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ABSTRACT
This paper presents a framework for estimating an
object pose in space from a single image. In space
missions, the real-time and robust pose estimation
of a free-floating target is an important but diﬃcult
task due to drastic changes in lighting conditions.
In this paper, we propose a robust pose estimator
based on a Convolutional Neural Network (CNN)
that can directly estimate the three-dimensional
locations of keypoints in real-time. The training
dataset is given by a software simulator that oﬀers
a large variety of synthesized images using a 3D
model of the target object. The proposed estimator with the trained CNN is validated experimentally using realistic images obtained by a hardware
simulator that can take pictures under the space
environment. This paper provides a detailed process of how to prepare the dataset and how to train
the CNN for a practical pose estimator. In addition, we show experimentally that our machine
learning framework using synthesized images is
an eﬀective approach for space applications.

1 INTRODUCTION
The real-time and robust pose estimation of an
uncooperative object is an essential task for navigation and rendezvous in space debris removal
and on-orbit servicing missions. The target objects to be captured or docked in such missions
are defunct satellites and rocket bodies that are
not equipped with specifically designed markers
to assist in pose estimation.
Various pose estimation methods have been studied for such uncooperative objects, using the template matching of one or more specific structural features of a target object [1]-[4]. However, the ability of such approaches is limited only
when the pre-determined features are not hidden
or lost in the camera images. Additionally, drastic changes in lighting conditions can cause failure in detecting of the features, thereby reducing
the precision of estimation. Although the handing
of exception in such cases can be formulated, it
is impossible to create an algorithm manually to
cover all possible situations.

To cope with this issue, instead of these manual
template matching methods, we take a machine
learning approach that can learn various features
automatically. This approach enhances the robustness of the estimator and enables its use under difficult conditions where manual template matching
methods can not be exploited. However, machine
learning approach using a neural network generally requires a large amount of annotated training
data that can not be acquired in space.
In this paper, we propose a 3D keypoint estimator based on a Convolutional Neural Network
(CNN) that estimates the location of keypoints
in three dimensions. Previous approaches commonly employed a 2D keypoint estimator, because the major large image datasets only include
two-dimensional annotations. Instead of them,
for training our CNN, we use synthesized images
that are rendered using a 3D CAD model of the
target object in a software simulator, which include three-dimensional annotations. This threedimensional approach makes it possible to simplify both the network architecture and the training process. In addition, this framework using
synthesized data allows us to use a machine learning approach in space applications without a large
amount of real data, which is diﬃcult to obtain in
space. Although this framework can be applied
in various space applications, in this research we
employ it on a pose estimation problem of uncooperative objects in space.
To verify the estimation accuracy of the trained
CNN-based pose estimator, an experimental study
was conducted using a hardware simulator that
can generate realistic images in space, including
light reflection and sensor noise. This experimental study shows that the proposed framework using synthesized data is an eﬀective approach in
space applications, and that the trained CNN can
estimate the target pose even under harsh lighting
conditions.
The contributions of this paper are as follows:
• We propose a 3D keypoint estimator based
on a CNN that can directly estimate the
three-dimensional location of keypoints.

2.2 2D Keypoint Localization
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Various methods have been studied to estimate
keypoint locations on 2D images in computer vision. In the machine learning approach, CNNs
are commonly used and have achieved outstanding results in human pose estimation [5][6], multiple objects detection [7][8], and other applications. The estimated keypoint positions on 2D images are often used for viewpoint estimation and
3D pose estimation.
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Figure 1: Comparison of (a) conventional approach and (b) our approach for 3D pose estimation. Our CNN estimates 3D information directly
from 2D image.

This allows us to build and train the network
easily for 3D pose estimation.

• We show that a machine learning approach
using synthesized images can be used in
space applications. In particular, this paper focuses on the pose estimation problem
and shows that the trained CNN can estimate
the target pose even under the space environment.

2 RELATED WORK
2.1 3D Pose Estimation Process
The typical process for 3D pose estimation can be
classified into four steps, as shown in Fig. 1(a).
First, object detection is performed in a whole image, and an area around the object is cropped so
that the object is located at the center. Second, 2D
keypoint localization or feature detection is implemented in the cropped image. Third, 3D object
retrieval is applied for recovering suitable position and orientation to match the projected keypoints locations and detected keypoints on the 2D
image. Finally, the translational position and rotation of the object are obtained from the retrieved
3D information.

A 3D pose is typically recovered by minimizing
the distance between the projected keypoints and
detected keypoints on a 2D image. Several researchers have demonstrated 3D pose estimation
in this approach with 2D keypoint estimation and
3D reconstruction based on the optimization problem [9][10]. Another solution to retrieve a 3D
pose from a 2D image is to use a neural network
again here. A typical neural network for this 3D
retrieval estimates parameters of translational and
rotational matrices from detected keypoints. Wu
et al. proposed a cascade neural network including 2D keypoint estimation and 3D reconstruction
[11]. Although the performance of their approach
has achieved significant results, it requires several
diﬀerent types of annotated training data and complicated training steps that include pre-training.
We propose a 3D keypoint estimator based on a
CNN that estimates three-dimensional keypoint
positions. Compared with previous approaches,
our approach can obtain 3D information directly
without the complex process of 2D keypoint localization and 3D object retrieval, as shown in
Fig. 1(b). Therefore, our model can be easily constructed by one-step training without a complex
and diﬀerent type of annotated training data. This
simple network architecture also allows us to use
the network in real-time without large computational cost, which is very important, especially in
space applications that use the limited calculation
resources of spacecraft.

2.4 Training with Synthetic Images
We generate a large dataset of synthetic images
using a 3D CAD model for training the pose estimator. Others have studied similar approaches
using synthetic images for an object detector [12],
a viewpoint classifier [13], and a spacecraft pose
estimator [14]. Their works focused on the classification problems of object classes or viewpoints,

whereas we address a regression problem for 3D
keypoint estimation.

2.5 Pose Estimation in Space
Several pose estimation methods for spacecrafts
and space debris on orbit have been proposed using manual template matching. The typical approach is to estimate a suitable pose by solving an
optimization problem to minimize the errors between the detected edges and projected edges using a 3D target model [1]-[3]. However, the estimation accuracy based on this approach is reduced when the pre-determined edges are partially lacked due to drastic changes in lighting
conditions. Moreover, this approach requires a
high computational resource for the projection of
a complex 3D model, which is not feasible for
real-time applications. Although a pose estimation method focusing on a satellite nozzle was
demonstrated under harsh lighting conditions [4],
the ability of this method is also limited only when
the pre-determined features are not hidden or lost
in the camera images.
We solve this problem by taking a machine learning approach that can learn various features. Our
estimator based on a machine learning approach
can estimate the target pose from not only the specific structure but also its corresponding parts. In
addition, this pose estimation can be implemented
in real-time because its network architecture is
simply designed.

3 FRAMEWORK FOR 3D
KEYPOINT ESTIMATION
3.1 Training and Evaluation Process
In our framework, the CNN-based estimator is
constructed by following the process depicted in
Fig. 2(a). First, a number of synthesized images
are generated as a training dataset using a 3D
CAD model. Second, the CNN is trained using
the obtained synthesized images. In this phase, estimated 3D keypoint position and their labels that
are made at rendering are compared to update the
CNN model. After training, real images are imported into the trained CNN that estimates the 3D
keypoints, as shown in Fig. 2(b). Finally, a 3D
pose of the real image is calculated from the estimated 3D keypoint positions.
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Figure 2: Overview of (a) training and (b) evaluation processes.

3.2 Dataset
One of the major problems for machine learning
in space applications is how to acquire the annotated training data, due to the diﬃculty of obtaining a lot of real data with ground-truth values in
space. Therefore, in this research, we obtain synthetic images using the Gazebo simulator, which
is a 3D robot simulator that can provide realistic
environment including lighting, shadows, and object textures. A 3D CAD model of the upper stage
of a rocket is imported as the target object in the
simulator. Fig. 3 shows the samples of images rendered with diﬀerent backgrounds and target colors
using the simulator. Random noise with diﬀerent
intensities is added to the images. The pose (position and attitude) of the target and the direction
of lights are also changed randomly. Note that we
use fixed camera parameters for the focal length
and the FOV, because they aﬀect the target size
and position in the images. We prepared a total of
150K images with the 3D keypoint position labels
for training.
Our approach using a 3D model allows us to easily
prepare a variable and large dataset as described
above, which can enhance robustness with respect
to sensor noise and changes in lighting conditions. Through our study, we found that the addition of background in training images improved
the estimation performance even when testing using images without any backgrounds. The variety
of noise intensity in the training images was also
critical to maintaining the estimation precision for
real images including the various kinds of noises.

Table 1: Model architecture

Figure 3: Sample training images obtained on
Gazebo simulator. Lower images include larger
noise. The background, lighting conditions, target
position and attitude are randomly changed.

3.3 Network Architecture
The pose estimation addressed in this work is categorized as a regression problem. The first layer
takes an image, and the last layer outputs the position of keypoints defined as y = [y1 , ...yi , ...yk ],
where i ∈ (1, ..., k), k is the number of keypoints,
and yi contains the x, y, and z coordinate of the
i-th keypoint. In this study, we use input images
with 128 × 160 pixels and 3 color channels, and
output with two keypoint positions (i.e. k = 2).

Layer
input
conv1
pool1
conv2
pool2
conv3
conv4
conv5
pool3
fc1
fc2
output

Patch
8×8
3×3
5×5
3×3
3×3
3×3
3×3
3×3
-

Stride
4
2
1
2
1
1
1
2
-

Map size
128 × 160 × 3
32 × 40 × 128
16 × 20 × 128
16 × 20 × 128
8 × 10 × 256
8 × 10 × 256
8 × 10 × 256
8 × 10 × 256
4 × 5 × 256
1 × 1 × 256
1 × 1 × 128
1×1×6

Function
ReLU
ReLU
ReLU
ReLU
ReLU
ReLU
ReLU
identity

tal of 30K learning steps. The initial learning rate
was set to 0.01, while the rate was decayed 0.1
times at the 25K step. Note that we did not use
the dropout and the weight decay in training.

4 EVALUATION
4.1 Experimental Setup

Our network consists of convolutional layers, and
its architecture is inspired by AlexNet [15], while
some parameters are changed for our purpose. We
simply use 8 × 8 and 5 × 5 convolutional layers (zero padding) with a Rectified Linear Unit
(ReLU) and a 3 × 3 max pooling layer, followed
by three sets of 3 × 3 convolutional layers with
a ReLU and a 3 × 3 max pooling layer and two
fully connected layers. It should be noted that we
use Batch Normalization layers [16] at all of the
convolutional layers and fully connected layers
above, which were critically important for convergence in training. Table 1 shows the full network
architecture and its parameters including the patch
sizes and strides.

We evaluate the trained model using realistic images obtained using a hardware simulator. This
simulator can take pictures of the target object
from diﬀerent viewpoints under a realistic space
environment, including sunlight and camera sensor noise. Fig. 4 shows the hardware simulator
setup. The target object located at the center can
change its attitude, and the camera and lights can
move around the target object to change the camera viewpoint and direction of sunlight. In this
study, we obtained images without the earth in the
background for simplifying the evaluation, while
the images include sensor noise and sunlight reflection on the target body. Note that the lower
stage connected to the target is removed in postprocessing from the raw pictures, while maintaining other conditions. The target position and attitude inputs were given in sin wave with diﬀerent
frequencies.

3.4 Training Details

4.2 Results and Discussion

The loss function is defined simply as the L2 function of keypoint error distances in three dimensions. We used the gradient descent method with a
mini-batch size of 128. The weights on each layer
were initialized with random distribution, while
the initial biases were set at zero. There was a to-

Fig. 5 shows several images used in this evaluation and their estimated results. In this study,
we defined the keypoints at the head part and tail
part of the upper stage of the rocket. The detected
keypoints are depicted with diﬀerent color squares
in Fig. 5. Note that the actual estimator provides
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Figure 4: Hardware simulator that takes realistic
pictures for evaluating the trained model.
keypoint locations in three dimensions, while they
are projected in the 2D images for simply displaying here. As seen in these images, the trained
CNN can estimate the keypoint locations of the
target object under various conditions where the
light reflection and the target attitude are dynamically changed.
Fig. 6 shows the comparisons with the estimated
keypoint locations (dot plots) and their groundtruth values (solid line) on three axes, for (a) the
head part and (b) the tail part, respectively. While
the position along the Y and Z axes were estimated suﬃciently in both keypoints, relatively
large position errors were observed on the X axis.
This is attributed to the X axis being the direction
of depth with respect to the camera, and thus significant variance in this direction can not be seen
in the images. This is a common problem in image processing. Another remarkable point here
is that the tail position was estimated accurately
even when its part was completely occluded by
other components, as shown in Fig. 5 (i = 40).
This fact indicates that the estimator learned various features and can estimate from not only the
specific structure but also other parts, which is difficult to accomplish by taking a manual matching
approach. Such a feature is important for enhancing robustness, especially in the space environment where some parts might be hidden in images
due to strong light reflections and shadows.
Fig. 7 shows the position and angle errors of CoM
(center of mass) that were calculated from the estimated keypoint locations. The CoM position was
estimated suﬃciently with accuracy of 0.5 m or
less on the Y and Z axes. In contrast, the maximum error of the CoM position on the X axis was

Figure 5: Pictures obtained by hardware simulator and the estimated results. The estimated locations of the head and the tail on the target object
are marked with the green and red squares in the
images. The trained CNN can estimate the keypoints on the target with various attitudes under
harsh lighting conditions.

approximately 4 m, but was less than 10 % of the
absolute estimated value. This is caused by the
estimation error on each keypoint on the X axis
due to the reason described above. On the other
hand, the angle error is expressed as an absolute
value calculated from the inner product of the estimated attitude vector and its ground-truth vector. The average angle error was approximately
5.4 deg. The angle error was mainly due to the estimation error of keypoint positions on the X axis
as well. These estimation accuracies are expected
to be improved by using higher resolution images,
though we used images with 160 × 120 pixels
that is a relatively lower resolution compared with
other related works.
Fig. 8(a) shows a representative error pattern in
our study. The left picture is the experimental image that the large angle error was observed, while
the right image shows its estimated pose. Under
a harsh lighting condition, the edge between the
head part and main body was completely disappeared due to the overexposure. We presume that
our CNN incorrectly detected this head part as a
main body, and then results in relatively larger errors. In fact, in the estimated pose image (Fig. 8(a)
right), the head part was occluded and its pose was
similar to the input image. In order to confirm this
hypothesis, we revealed that the picture with the
remaining edge can be estimated with smaller errors under relatively weaker sunlight conditions,
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Figure 7: CoM position and attitude errors between the estimated results and the ground-truth data.

as shown in Fig. 8 (b). This fact indicates that the
camera exposure should be tuned in advance for
reliable pose estimation.
The computation cost is also an important factor
for real-time implementation. In our case of using
an Intel Core i5-2410M 2.3 GHz CPU and 8GB
RAM on a mobile laptop, the running time for
a single image was approximately 0.15 seconds
including image reading and keypoint estimation.
This is fast enough for real-time implementation
using an on-board computer in space applications.

5 CONCLUSIONS
This paper presented a framework for pose estimation in space. Our approach using a 3D

model can oﬀer a huge and diverse training dataset
with fully annotated 3D information. In addition,
the proposed approach that directly estimates 3D
keypoint locations can be easily constructed and
trained without a complicated process. This paper
also provided the details on the training dataset
and the network architecture required for robust
real-time pose estimation. Finally, we demonstrated experimentally that the trained CNN using the synthesized images can estimate the target pose in real-time even under the space environment where lighting conditions drastically
change.
Our next step will be to investigate a suitable network architecture and a required dataset for pose
estimation when the background is not empty. Al-
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Figure 8: Typical error patterns under (a) harsh
lighting condition and (b) relatively weaker lighting condition. The edge between the head part
and main body aﬀects the estimation accuracy.
though the background of evaluation images was
empty in this study, the earth might be included
in the background, which would disturb object
boundary contrast and makes precise estimation
diﬃcult in actual space missions. In addition, the
estimation accuracy is expected to be improved by
applying a model-based filter (e.g., Kalman filter)
when we address highly frequent continuous images, though we evaluated discrete images in this
research. Another direction of this research is to
apply this framework when approaching a target
object in a short distance just before capturing or
docking it. In such a case, the whole target body
can not be seen in a camera image, and therefore
it is required to estimate the pose from a partiallylacking image.
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