown in
Fig. 2.

Pose refinement. The pose refinement follows the render-and-compare strategy of Cosy-
Pose, however, with three more rendered viewpoints. The refiner predicts an update of the
6D pose and is run iteratively several times. The single run of the refiner is illustrated in
Fig. 2.

Training. For training, both coarse and refiner models require RGB(D) images with ground-
truth 6D object pose annotations, along with 3D models for these objects. To allow Mega-
Pose to generalize to novel objects, a large dataset containing diverse objects is required.
Therefore, MegaPose is trained purely on synthetic data generated using BlenderProc [3].
A dataset of 2 million images was used for training using a combination of ShapeNet [2]
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Figure 2: MegaPose overview. ⊕ denotes concatenation. (a) Coarse Estimator: Given a cropped
input image the coarse module renders the object in multiple input poses. The coarse network then
classifies which rendered image best matches the observed image. (b) Refiner: Given an initial
pose estimate the refiner renders the objects at the estimated pose (blue axes) along with 3
additional viewpoints (green axes) defined such that the camera z-axis intersects the anchor point.
The refiner network consumes the concatenation of the observed and rendered images and
predicts an updated pose estimate. The image is from [8].
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Figure 3: BOP Challenge 2023: 6D localization of unseen objects. Our submissions are labeled
Megapose-CNOS_fastSAM+Multihyp_Te. . ., CNOS_fastSAM+MegaPose MultiHyp and
CNOS_fastSAM+MegaPose.

and Google-Scanned-Objects [4]. By training on a large diverse dataset, the MegaPose
generalizes well to unseen objects even without fine-tuning.

HappyPose at BOP Challenge. We implemented the pose estimation of unseen objects in
the HappyPose software https://github.com/agimus-project/happypose. We used this
implementation to compete in the BOP Challenge 2023. Our results in the category of 6D
localization of unseen objects are shown in Fig. 3. In this category, we were awarded the
BOP Challenge 2023 Award for The Best Open-Source Method as shown in Fig. 4, and
ranked 3rd among all competitors.

3 Continuous Tracking

Object pose estimation from previous sections are accurate but slow to be used in closed-
loop control. On a recent GPU, the evaluation of CosyPose takes approximately 0.25 second
while the evaluation of MegaPose takes approximately 30 seconds. To achieve higher fre-
quency we combine CosyPose pose estimation (here called localizer) with an image-based
6D pose tracker, called ICG [11].

Although being fast, this local tracker is unable to detect the appearance of a new object or
that the object is no longer visible. We combined the benefits of the object 6D pose estimator
and object 6D pose tracker into a single perception module, that is accurate and fast at the
same time.

We present below a brief overview of the proposed perception module and highlight of the
results. We refer the reader to the attached paper for more information and discussion of the
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BOP Challenge 2023 Award
 

The Best Open-Source Method
  

Task 4: Model-based 6D localization of unseen objects

MegaPose
Elliot Maître, Mederic Fourmy, Lucas Manuelli, Yann Labbé

 
8th International Workshop on Recovering 6D Object Pose, ICCV 2023

BOP
2023

Figure 4: BOP Challenge 2023 Award in the category of 6D localization of unseen objects.
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results.

3.1 Object localization and tracking (OLT)

We combine the CosyPose localizer and the ICG tracker into a single perception module that
computes fast feedback at the frequency of the tracker while running the localizer in parallel
for object (re-)discovery and more accurate pose estimation. Our architecture, shown in
the perception plate of Fig. 5, runs the tracker on the current image Ik with the initial pose
selected either from (i) the previous iteration of the tracker, i.e. Tk−1 or (ii) the separate

Perception

Tracker

6D pose localizer

Time delay corrector

Control

OCP
Solver

Ricatti
Linearization

  5 Hz 30 Hz
100 Hz 1 kHz

Input image

Output 6D pose

Buffer

Figure 5: Overview of the fast continuous perception module. The objective of the feedback
control is to track the 6D pose of an object seen by a camera, as illustrated on the right by a robot
and red cheez-it box. To achieve that, we designed a perception module that runs a fast local
Tracker on an input image Ik with the initial pose Tk−1 selected either from the previous run of the
tracker or from the 6D pose localizer & Time delay corrector modules, if that information is available.
The 6D pose localizer is slow and the objective of the Time delay corrector is to catch-up in time by
quickly tracking through images stored in the buffer while the 6D pose localizer was computing. The
output of the tracker, the pose Tk, can be used to control robot, e.g. by running an Optimal Control
Problem solver with Ricatti Linearlization.

Tracker

Images

Localizer

Delay 
corrector

&

Figure 6: Perception module timeline. The first row illustrates the stream of images with typical
delay between images δI being 33 ms. The second row illustrates the delay caused by the tracker
module, denoted by δtrack that corresponds to a few milliseconds and therefore output poses (green
ticks) are produced at the frequency of the input image stream. The tracker needs initial pose that is
taken either from previous run of the tracker or from the 6D pose localizer & time delay corrector
modules if possible as indicated by purple arrows. The 6D pose localizer runs with typical δlocalize
being a few hundreds of milliseconds and is followed by the tracker applied N − 1 times on the
buffered images (green ticks in the third row).
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Figure 7: Evaluation of the proposed perception module Average recall (higher is better) of
BOP metrics [12] measuring the accuracy of 6D pose estimation of different implementations of
object localization and tracking. The comparison was run on the YCBV video dataset replayed at
different frequencies on the same hardware. The Localizer runs CosyPose [7] on every image, it is
slow and cannot be used in closed-loop control but it is accurate (high recall). Tracker-InitLocalizer
runs ICG [11] after initialized with the Localizer on the first frame only, it is fast but the recall is low.
OLT (ours) combines the benefits of both, as it is as fast as ICG tracker while being as accurate as
the localizer for low frequencies of the input image stream. The performance drop of OLT-NoTracker
illustrates the importance of ICG tracker in the loop by replacing the tracker with identity mapping
(i.e. use the last estimate of the localizer).

process that localizes the object if that information has already been computed by the time
delay corrector for the previous image Ik−1, i.e. end of the image buffer. The main tracker is
initialized once the first frame to enter the system has been processed by the localizer and
time delay corrector.

3.2 Time delay corrector

In a parallel process, a single instance of the localizer is run all the time the resources are
available. Let us assume that the localizer started processing input image Ik−N at time
k− N. It takes some time to get the output of the localizer during which new images arrive
and are stacked inside a buffer. Once the pose Tk−N is computed by the localizer, a second
instance of the tracker is run on all images inside the buffer, while providing the final pose
computed at the time k − 1 to the main tracker process. The timeline of the perception
module is illustrated in Fig. 6.
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3.3 Evaluation

We quantitatively evaluate the new perception module on the YCBV dataset [1] using the
6D object pose (BOP benchmark) evaluation metrics [12]. The YCBV dataset consists of
several videos of a moving camera showing a subset of 22 objects available in the dataset.
Every frame of the video is annotated with the ground truth poses for all objects visible in the
scene. We use the YCBV dataset because of the availability of the real objects for real-world
experiments and of the pre-trained models for the CosyPose [7] object pose estimator. We
use the BOP toolkit [12] to compute standard 6D pose error metrics to assess the quality of
pose estimates. The evaluation procedure feeds the images of the input video sequence in
order and with a given frequency to the perception module. The output poses are compared
with the ground truth by evaluating BOP Average Recall score defined in [12]. The results
of the evaluation procedure are shown in Fig. 7.

4 Conclusion

In this report, we present an approach to estimate the 6D pose of the object from the input
image. We first present accurate learning-based methods to estimate the 6D pose of objects
for two categories: (i) objects seen during training and (ii) objects unseen at the training time.
Both methods have been shown to be accurate but slow to be used in closed-loop control.
Therefore, we combined the learning-based pose estimation method with a local 6D pose
tracker that is fast to evaluate. Our solution combines the accuracy of the learning-based
pose-estimation method with the speed of a local tracker.

The proposed perception module can be used directly in the closed-loop robot. We made
an initial step towards this objective in the attached paper. In the context of the AGIMUS
project, the proposed perception module will be used in T4.3: Feedback from multimodal
perception (haptic+vision) for robust vision-based robot control.
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MegaPose: 6D Pose Estimation of Novel Objects
via Render & Compare
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Abstract: We introduce MegaPose, a method to estimate the 6D pose of novel
objects, that is, objects unseen during training. At inference time, the method only
assumes knowledge of (i) a region of interest displaying the object in the image
and (ii) a CAD model of the observed object. The contributions of this work are
threefold. First, we present a 6D pose refiner based on a render & compare strategy
which can be applied to novel objects. The shape and coordinate system of the
novel object are provided as inputs to the network by rendering multiple synthetic
views of the object’s CAD model. Second, we introduce a novel approach for
coarse pose estimation which leverages a network trained to classify whether the
pose error between a synthetic rendering and an observed image of the same object
can be corrected by the refiner. Third, we introduce a large scale synthetic dataset
of photorealistic images of thousands of objects with diverse visual and shape
properties, and show that this diversity is crucial to obtain good generalization
performance on novel objects. We train our approach on this large synthetic
dataset and apply it without retraining to hundreds of novel objects in real images
from several pose estimation benchmarks. Our approach achieves state-of-the-art
performance on the ModelNet and YCB-Video datasets. An extensive evaluation on
the 7 core datasets of the BOP challenge demonstrates that our approach achieves
performance competitive with existing approaches that require access to the target
objects during training. Code, dataset and trained models are available on the
project page [1].

1 Introduction

Accurate 6D object pose estimation is essential for many robotic and augmented reality applications.
Current state-of-the-art methods are learning-based [2, 3, 4, 5, 6] and require 3D models of the objects
of interest at both training and test time. These methods require hours (or days) to generate synthetic
data for each object and train the pose estimation model. They thus cannot be used in the context
of robotic applications where the objects are only known during inference (e.g. CAD models are
provided by a manufacturer or reconstructed [7]), and where rapid deployment to novel scenes and
objects is key.

The goal of this work is to estimate the 6D pose of novel objects, i.e., objects that are only available
at inference time and are not known in advance during training. This problem presents the challenge
of generalizing to the large variability in shape, texture, lighting conditions, and severe occlusions
that can be encountered in real-world applications. Some prior works [8, 9, 10, 11, 12, 13, 14]
have considered category-level pose estimation to partially address the challenge of novel objects
by developing methods that can generalize to novel object instances of a known class (e.g. mugs or
shoes). These methods however do not generalize to object instances outside of training categories.
Other methods aim at generalizing to any novel instances regardless of their category [15, 16, 17,
18, 19, 20, 21, 22]. These works present important technical limitations. They rely on non-learning
based components for generating pose hypotheses [21] (e.g. PPF [23]), for pose refinement [17] (e.g.

1Inria Paris and Département d’informatique de l’ENS, École normale supérieure, CNRS, PSL Research
University, 75005 Paris, France.

3LIGM, École des Ponts, Univ Gustave Eiffel, CNRS, Marne-la-vallée, France.
5Czech Institute of Informatics, Robotics and Cybernetics at the Czech Technical University in Prague.
†Work partially done while the author was an intern at NVIDIA.

6th Conference on Robot Learning (CoRL 2022), Auckland, New Zealand.
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Figure 1: MegaPose is a 6D pose estimation approach (a) that is trained on millions of synthetic scenes with
thousands of different objects and (b) can be applied without re-training to estimate the pose of any novel object,
given a CAD model and a region of interest displaying the object. It can thus be used to rapidly deploy visually
guided robotic manipulation systems in novel scenes containing novel objects (c).

PnP [24] and ICP [25, 26]), for computing photometric errors in pixel space [15], or for estimating
the object depth [18, 16] (e.g. using only the size of a 2D detection [27]). These components however
inherently cannot benefit from being trained on large amount of data to gain robustness with respect
to noise, occlusions, or object variability. Learning-based methods also have the potential to improve
as the quality and size of the datasets improve.

Pipelines for 6D pose estimation of known (not novel) objects that consist of multiple learned
stages [4, 5] have shown excellent performance on several benchmarks [2] with various illumination
conditions, textureless objects, cluttered scenes and high levels of occlusions. We take inspiration
from [4, 5] which split the problem into three parts: (i) 2D object detection, (ii) coarse pose
estimation, and (iii) iterative refinement via render & compare. We aim at extending this approach to
novel objects unseen at training time. The detection of novel objects has been addressed by prior
works [17, 28, 29, 30] and is outside the scope of this paper. In this work, we focus on the coarse and
refinement networks for 6D pose estimation. Extending the paradigm from [4] presents three major
challenges. First, the pose of an object depends heavily on both its visual appearance and choice of
coordinate system (defined in the CAD model of the object). In existing refinement networks based
on render & compare [20, 4], this information is encoded in the network weights during training,
leading to poor generalization results when tested on novel objects. Second, direct regression methods
for coarse pose estimation are trained with specific losses for symmetric objects [4], requiring that
object symmetries be known in advance. Finally, the diversity of shape and visual properties of the
objects that can be encountered in real-world applications is immense. Generalizing to novel objects
requires robustness to properties such as object symmetries, variability of object shape, and object
textures (or absence of).

Contributions. We address these challenges and propose a method for estimating the pose of any
novel object in a single RGB or RGB-D image, as illustrated in Figure 1. First, we propose a novel
approach for 6D pose refinement based on render & compare which enables generalization to novel
objects. The shape and coordinate system of the novel object are provided as inputs to the network by
rendering multiple synthetic views of the object’s CAD model. Second, we propose a novel method
for coarse pose estimation which does not require knowledge of the object symmetries during training.
The coarse pose estimation is formulated as a classification problem where we compare renderings
of random pose hypotheses with an observed image, and predict whether the pose can be corrected
by the refiner. Finally, we leverage the availability of large-scale 3D model datasets to generate a
highly diverse synthetic dataset consisting of 2 million photorealistic [31] images depicting over 20K
models in physically plausible configurations. The code, dataset and trained models are available on
the project page [1].

We show that our novel-object pose estimation method trained on our large-scale synthetic dataset
achieves state-of-the-art performance on ModelNet [32, 20]. We also perform an extensive evaluation
of the approach on hundreds of novel objects from all 7 core datasets of the BOP challenge [2]
and demonstrate that our approach achieves performance competitive with existing approaches that
require access to the target objects during training.
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2 Related work

In this section, we first review the literature on 6D pose estimation of known rigid objects. We then
focus on the practical scenario similar to ours where the objects are not known prior to training.

6D pose estimation of known objects. Estimating the 6D pose of rigid objects is a fundamental
computer vision problem [33, 34, 35] that was first addressed using correspondences established
with locally invariant features [35, 36, 37, 38, 23] or template matching [39, 40]. These have been
replaced by learning-based methods with convolutional neural networks that directly regress sets
of sparse [41, 42, 27, 43, 44, 45, 46] or dense [47, 48, 49, 50, 3, 44] features. All these approaches
use non-learning stages relying on PnP+Ransac [51, 24] to recover the pose from correspondences
in RGB images, or variants of the iterative closest point algorithm, ICP [25, 26], when depth is
available. The best performing methods rely on trainable refinement networks [52, 20, 4, 20, 5] based
on render & compare [53, 54, 55, 20]. These methods render a single image of the object, which is
not sufficient to provide complete information on the shape and coordinate system of a 3D model to
the network. This information is thus encoded in the networks weights when training, which leads to
poor generalization when tested on novel objects unseen at training. Our approach renders multiple
views of an object to provide this 3D information, making the trained network independent of these
object-specific properties.

6D pose estimation of novel objects. Other works consider a practical scenario where the objects
are not known in advance. Category-level 6D pose estimation is a popular problem [8, 9, 10, 11, 12,
13, 14] in which CAD models of test objects are not known, but the objects are assumed to belong
to a known category. These methods rely on object properties that are common within categories
(e.g. handle of a mug) to define and estimate the object pose, and thus cannot generalize to novel
categories. Our method requires the 3D model of the novel object instance to be known during
inference, but does not rely on any category-level information. Other works address a scenario similar
to ours. [56, 19, 57, 18, 16, 30] only estimate the 3D orientation of novel objects by comparing
rendered pose hypotheses with the observed image using features extracted by a network. They
rely on handcrafted [18, 16] or learning-based DeepIM [19] refiners to recover accurate 6D poses.
We instead propose a method that estimates the full 6D pose of the object and show our refinement
network significantly outperforms DeepIM [20] when tested on novel object instances. The closest
works to ours are OSOP [17] and ZePHyR [21]. OSOP focuses on the coarse estimation by explicitly
predicting 2D-2D correspondences between a single rendered view of the object and the observed
image, and solves for the pose using PnP or Kabsch [25] which makes inference slower and less
robust compared to directly predicting refinement transforms with a network as done in our solution.
ZePHyR [21] strongly relies on the depth modality, whereas our approach can also be used in
RGB-only images. Finally, [15, 58, 22, 59] investigate using a set of real reference views of the
novel object instead of using a CAD model. These approaches have only reported results on datasets
with limited or no occlusions. Our use of a deep render & compare network trained on a large-scale
synthetic dataset displaying highly occluded object instances enables us to handle highly cluttered
scenes with high occlusions like in the LineMOD Occlusion, HomebrewedDB or T-LESS datasets.

3 Method

In this section we present our framework for pose estimation of novel objects. Our goal is to detect
the pose TCO (the pose of object frame O expressed in camera frame C composed of 3D rotation
and 3D translation) of a novel object given an input RGB (or RGBD) image, Io, and a 3D model of
the object. Similar to DeepIM [20] and CosyPose [4], our method consists of three components (1)
object detection, (2) coarse pose estimation and (3) pose refinement. Compared to these works, our
proposed method enables generalization to novel objects not seen during training, requiring novel
approaches for the coarse model, the refiner and the training data. Our approach can accept either
RGB or RGBD inputs, if depth is available the RGB and D images are concatenated before being
passed into the network. Detection of novel-objects in an image is an interesting problem that has
been addressed in prior work [28, 60, 17, 22, 30] but lies outside the scope of this paper. Thus for our
experiments we assume access to an object detector, but emphasize that our method can be coupled
with any object detector, including zero-shot methods such as those in [28, 60].
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Figure 2: ⊕ denotes concatenation. (a) Coarse Estimator: Given a cropped input image the coarse module
renders the object in multiple input poses {T j

CO}. The coarse network then classifies which rendered image best
matches the observed image. (b) Refiner: Given an initial pose estimate T k

CO the refiner renders the objects at
the estimated pose TCO,1 := T k

CO (blue axes) along with 3 additional viewpoints {TCO,i}4i=2 (green axes) defined
such that the camera z-axis intersects the anchor point O. The refiner network consumes the concatenation of
the observed and rendered images and predicts an updated pose estimate T k+1

CO .

3.1 Technical Approach

Coarse pose estimation. Given an object detection, shown in Figure 1(b), the goal of the coarse
pose estimator is to provide an initial pose estimate TCO,coarse which is sufficiently accurate that it can
then be further improved by the refiner. In order to generalize to novel-objects we propose a novel
classification based approach that compares observed and rendered images of the object in a variety
of poses and selects the rendered image whose object pose best matches the observed object pose.

Figure 2(a) gives an overview of the coarse model. At inference time the network consumes
the observed image Io along with rendered images {Ir(T j

CO)}Mj=1 of the object in many different
poses {T j

CO}Mj=1. For each pose T j
CO the model predicts a score (Io, Ir(T j

CO)) → ξj that classifies
whether the pose hypothesis is within the basin of attraction of the refiner. The highest scoring pose
T j∗

CO , j
∗ = argmaxj ξj is used as the initial pose for the refinement step. Since we are performing

classification, our method can implicitly handle object symmetries, as multiple poses can be classified
as correct.

Pose refinement model. Given an input image and an estimated pose, the refiner predicts an updated
pose estimate. Starting from a coarse initial pose estimate TCO,coarse we can iteratively apply the
refiner to produce an improved pose estimate. Similar to [4, 20] our refiner takes as input observed
Io and rendered images Ir(T k

CO) and predicts an updated pose estimate T k+1
CO , see Figure 2 (b),

where k refers to the kth iteration of the refiner. Our pose update uses the same parameterization
as DeepIM [20] and CosyPose [4] which disentangles rotation and translation prediction. Crucially
this pose update ∆T depends on the choice of an anchor point O, see Appendix for more details. In
prior work [4, 20] which trains and tests on the same set of objects, the network can effectively learn
the position of the anchor point O for each object. However in order to generalize to novel objects
we must enable the network to infer the anchor point O at inference time.

In order to provide information about the anchor point to the network we always render images
Ir(T k

CO) such that the anchor point O projects to the image center. Using rendered images from
multiple distinct viewpoints {TCO,i}Ni=1 the network can infer the location of the anchor point O as
the intersection point of camera rays that pass through the image center, see Figure 2(b).

Additional information about object shape and geometry can be provided to the network by rendering
depth and surface normal channels in the rendered image Ir. We normalize both input depth (if
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available) and rendered depth images using the currently estimated pose T k
CO to assist the network in

generalizing across object scales, see Appendix for more details.

Network architecture. Both the coarse and refiner networks consists of a ResNet-34 backbone
followed by spatial average pooling. The coarse model has a single fully-connected layer that
consumes the backbone feature and outputs a classification logit. The refiner network has a single
fully-connected layer that consumes the backbone feature and outputs 9 values that specify the
translation and rotation for the pose update.

3.2 Training Procedure

Training data. For training, both the coarse and refiner models require RGB(-D)1 images with
ground-truth 6D object pose annotations, along with 3D models for these objects. In order for
our approach to generalize to novel-objects we require a large dataset containing diverse objects.
All of of our methods are trained purely on synthetic data generated using BlenderProc [31]. We
generate a dataset of 2 million images using a combination of ShapeNet [61] (abbreviated as SN)
and Google-Scanned-Objects (abbreviated as GSO) [7]. Similar to the BOP [62] synthetic data, we
randomly sampled objects from our dataset and dropped them on a plane using a physics simulator.
Materials, background textures, lighting and camera positions are randomized. Example images can
be seen in Figure 1(a) and in the Appendix. Some of our ablations also use the synthetic training
datasets provided by the BOP challenge [62]. We add data augmentation similar to CosyPose [4] to
the RGB images which was shown to be a key to successful sim-to-real transfer. We also apply data
augmentation to the depth images as explained in the appendix.

Refiner model. The refiner model is trained similarly to [4]. Given an image with an object
M at ground-truth pose T ∗CO we generate a perturbed pose T ′CO by applying a random translation
and rotation to T ∗CO. Translation is sampled from a normal distribution with a standard deviations
of (0.02, 0.02, 0.05) centimeters and rotation is sampled as random Euler angles with a standard
deviation of 15 degrees in each axis. The network is trained to predict the relative transformation
between the initial and target pose. Following [4, 20] we use a loss that disentangles the prediction of
depth, x-y translation, and rotation. See the appendix for more details.

Coarse model. Given an input image Io of an objectM and a pose T ′CO the coarse model is trained
to classify whether pose T ′CO is within the basin of attraction of the refiner. In other words, if the
refiner were started with the initial pose estimate T ′CO would it be able to estimate the ground-truth
pose via iterative refinement? Given a ground-truth pose-annotation T ∗CO we randomly sample poses
T ′CO by adding random translation and rotation to T ∗CO. The positives are sampled from the same
distribution used to generate the perturbed poses the refiner network is trained to correct (see above),
and other poses sufficiently distinct to this one (see the appendix for more details) are marked as
negatives. The model is then trained with binary cross entropy loss.

4 Experiments

We evaluate our method for 6D pose estimation of novel objects using the seven challenging datasets
of the BOP [2, 62] 6D pose estimation benchmark, and the ModelNet [20] dataset. The dataset and
the standard 6D pose estimation metrics we use are detailed in Section 4.1. In all our experiments,
the objects are considered novel, i.e. they are only available during inference on a new image and
they are not used during training. In Section 4.2, we evaluate the performance of our approach
composed of coarse and refinement networks. Notably, we show that (i) our method is competitive
with others that require the object models to be known in advance, and (iii) our refiner outperforms
current state-of-the-art on the ModelNet and YCB-V datasets. Section 4.3 validates our technical
contributions and shows the crucial importance of the training data in the success of our method.
Finally, we discuss the limitations in Section 4.4.

4.1 Dataset and metrics

We consider the seven core datasets of the BOP challenge [62, 2]: LineMod Occlusion (LM-
O) [63], T-LESS [64], TUD-L [62], IC-BIN [65], ITODD [66], HomebrewedDB (HB) [67] and

1Our method can consume either RGB or RGB-D images depending on the input modalities that are available.
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Pose Initialization Pose Refinement BOP Datasets

Method
Novel
objects Method

Novel
objects

RGB-D
Input LM-O T-LESS TUD-L IC-BIN ITODD HB YCB-V Mean

1 CosyPose [4] 7 CosyPose 7 63.3 64.0 68.5 58.3 21.6 65.6 57.4 57.0
2 SurfEmb [3] 7 BFGS 7 66.3 73.5 71.5 58.8 41.3 79.1 64.7 65.0
3 SurfEmb [3] 7 BFGS+ICP X X 75.8 82.8 85.4 65.6 49.8 86.7 80.6 75.2

4 OSOP [17] X Multi-Hyp. X 31.2 - - - - 49.2 33.2 -
5 OSOP [17] X MH+ICP X X 48.2 - - - - 60.5 57.2 -
6 (PPF, Sift) + Zephyr [21] X - X X 59.8 - - - - - 51.6 -
7 (PPF, Sift) + Our coarse X Our refiner X X 57.0 - - - - - 62.3 -

8 CosyPose [4] 7 – 53.6 52.0 57.6 53.0 13.1 33.5 33.3 42.3
9 CosyPose [4] 7 Ours X 65.5 72.0 70.1 57.3 28.4 67.0 56.8 59.6

10 CosyPose [4] 7 Ours X X 71.2 63.8 85.0 55.1 39.9 73.2 69.2 66.0

11 Ours X – 18.7 19.7 20.5 15.3 8.00 18.6 13.9 16.2
12 Ours X Ours X 53.7 62.2 58.4 43.6 30.1 72.9 60.4 54.5
13 Ours X Ours X X 58.3 54.3 71.2 37.1 40.4 75.7 63.3 57.2

Table 1: Results on the BOP challenge datasets. We report the AR score on each of the 7 datasets considered
in the BOP challenge and the mean score across datasets. With the exception of Zephyr (row 11), all approaches
are trained purely on synthetic data. For each column, we denote the best over result in italics and the best
novel-object pose estimation method in bold.

YCB-Video (YCB-V) [47]. These datasets exhibit 132 different objects in cluttered scenes with
occlusions. These objects present many factors of variation: textured or untextured, symmetric or
asymmetric, household or industrial (e.g. watcher pitcher, stapler, bowls, multi-socket plug adaptor)
which makes them representative of objects that are typically encountered in robotic scenarios. The
ModelNet dataset depicts individual instances of objects from 7 classes of the ModelNet [32] dataset
(bathtub, bookshelf, guitar, range hood, sofa, tv stand and wardrobe). We use initial poses provided
by adding noise to the ground truth, similar to previous works [20, 16, 15]. The focus is on refining
these inital poses. We follow the evaluation protocol of [2] for BOP datasets, and of DeepIM [20] for
ModelNet.

4.2 6D pose estimation of novel objects

Performance of coarse+refiner. Table 1 reports results of our novel-object pose estimation method
on the BOP datasets. We first use the detections and pose hypotheses provided by a combination of
PPF and SIFT, similar to the state-of-the-art method Zephyr [21]. For each object detection, these
algorithms provide multiple pose hypotheses. We find the best hypothesis using the score of our
coarse network, and apply 5 iterations of our refiner. Results are reported in row 7. On YCB-V,
our method achieves a +10.7 AR score improvement compared to Zephyr (row 6). Averaged across
the YCB-V and LM-O datasets, the AR score of our approach is 59.7 compared to 55.7 for Zephyr
(row 6). Next, we provide a complete set of results using the detections from Mask-RCNN networks.
Please note that since detection of novel objects is outside the scope of this paper, we use the networks
trained on the synthetic PBR data of the target objects [2] which are publicly available for each dataset.
We report the results of our coarse estimation strategy (Table 1, row 11), and after running the refiner
network, on RGB (row 12) or RGB-D (row 13) images. We observe that (i) our refinement network
significantly improves the coarse estimates (+41.0 mean AR score for our RGBD refiner) and (ii) the
performance of both models is competitive with the learning-based refiner of CosyPose [4] (row 1)
while not requiring to be trained on the test objects. The recent SurfEmb [3] performs better than our
approach, but heavily relies on the knowledge of the objects for training and cannot generalize to
novel objects.

Performance of the refiner. We now focus on the evaluation of our refiner which can be used
to refine arbitrary initial poses. Our refiner is the only learning-based approach in Table 1 which
can be applied to novel objects. In rows 9 and 10, we apply our refiner to the coarse estimates of
CosyPose [4] (row 11). Again, we observe that our refiner significantly improves the accuracy of
these initial pose estimates (+23.7 in average for the RGB-D model). Notably, the RGB-only method
(row 9) performs better than the CosyPose refiner (row 1) on average, while not having seen the BOP
objects during training. This is thanks to our large-scale training on thousands of various objects,
while CosyPose is only trained on tens of objects for each dataset.

6



Average Recall

Method RGB-D (5°, 5cm) ADD (0.1d) Proj2D (5px)

DeepIM [20] X 64.3 83.6 73.3
Multi-Path [16] 84.8 90.1 81.6
LatentFusion[15] X 85.5 94.3 94.7
Ours 88.6 90.5 88.9
Ours X 97.6 98.9 97.5

Table 2: Evaluation of the refiner on the ModelNet [20] dataset. The mean average recall is computed over
the seven classes of the dataset.

Coarse Refined Coarse Refined

Figure 3: Qualitative results. For each pair of images, the left image is a visualization of our coarse estimate,
and the right image is after applying 5 iterations of our refiner. None of these objects from the YCBV, LMO, HB,
or T-LESS datasets were used for training our approach. Please notice the high accuracy of MegaPose despite (i)
severe occlusions and (ii) the varying properties of the novel objects (e.g. the texture-less industrial plug in the
top-right example, textured mustard bottle in the top-left).

One iteration of our refiner takes approximately 50 milliseconds on a RTX 2080 GPU, making it
suitable for use in an online tracking application. Five iterations of our refiner are also 5 times faster
than the object-specific refiner of SurfEmb [3] which takes around 1 second per image crop. Finally,
we evaluate our refiner on ModelNet and compare it with the state-of-the-art methods MP-AAE [16]
and LatentFusion [15]. For this experiment, we remove the ShapeNet categories that overlap with
the test ones in ModelNet from our training set in order to provide a fair comparison on novel
instances and novel categories similar to [15, 16, 20]. Results reported in Table 2 show that our
refiner significantly outperforms existing approaches across all metrics.

4.3 Ablations

In this section we perform ablations of our approach to validate our main contributions. Additional
ablations are in the appendix. For these ablations, we consider the RGB-only refiner and re-train
several models with different configurations of hyper-parameters and training data.

Encoding the anchor point and object shape. As discussed in Section 3.1 the refiner must have
information about the anchor point O in order to generalize to novel objects. We accomplish this
by using 4 rendered views pointing towards the anchor point, see Figure 2(b). Table 3(a) shows the
performance of the refiner increases as we increase the number of views from 1 to 4, validating our
design choice. Multiple views may also help the network to understand the object’s appearance from
alternate viewpoints, thus potentially helping the refiner to overcome large initial pose errors. We also
validate our choice to provide a normal map of the object to the network. This information can help
the network use subtle object appearance variations that are only visible under different illumination
like the details on the cross of a guitar.

Number of training objects. We now show the crucial role of the training data. We report in Table 3
(b) the results for our refiner trained on an increasing number of CAD models. The performance
steadily increases with the number of objects, which validates that training on a large number of object
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Rendered
views

Rendered
normals BOP5 ModelNet

ADD(0.1d)

1 X 52.0 83.3
2 X 59.0 90.4
4 X 61.7 96.1
4 59.1 83.1

(a)

Training objects Num. objects BOP5 ModelNet
ADD(0.1d)

GSO+ShapeNet 10 + 100 47.9 28.7
GSO+ShapeNet 100 + 1000 49.3 80.3
GSO+ShapeNet 250 + 2000 56.9 82.0
GSO+ShapeNet 500 + 10000 59.3 89.3
GSO+ShapeNet 1000 + 20000 61.7 96.1
GSO 1000 62.2 95.7
BOP 132 62.6 93.4

(b)
Table 3: Ablation study. We study (a) using multiple rendered object views and normal maps as input to our
RGB-only refiner model and (b) training the refiner on different variations of our large-scale synthetic dataset.
Average recall is reported on BOP5 (mean of LM-O, T-LESS, TUD-L, IC-BIN and YCB-V) and ModelNet.

models is important to generalize to novel ones. These results also suggest that the performance of
our approach could be improved as more datasets of high-quality CAD models like GSO [7] become
available.

Variety in the training objects. Next, we restrict the training to different sets of objects. We observe
in the bottom of Table 3(b) that models from the GoogleScannedObjects are more important to the
performance of the method on the BOP dataset compared to using both ShapeNet and GSO. We
hypothesize this is due to the presence of high-quality textured objects in the GSO dataset. Finally,
we train our model on the 132 objects of the BOP dataset. When testing on the same BOP objects,
the performance benefits from knowing these objects during training is small compared to using our
GSO+ShapeNet or GSO dataset.

4.4 Limitations

While MegaPose shows promising results in robot experiments (please see the supplementary
video) and 6D pose estimation benchmarks, there is still room for improvement. We illustrate the
failure modes of our approach in the supplementary material. The most common failure mode
is due to inaccurate initial pose estimates from the coarse model. The refiner model is trained to
correct poses that are within a constrained range but can fail if the initial error is too large. There
exist multiple potential approaches to alleviate this problem. We can increase the number of pose
hypotheses M at the expense of increased inference time, improve the accuracy of the coarse model,
and increase the basin of attraction for refinement model. Another limitation is the runtime of our
coarse model. We use M = 520 pose hypotheses per object which takes around 2.5 seconds to be
rendered and evaluated by our coarse model. In a tracking scenario however, the coarse model is
run just once at the initial frame and the object can be tracked using the refiner which runs at 20Hz.
Additionally, our refiner could also be coupled with alternate coarse estimation approaches such as
[17, 18] to achieve improved runtime performance.

5 Conclusion

We propose MegaPose, a method for 6D pose estimation of novel objects. Megapose can estimate
the 6D pose of novel objects given a CAD model of the object available only at test time. We
quantitatively evaluated MegaPose on hundreds of different objects depicted in cluttered scenes, and
performed ablation studies to validate our network design choices and highlight the importance of the
training data. We release our models and large-scale synthetic dataset to stimulate the development of
novel methods that are practical to use in the context of robotic manipulation where rapid deployment
to new scenes with new objects is crucial. While this work focuses on the coarse estimation and
fine refinement of an object pose, detecting any unknown object given only a CAD model is still a
difficult problem that remains to be solved for having a complete framework for detection and pose
estimation of novel objects. Future work will address zero-shot object detection using our large-scale
synthetic dataset.
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Appendix

This appendix is organized as follows. In section A, we provide the equations of the pose update
predicted by the refiner network, and show it depends on the anchor point. In section B, we give
details on the loss used to train the refiner network. Section C explains the normalization strategy we
apply to the observed and rendered depth images of the RGB-D refiner. Section D details the pose
hypotheses used during training and inference of the coarse model. In section E, we provide examples
of training images and give details on the data augmentation and training hardware. In section F, we
perform additional ablations to validate (i) the contributions of our coarse network, (ii) the choice of
hyper-parameter M . We also provide details on the robot experiments shown in the supplementary
video. In section G, we illustrate qualitatively that our approach is robust to illumination condition
variations. Section H illustrates the main failure modes of our approach. Finally, section I investigates
the robustness of our approach with respect to an incorrect 3D model.

The supplementary video shows predictions of our approach on real images. We apply our approach
in tracking mode on several videos. Tracking consists in running the coarse estimator on the first
frame of a video sequence, and then applying one iteration of the refiner on each new image, using
the prediction in the previous image as the pose initialization at the input of refinement network. This
approach can process 20 images per second. The video notably demonstrates the method is robust to
occlusion and can be used to perform visually guided robotic manipulation of novel objects.

A Pose update and anchor point

Pose update. We use the same pose update as DeepIM [20] and CosyPose [4]. The network predicts
9 values corresponding to one 3-vector [vx, vy, vz] to predict an update of the translation of a 3D
anchor point, and two 3-vectors e1, e2 that define a rotation update explained below. The pose update
consists in updating (i) the position of a 3D reference point O attached on the object, and (ii) the
rotation matrix RCO of the object frame expressed in the camera frame (please note the different
notations for the anchor point O and the object frame O):

xk+1
O =

(
vx
fCx

+
xkO
zkO

)
zk+1
O , (1)

yk+1
O =

(
vy
fCy

+
ykO
zkO

)
zk+1
O , (2)

zk+1
O = vzz

k
O, (3)

Rk+1
CO = R(e1, e2)Rk

CO, (4)
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where [xkO, y
k
O, z

k
O] is the 3D position of the anchor point expressed in camera frame at iteration k,

Rk
CO a rotation matrix describing the objects orientation expressed in camera frame, fCx and fCy

are the (known) focal lengths that correspond to the (virtual) camera associated with the cropped
observed image, and R(e1, e2) is a rotation matrix describing the rotation update recovered from
e1, e2 using [68] by orthogonalizing the basis defined by the two predicted rotation vectors e1, e2
similar to [4]. Finally, [xk+1

O , yk+1
O , zk+1

O ] and Rk+1
CO are, respectively, the translation and rotation

after applying the pose update. The 3D translation of the anchor point and the rotation matrix RCO

are used to define the pose the object.

Dependency to the anchor point. We now show that the predictions the network must make to
correct a pose error between an initial pose T k

CO and a target pose T k+1
CO is independent of the choice

of the orientation of the objects coordinate frame O but depends on the choice anchor point O. Let
us denote O1,O2 two different anchor points, and RCO1 , RCO2 the rotation matrices of the object
(expressed in the fixed camera frame) for two different choices of object coordinate frames O1 and
O2. We note tO1O2 = O2 − O1 = [x12, y12, z12] the 3D translation vector between O2 and O1;
and RO1O2 = RT

CO1RCO2 the rotation of coordinate frame O2 expressed in O1. For one choice of
anchor point and object frame, e.g. O1 and RCO1 , we derive the predictions the network has to make
to correct the error using equations (1),(2),(3),(4):

v1x = f cx

(
xk+1
O1

zk+1
O1

− xkO1

zkO1

)
(5)

v1y = fCy

(
yk+1
O1

zk+1
O1

− ykOk

zk
Ok

)
(6)

v1z =
zk+1
O1

zkO1

(7)

R1 = Rk+1
CO1

(
Rk

CO1

)T
, (8)

and similar for 2 by replacing the superscript. From these equations, we derive:

v1x − v2x = f cx

(
xk+1
O1

zk+1
O1

− xkO1

zkO1

− xk+1
O2

zk+1
O2

+
xkO2

zkO2

)
(9)

v1y − v2y = fCy
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zk+1
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− ykO1
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(10)

v1z − v2z =
zk+1
O1

zkO1

− zk+1
O2

zkO2

(11)

R1
(
R2
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= Rk+1
CO1

(
Rk

CO1

)T
Rk

CO2

(
Rk+1

CO2

)T
= Rk+1

CO1RO1O2Rk+1
O2C = Id. (12)

From eq. (12), we have R1
(
R2
)T

= Id. In other words, the rotation matrices that the network must
predict to correct the errors in scenarios 1 and 2 are the same. The network predictions for the rotation
components thus do not depend on the choice of the choice of object coordinate system. However
the other components of the translation cannot be simplified further. For example, derivations of

eq. (11) leads to v1z − v2z =
z12(zk+1

O1 −zk
O1)

zk
1 (z

k
1+z12)

which is non-zero in the general case where O1 and O2

are different and there is an error between the initial and target poses. This proves that different
choices of anchor point leads to different predictions. For the network to generalize to a novel object,
the network be able to infer the 3D position of the anchor point on this object. We achieve this by
rendering multiple views of the objects in which the anchor point reprojects to the center of each
image as explained in Section 3.1 of the main paper.

B Refiner loss

Our refiner network is trained using the same loss as in CosyPose [4], but without using symmetry
information on the objects because it is not typically not available for large-scale datasets of CAD
models like ShapeNet or GoogleScannedObjects. We first define the distance DO(T1, T2) to measure
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the distance between two 6D poses represented by transformations T1 and T2 using the 3D points XO

of an object O:

DO(T1, T2) =
1

|XO|
∑

x∈XO

|T1x− T2x|, (13)

where | · | is the L1 norm. In practice, we uniformly sample 2000 points on the surface of an object’s
CAD model to compute this distance. We also define the pose update function F which takes as input
the initial estimate of the pose T k

CO, the predictions of the neural network [vx, vy, vz] and R, and
outputs the updated pose:

T k+1
CO = F (T k

CO, [vx, vy, vz], R), (14)
where the closed form of function F is expressed in equations (1) (2) (3) (4). We also write [v?x, v

?
y , v

?
z ]

andR? as the target predictions, i.e. the predictions such that T ?
CO = F (T k

CO, [v
?
x, v

?
y , v

?
z ], R?), where

T ?
CO is the ground truth camera-object pose. The loss used to train the refiner is the following:

L =
K∑

k=1

DO(F (T k
CO, [vx, vy, v

?
z ], R?), T ?

CO) (15)

+DO(F (T k
CO, [v

?
x, v

?
y , vz], R?), T ?

CO) (16)

+DO(F (T k
CO, [v

?
x, v

?
y , v

?
z ], R), T ?

CO), (17)

where DO is the distance defined in eq. (13) and K is the number of training iterations. The different
terms of this loss separate the influence of: xy translation (15), relative depth (16) and rotation (17).
We sum the loss over K = 3 refinement iterations to imitate how the refinement algorithm is applied
at test time but the error gradients are not backpropagated through rendering and iterations. For
simplicity, we write the loss for a single training sample (i.e. a single object in an image), but we sum
it over all the samples in the training set.

C Depth normalization

When depth measurements are available, the observed depth image and depth images of the renderings
are concatenated with the images, as mentioned in Section 3.1 of the main paper. At test time, the
objects may be observed at different depth outside of the training distribution. In order for the network
to become invariant to the absolute depth values of the inputs, we normalize both observed and
rendered depth. Let us denote D a depth image (rendered or observed are treated similarly). We
apply the following operations to D. (i) Clipping of the metric depth values of D to lie between 0
and zkO + 1, where zkO is the depth of the anchor point on the object in the input pose at iteration k:

D ← clip(Dk, 0, zkO + 1), (18)

and (ii) centering of the depth values:

D ← D

zkO
− 1. (19)

D Pose hypotheses in the coarse model

Training hypotheses. Given the ground truth object pose T ?
CO, we generate a perturbed pose T ′CO

by applying random translation and rotation to T ′CO. The parameters of this (small) perturbation are
sampled from the same distribution as the distribution used to sample the perturbed poses the refiner
network is trained to correct. The translation is sampled from a normal distribution with a standard
deviations of (0.02, 0.02, 0.05) centimeters and rotation is sampled as random Euler angles with a
standard deviation of 15 degrees in each axis.

We then define several poses that depend on T ′CO and cover a large variety of viewing angles of the
object. We define a cube of size 2z′O, where z′O is the z component of the 3D translation in the pose
T ′CO. The CAD model of the object observed under orientation R′CO is placed at the center of the
cube. We then place 26 cameras at the locations of each corner, half-side and face centers of the cube.
By construction, one of these cameras, which we denote C0, has the same camera-object orientation
as T ′CO, and all others {Ci}i=1..25 correspond to cameras observing the object under viewpoints
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which are sufficiently far from RC0O and outside the basin of attraction of the refiner by construction.
In addition, we apply inplane rotations of 90◦, 180◦ and 270◦ to each camera, which leads to a total
of 26 ∗ 4 = 104 cameras with one positive and 103 negatives.

We mark TC0O as a positive for the coarse model because the error between TC0O and T ?
CO lies

within the basin of attraction of the refiner. All other cameras are marked as negatives. During
training, the positives account for around 30% of the total numbers of images in a mini-batch.

Test hypotheses. At test time, a 2D detection of the object is available. Let udet = (udet,x, udet,y)
and (∆udet = ∆udet,x,∆udet,y) define the center and the size of the approximate 2D bounding box
of the object in the image. We start by defining a random camera-object orientation Rp. The anchor
point on the object is set to match the center of the bounding box udet. We make a first hypothesis of
the depth of the anchor by setting zguessOp = 1m and use this initial value to estimate the coordinates
xOp and yOp of the anchor point in the camera frame:

xguessOp = udet,x
zguessOp

fx
(20)

yguessOp = udet,y
zguessOp

fy
, (21)

where fx and fy are the (known) focal lengths of the camera. We then update the depth estimate
zguessOp using the following simple strategy. We project the points of the object 3D model using
Rp and the initial guess of the 3D position of the anchor point we have just defined. These points
define a bounding box with dimensions ∆uguess,x = (∆uguess,x,∆uguess,y) and the center remains
unchanged uguess = udet by construction. We compute an updated depth of the anchor point such
that its width and height approximately match the size of the 2D detection:

zOp = zguessOp

1

2

(
fx

∆uguess,x
∆udet,x

+ fy
∆uguess,y
∆udet,y

)
(22)

and use this new depth to compute xOp and yOp using equations (20) and (21) that were used to
define xguessOp and yguessOp . The rotation Rp and 3-vector [xOp , yOp , zOp ] define the pose of hypothesis
p. We then use the same strategy used to define the training hypotheses (described above) in order to
define 103 additional viewpoints depending on p. We repeat the operation P = 5 times, for a total of
5 ∗ 104 = 520 pose hypotheses.

E Training details

Training images. We generate 2 million photorealistic images using BlenderProc [31] as explained
in Section 3.2 of the main paper. Randomly sampled images from the training set are shown in
Figure 4.

Data augmentation. We apply data augmentation to the synthetic images during training. We use
the same data augmentation as CosyPose [4] for the RGB images. It includes Gaussian blur, contrast,
brightness, colors and shaprness filters from the Pillow library [69]. For the depth images, we take
inspiration from the augmentations used in [70, 71, 72]. Augmentations include blur, ellipse dropout,
correlated and uncorrelated noise.

GPU hardware and training time. Training time is respectively 32 and 48 hours for the coarse
and refiner models using 32 V-100 GPUs. This training is performed once, and estimating the pose of
novel objects does not require any fine-tuning on the target objects.

F Additional experiments.

Coarse network. In order to evaluate the validate the contributions of our coarse scoring network,
we use a set of pose hypotheses generated for novel objects by the commercial Halcon 20.05 Progress
software which implements the PPF algorithm described in [22]. Note that these are the same pose
hypotheses used in Zephyr [21]. We then find the best hypotheses using the scores of PPF, the scoring
network of Zephyr or our coarse network, and report AR results for the LM-O and YCB-V datasets
in the table 4. On both datasets, our coarse network is better than the two baselines (PPF and Zephyr)
for selecting the best poses among a given set of hypotheses.
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Figure 4: Example of training images. Randomly sampled images from our large-scale synthetic dataset
generated with BlenderProc [31]. CAD models from the ShapeNet [61] and GoogleScannedObjects [7] datasets
are used.

Pose hypotheses YCB-V LM-O

PPF 52.7 34.4
PPF+Zephyr [21] 59.8 45.8
PPF+Our coarse 61.6 52.1

Table 4: Performance of the coarse model. We compare the performance of our coarse network with
Zephyr [21].

Classification-based coarse network. To validate our classification-based coarse model, we con-
sider a regression-based alternative. We trained a regression-based network similar to the coarse
model of CosyPose [4] which takes as input six views of the objects covering viewpoints at the poles
of a sphere centered on the object. The network collapsed during training, leading to large errors
that cannot be recovered by the refiner and a performance close to zero on the BOP datasets. We
hypothesize this failure is due to the presence of symmetric objects in our training set which leads to
ambiguous gradients during training. This failure could also be attributed to other factors, such as the
difficulty to interpret the full 3D geometry of an object with a CNN given six views of its 3D model
captured under distant viewpoints.

Number of coarse pose hypotheses. M is an important parameter of our method, which can
be used to choose a trade-off between running time and accuracy. The performance significantly
improves from M=104 to M=520 (+11.4 AR on BOP5) while keeping the running-time of the coarse
model reasonable (1.6 seconds for M=520 compared to 0.3 seconds for M=120). Above M=520, the
performance improvement is marginal, e.g. (+0.9 AR) for 4608 hypotheses. Please note that we are
still making improvements to our code and have lower runtimes than reported in the paper (1.6s for
M=520 compared to the 4s mentioned in line 276).

Robotic grasping experiments. We performed a qualitative real-robot grasping experiment. For
multiple YCB-V objects, we manually annotated one grasp with respect to the object’s coordinate
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Figure 5: Qualitative examples on the TUD-L dataset. Each row presents one example prediction on a real
image. The first column is the real observed image, the second column is the prediction of our approach here
illustrated using a rendering of the object’s CAD model in the predicted pose, and an overlay of the prediction
and output is shown on the right.

frame. We then placed the considered object (e.g. the drill in the supplementary video) in a scene
among other objects representing visual distractors. The object may be placed on the table or on
another object. We then take a single RGB image of the scene using a RealSense D415 camera
mounted on the gripper of a Franka Emika Panda robot. We detect the object in 2D using the Mask-
RCNN detector from CosyPose [4], and run our Megapose approach composed of coarse and refiner
modules for estimating the 6D pose of the object with respect to the camera. We then express the
6D pose of the object and grasp with respect to the robot using the known camera-to-robot extrinsic
calibration. We then use a motion planner to generate a robot motion that reaches the estimated grasp
pose with the gripper and lift the object. This experiment shown in the supplementary video shows
that the pose estimates are of sufficiently high quality to be useful for a robotic manipulation task.

G Robustness to illumination conditions

In Figure 5, we show qualitative predictions of our approach for the watering can on the TUD-L
dataset. Please notice the high accuracy of our approach despite challenging illumination conditions.

H Failure modes and performance on specific types of objects

We carry out a per-object analysis of the performance of our approach on the YCB-V dataset. For
each of the 21 objects of the dataset, we report the percentage of predictions for which the error with
the ground truth is within a threshold of 15◦ in rotation and 5cm in translation. Results are reported
in Figure 6.

Next, we illustrate the main failure modes of our approach using a set of objects which have a
performance below average on this dataset. Examples of failure cases are presented in Figure 7. We
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Figure 6: Per-object analysis on the YCB-V dataset. For each object, we report the percentage of estimates for
which the error between our pose prediction and the ground truth is within 5 centimeters in translation and 15
degrees in rotation.

observed three main failure modes to our approach. First, we observe the orientation of a novel object
may be incorrectly predicted if the object has a similar visual appearance under different viewpoint.
We observed this failure mode in particular for textureless objects such as a red bowl that appears
similar whether it is standing upside or it is flipped. Second, we observe that our approach may fail
to disambiguate the pose of objects that are asymmetric but for which it is necessary to look at fine
details on the objects to disambiguate multiple possible poses. An example is a pair of scissors which
have left and right handles with slightly different dimensions. In both of these failure modes, we
observed that our refiner gets stuck into a local minimal due to an inaccurate coarse estimate outside
of the basin of attraction of our refiner model. Finally, using a CAD model with incorrect scale leads
to an incorrect estimation of the depth of the object due to the object scale/depth ambiguity in RGB
images. We observe for example that the translation estimates of the wooden block of YCB-V have
systematically large error despite the rendering of our prediction correctly matching the contours
of the object in the observed image. This is because the scale of the CAD model of the wooden
block publicly available does not match the correct dimensions of the real object which was used for
annotating the ground truth.

I 3D model quality

Our approach can be applied even if the 3D model of the object does not exactly matches the real
object. In figure 8, we show examples of correctly estimated poses using low-fidelity CAD models
with low-quality textures or geometric discrepancies between the real object and its 3D model.
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Figure 7: Illustration of the main failure modes of our approach. In (1) and (2), the contours of the object in
the predicted poses correctly overlay the observed image, but the pose is incorrect because these objects have a
similar appearance under different viewpoints. In (3), our approach fails to correctly distinguish the left and right
handles with different dimensions in order to disambiguate the orientation of the asymmetric pair of scissors. In
(4), our pose prediction does not match the ground truth annotation, because the CAD model of the wooden
block we use for pose estimation has different dimensions that do not match the dimensions of the real objects
which was used for annotating the ground truth. Please notice in all examples how the contours of the object in
the predicted pose are closely aligned with the contours of the object in the input image.
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Figure 8: Predictions using low-fidelity CAD models. In (a) we show the result of our approach on LineMOD
Occlusion for three different objects which have only low-fidelity CAD models available. In (1) and (2), the
quality of the mesh and textures is poor as illustrated in (b). Notice for example how the annotations on the
glue box or the brand of the drill are not readable on the CAD models. In (3), the hole of the watering can does
not appear in the CAD model. Despite these discrepancies between the real object and the CAD model, our
approach correctly estimates the pose of each object.
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Visually Guided Model Predictive Robot Control via
6D Object Pose Localization and Tracking

Mederic Fourmy♣ Vojtech Priban♣ Jan Kristof Behrens♣ Nicolas Mansard♢ Josef Sivic♣ Vladimir Petrik♣

Abstract— The objective of this work is to enable manip-
ulation tasks with respect to the 6D pose of a dynamically
moving object using a camera mounted on a robot. Examples
include maintaining a constant relative 6D pose of the robot
arm with respect to the object, grasping the dynamically
moving object, or co-manipulating the object together with
a human. Fast and accurate 6D pose estimation is crucial to
achieve smooth and stable robot control in such situations. The
contributions of this work are three fold. First, we propose a
new visual perception module that asynchronously combines
accurate learning-based 6D object pose localizer and a high-
rate model-based 6D pose tracker. The outcome is a low-latency
accurate and temporally consistent 6D object pose estimation
from the input video stream at up to 120 Hz. Second, we develop
a visually guided robot arm controller that combines the new
visual perception module with a torque-based model predictive
control algorithm. Asynchronous combination of the visual and
robot proprioception signals at their corresponding frequencies
results in stable and robust 6D object pose guided robot
arm control. Third, we experimentally validate the proposed
approach on a challenging 6D pose estimation benchmark and
demonstrate 6D object pose-guided control with dynamically
moving objects on a real 7 DoF Franka Emika Panda robot.

I. INTRODUCTION

Visually-guided control is at the core of many robotic
applications, from path following by mobile robots [1] to
visual servoing [2]. In order to achieve a stable and robust
feedback loop, the perception system has to recover the
estimated state both accurately and at a high rate. In the
context of object manipulation, a commonly chosen state
representation is the 6D pose of objects of interest, i.e.,
the 3D translation and 3D rotation of the objects in the
scene with respect to the camera coordinate frame. While
some manipulation tasks can be achieved with a static scene
model [3], many applications are of an inherently dynamic
nature with human-robot handovers [4], [5], human-robot co-
manipulation [6] or mobile manipulation [7] being the prime
examples. This is challenging as it requires accurate and low-
latency 6D pose estimation of the target objects in the scene.
In addition, pose estimates need to be integrated with a robust
and reactive controller that is capable of meeting the dynamic
requirements of the application.
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Fig. 1: Robot arm control by 6D pose of the object. The
objective is to control the robot arm with a mounted camera
(red arrow) by commanding joint torques such that the object
6D pose (blue arrow) w.r.t. the camera remains constant.
This is illustrated by three frames (see insets) captured by
the robot camera corresponding to the robot/object poses
shown by green contours in the main image. Please note
(see the insets) how the object pose remains stable while the
background changes in the captured frames. More results
and experimental analysis in the companion video.

Despite promising recent progress in object detection and
6D pose estimation [8], [9], [10], [11], [12], [13], 6D object
pose estimation algorithms usually focus on accuracy rather
than speed. On the other end, object 6D pose tracking
methods offer fast pose updates of already detected objects,
but require an initialization from the user [14]. As a result
of these limitations, many real-world applications rely in-
stead on fiducial markers [15], [16], [17], motion capture
systems [6], [5] or ad-hoc detection such as color based
segmentation [18].

In this paper, we propose a visual perception module
that builds on (i) state-of-the-art accurate learning-based 6D
object pose detector and (ii) state-of-the-art high-rate model-
based 6D pose tracker to achieve object pose estimation
limited only by the rate of image acquisition. Further, we
develop a visually guided robot controller based on the



model predictive control (MPC) that is able to reactively
incorporate perception updates to meet application targets
(e.g., positioning the robot’s gripper). The anticipatory nature
of MPC makes it particularly suitable for generating efficient
motions in real time [19]. In principle, the only input data
required is a 3D object model to configure the 6D pose
tracker and the 6D pose estimator. Our method runs the
pose detector and several instances of the object tracker in
separate processes and uses the results of the pose detector
to re-initialize the trackers. New images are directly fed to
a tracker so that a pose estimation result is available within
the tracker runtime of approximately 5 ms. To quantitatively
validate our perception module, we build on the BOP chal-
lenge evaluation [9] and the YCBV dataset [20] to measure
the performance of the proposed method and several baseline
methods. Lastly, we demonstrate visually-guided robot arm
control with hand held objects (see Fig. 1).
Contributions. The paper has the following three main
contributions: (i) we propose a new visual perception module
that asynchronously combines accurate learning-based 6D
object pose localizer and a high-rate model-based 6D pose
tracker; (ii) we develop a visually guided robot arm controller
that leverages the new visual perception module in a torque-
based model predictive control algorithm; and (iii) we exper-
imentally validate the proposed approach on a challenging
6D pose estimation benchmark and demonstrate 6D object
pose-guided control with dynamically moving objects on a
real 7 DoF Franka Emika Panda robotic platform. We will
make the code publicly available.

II. RELATED WORK

Object 6D localization. The field of object detection and
6D pose estimation has shown impressive progress over
recent years, which has been documented and fostered by
the benchmark for 6D object pose estimation (BOP) and
the associated BOP challenge [8], [9]. Most methods follow
a two-step approach, first performing object detection in
RGB frames [21] followed by 6D pose estimation, assuming
the availability of object meshes. Learning-based techniques
have dominated the field. Among the diverse approaches,
render-and-compare methods [22], [10], [13], have achieved
superior performance by iteratively refining the 6D pose
based on predictions by a neural network. Due to their
iterative nature these methods achieve superior performance
but are slow to be used in real-time control. In this work, we
propose to combine a slow ”render and compare” 6D pose
localizer with a fast 6D pose tracker. Although the proposed
approach can work with an arbitrary localizer, we use pre-
trained CosyPose [10] in all our experiments.
Object 6D pose tracking. When a good initial guess of
the object 6D pose is available, it can be tracked frame to
frame by fast local methods. Object pose tracking methods
rely on object edges [23], extracted point features [24], [25],
or depth [26]. Region-based tracking approaches propose
to solve the 2D object shape segmentation and 6D pose
tracking problems jointly by constructing an image-wise
posterior distribution [27]. Although initial versions required

highly optimized GPU implementations to run at the camera
frequency [28], [29], a sparse formulation based on contour
point sampling [30] dramatically reduces the computation
time, down to a few milliseconds per image [31], [14] on
a single CPU. In this work, we rely on the ICG imple-
mentation [14] that features both region-based and depth
modalities. The combination of the 6D pose localizer and the
local 6D pose tracker that we propose in this paper combines
the benefits of the both world, i.e. the detection capability
and the accuracy of the localizer and speed of the tracker.
Visual servoing. Visual servoing aims at building a closed-
loop controller using visual information from a camera
stream to achieve a certain goal. The various methods are tra-
ditionally classified into two broad categories [2]: (i) image-
based visual servoing [32], [33], which uses 2D geometric
primitives (e.g., points, curves) to define control objective in
an image space; and (ii) pose-based visual servoing [34],
[35] which assumes the availability of the estimate of a
target 6D pose. Some works propose switching between
image- and pose-based servoing depending on the phase
of movement [36]. Although image-based servoing allows
to naturally incorporate visibility constraints in the control
law, pose-based servoing is closer to applications such as
object grasping [5]. We address the challenge of obtaining
robust and fast estimates of 6D poses for pose-based control.
These works typically implement control laws at the joint
velocity level, which lack the natural impedance of torque-
based control.
Model predictive control for visual servoing. For image-
based visual servoing, MPC has shown superior performance
to traditional reactive controllers [37], [38]. System dynamics
in an image space is either approximated analytically [37],
[38] or computed through learning-based optical flow esti-
mation methods [39]. Image-based MPC servoing was suc-
cessfully applied to control drone [40], legged platform [18],
or mobile manipulator [41], [42]. Contrary to the state-of-
the-art methods using image space MPC, we propose using
MPC for pose-based control, where 6D pose is obtained by
the proposed perception module.

III. OBJECT POSE GUIDED MODEL PREDICTIVE CONTROL

The objective of the proposed system is to perform manip-
ulation tasks with respect to the 6D pose of a dynamically
moving object using a camera mounted on a robot. The
key technical challenge in such situations addressed by our
method lies in achieving an accurate 6D pose estimation
without introducing a significant delay into the control loop.
The estimated 6D pose is then used in combination with
MPC to achieve optimal control of the robot.

The proposed method is a 1 kHz torque level MPC
controller taking reference from 6D object poses obtained
from the 30 Hz image stream. To achieve this real-time robot
control performance, the perception and control modules run
asynchronously, as shown in Fig. 2. The perception module
detects objects of interest in the scene and tracks them in
a fast and temporally consistent manner as described in
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Fig. 2: Overview of the perception-control cycle. The objective of the feedback control is to track 6D pose of an object
seen by a camera, as illustrated on the right by a robot and red cheez-it box. To achieve that, we designed a perception
module that runs a fast local Tracker on an input image Ik with the initial pose Tk−1 selected either from the previous run
of the tracker or from the 6D pose localizer & Time delay corrector modules, if that information is available. The 6D pose
localizer is slow and the objective of the Time delay corrector is to catch-up in time by quickly tracking through images
stored in the buffer while the 6D pose localizer was computing. The output of the tracker, the pose Tk, is used by the OCP
solver to compute Ricatti gains K0 and torques τ0 that are used by the Ricatti Linearization module to provide fast feedback
for real-time robot control. Typical processing frequencies of individual modules are 5 Hz for the 6D pose localizer and the
time delay corrector, 30 Hz for the camera and tracker, 100 Hz for the OCP solver, and 1 kHz for real-time robot control.

Sec. III-A. The key innovation is handling the inherent asyn-
chronicity of the accurate-but-slow 6D pose localizer and
fast-but-local tracker via the time delay corrector module that
operates on the buffered images in order to catch-up in time.
The 6D poses of objects detected by the perception module
are used by the Optimal Control Problem (OCP) [43] solver
and a feedback controller using a Ricatti Gains linearization
of the solution [44] to compute torques for the robot at
1 kHz, as described in Sec. III-B. In the following sections,
I symbols represent RGB image frame, while T ∈ SE(3) is
a rigid body transformation.

A. Temporally consistent 6D object pose tracker

The objective of the perception module is to compute the
6D poses of objects in the scene based on the input image Ik,
observed at discrete time k while introducing as little delay
as possible. Although the proposed method can track an
arbitrary number of objects, we describe the tracking of a
single object pose Tk to simplify the notation.
6D pose localizer. With unlimited computational resources,
the pose of an object can be estimated by the 6D pose
localizer Tk = flocalize(Ik) that detects the object of interest
in the image and estimates its 6D pose with respect to
the camera coordinate frame and, as a consequence, also
the robot coordinate frame, as we assume the camera is
calibrated with respect to the robot. However, robust object
localizers are slow, e.g. 0.25 s for CosyPose [10] or even
30 s for MegaPose [13] on up-to-date hardware (see Sec. IV).
The long computation time makes the localizer impractical
for closed-loop control.
Tracker. To mitigate this limitation, we combine the localizer
with a fast local tracker Tk = ftrack(Ik, Tk−1) that computes
the pose of objects from a given image Ik and initial guess
of the pose Tk−1. Compared to the localizer, a single pass of

the tracker is fast, introducing only a few milliseconds delay
into the system. However, it acts only locally, and it thus
requires an initial pose that is refined based on the observed
image. The tracker is not able to discover the presence of
new objects, nor does it detect that the object is no longer
visible by the camera when it is, for example, occluded.
Object localization and tracking (OLT). We combine
the localizer and the tracker into a single perception mod-
ule Tk = fOLT(Ik, Tk−1) that computes fast feedback at
the frequency of ftrack while running flocalize in parallel for
object (re-)discovery and more accurate pose estimation.
Our architecture, shown in the perception plate of Fig. 2,
runs ftrack(Ik, Tinit) on the current image with the initial
pose Tinit selected either from (i) the previous iteration of the
tracker, i.e. Tk−1 or (ii) the separate process that localizes
the object if that information has already been computed by
the time delay corrector for the previous image Ik−1, i.e. end
of the image buffer. The main tracker is initialized once the
first frame to enter the system has been processed by the
localizer and time delay corrector.
Time delay corrector. In the parallel process, a single
instance of the localizer is run all the time the resources are
available. Let us assume that the localizer started processing
input image Ik−N at time k − N . It takes some time
to get output of flocalize during which new images arrive
and are stacked inside a buffer. Once the pose Tk−N =
flocalize(Ik−N ) is computed, a second instance of the tracker
is run on all images inside the buffer, i.e. Ti = ftrack(Ii, Ti−1)
iteratively for i ∈ {k −N + 1, . . . , k − 1} while providing
the final pose computed at the time k − 1 to the main
tracker process. The timeline of the perception module is
illustrated in Fig. 3. Note that our architecture assumes that
the frequency of ftrack(·) is higher than the frequency of the
input image stream. Otherwise, the localizer process would
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Fig. 3: Perception module timeline. The first row illustrates
the stream of images with typical delay between images δI
being 33 ms. The second row illustrates the delay caused
by the tracker module (i.e. ftrack), denoted by δtrack that
corresponds to a few milliseconds and therefore output poses
(green ticks) are produced at the frequency of the input image
stream. The tracker needs initial pose that is taken either from
previous run of the tracker or from the 6D pose localizer &
time delay corrector modules if possible as indicated by pur-
ple arrows. The 6D pose localizer runs flocalize (with typical
δlocalize being a few hundreds of milliseconds) followed by
ftrack applied N−1 times on the buffered images (green ticks
in the third row).

never catch-up with the main process. With the state-of-the-
art tracker [14], this feedback can be easily calculated for
image frequencies up to 120 Hz. However, the higher the in-
put image frequency, the longer it takes to inject information
from the localizer process. This affects the tracking accuracy
as we analyze in Sec. IV.

B. 6D pose-based visual servoing using MPC

We design a controller that brings the camera attached to
the robot end-effector to a user-defined relative pose w.r.t.
the object pose Tk obtained from the object tracker. As
a practical application, one may choose a reference pose
from a set of predefined grasp poses for a given object. The
challenge of the control lies in a real-time requirement of the
robot to receive torque commands at 1 kHz. To address this
challenge, we build on [44] and split the control into solving
the optimal control problem at 100 Hz and computing 1 kHz
feedback through Ricatti linearization, but here incorporating
the 6D object poses as a guiding reference in the problem
formulation.
OCP solver. The control module’s main objective is to
follow the object given the latest object pose estimates Tk

provided by the perception and the current robot state x =(
q⊤ q̇⊤)⊤, with q and q̇ being the measured joint angles

and velocities, respectively. We control the manipulator at
the torque level (i.e. u = τ ) to be able to exploit the
natural dynamics of the manipulator and obtain smoother
motions. Solving the Optimal Control Problem (OCP) pro-
duces optimal state and control trajectories over a fixed time
horizon, where optimality is defined by a set of weighted
high-level objectives. The resolution of the OCP is done
in the framework of Differential Dynamic Programming
(DDP) [45] and is implemented using the Feasibility-driven

DDP solver [43]. The OCP is transcribed to a nonlinear
program by discretizing the continuous problem using a
direct multiple-shooting strategy:

argmin
u0,...,uM−1
x1,...,xM

M−1∑

i=0

li(xi,ui) + lM (xM ) ,

s.t. xi+1 = f(xi,ui), ∀i ∈ {0, . . . ,M − 1},
x0 = x̂ ,

(1)

where x̂ is the latest robot state measurement, xi and ui

are the state of the robot and the applied control at discrete
time i, f(xi,ui) describes the robot dynamics (i.e. articu-
lated body algorithm), and li and lM are running and terminal
costs, respectively. The tracking objective of the control is
specified by the costs, as we describe in Sec. III-C. Given
an initial guess, the DDP algorithm solves (1) and returns a
sequence of states and control actions by iterating Bellman
recursions (see [43] for more details).
Ricatti linearization. Besides trivial systems and a short
time horizon, it is impossible to solve OCP at the robot con-
trol frequency, i.e. 1 kHz. However, it has been shown [44]
that the Ricatti gains K0 obtained as a byproduct of the OCP
solution can be used to implement a first-order approximation
of the optimal policy. Denoting by τ0 = u∗

0 the first step of
the optimal control obtained from the OCP solver, the linear
approximation of the optimal policy is:

τ (x) = τ0 +K0(x− x0) , (2)

where x is the latest robot state measurement and x0 is the
state of the robot for which the OCP solution was found. This
computation is immediate, it decouples the OCP problem
complexity from the real-time constraints, and it allows us
to solve long-horizon problems.

C. Tracking objective

The behavior of the controller is defined by the formu-
lation of the running and terminal costs in eq (1). For our
tracking problem, we formulate the costs as follows:

li(xi,ui) = wvlv(xi) + lx(xi) + lu(xi,ui) ,

lM (xM ) = wvlv(xM ) + lx(xM ) ,
(3)

where lv(·) is the tracking cost scaled by wv and lx(·) and
lu(·) are state and control regularization costs, respectively.
Tracking cost. We define a tracking cost to minimize the
SE(3) distance between the estimated pose of the object
and the reference pose of the object Tref, both expressed in
the robot base frame, i.e.:

lv(x) =
∥∥∥log

(
(TBC(qk)Tk)

−1
TBC(q)Tref

)∥∥∥
2

, (4)

where Tk = fOLT(Ik) is object pose estimated by the pro-
posed tracker, TBC(·) represents the forward kinematics from
the robot base to the camera, and the operator log represents
the SE(3) log map [46]. The tracking cost approaches zero
if the transformation between the robot camera and estimated
object pose approaches Tref.



State regularization cost. We define the cost of state
regularization as lx(x) = (x− xrest)

⊤
Qx (x− xrest) with

xrest =
(
q⊤

rest 0⊤)⊤ penalizing joint configurations far from
a fixed rest configuration qrest and penalizing high joint
velocities at the same. The objective of the regularization
cost is to prevent robot null-space motion, i.e. motion that
does not affect the pose of the camera itself. It is required
for redundant robots, where the number of DoF for robot is
higher than the task-space number of DoF. Regularization
of the joint velocity prevents the solver from computing
motions that are too aggressive. We set qrest to be the first
configuration read after starting the controller.
Control regularization cost. The control regularization,
achieved by lu(x,u) = (u− urest(x))

⊤
Qu (u− urest(x)),

regularizes the controls so that they are not far from urest(x),
where urest(x) is a torque that compensates for gravity at the
robot configuration x.

IV. EXPERIMENTS

In this section, we first quantitatively evaluate the proposed
perception module on the YCBV dataset [20] that contains
standardized objects that we also use in the second part of
the section for the 6D pose-guided feedback control task on
a real Franka Emika Panda robot. For the implementation of
the localizer, we use CosyPose [10] and for the tracker we
use ICG [14] unless specified otherwise.

A. Quantitative evaluation of the perception module

We quantitatively evaluate the new perception module on
the YCBV dataset [20] using the 6D object pose (BOP
benchmark) evaluation metrics [9]. The YCBV dataset con-
sists of several videos of a moving camera showing a subset
of 22 objects available in the dataset. Every frame of the
video is annotated with the ground truth poses for all objects
visible in the scene. We use the YCBV dataset because of
the availability of the real objects for real-world experiments
and of the pre-trained models for the CosyPose [10] object
pose estimator. We use the BOP toolkit [9] to compute
standard 6D pose error metrics to assess the quality of pose
estimates. The evaluation procedure feeds the images of the
input video sequence in order and with a given frequency to
the perception module. The output poses are compared with
the ground truth by evaluating BOP Average Recall score
defined in [9]. The results of the evaluation procedure are
shown in Fig. 4 and discussed next.
Evaluation baselines. There are two main baselines shown
in the plot: (i) Localizer, that runs localizer on every frame of
the video, and (ii) Tracker-InitLocalizer that runs the tracker
with initialization computed by the localizer on the first
frame of the video. Both baselines are shown as horizontal
lines as they were evaluated independently on the frequency
of the image stream. The Localizer is introducing high time
delay in the system and, therefore, is not suitable for closed-
loop control. However, the results show that the localizer is
accurate. The Tracker, on the other hand, runs online with
only a small delay, but is not capable of (re-)discovering new
or lost object tracks. Therefore, its average recall is small.
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Fig. 4: Average recall (higher is better) of BOP metrics [9]
measuring the accuracy of 6D pose estimation of different
implementations of object localization and tracking. The
comparison was run on the YCBV video dataset replayed
at different frequencies on the same hardware.

OLT evaluation. Our method (OLT), lies in between the two
baselines. It runs online with the same delay as Tracker but
also achieves the Localizer’s recall for the low frequencies
of the input image stream. The average recall drops with
increasing frequency as the output pose of the localizer is
injected into the tracker less frequently. Asymptotically, for
image stream frequency approaching the tracker computation
frequency, the OLT’s recall would approach performance of
pure tracker as the time delay corrector would never catch-up
in time with the tracker process.
OLT without tracker. To assess the influence of the tracker,
we perform an ablation study in which we redefine the
tracker as identity mapping, i.e. Tk = ftrack(Ik, Tk1) :=
Tk−1. The recall obtained for various image stream frequen-
cies is shown as OLT-NoTracker curve in Fig. 4. It can be
seen that the influence of the ICG tracker (i.e. OLT (ours))
increases with frequency compared to the identity tracker.
Therefore, the local tracker plays an important role during
the computing time of the localizer. Note that this effect
is more pronounced for fast-moving objects which are not
present in the YCBV dataset.
Replicability of the results. As shown in Fig. 4, the
average recall of our method depends on the input image
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Fig. 5: Step-response of the MPC (without the perception)
after simulating the target pose rotation by 30 degrees.



Fig. 6: Visualization of the step-response experiment. The first row shows the images captured by the camera mounted
on the robot together with the projection of the pose estimated by our perception module (green contour) and the projection
of the target reference pose (blue contour). The second row shows the images captured by an external camera depicting the
motion of the robot. The goal of the controller is to move the robot end-effector to a given fixed relative pose w.r.t. the
detected object pose. The initial configuration of the manipulator is intentionally set away from the target to evaluate the
step response of the system. The controller brings the camera close to the desired reference pose in 1.5 seconds. Please see
the supplementary video for additional examples and experimental analysis.

stream frequency, as the localizer produces a more accurate
6D pose less often. Therefore, the computed values also
depend on the hardware, and thus are only comparable when
run on comparable setups. We evaluated all methods on
the same computer equipped with 12 cores AMD® Ryzen
Threadripper PRO 3945WX CPU and a NVIDIA GeForce
RTX 3080 GPU.

B. Visually guided feedback control

We experimentally validate the design of our 6D object
perception module together with the MPC controller using
the following experimental setup. We use a 7 DoF Franka
Emika Panda robot equipped with a RealSense D455 cam-
era attached to its end-effector (eye-in-hand configuration).
The camera mounting w.r.t. end-effector was calibrated. We
configured the camera to produce an RGB video stream at
30 Hz with a 640x480 resolution. We control the Panda
robot in torque-level control mode that requires commands
to be sent at 1 kHz frequency. This justifies the use of
the Ricatti Linearization module, which guarantees that a
torque command will be computed at this rate. The OCP
is solved with Crocoddyl [43] which uses the efficient robot
dynamics implementation from Pinocchio [47]. To model the
dynamics of the robot, we use inertial parameters from [48].
Computations of the perception module and OCP solving is
handled by a computer described in Sec. IV-A. The 1 kHz
Ricatti linearization control loop is computed on another real-
time-preempted computer to guarantee the response time re-
quirements of the Panda robot. The communication between
the real-time and the non-real-time computer is implemented
using the robotic operating system (ROS) [49].
MPC control evaluation. To assess the quality of the MPC
control, we perform an experiment on a Panda robot where
we analyze the step response of the controller after artificially
rotating the target 6D pose by 30 degrees, i.e. the perception

module is not used in this experiment. The evolution of the
translation tracking error is shown in Fig. 5 for different
values of tracking weight wv (see eq. (3)). The results
confirm that the tracker converges towards the target with
steady-state error depending on the tracking weight. The
orientation error (not shown) follows the same pattern. Based
on the results, we have chosen the tracking weight wv to be
equal to 20 since the steady-state error is acceptable for our
task and a lower weight leads to less aggressive behavior of
the controller. The other weights in the cost were set as Qx =
diag(0.3, . . . , 0.3, 3, . . . , 3) and Qu = diag(0.1, . . . , 0.1).
MPC tracking validation. We set up a closed-loop robot
control experiment shown in Fig. 6 in which the perception
and control modules enable us to bring the end-effector of
the robot to a desired reference pose with respect to a YCBV
object. Despite the relatively fast motion of the end effector
and the presence of specular reflections on the object surface,
the tracker is able to maintain an accurate estimation of the
object pose throughout the trajectory. More examples are
presented in the accompanying video.

V. CONCLUSION

Accurate and low-latency object pose estimation is nec-
essary to enable robot interaction with dynamically moving
objects, for example, in human-robot handover tasks. Our
work shows that a high-accuracy but slow 6D pose localizer
and fast frame-to-frame 6D pose object trackers can be
combined to obtain low latency (< 5 ms) pose estimates.
The proposed algorithm has been validated through both
(i) a quantitative study on a benchmark of common house-
hold objects and (ii) by developing an MPC-based object
pose tracking feedback controller. This work opens up the
possibility of visually guided manipulation in 3D dynamic
environments, for example, in human-robot collaboration or
mobile robot manipulation, without the need for fiducial
markers or motion capture systems.
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[16] S. Garrido-Jurado, R. Muñoz-Salinas, F. J. Madrid-Cuevas, and M. J.
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Toolbox and trackers for object pose-estimation. Based on the work CosyPose and MegaPose. This
directory is currently under development. Please refer to the documentation for more details.

Installation
This installation procedure will be curated.

Installation of bop_toolkit :

Create data directory

git clone --branch dev --recurse-submodules https://github.com/agimus-
project/happypose.git
cd happypose
conda env create -f environment.yml
conda activate happypose
cd happypose/pose_estimators/cosypose
pip install .
cd ../../..
pip install -e .

conda activate happypose
cd happypose/pose_estimators/megapose/deps/bop_toolkit_challenge/
# Remove all versions enforcing on requirements.txt
pip install -r requirements.txt -e .

Create data dir /somewhere/convenient. The dataset to store are quite large.
export HAPPYPOSE_DATA_DIR=/somewhere/convenient



Configuration for the evaluation
If you plan on evaluating CosyPose and Megapose, you need to modify the following lines in
bop_toolkit_lib/config.py , replace

with

You will also need to install TEASER++ if you want to use the depth for MegaPose. To do so, please
run the following commands to install it :

######## Basic ########

# Folder with the BOP datasets.
if 'BOP_PATH' in os.environ:
  datasets_path = os.environ['BOP_PATH']
else:
  datasets_path = r'/path/to/bop/datasets'

# Folder with pose results to be evaluated.
results_path = r'/path/to/folder/with/results'

# Folder for the calculated pose errors and performance scores.
eval_path = r'/path/to/eval/folder'

######## Basic ########

# Folder with the BOP datasets.
datasets_path = str(os.environ['BOP_DATASETS_PATH'])
results_path = str(os.environ['BOP_RESULTS_PATH'])
eval_path = str(os.environ['BOP_EVAL_PATH'])

# Go to HappyPose root directory
apt install -y cmake libeigen3-dev libboost-all-dev
conda activate happypose
mamba install compilers -c conda-forge
pip install open3d
mkdir /build && cd /build && git clone https://github.com/MIT-SPARK/TEASER-
plusplus.git
cd TEASER-plusplus && mkdir build && cd build 
cmake -DTEASERPP_PYTHON_VERSION=3.9 .. && make teaserpp_python
cd python && pip install .
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News
CosyPose is the winning method in the BOP challenge 2020 (5 awards in total, including best
overall method and best RGB-only method) ! All the code and models used for the challenge
are available in this repository.
We participate in the BOP challenge 2020. Results are available on the public leaderboard for 7
pose estimation benchmarks. We release 2D detection models (MaskRCNN) and 6D pose
estimation models (coarse+refiner) used on each dataset.
The paper is available on arXiv and full code is released.
Our paper on CosyPose is accepted at ECCV 2020.

This repository contains the code for the full CosyPose approach, including:

@inproceedings{labbe2020,
title= {CosyPose: Consistent multi-view multi-object 6D pose estimation}
author={Y. {Labbe} and J. {Carpentier} and M. {Aubry} and J. {Sivic}},
booktitle={Proceedings of the European Conference on Computer Vision (ECCV)},
year={2020}}



Overview

Single-view single-object 6D pose estimator

Given an RGB image and a 2D bounding box of an object with known 3D model, the 6D pose
estimator predicts the full 6D pose of the object with respect to the camera. Our method is inspired
by DeepIM with several simplifications and technical improvements. It is fully implemented in
pytorch and achieve single-view state-of-the-art on YCB-Video and T-LESS. We provide pre-trained
models used in our experiments on both datasets. We make the training code that we used to train
them available. It can be parallelized on multiple GPUs and multiple nodes.



Synthetic data generation

The single-view 6D pose estimation models are trained on a mix of synthetic and real images. We
provide the code for generating the additional synthetic images.



Multi-view multi-object scene reconstruction

Single-view object-level reconstruction of a scene often fails because of detection mistakes, pose
estimation errors and occlusions; which makes it impractical for real applications. Our multi-view
approach, CosyPose, addresses these single-view limitations and helps improving 6D pose accuracy
by leveraging information from multiple cameras with unknown positions. We provide the full code,
including robust object-level multi-view matching and global scene refinement. The method is
agnostic to the 6D pose estimator used, and can therefore be combined with many other existing
single-view object pose estimation method to solve problems on other datasets, or in real scenarios.
We provide a utility for running CosyPose given a set of input 6D object candidates in each image.



BOP challenge 2020: single-view 2D detection + 6D pose
estimation models

We used our {coarse+refinement} single-view 6D pose estimation method in the BOP challenge
2020. In addition, we trained a MaskRCNN detector (torchvision's implementation) on each of the 7
core datasets (LM-O, T-LESS, TUD-L, IC-BIN, ITODD, HB, YCB-V). We provide 2D detectors and 6D pose
estimation models for these datasets. All training (including 2D detector), inference and evaluation
code are available in this repository. It can be easily used for another dataset in the BOP format.



Main entry points
This repository is divided into different entry points

Inference: run_cosypose_on_example.py  is used to run the inference pipeline on a single
example image.
Evaluation: run_full_cosypose_evaluation.py  is ued to first run inference on one or several
datasets, and then use the results obtained to evaluate the method on these datasets.
Training: run_detector_training.py  is used to train the detector part of
Cosypose. run_pose_training.py  can be used to train the coarse  model or the refiner
model.

In this repository, the version provided of CosyPose is different to the one of the original repository.
In particular, we switched the 3D renderer from PyBullet to Panda3d. Thus, the results obtained may
differ from the one reported in the original paper and repository.



Downloading and preparing the data
All data used (datasets, models, results, ...) are stored in a directory $HAPPYPOSE_DATA_DIR  that you
created in the Readsme. We provide the utilities for downloading required data and models. All of
the files can also be downloaded manually.

BOP Datasets

For both T-LESS and YCB-Video, we use the datasets in the BOP format. If you already have them on
your disk, place them in $HAPPYPOSE_DATA_DIR/bop_datasets . Alternatively, you can download it
using :

Additional files that contain information about the datasets used to fairly compare with prior works
on both datasets.

We use pybullet for rendering images which requires object models to be provided in the URDF
format. We provide converted URDF files, they can be downloaded using:

In the BOP format, the YCB objects 002_master_chef_can  and 040_large_marker  are considered
symmetric, but not by previous works such as PoseCNN, PVNet and DeepIM. To ensure a fair
comparison (using ADD instead of ADD-S for ADD-(S) for these objects), these objects must not be
considered symmetric in the evaluation. To keep the uniformity of the models format, we generate a
set of YCB objects models_bop-compat_eval  that can be used to fairly compare our approach
against previous works. You can download them directly:

python -m happypose.toolbox.utils.download --bop_dataset=ycbv
python -m happypose.toolbox.utils.download --bop_dataset=tless

python -m happypose.toolbox.utils.download --bop_extra_files=ycbv
python -m happypose.toolbox.utils.download --bop_extra_files=tless

python -m happypose.toolbox.utils.download --urdf_models=ycbv
python -m happypose.toolbox.utils.download --urdf_models=tless.cad

python -m happypose.toolbox.utils.download --ycbv_compat_models



Notes:

The URDF files were obtained using these commands (requires meshlab  to be installed):

Compatibility models were obtained using the following script:

Models for minimal version

Pre-trained models for single-view estimator

The pre-trained models of the single-view pose estimator can be downloaded using:

python -m 

happypose.pose_estimators.cosypose.cosypose.scripts.convert_models_to_urdf --
models=ycbv
python -m 
happypose.pose_estimators.cosypose.cosypose.scripts.convert_models_to_urdf --
models=tless.cad

python -m 
happypose.pose_estimators.cosypose.cosypose.scripts.make_ycbv_compat_models

 #ycbv
  python -m happypose.toolbox.utils.download --cosypose_model=detector-bop-ycbv-pbr-
-970850
  python -m happypose.toolbox.utils.download --cosypose_model=coarse-bop-ycbv-pbr-
-724183
  python -m happypose.toolbox.utils.download --cosypose_model=refiner-bop-ycbv-pbr-
-604090

 #tless
  python -m happypose.toolbox.utils.download --cosypose_model=detector-bop-tless-pbr-
-873074
  python -m happypose.toolbox.utils.download --cosypose_model=coarse-bop-tless-pbr-
-506801
  python -m happypose.toolbox.utils.download --cosypose_model=refiner-bop-tless-pbr-
-233420



2D detections

To ensure a fair comparison with prior works on both datasets, we use the same detections as
DeepIM (from PoseCNN) on YCB-Video and the same as Pix2pose (from a RetinaNet model) on T-
LESS. Download the saved 2D detections for both datasets using

If you are interested in re-training a detector, please see the BOP 2020 section.

Notes:

The PoseCNN detections (and coarse pose estimates) on YCB-Video were extracted and
converted from these PoseCNN results.
The Pix2pose detections were extracted using pix2pose's code. We used the detection model
from their paper, see here. For the ViVo detections, their code was slightly modified. The code
used to extract detections can be found here.

# YCB-V Single-view refiner
python -m happypose.toolbox.utils.download --cosypose_model=ycbv-refiner-finetune-
-251020

# YCB-V Single-view refiner trained on synthetic data only
# Only download this if you are interested in retraining the above model
python -m happypose.toolbox.utils.download --cosypose_model=ycbv-refiner-syntonly-
-596719

# T-LESS coarse and refiner models
python -m happypose.toolbox.utils.download --cosypose_model=tless-coarse--10219
python -m happypose.toolbox.utils.download --cosypose_model=tless-refiner--585928

python -m happypose.toolbox.utils.download --detections=ycbv_posecnn

# SiSo detections: 1 detection with highest per score per class per image on all 
images
# Available for each image of the T-LESS dataset (primesense sensor)
# These are the same detections as used in Pix2pose's experiments
python -m happypose.toolbox.utils.download --
detections=tless_pix2pose_retinanet_siso_top1

# ViVo detections: All detections for a subset of 1000 images of T-LESS.
# Used in our multi-view experiments.
python -m happypose.toolbox.utils.download --
detections=tless_pix2pose_retinanet_vivo_all



Inference
Here are provided the minimal commands you have to run in order to run the inference of
CosyPose. You need to set up the environment variable $HAPPYPOSE_DATA_DIR  as explained in the
README.

1. Download pre-trained pose estimation models

2. Download YCB-V Dataset

3. Download the example

4. Run the script

 #ycbv
python -m happypose.toolbox.utils.download --cosypose_model=detector-bop-ycbv-pbr-
-970850
python -m happypose.toolbox.utils.download --cosypose_model=coarse-bop-ycbv-pbr-
-724183
python -m happypose.toolbox.utils.download --cosypose_model=refiner-bop-ycbv-pbr-
-604090

python -m happypose.toolbox.utils.download --bop_dataset=ycbv

cd $HAPPYPOSE_DATA_DIR
wget https://memmo-data.laas.fr/static/examples.tar.xz
tar xf examples.tar.xz 

python -m happypose.pose_estimators.cosypose.cosypose.scripts.run_inference_on_example 
crackers --run-inference



5. Results

The results are stored in the visualization folder created in the crackers example directory.



Evaluating CosyPose
Please make sure you followed the steps relative to the evaluation in the main readme.

Please run the following command to evaluate on YCBV dataset

The other BOP datasets are supported as long as you download the correspond models.

python -m 
happypose.pose_estimators.cosypose.cosypose.scripts.run_full_cosypose_eval_new 
detector_run_id=bop_pbr coarse_run_id=coarse-bop-ycbv-pbr--724183 
refiner_run_id=refiner-bop-ycbv-pbr--604090 ds_names=["ycbv.bop19"] result_id=ycbv-
debug detection_coarse_types=[["detector","S03_grid"]]



Train CosyPose
Disclaimer : This part of the repository is still under development.

Training the detector part of the pose estimation part are independant.

Training Pose Estimator

This script can be used to train both the coarse model or the refiner model.

Training Detector

All the models were trained on 32 GPUs.

python -m happypose.pose_estimators.cosypose.cosypose.scripts.run_pose_training --
config ycbv-refiner-syntonly

python -m happypose.pose_estimators.cosypose.cosypose.scripts.run_detector_training --
config bop-ycbv-synt+real



MegaPose
This repository contains code, models and dataset for our MegaPose paper.

Yann Labbé, Lucas Manuelli, Arsalan Mousavian, Stephen Tyree, Stan Birchfield, Jonathan Tremblay,
Justin Carpentier, Mathieu Aubry, Dieter Fox, Josef Sivic. “MegaPose: 6D Pose Estimation of Novel
Objects via Render & Compare.” In: CoRL 2022.

[Paper] [Project page]

News
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Overview
This repository contains pre-trained models for pose estimation of novel objects, and our synthetic
training dataset. Most notable features are listed below.

Pose estimation of novel objects

We provide pre-trained models for 6D pose estimation of novel objects.

Given as inputs:

an RGB image (depth can also be used but is optional),
the intrinsic parameters of the camera,

@inproceedings{labbe2022megapose,
  title = {{{MegaPose}}: {{6D Pose Estimation}} of {{Novel Objects}} via {{Render}} \& 
{{Compare}}},
  booktitle = {CoRL},
  author = {Labb\'e, Yann and Manuelli, Lucas and Mousavian, Arsalan and Tyree, 
Stephen and Birchfield, Stan and Tremblay, Jonathan and Carpentier, Justin and Aubry, 
Mathieu and Fox, Dieter and Sivic, Josef},
  date = {2022}
}



a mesh of the object,
a bounding box of that object in the image,

our approach estimates the 6D pose of the object (3D rotation + 3D translation) with respect to the
camera.

We provide a script and an example for inference on novel objects. After installation, please see the
Inference tutorial.

Large-scale synthetic dataset

We provide the synthetic dataset we used to train MegaPose. The dataset contains 2 million images
displaying more than 20,000 objects from the Google Scanned Objects and ShapeNet datasets. After
installation, please see the Dataset section.



Main entry points
This repository is divided into different entry points

Inference: run_megapose_on_example.py  is used to run the inference pipeline on a single
example image.
Evaluation: run_full_megapose_eval.py  is ued to first run inference on one or several
datasets, and then use the results obtained to evaluate the method on these datasets.

Model Zoo
Model name Input

megapose-1.0-RGB RGB

megapose-1.0-RGBD RGB-D

megapose-1.0-RGB-multi-hypothesis RGB

megapose-1.0-RGB-multi-hypothesis-icp RGB-D

megapose-1.0-RGB  and megapose-1.0-RGBD  correspond to method presented and evaluated
in the paper.
-multi-hypothesis  is a variant of our approach which:

Uses the coarse model, extracts top-K hypotheses (by default K=5);
For each hypothesis runs K refiner iterations;
Evaluates refined hypotheses using score from coarse model and selects the highest
scoring one.

-icp  indicates running ICP refinement on the depth data.

For optimal performance, we recommend using megapose-1.0-RGB-multi-hypothesis  for an RGB
image and megapose-1.0-RGB-multi-hypothesis-icp  for an RGB-D image. An extended paper with
full evaluation of these new approaches is coming soon.



Download example data for minimal testing

Download pre-trained pose estimation models
Download pose estimation models to $HAPPYPOSE_DATA_DIR/megapose-models:

Dataset

Dataset information

The dataset is available at this url. It is split into two datasets: gso_1M  (Google Scanned Objects) and
shapenet_1M  (ShapeNet objects). Each dataset has 1 million images which were generated using

BlenderProc.

Datasets are released in the webdataset format for high reading performance. Each dataset is split
into chunks of size ~600MB containing 1000 images each.

We provide the pre-processed meshes ready to be used for rendering and training in this directory:

google_scanned_objects.zip

shapenetcorev2.zip

Important: Before downloading this data, please make sure you are allowed to use these datasets
i.e. you can download the original ones.

cd $HAPPYPOSE_DATA_DIR
wget https://memmo-data.laas.fr/static/examples.tar.xz
tar xf examples.tar.xz

python -m happypose.toolbox.utils.download --megapose_models



Usage

We provide utilies for loading and visualizing the data.

The following commands download 10 chunks of each dataset as well as metadatas:

We then download the object models (please make sure you have access to the original datasets
before downloading these preprocessed ones):

Your directory structure should look like this:

You can then use the  render_megapose_dataset.ipynb  notebook to load and visualize the data and
6D pose annotations.

cd $HAPPYPOSE_DATA_DIR
rclone copyto megapose_public_readonly:/webdatasets/ webdatasets/ --include 
"0000000*.tar" --include "*.json" --include "*.feather" --config 
$MEGAPOSE_DIR/rclone.conf -P

cd $HAPPYPOSE_DATA_DIR
rclone copyto megapose_public_readonly:/tars tars/ --include "shapenetcorev2.zip" --
include "google_scanned_objects.zip" --config $MEGAPOSE_DIR/rclone.conf -P
unzip tars/shapenetcorev2.zip
unzip tars/google_scanned_objects.zip

$HAPPYPOSE_DATA_DIR/
    webdatasets/
        gso_1M/
            infos.json
            frame_index.feather
            00000001.tar
            ...
        shapenet_1M/
            infos.json
            frame_index.feather
            00000001.tar
            ...
    shapenetcorev2/
        ...
    googlescannedobjects/
        ...





Inference
Here are provided the minimal commands you have to run in order to run the inference of
CosyPose. You need to set up the environment variable $HAPPYPOSE_DATA_DIR  as explained in the
README.

1. Download pre-trained pose estimation models

2. Download the example

We estimate the pose for a barbecue sauce bottle (from the HOPE dataset, not used during training
of MegaPose).

The input files are the following:

image_rgb.png  is a RGB image of the scene. We recommend using a 4:3 aspect ratio.

image_depth.png  (optional) contains depth measurements, with values in mm . You can leave
out this file if you don't have depth measurements.

camera_data.json  contains the 3x3 camera intrinsic matrix K  and the camera resolution  in
[h,w]  format.

python -m happypose.toolbox.utils.download --megapose_models

cd $HAPPYPOSE_DATA_DIR
wget https://memmo-data.laas.fr/static/examples.tar.xz
tar xf examples.tar.xz 

$HAPPYPOSE_DATA_DIR/examples/barbecue-sauce/
    image_rgb.png
    image_depth.png
    camera_data.json
    inputs/object_data.json
    meshes/barbecue-sauce/hope_000002.ply
    meshes/barbecue-sauce/hope_000002.png



{"K": [[605.9547119140625, 0.0, 319.029052734375], [0.0, 605.006591796875, 

249.67617797851562], [0.0, 0.0, 1.0]], "resolution": [480, 640]}

inputs/object_data.json  contains a list of object detections. For each detection, the 2D
bounding box in the image (in [xmin, ymin, xmax, ymax]  format), and the label of the object
are provided. In this example, there is a single object detection. The bounding box is only used
for computing an initial depth estimate of the object which is then refined by our approach.
The bounding box does not need to be extremly precise (see below).

[{"label": "barbecue-sauce", "bbox_modal": [384, 234, 522, 455]}]

meshes/barbecue-sauce  is a directory containing the object's mesh. Mesh units are expected
to be in millimeters. In this example, we use a mesh in .ply  format. The code also supports
.obj  meshes but you will have to make sure that the objects are rendered correctly with our

renderer.

You can visualize input detections using :

python -m happypose.pose_estimators.megapose.scripts.run_inference_on_example 
barbecue-sauce --vis-detections



3. Run pose estimation and visualize results

Run inference with the following command:

by default, the model only uses the RGB input. You can use of our RGB-D megapose models using
the --model  argument. Please see our Model Zoo for all models available.

The previous command will generate the following file:

This file contains a list of objects with their estimated poses . For each object, the estimated pose is
noted TWO  (the world coordinate frame correspond to the camera frame). It is composed of a
quaternion and the 3D translation:

Finally, you can visualize the results using:

which write several visualization files:

python -m happypose.pose_estimators.megapose.scripts.run_inference_on_example 
barbecue-sauce --run-inference

$HAPPYPOSE_DATA_DIR/examples/barbecue-sauce/
    outputs/object_data.json

[{"label": "barbecue-sauce", "TWO": [[0.5453961536730983, 0.6226545207599095, 
-0.43295293693197473, 0.35692612413663855], [0.10723329335451126, 0.07313819974660873, 
0.45735278725624084]]}]

python -m happypose.pose_estimators.megapose.scripts.run_inference_on_example 
barbecue-sauce --run-inference --vis-outputs

$HAPPYPOSE_DATA_DIR/examples/barbecue-sauce/
    visualizations/contour_overlay.png
    visualizations/mesh_overlay.png
    visualizations/all_results.png





Evaluating Megapose
Please make sure you followed the steps relative to the evaluation in the main readme.

An example to run the evaluation on YCBV  dataset. Several datasets can be added to the list.

To reproduce the results we obtained for the BOP-Challenge, please run the following commands :

Results :

Results :

python -m 
happypose.pose_estimators.megapose.src.megapose.scripts.run_full_megapose_eval 
detector_run_id=bop_pbr coarse_run_id=coarse-rgb-906902141 refiner_run_id=refiner-rgb-
653307694 ds_names=[ycbv.bop19] result_id=fastsam_kbestdet_1posehyp 
detection_coarse_types=[["sam","SO3_grid"]] inference.n_pose_hypotheses=1 
skip_inference=true run_bop_eval=true

# RGB 1 hyp
python -m 
happypose.pose_estimators.megapose.src.megapose.scripts.run_full_megapose_eval 
detector_run_id=bop_pbr coarse_run_id=coarse-rgb-906902141 refiner_run_id=refiner-rgb-
653307694 ds_names=
[ycbv.bop19,lmo.bop19,tless.bop19,tudl.bop19,icbin.bop19,hb.bop19,itodd.bop19] 
result_id=fastsam_kbestdet_1posehyp detection_coarse_types=[["sam","SO3_grid"]] 
inference.n_pose_hypotheses=1 skip_inference=False run_bop_eval=true

# RGB 5 hyp
python -m 
happypose.pose_estimators.megapose.src.megapose.scripts.run_full_megapose_eval 
detector_run_id=bop_pbr coarse_run_id=coarse-rgb-906902141 refiner_run_id=refiner-rgb-
653307694 ds_names=
[ycbv.bop19,lmo.bop19,tless.bop19,tudl.bop19,icbin.bop19,hb.bop19,itodd.bop19] 
result_id=fastsam_kbestdet_5posehyp detection_coarse_types=[["sam","SO3_grid"]] 
inference.n_pose_hypotheses=5 skip_inference=False run_bop_eval=true



Results :

Example on Jean Zay supercalculator
In particular, for this challenge, we used Jean Zay, a french supercalculator. Here is a quick
documentation, for additional information on who can use this calculator, please refer to the official
documentation.

You need to create an account to log on Jean Zay : https://www.edari.fr/

To connect by ssh to Jean Zay using this account, you need to register the IP address of the machine
you use to connect to Jean Zay. If you work in a french research laboratory, your laboratory probably
have a bouncing machine that is registered.

Once you are connected to Jean Zay, you will have access to different storage space: $HOME , $WORK ,
$SCRATCH , $STORE . More details on Jean Zay website

You should store your code in $WORK  and the data on $SCRATCH . Be careful, everything not used
during 30 days on $SCRATCH  is deleted.

Before following the regular installation procedure of HappyPose , make sur to load this module :
module load anaconda-py3/2023.03

Then, you can follow the procedure in your current shell.

Once it is done, to run a job you need to use slurm . More detail on Jean Zay website.

Here are some examples of slurm scripts used during the project. To run a slurm  script, use the
following command : sbatch script.slurm . You can use the command sacct  to see the state of

# RGB-D 5 hyp
python -m torch.distributed.run  --nproc_per_node gpu -m 
happypose.pose_estimators.megapose.src.megapose.scripts.run_full_megapose_eval 
detector_run_id=bop_pbr coarse_run_id=coarse-rgb-906902141 refiner_run_id=refiner-rgb-
653307694 ds_names=[tless.bop19,tudl.bop19,icbin.bop19,hb.bop19,itodd.bop19] 
result_id=fastsam_kbestdet_5posehyp_teaserpp detection_coarse_types=
[["sam","SO3_grid"]] inference.n_pose_hypotheses=5 inference.run_depth_refiner=true 
inference.depth_refiner=teaserpp skip_inference=False run_bop_eval=True



your script. You can visualize the content of the logs using the command tail -f . For example to
see the error logs, use tail -f logs/inference-happypose.err .

# inference.slurm
#!/bin/bash
#SBATCH --job-name=happypose-inference
#SBATCH --output=logs/inference-happypose.out
#SBATCH --error=logs/inference-happypose.err
#SBATCH --nodes=1                    # on demande un noeud
#SBATCH --ntasks-per-node=1          # avec une tache par noeud (= nombre de GPU ici)
#SBATCH --gres=gpu:1
#SBATCH --cpus-per-task=10
#SBATCH --hint=nomultithread
#SBATCH --account zbb@v100
#SBATCH --time=00:10:00

## load Pytorch module
module purge
module load module load anaconda-py3/2023.03
conda activate happypose

cd happypose
# python -m 
happypose.pose_estimators.megapose.src.megapose.scripts.run_inference_on_example 
barbecue-sauce --run-inference --vis-outputs
python -m happypose.pose_estimators.cosypose.cosypose.scripts.run_inference_on_example 
crackers --run-inference



# evaluation.slurm
#!/bin/bash
#SBATCH --job-name=happypose-evaluation-1H
#SBATCH --output=logs/evaluation-happypose-1h.out
#SBATCH --error=logs/evaluation-happypose-1h.err
#SBATCH -C v100-32g
#SBATCH --nodes=1                    # on demande un noeud
#SBATCH --ntasks-per-node=4          # avec une tache par noeud (= nombre de GPU ici)
#SBATCH --gres=gpu:4
#SBATCH --cpus-per-task=10
#SBATCH --hint=nomultithread
#SBATCH --account zbb@v100
#SBATCH --time=04:00:00

## load Pytorch module
module purge
module load anaconda-py3/2023.03
conda activate happypose_pytorch3d

cd happypose

python -m torch.distributed.run  --nproc_per_node gpu -m 
happypose.pose_estimators.megapose.src.megapose.scripts.run_full_megapose_eval 
detector_run_id=bop_pbr coarse_run_id=coarse-rgb-906902141 refiner_run_id=refiner-rgb-
653307694 ds_names=[lmo.bop19] result_id=fastsam_kbestdet_1posehyp 
detection_coarse_types=[["sam","SO3_grid"]] inference.n_pose_hypotheses=1 
skip_inference=False run_bop_eval=true
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