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Abstract. Six Degrees of Freedom (6DoF) pose estimation is a crucial
task in computer vision. It consists in identifying the 3D translation and
rotation of an object with respect to the observer system of coordinates.
When this is obtained from a single image, we name it Monocular 6 DoF
Regression and it is a very prominent task in several fields such as robot
manipulation, autonomous driving, scene reconstruction, augmented re-
ality as well as aerospace. The prevailing methods used to tackle this
task, according to the literature, are the direct regression of the object’s
pose from the input image and the regression of the objects’ keypoints
followed by a Perspective-n-Point algorithm to obtain its pose.
While the former requires a lot of data to train the deep neural net-
works used to accomplish the task, the latter requires costly annotations
of keypoints for the objects to be regressed. In this work, we propose a
new method to address 6DoF pose estimation using differentiable ren-
dering along the entire pipeline. First, we reconstruct the 3D model of
an object with a differentiable rendering technique. Then, we use this in-
formation to enrich our dataset with new images and useful annotations
and regress a first estimation of the 6DoF pose. Finally, we refine this
coarse pose with a render-and-compare approach using differentiable ren-
dering. We tested our method on ESA’s Pose Estimation Challenge using
the SPEED dataset. Our approach achieves competitive results on the
benchmark challenge, and the render-and-compare step is shown to be
able to enhance the performance of existing state-of-the-art algorithms.

Keywords: 6-DoF Pose Estimation · Pose Refinement · Differentiable
Rendering.

1 Introduction

Six Degrees of Freedom (6DoF) pose estimation from monocular images is a cru-
cial task in computer vision: it consists in obtaining the translation and rotation
of an object with respect to a fixed system of coordinates from a single image.
This task is very challenging since a single 2D image does not directly carry the
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Fig. 1. A schematic version of the proposed pipeline.

depth information, and some form of a priori knowledge is required. In the last
years, this topic has obtained a growing interest in different fields, as investi-
gated by Sahin et al. in their review [30]. Among these, the two most known
are surely robotics manipulation, where an autonomous device can pick up dif-
ferent objects and place them in the desired target location, and autonomous
driving, where pose estimation of other vehicles and pedestrians is the base for
collision avoidance in autonomous navigation. The space domain is another field
interested in this task, as highlighted in the survey of Opromolla et al. [21]. In-
deed, spacecraft pose estimation is a relevant problem in different scenarios, such
as formation flying [5], comet and asteroid exploration [14, 7], on-orbit servic-
ing [33, 9], and active debris removal [8, 1]. This interest is further shown by the
recent ESA’s Pose Estimation Challenges [2, 4], where machine learning enthu-
siasts from around the world joined together to tackle the 6DoF pose estimation
problem of spacecrafts.

The solutions proposed by the participants to the ESA’s Pose Estimation
Challenge [2] had fallen into the two typical solutions in the literature for pose
retrieval from monocular images. Either the pose of the object is directly re-
gressed with a deep neural network from the available image (from now on Di-
rect Regression), or some key points of the object are detected and then used by
a Perspective-n-Point (PnP) algorithm for pose estimation (from now on Key-
points Regression). Both Direct Regression and Keypoints Regression achieved
important results in different fields. The former has shown to be robust and
easy to apply to different objects, but it is usually reported to be less accu-
rate than Keypoints Regression. Moreover, Direct Regression requires a huge
amount of data for training the deep neural network regressor. On the other
hand, Keypoints Regression, while obtaining excellent results in the accuracy of
the estimated pose, requires a costly annotation of the ground truth position of
the key points and the 3D model of the object to be recognized.

In this work, we present a novel method to obtain the 6 DoF pose of an object
entirely based on differentiable rendering, overcoming Direct Regression’s huge
data requirement and Keypoints Regression’s need for time consuming 3D model
annotations. As from the pipeline in Figure 1, at first an accurate 3D model of
an object from a small set of RGBA images is obtained. This model, obtained by
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minimizing the visual loss through a differentiable renderer, can then be used to
generate new data and annotations. Then, we regress a coarse estimation of the
object’s pose, which is finally refined with a render-and-compare technique using
again differentiable rendering. Experimental results on real data show that our
method is competitive in ESA’s challenge [2], and that the render-and-compare
technique is effective in improving further the already good estimates made
by state-of-the-art methods. Furthermore, we have reconstructed an extremely
accurate model of the Tango satellite used in the challenge [2], that can be used
to generate a virtually unlimited number of new images and thus improve the
results even further.

The code of the pipeline is publicly available for experimenting with the
proposed algorithm1 on different domains as the method can work with virtually
any kind of object. We show, indeed, that it is possible to reconstruct the 3D
model of other objects, and from that reconstruction to apply the entire pipeline
we presented, as it does not depend on any specific 3D model.

2 Related Works

6DoF pose estimation with neural networks. Deep neural networks for
6DoF pose regression can be categorized by the representation they use. Classi-
fication methods discretize the continuous space of rotations and positions [20,
34, 32] and frame the pose regression as a classification problem. Despite being
easy to implement, this approach lead two different issues. Firstly, classes are
independent one another, while they should be tied together by their proximity.
Secondly, discretization in classes may lead to a loss of performance.

In regression methods, the neural network regresses directly the position and
rotation of the object in a continuous way [13, 19, 35]. Generally, in these models,
the rotation is represented as a quaternion, but in the study of Zhou et al. et
al. [38] the strength of a 6D vector representation was proved. Su et al. et al. [32]
have shown that rendered images can be used to train a neural network for pose
regression effectively, thus solving the issue of data requirements. Xu et al. et
al. [36] propose a regressor leveraging the use of a differentiable renderer for the
estimation of the human 3D pose and obtain superior performance against state-
of-the-art, despite being only applicable to humanoid shapes. Other works have
used differentiable renderer for 6DoF pose estimation [22, 23, 37], but, unlike in
our work, they do not obtain an accurate mesh of the target object.

Finally, keypoints methods do not regress directly the 6DoF pose of the object
from the image. Instead, some keypoints of the object are regressed first, and
then the position and rotation of the object are obtained from them with a PnP
algorithm [24, 26]. Despite these methods are generally the most accurate, they
often require costly annotations.

Differentiable Rendering. Differentiable rendering represents a class of tech-
niques that enable the integration of a rendering procedure in an end-to-end op-
1 Code can be found at https://github.com/Simpands/diff-6dof-regression.
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Fig. 2. A scheme of the network used in the model reconstruction (Section 3.1) step.

timization pipeline by obtaining useful gradients of the rendering process. One of
the main discriminators among methods for differentiable rendering is the type of
data representation they use. We focus here on reviewing the literature that uses
a mesh-based representation, as this work relies on the same. Among mesh-based
methods, there are two families which can be distinguished by the part of the
rendering pipeline they approximate: the first family approximates the backward
pass of the rendering process (approximated gradients), while the second fam-
ily approximates the forward pass (approximated rendering). Regarding the ap-
proximated gradients family, Loper et al. [18] developed the first general-purpose
differentiable renderer, called OpenDR. However, because of its general-purpose
nature, OpenDR is often unsuitable for usage with neural networks. Kato et
al. [12] proposed the Neural 3D Mesh Renderer (N3MR) and designed its gra-
dients specifically for neural networks training. In particular, they propose to
approximate the color’s transition across pixels, which is typically discrete, with
a smooth transition function with improved differentiability. Rhodin et al. [29]
focused on a different solution, approximated rendering, that approximates the
rasterization process by making objects’ edges semi-transparent and thus en-
suring differentiability. The Soft Rasterizer of Liu et al. [17] expanded this idea
by modeling the contribution of each triangle to a pixel’s color as a probability
function. Finally, Chen et al. [6] proposed the DIB-R system, a novel approach
that deals independently with foreground and background pixels to approximate
the rasterization process. The foreground pixels are determined only by one face
with a weighted interpolation of its local proprieties, while the background pixels
are a distance-related function of global geometry.

3 Method

In this section, we describe in details our method to obtain the 6 degrees of
freedom pose of an object using differentiable rendering. Our pipeline, shown in
Figure 1, is composed by three different steps. In the the first step, model recon-
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Fig. 3. A scheme of the network used in the pose regression (Section 3.2) step.

struction, we obtain an accurate 3D model of an object from a small set of RGBA
images. This model, then, can be used to generate new data and annotations via
rendering. In the second step, pose regression, we regress a coarse estimation of
the object’s pose which we then refine in the last step, pose refinement, that is
a render-and-compare technique using again differentiable rendering.

3.1 Model Reconstruction

The network used for model reconstruction is shown in Figure 2. The goal of
this neural network is to regress the position and color of the vertices of a 3D
object. This allows us to obtain a good approximation of the true shape of the
3D object which can then be used for model refinement and data generation.
Our network is composed by a convolutional neural network used to detect the
light direction in the image and a 3D model (initialized as a icosphere with
10242 vertices and 20480 faces). This information (together with the pose of the
object, provided by the dataset) is fed into a differentiable renderer to create
an image which is then compared to the input image. This comparison is done
with an Intersection over Union loss [27] on the alpha channel of the two images
and a Mean Absolute Error on the color channels of the two images. From this
comparison we optimize both the shape and the colors of the vertices of the 3D
object and the parameters of the light detection network. In the Figure 4, images
generated with the model reconstructed in this process are shown.

3.2 Pose Regression

The second step of the pipeline is addressed via direct regression both on the
translation and on the rotation of the object, which we perform through the
network shown in Figure 3. This network is composed by two separate branches: a
Rotation Branch, used to regresses the rotation of the camera, and a Localization
Branch, used to regress the position of the camera with respect to the object.
Both branches use a feature extractor with the same architecture.
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Fig. 4. The top row shows some of the input images used during the model recon-
struction step. The bottom row shows some of the images generated from the model
obtained during the model reconstruction.

The translation branch takes in input the full image (before any cropping)
of size 384 × 240, which we call Localization Image. This image is processed in
the feature extractor and then in two fully connected layers with 1024 neurons,
followed by a fully connected layer with 3 neurons. This branch outputs the
predicted position of the object, encoded as a 3D vector. The rotation branch
takes in input only the region of interest representing the object, re-scaled to a
fixed dimension of 240 × 240, and processes it with the feature extractor. We
call this image Rotation Image as it is used by the network to regress the object
rotation. Then, these features are passed trough 2 fully-connected layers with
1024 neurons and finally trough a fully-connected layer with 6 neurons. The
feature extractor’s output changes between the two branches as the dimension
of the input image differs between the Translation Branch and the Rotation
Branch (square 240 × 240 image for the Rotation Branch, w.r.t. a rectangular
384× 240 image for the Translation Branch).

The loss used to train this network is given by the sum L = LT +λLR, where
LT and LR are the translation and rotation losses defined as it follows:

LT

(
T̂ , T

)
=

1

3

∣∣∣T̂ − T
∣∣∣
1
, LR

(
R̂, R

)
=

∑
e∈E

∣∣∣R̂(e)−R(e)
∣∣∣ , (1)

where T is the ground-truth translation vector and T̂ the predicted one. E is
the set of all elements of a 3× 3 matrix, R̂ is the predicted rotation matrix and
R is the ground-truth one. In this work we set λ = 1.

The 6D vector predicted as output of the network is converted to the rotation
matrix R as follows:

c1 =
v1

|v1|
, c2 =

u2

|u2|
, u2 = v2 − ⟨c1,v2⟩ c1, R = [c1 c2 c1 × c2] , (2)

where v1 is the vector composed by the first 3 values of the 6D output vector,
while v2 is the vector composed by the last 3 values. This matrix is orthonormal
by construction, and thus a valid 3D rotation matrix. During training the 3D
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Fig. 5. A scheme of the network used in the pose refinement (Section 3.3) step.

model extracted by the model reconstruction process is used for data generation
and augmentation.

3.3 Pose Refinement

In the final step of the pipeline, we use a render-and-compare approach exploiting
the differentiable renderer for pose refinement. This technique consists in render-
ing with a differentiable renderer the image corresponding to a starting guess,
e.g., the output of the 6DoF pose estimation process, compare this generated
image to the source RGBA image, and then improve the predicted position based
on this comparison. The comparison is given by the sum Ltot = LIoU + λLcol of
the Intersection Over Union loss LIoU proposed in [27] and the color loss Lcol

defined as the Mean Absolute Error between each channel of the two images:

Lcol =
1

|C|
∑
c∈C

1

|P |
∑
p∈P

|I1(c, p)− I2(c, p)| (3)

where C is the set of the color channels of the image, P is the set of all pixels of the
image and I1, I2 are the two images to compare. The optimization procedure is
applied with an iterative approach. In particular, as we can notice from Figure 5,
the differentiable renderer takes in input:

– A 3D model of the object in the image;
– A rotation matrix Rm, which can be obtained either from 3 Euler angles in

case of the Euler regression, 4 un-normalized values in case of the quater-
nion regression, or 6 un-normalized values in case of the 6D vector rotation
regression;

– A translation vector T = [Xt, Yt, Zt], representing the translation of the
camera from the object;

– A directional light object, comprehensive of the direction of the light [Xl,
Yl, Zl] and the light color (ambient color, diffuse color and specular color).
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Table 1. The improvement obtained with the pose refining step on the score calculated
on the Pose Estimation Challenge [2]. The value of UrsoNet in the competition score
is the value obtained reported in the leaderboard. Instead, UrsoNet before refinement
is the value obtained using the pre-trained network given by the authors.

Method Competition score Pose Error
Before Refinement After Refinement

6D vector — 0.38221 0.23191
Quaternion — 0.47944 0.29602
Euler angles — 0.83889 0.74775
Classification — 1.20432 1.00247

UrsoNet 0.05546 0.07311 0.05279
UrsoNet Real 0.14763 — 0.14263

During the iterative refinement process, the differentiable renderer synthe-
sizes the image given the current input parameters and compares it with the
one observed, from which the object pose has to be estimated. The loss Ltot is
then computed and its gradient backpropagated to update all renderer’s inputs,
except for the 3D model, in such a way to make the two images closer and thus
improve the estimated pose. Regarding the rotation matrix, we decide not to
optimize it directly, or to predict a normalized quaternion, as they both have to
lay on a manifold and this cannot be enforced by direct gradient descent meth-
ods. Alternatively, manifold-aware gradient descend methods can be used and
they can replace the method used in this work directly.

4 Experimental Evaluation

In this section we evaluate the proposed pipeline in the ESA’s Pose Estimation
Challenge [2]. We use a PyTorch3D’s [28] renderer to implement all architec-
tures that require a rendering step and ResNet [11] based backbones as feature
extractors. Implementation details are provided in the supplemental materials,
along with additional visualizations of the pipeline’s outputs.

4.1 Dataset

The dataset used to test our proposed pipeline is the SPEED dataset [31] pro-
vided for the ESA’s Pose Estimation Challenge [2]. This dataset is composed by
in 4 different subsets. The train set consists of 12000 synthetic annotated images
created by merging real images of the Earth with renderings of the Tango space-
craft at different positions and orientations. A small set of 5 real images is also
provided with hand-made annotations of the pose, created by taking a photo of
a replica of the satellite in a studio. The test set is divided in 2998 synthetic
images generated similarly to the training ones, and a set of 300 real images.
The dataset provides the annotations on the pose of the satellite: the satellite’s
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position is described by a 3D vector, while the orientation of the satellite is de-
scribed as a quaternion. Moreover, the satellite provides also the characteristics
of the camera used to obtain the images.

For each image of this dataset, we add an alpha channel representing the
binary segmentation of the satellite. To obtain the segmentation on the train
set, we use the model estimated in the reconstruction step (Section 3.1), render
it at the position and orientation provided by the ground truth annotations,
and use the rendered silhouette as a segmentation mask. Instead, to obtain the
segmentation of the image of the test set, we use the Mask R-CNN [10] segmen-
tation network with ResNet-101 [11] and Feature Pyramid Networks [15] as a
backbone, pre-trained of COCO [16] 2017, and implemented in the Detectron2
framework [3]. We fine-tune this network using a dataset obtained by combin-
ing the train set augmented with the alpha channel annotations just discussed,
a set of 5950 images created by segmenting the satellite from the previous set
and performing additional data augmentation operations (addition of random
images of the Earth as background, random rotation and resize of Tango, and
darkening of the image), and a set of 100000 synthetic images rendered using
the 3D model we estimated in Section 3.1.

4.2 Results

In this section, we report the result obtained by this pipeline in the ESA pose
estimation challenge [2] just introduced. We do not provide any quantitative
evaluation of the 3D model reconstruction as the true model of the Tango satellite
is not available. A qualitative evaluation of the recontruction is given by the
rendering reported in Figure 4, and the effectiveness of the pose refinement can
be considered as an indirect assessment of its quality too.

In Table 1, we report the quantitative results for the whole pipeline, before
and after the pose refinement step. In particular, we have evaluated our model
with different methods for representing 3D rotations. In the 6D vector case the
model shown in Section 3.2 regresses the 6D rotation vector and the pose re-
finement optimization is performed on the elements of the 6D vector prior to
transform them into a rotation matrix. In the Quaternion case the regression
model output is a 4D unconstrained quaterion orientation, and the pose refine-
ment optimization is performed on such a 4D vector, from which we obtain a real
quaternion trough a normalization prior to convert it into the rotation matrix
R. In the Euler Angles case we regress a 3D vector of Euler angles and the opti-
mization is performed directly on these 3 Euler angles, which are applied in the
order Z → X → Y to obtain the final rotation matrix R. We have also tested a
Classification approach for the angle regression by discretizing each Euler angle
into 18 classes. Each class is converted to its corresponding Euler angle prior to
optimize them directly in the pose refinement step. These are then applied in the
Z → X → Y order to obtain the final rotation matrix R. As we can see from the
Table 1 the process of pose refinement using differentiable rendering improves
the score in all situations. The 6D vector representations is the one performing
the best, since, being continuous, it is easier to regress by a neural network,
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as also reported in [38]. The Euler angles representation and its classification
simplification are those the worse as they both suffer from gimbal lock.

We also notice that the quality of the final estimate strongly depends on the
quality of the starting estimate. To verify to what extent this improvement is
possible we evaluated the effectiveness of pose refinement using the pose estimate
obtained by one of the best competitors in the ESA’s challenge, i.e, UrsoNet [25].
UrsoNet is a neural network that competed for the first tranche of the Pose Esti-
mation Challenge, achieving third position. The authors of UrsoNet made their
neural network architecture and the weights used for the competition available
for the public, so we can perform a direct comparison with their approach. Their
neural network is composed by a pre-trained feature extractor followed by two
branches: the localization branch that directly regresses the translation vector
T , and a rotation branch that obtains the quaternion q via probabilistic fitting.
We used this neural network with the provided pre-trained weights, scored it
on the challenge website and use this result as a baseline. Then, we applied our
proposed pose refinement step to UrsoNet predictions. The order of Euler angles
follows the convention Z → X → Y to obtain the final rotation matrix R. The
results on UrsoNet are reported both for the test set of rendered images and for
the test set of real images. We can do this only for this scenario: ESA’s scoring
page only shows the score of the rendered test set and not of the real test set.
This score can be only obtained from the leaderboard (showing the best score
both on the real images and on the rendered images). Once again, the proposed
pose refinement approach is able to improve the results, proving that it can be
used to enhance any pose regression estimation, even of high quality.

5 Conclusions

In this work we presented a new method to address the 6 degrees of freedom pose
estimation using differentiable rendering. With this method, first we reconstruct
the 3D model of an object with a differentiable rendering technique, then we use
this information to enrich our dataset with new images and useful annotations,
and regress a first estimation of the six degrees of freedom. Finally, we refine this
coarse pose with a render-and-compare approach using differentiable rendering.

The use of differentiable rendering in the pose refinement scenario proved
itself to be very solid and consistent, enhancing the prediction in each different
scenario we tested it in, even enhancing the score of one of the best competitors
of the first tranche of the challenge held by ESA [2]. As for the reduction in data
requirement the method we propose has been able to reconstruct the 3D model
of the object to localize from few images, nevertheless the pose regression part
has required data augmentation via rendering.

To improve the perfomance of the pose regressor we are currently working
on a end-to-end architecture for training which uses the differentiable renderer
to compute an additional unsupervised loss beside the supervised one currently
used.
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