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I. Introduction

O NE of the key challenges inherent to any dual-spacecraft mis-

sions involving rendezvous and proximity operations maneu-

vers is related to the onboard determination of the pose (i.e., relative

position and orientation) of a target object with respect to a robotic

spacecraft equippedwith computer vision sensors. The pose of a target

represents crucial information upon which real-time path planning,

pose tracking, and capture actions are planned and executed. Some of

the conventional cooperative pose determinationmethods are based on

appearance or feature tracking approaches that rely on detecting and

matchingknownkeypoints and features to an existing databasemodel.

Historically, a feature-based tracking pose determination system was

namely used during docking maneuvers of the Space Shuttle to the

International Space Station (ISS), where a light detection and ranging

(LIDAR) sensor was actively tracking retroreflective concentric circu-

lar fiducial markers strategically designed and located on the ISS [1].

Similarly, Tweddle andSaenz-Otero [2] used circular fiducialmarkers to

track a target platform in a planar environment. Specifically, the authors

proposedanonlinear iterative photogrammetric scheme todetermine the

pose of the markers combined with a multiplicative extended Kalman

filter. Experiments conducted at MIT’s Synchronized, Position, Hold,

Engage, and Re-orient Experimental Satellites (SPHERES) facility

demonstrated the feasibility of the stereovision approach. Another

cooperative pose estimation strategy fusing computer vision data to

inertial measurement units and rate gyro sensors through an extended

Kalman filter was developed and verified in planar experiments at the

Naval Postgraduate School’s Spacecraft Robotics Laboratory [3].

However, more advanced pose determination systems have to be

developed to enable future on-orbit servicing and orbital debris

removal missions, such as Astroscale’s Cleaning Outer Space Mis-

sion§ and Northrop Grumman’sMission Robotic Vehicle.‡ Indeed, in

those circumstances, the robotic servicer spacecraft will need to

resolve the pose of uncooperative targets, that is, targets not equipped

with fiducial markers. To this end, Ruel et al. [4] developed an
uncooperative real-time pose determination system, referred to as

TriDAR, which was tested during the Space Shuttle ISS fly-by

missions STS-128, STS-131, and STS-135. The system consisted
of a LIDAR and a triangulation hybrid system that generated, up to a

distance of 3 km, three-dimensional (3D) point clouds that were

compared against a pregenerated 3D model through a modified
iterative closest point (ICP) algorithm. With the advent of SpaceX

and commercial space flight, the technology used in upcoming

missions will have to be more effective in terms of size, mass, power,
and cost. In this context, extensive research efforts to replace LIDAR

sensors with passive components such as monocular cameras have

been done in the past few years. Shi and Ulrich [5] recently proposed
an uncooperative monocular pose determination system that com-

bined a new foreground extraction technique with a level-set region-

based pose estimator with improved initialization and gradient
descent functionalities. The authors’ method was successfully vali-

dated using synthetically generatedmotion sequences as well as with

actual telemetry from the STS-135 ISS undocking flight segment.
Rondao et al. [6] designed a monocular approach in which the

observed face of the target was defined as a classification problem

and where the 3D shape was learned offline using Gaussian mixture
modeling. Numerical validations of the authors’ approach were

performed using the open-sourcemonocular vision-based Spacecraft

PosE Estimation Dataset (SPEED) dataset [7]. Both aforementioned
monocular vision approaches were model-based, implying that they

rely on a known 3D computer-aided design (CAD) model of the

target.
Althoughmonocular vision is the most effective option in terms of

power and mass requirements, stereo cameras do not suffer from the

scale invariance problem that affects monocular systems and can
therefore efficiently resolve depth information at a fraction of the cost

of LIDAR, yet with a significantly limited operation range. For this

reason, several authors have proposed stereo-vision-based pose
determination approaches. Among those, schemes that do not rely

on detailed information about the target in the form of a known 3D

CADmodelmay be advantageous. Tweddle et al. [8] approached this
problem by applying a dynamic version of a simultaneous localiza-

tion and mapping (SLAM)-based method, known as incremental

smoothing and mapping (iSAM) [9]. Using the OpenCV implemen-
tation of speeded-up robust features (SURF) to match key points

between two frames, the authors obtained the pose through Horn’s

absolute orientation algorithm. Although successful, the authors’
SLAM-based approach was not suitable for real-time applications

due to its large computation requirement. Fourie et al. [10] determined

in real-time the relative position of a spinning target’s center of
geometry through the application of stereo depth mapping. The

approach was successfully verified with the ISS-SPHERES six-

degree-of-freedom (6-DOF) facility but did not resolve the full pose
as the relative orientation determination was omitted. Grompone [11]

approached the problem using a combination of SURF and the

Kanade–Lucas–Tomasi method to track an unknown target and pro-
posed an epipolar-constrained set of equations for pose determination

but did not successfully validate it in hardware experiments. He et al.

[12] demonstrated a method that identifies geometric point cloud
features on a target and used a particle filter algorithm to approximate

the pose. Themethod was tested on a simulated target with known and

unknown states and was found to be effective at tracking the pose.
However, the particle filtering algorithm proved to be computationally

demanding. Nassir and Giorgio [13] proposed another approach,

which utilized motion flow and stereo correspondences to estimate,
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via the dual quaternion representation, the 6-DOF pose of an unco-
operative target.
More recently, one of the most influential advancements in com-

puter vision has been the application of deep learning methods, in
particular convolutional neural networks (CNNs), to perception—the
ability to interpret or understand the information within a given

image. With increasing access to large amounts of data and more
powerful embedded computers, CNNs, which were traditionally
used primarily for the detection and segmentation of objects in an

image, have begun to be considered as a powerful and viable con-
temporary approach to solve the pose estimation problem [14–16].

Shi et al. [17] used a pretrained network as their baseline network and
further trained their model using synthetic images of small spacecraft
platforms. Planar experiments conducted at Carleton University’s

Spacecraft Robotics and Control Laboratory demonstrated the per-
formance and real-time capability of their CNN to detect the target
platform in the camera field of view. Sharma et al. [18] showed the

viability of a CNN being used entirely for pose determination from
monocular camera images. Similar to Shi et al. [17], to overcome the

limited amount of space image data, the authors utilized transfer
learning with a pretrained network using the ImageNet dataset
[19,20]. Their results obtained from a numerical testing environment

showed that, even with a pretrained network, pose accuracy was
significantly improved with a larger number of training data. This
model classified the images that best matched a predetermined set of

orientations, and based on the number of sets to match, the overall
accuracy of the network changed accordingly. Sharma and D’Amico
[21] recently improved their work by designing five main convolu-

tional layers branching out to three separate output layers used to
estimate the bounding box, relative attitude class, and relative attitude

regression. The bounding box branch is based on the region proposal
network, while the attitude branches are composed of fully connected
layers. Using these outputs along with geometric constraints, the

authors were able to estimate the relative position of a spacecraft
using the Gauss–Newton algorithm and the attitude from the relative
attitude classification and regression outputs. Cassinis et al. [22]

proposed a monocular-model-based pose estimation approach using
a CNN for feature detection combined with a robust Perspective-n-

Points solver for pose estimation. Another monocular pose estima-
tion system was developed by Sonawani et al. [23], where transfer
learning was employed to reduce the training requirements. Their

parallel neural network architecture was shown to yield good perfor-
mance when evaluated with synthetically generated images. How-
ever, this particular network architecture decreases the inference

speed in comparison with regular architectures.
Existing monocular datasets for training CNNs, such as SPEED

[7], have originally mostly relied on synthetic images for both train-
ing and validation. However, such an approach fails to accurately

model realistic visual features and illumination conditions of target
spacecraft. To solve this problem, the SPEED+ [24] spacecraft pose
dataset, which consists of both synthetic images for training and

hardware-in-the-loop images of a spacecraft model captured from the
Stanford’s Testbed for Rendezvous and Optical Navigation facility,
was proposed. This dataset was notably used in the second Satellite

Pose Estimation Challenge cohosted by Stanford and the European
Space Agency to evaluate and compare the robustness of neural-

network-based models trained on synthetic images. Subsequent data-
sets from Stanford that build on SPEED/SPEED+ include the Satellite
Hardware-in-the-LoopRendezvousTrajectories (SHIRT) [25] dataset,

the Spacecraft PosE Estimation Dataset of a 3U CubeSat using Unreal
Engine (SPEED-UE-Cube) [26], and the Spacecraft Pose Estimation
and 3D Reconstruction (SPE3R) [27] dataset. Musallam et al. [28]

introduced a dataset with images from multiple 6-DOF trajectories
created in a laboratory setting and evaluated a CNN on this dataset.

However, all aforementioned datasets consist of monocular images,
which, in turn, cannot be used in the context of stereovision-based
relative pose determination that this paper focuses on.
In this context, the original contributions of this work are 1) the

development of a novel stereo-camera-based CNN architecture for

spacecraft relative pose estimation, and 2) its real-time embedded

implementation and experimental validation in a planar 3-DOF
laboratory facility.
More precisely, at the fundamental level, the proposed stereovision

approach is similar to other CNNs [29,30] developed in the context of
stereo disparity mapping in which grayscale stereo images are com-
bined, yet herein applied to solve the relative pose determination
problem. Overlaying the left and right images to create a single two-
channel image allows for the disparity between both images to be
considered into the architecture design of the network without any
additional work, thereby increasing the inference speed. This feature
is, to the best of the authors’ knowledge, a novel approach to stereo-
based pose determination. Furthermore, compared to some of the
current state-of-the-art CNN-based pose determination architectures
[18,21] that feed bounding box information into separate layers to
resolve the relative pose, the network developed in this paper lever-
ages amulti-output approach for the relative pose and target detection
confidence score to output all the values using a single network in a
single step. Finally, no real-time laboratory experimental work has
been reported in the literature in the area of CNN-based spacecraft
relative pose determination, which further contributes to the rel-
evance of this work.

II. Network Architecture

This section presents the design and architecture of a novelCNN to
determine the relative planar pose (x, y, ψ) of a chaser platform with
respect to an uncooperative target platform. This network was devel-
oped using Python using Tensorflow 2.0.
The novel deep learning architecture used to determine the relative

pose is developed to be computationally efficient so that it can be
deployed in real-time applications and executed on an embedded
hardware platform. The authors’ earlier attempts at designing a net-
work using transfer learning to leverage pretrained network weights
proved to be unsuccessful [31]. Indeed, pretrained networks are not
transferable efficiently to stereo images since they need to be dupli-
cated to consider stereo images. As such, a custom architecture was
created. Drawing inspiration from some of themost influential CNNs
in computer vision, the proposed network consists of four major
subsections that contribute to the overall performance of the pose
determination system. As detailed in Table 1 and illustrated in Fig. 1,
the first main section is the image capture and preprocessing step, the
second is the multifilter input layer, followed by the main convolu-
tional layers, and the final layers are the fully connected output layers.
Compared to state-of-the-art spacecraft relative pose determination
CNNs [18,21], this approach is original as it uses and stacks two
grayscale stereo images as the first input layer into the network and
processes them through the multifilter input layer via three varying-
sized filters (1 × 1, 3 × 3, and 5 × 5 kernels) that operate on the
stacked input image to produce a single concatenated tensor. In
addition, the proposed deep-learning-based method leverages a
multi-output approach where a single network produces the relative
planar pose (x, y, ψ), as well as the target detection confidence score.
In comparison, the most recent work of Sharma and D’Amico [21]
leveraged a regional proposal network that outputted bounding box
information, which was then fed into separate layers to resolve the
relative pose. In the remainder of this section, the four main sections
of the network are detailed.

A. Image Capture and Processing

The image capture layer has a great impact on the overall size and
speed of the network. Indeed, the larger the input, the more the
memory required to process the network, thereby reducing the com-
putational efficiency. The initial preprocessing stage took inspiration
from existing non-machine-learning approaches when processing a
stereo image. Specifically, in traditional stereovision techniques, the
kernel applied to the left image is simultaneously applied to the right
image to generate a disparity map and infer depth information. Since
CNNs apply their kernels to the multichannel inputs in a similar
fashion, the stereo images were first downsized and converted to
grayscale and were then overlaid to create a single two-channel
image. This allowed for the disparity between both input images to
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be considered into the architecturewithout any additional work. This,
to the best of the authors’ knowledge, is a novel feature of stereo-
based CNNs relative pose determination. Furthermore, the conver-
sion to grayscale instead of considering three-channel color images
allowed for a faster and relatively smaller network. The image color
conversion and downsizing were done in OpenCV using the imread
and resize functions, respectively. To determine the most appropriate
input image pixel (px) dimensions, the network was evaluated
using three different sizes: 320 px × 320 px, 448 px × 448 px, and
576 px × 576 px. However, in this paper, only the results from the
smaller, yet faster, network are included for conciseness.

B. Multikernel Layer

The first convolution layer in the CNN consists of three separate
convolution operations that are concatenated together into a single

tensor, similar to that used by the Google Inception network [32].

Such a multikernel approach is known to improve the performance

when compared to a single filter of equal size. The objective of this

layer is to extract additional spatial information from the raw image

early on. This contributes to reducing the overall network size. These

filter sizes are 1 × 1 × 32, 3 × 3 × 32, and 5 × 5 × 32, with the strides
and padding set such that the output image size is equal to the input

image dimensions. Stacking the output of the filters produces a single

tensor of size A × A × 96, where A is the input image size.

C. Convolutional Layers

After the multikernel layer, the main computations of the CNN are

performed. These layers are inspired by the You-Look-Only-Once

(YOLO) architecture [33], consisting of 10 convolutional layers with

increasing and decreasing filter sizes and a leaky rectified linear unit

Table 1 Convolutional network architecture, where a convolutional layer (conv layer) consists of a
series of convolutional filters and a leaky ReLU activation layer

Layer Layer details

1 Input layer 2 channel left and right image grayscale
2 1 × 1 × 32 conv layer 3 × 3 × 32 conv layer 5 × 5 × 32 conv layer

3 Concatenate previous layers to create a single tensor
4 3 × 3 × 128 conv layer

5 Max pooling 2 × 2

6 3 × 3 × 256 conv layer

7 1 × 1 × 128 conv layer

8 3 × 3 × 256 conv layer

9 Max pooling 2 × 2

10 3 × 3 × 512 conv layer

11 1 × 1 × 256 conv layer

12 3 × 3 × 512 conv layer

13 Max pooling 2 × 2

14 3 × 3 × 1024 conv layer

15 Max pooling 2 × 2

16 3 × 3 × 1024 conv layer

17 Max pooling 2 × 2

18 3 × 3 × 512 conv layer

19 Average pooling 2 × 2

20 Flatten
21 Fully connected layer

(128 nodes)
Fully connected layer

(128 nodes)
Fully connected layer

(256 nodes)
Fully connected layer

(32 nodes)
22 x (linear) y (linear) ψ (softmax) Target detection confidence

(sigmoid)

All fully connected layers use the ELU activation function.

Fig. 1 Visual representation of theCNNarchitecture. Blue boxes are convolutional layerswith leakyReLUactivations, and tan boxes are pooling layers.
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(ReLU) activation function after each layer. Leaky ReLU, which is a
type of activation function based on ReLU but with a small slope for
negative input values (instead of a flat slope), is given by

fx � αx x < 0

x x ≥ 0
(1)

where fx, α, and x denote the activation function, slope, and input of
the activation function, respectively. Leaky ReLU activation func-
tions were used to specifically reduce to the well-known vanishing
gradient problem [33]. One of the most important considerations for
the main convolutional layer section of the network is to reduce the
number of connections to the subsequent fully connected multi-
output layer. The fully connected layers are memory-intensive due
to every node having to be directly connected to the input layer. This
final layer of the convolutional layer section ultimately controls the
overall network size and provides a balance between keeping enough
information while reducing the overall memory size. Thus, control-
ling the total number of outputs from the convolutional layer section
proved to be very important to limit the size of the network. For
example, changing the last layer of this section from 512 to 1024
filters increases the number of parameters to train by 28.6% from
29,101,795 to 40,784,099 for the smallest 320 × 320 model.

D. Fully Connected Multi-Output Layer

The final section of the CNN contains four separate, fully con-
nected output layers. Three of these calculate the relative planar pose,
while the fourth layer produces a target detection confidence score,
which quantifies whether or not the target spacecraft is detected
within the field of view of the stereo camera. This approach contrib-
utes to decoupling each component of the outputs so that if tuning or
additional training needs to be done, it could be done selectively on
one layer while holding the other layers constant. This is useful when
training the confidence score since it requires passing images of the
target as well as images where there is no target in the field of view. In
the latter case, the values produced from the relative pose layers are
nonsensical, and allowing backpropagation on those values would
cause the network to diverge. To get around this issue, the target
detection confidence score is thus trained separately from the other
three layers.
The relative position components, x and y, are obtained from two

successive layers. The first layer consists of 128 nodes with an
exponential linear unit (ELU) activation function described by

fx � ex − 1 x < 0

x x ≥ 0
(2)

These nonlinear activation layers allow for time-varying derivatives,
thereby allowing the network to train properly. This layer is con-
nected to a second single node that uses a linear activation function.
The resulting output of this single node layer is desired to be linear
since the relative x and y components are unbounded, while the
objective is to resolve positions not seen in training.
Similarly, the relative orientation component ψ is determined from

two consecutive layers. The first layer consists of 256 nodes with
ELU activation functions that are connected to a second layer that
comprises 128 discretized outputs calculated through softmax acti-
vation functions given by

f�x�i �
exi
n
j�1 e

xj
(3)

which outputs the probability of the relative orientation, with a reso-
lution of 2π∕128 rad. While increasing the number of outputs would
improve the relative orientation determination performance, the num-
ber of nodes in the previous layer would also need to be increased.
Finally, the last output of the CNN is the target detection confidence

score obtained through two layers again. The primary objective of this
layer is to determine when the outputs from the other layers can be
consideredvalid and therefore usable by themainguidance and control

loop. The first layer consists of 32 nodes with an ELU activation
function and a single node with a sigmoid activation function:

fx �
1

1� e−x
(4)

The sigmoid activation function outputs a bounded value between 0
and 1, allowing for the calculation of a binary confidence score, with 1
indicating that the target iswithin the field of viewof the stereo camera.
Overall, the developed architecture is different from the current

trend in CNNs, e.g., YOLO [33], in which multiple objects can be
tracked and identified based on the training data. The ability to
simultaneously track and localize multiple objects was not deemed
essential for this particular application. Creating a smaller and more
efficient network for the specific task of planar pose determination
allowed the architecture to leverage fully connected layers in this
way. This reduced both the training complexity and network size.

III. Testbed and Data Collection

This section first provides an overview of the experimental facility
used to generate and collect experimental data. Then, the data col-
lection approach and methodology to gather training and testing data
for the developed convolutional network are described.

A. Testbed

The data collection campaign was conducted at the Spacecraft
Robotics and Control Laboratory of Carleton University, using the
Spacecraft Proximity Operations Testbed (SPOT) facility. This free-
floating testbed, pictured in Fig. 2, is used by researchers to investigate
robotics, control, path planning, and computer vision technologies
enabling spacecraft proximity operation tasks, such as inspection
maneuvers, rendezvous and docking, and robotic capture of a spinning
target. SPOT consists of three air-bearing spacecraft platforms operat-
ing in close proximity on a 2:4 × 3:5 m granite surface. The use of air
bearings on the platforms reduces the friction to a negligible level. All
platforms have dimensions of 0:3 m × 0:3 m × 0:3 m and are actu-
ated by expelling compressed air at 550 kPa (80 psi) through eight
miniature air nozzles distributed around each platform, thereby pro-
viding full planar control authority. Each thruster generates approx-
imately 0.25 N of thrust and is controlled at a frequency of 10 Hz. The
guidance and control functions of each platform are autocoded from
MATLAB/Simulink and executed on the Raspberry Pi3 in charge of
issuing commands to actuate the thrusters.
During experiments, ground-truth knowledge of the platforms’

position and attitude on the granite surface is obtained through a
10-camera PhaseSpace™ motion capture system. The motion-
capture infrared cameras track the position of active LEDs positioned
at the four corners of each platform. Using these data, the planar
position and orientation of all platforms are calculated and sent to the
ground computer for postprocessing data analysis purposes. The
cameras can update the position of all spacecraft at a user-defineable
frequency, up to 960 Hz, with a standard deviation less than 0.1 mm.

Fig. 2 Carleton University’s Spacecraft Proximity Operations Testbed
(SPOT).
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This information is also relayed to the platforms’ onboard Raspberry
Pi3 computer to be used by the main GNC algorithms whenever a
particular experiment does not involve real-time computer vision
techniques and sensors.
To enable more demanding tasks such as real-time deep-learning-

based pose determination, the chaser platform is further equipped
with an NVIDIA Jetson TX2–embedded computer. This 15 Wmod-
ule consists of a 256-core NVIDIA Pascal graphical processing unit
(GPU), a Dual-Core NVIDIA Denver 64-bit computing processing
unit (CPU), aQuad-CoreARMCortexA57MPCore processor, 8GB
of LPDDR4 memory, and 32 GB of internal storage. This computer
dedicated to computer vision and machine learning processes is
interfaced with a ZED stereo camera by StereoLabs™, which is
capable of capturing up to 2K video at 15 frames per second. How-
ever, for this work, the resolution was set to 720p and the capture rate
mode at 30–60 fps. The outputs of the CNN are returned to the
Raspberry Pi-3 that executes themain guidance and control functions
for motion planning and tracking, respectively.

B. Data Collection

Data collection is arguably themost important part of the proposed
machine learning approach. Indeed, a CNN model performance is
only as good as the data given to it. Since there are no pre-existing
spacecraft stereo imagery datasets, a custom dataset had to be created
specifically for this research. Leveraging the PhaseSpace motion
capture camera system’s ability to record positioning of the platforms
with sub-millimeter accuracy and the ZED stereo camera, several

thousands of images along with positioning ground-truth data were

recorded. Of these, some were used for the training and validation of
the proposed deep learning architecture, while an additional test
dataset was used exclusively to test the model’s generalization.
Synchronizing this motion capture positional data with the camera

images allows for an accurate data set to be used during training.
More specifically, recording this ground truth data while the target
platform performs translational and rotational maneuvers in front of

the chaser platform allows for the relative pose data and the respective
camera image to be collected and used as training data for the

CNN model.
To ensure that the camera data being recorded has the target plat-

form within the field of view of the stereo camera system, both
platforms were randomly moved around on the table while ensuring

adequate coverage of the workspace with different relative orienta-
tions and positions. If there was no target spacecraft in the frame, the

datawere labeled asNULLdata. TheseNULLdatawere considered in
training to handle situations where the target platform is not in the
camera frame, as shown in Fig. 3. To help with the network robustness

of the training and to add variations to the dataset, the chaser plat-
form had its robotic arm installed and visible in the camera frame in

both a deployed and stowed positions, as illustrated in Figs. 4
and 5. All these variations were collected in the attempt to create a

more generalizable model that is less prone to failure in any future
experiments, whenever the developed CNN-based pose determina-
tion system is used in combination with the three-link robotic arm.

Throughout all the data collection, a total of 151,101 frames were

Fig. 3 Example NULL data.

Fig. 4 Example stereo camera imagery with robotic arm extended partially occluding the frame.

Fig. 5 Example stereo camera imagery with robotic arm retracted.
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recorded. Any data that were acquired and were known to be invalid
were discarded and are not included in this total. However, due to the
large scale of this dataset, there is a possibility of inaccurate data
being nonetheless included. That being said, the vast majority of
images and positional data is accurate and outweighs any negatives
that may arise from some outliers.
Of the 151,101 frames recorded, a total of 132,663 were used for

training data, with 86,143 specifically being used for the relative pose
training and validation since they contained the target spacecraft in
the frame. The remaining 46,520 were used as NULL data for the

spacecraft detection output. The abundance of NULL data was
collected to ensure that an adequate amount of NULL data was
present for early design ideas as well as for future designs that may
benefit from NULL data.
The graphs of the training/validation and test data provided in

Figs. 6 and 7, respectively, show that they both have very similar
coverage of the test area. This is due to the limited size of the floating
granite surface, and so the test data, although unique, will appear
similar to the training data. This is also seen in the x position where
there is more space on the table where both platforms can be within

Fig. 6 Breakdown of data for training and validation. Fig. 7 Breakdown of data for testing.
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0.5–1.5 m compared to distances greater than 3.0 m. Likewise, along
the y direction, the table constraints cause more positions to be
centered on each other than apart. The other area to note is that in
both datasets there is a spike of orientation data around 1.5 rad. This
was unintentional but was from the method of gathering data, pre-
sumably from the starting orientation more often than not being at
that orientation, causing a spike relative to all other orientations.

IV. Training

Training of the CNN was spread across two servers provided by
Carleton’s Research Computing and Development Cloud services.
The first server has a 32-core processor with 32 GB of RAM, while
the second provides an additional NVIDIA V100 16 GB GPU.
Although both servers were used, the majority of the training was
done on the GPU server. The first stage trained the three relative pose
outputs while holding the fully connected layer outputs of the target
detection confidence layers constant. In the second stage, the inverse
is applied, and only the target detection confidence layers are trained
while everything else in the network is held constant. This allowed for
two major benefits: first, the network could be independently trained
on two separate datasets, one containing only information with the
target spacecraft in frame and the second containing images of both
the target spacecraft and without the target spacecraft; second, it
allows for the first stage to train the upper layers based on the relative
pose estimation requirements and forces the target detection confi-
dence layers to learn when the target is in frame based on the outputs
from those trained layers.
Trainingwas donewith dropout layers in between each layer of the

fully connected layers operating at a 40% dropout rate. The images
were trained in mini batches of 8–16 (due to memory constraints),
and the trainingwas allowed to run until the validation error no longer
improved after two iterations. The images were subjected to image
augmentation, where only the brightness of the imageswas randomly
adjusted by a maximum of 25% of their original values. This allowed
for different training epochs to achieve slightly different images and
improve robustness in the scene with regards to ambient lighting.
Tomeasure howwell the CNNmodels the training data, regression

and classification loss functions were used. Specifically, the mean
absolute error (MAE) loss function was adopted for the relative x and
y positions, as follows:

MAEx �
1

n

n

i�1

jxi − x̂ij (5)

MAEy �
1

n

n

i�1

jyi − ŷij (6)

where x and y denote the ground truth relative position of the target
platform with respect to the chaser platform, calculated based on the
PhaseSpace motion capture system, and where x̂ and ŷ denote the
determined relative position.
For the relative orientation ψ , the cross entropy (CE) loss function

was selected, whereas the binary cross entropy (BCE) loss function
was used for the target detection confidence score S, as follows:

CEψ � −
128

i�1

ψ i log ψ̂ i (7)

BCES � − S log Ŝ� �1 − S� log�1 − Ŝ� (8)

The learning rate was set to 5E−5 and the total loss was the
summation of the relevant output layer losses. Training was done
as an 80–20 training–validation split with a final additional test
dataset to further validate the model. The total number of images
used in relative pose training and validation were 68,914 and 17,229,
respectively. Adaptive Moment Estimation (ADAM) [34] was
selected as the training optimizer as it is known to overcome local
minima easier than the widely used stochastic gradient decent
approach. The parameters used for ADAM were a learning rate of

0.001, β1 � 0:9, β2 � 0:999, and ϵ � 0:1. A dropout rate of 30%
was used as well to improve the connections between the layers.

V. Experimental Validations

To evaluate the pose determination performance, the CNN is
implemented on the SPOT located at Carleton University’s Space-
craft Robotics and Control Laboratory. Several maneuvers aimed at
generating relative motion between a chaser platform equipped with
the stereo camera system and a target platform were performed.
These maneuvers were executed on the testbed’s 3-DOF planar sur-
face. During the experiments, the relative pose was simultaneously
determined in real-time by the proposed deep-learning-based vision
system and independently measured by a high-accuracy PhaseSpace
motion capture system. Asmentioned earlier, while all three network
sizes were validated, only the results from the smallest network, i.e.,
the 320 px × 320 pxmodel, which was found to be most appropriate
for real-time applications, are reported in this paper.
Avideo that illustrates the CNN-determined pose against real-time

footage during some of the experiments can be found here. Specifi-
cally, the 3-DOF-determined pose is depicted as a green overlay on
top of the real-time footage captured by one of the stereo cameras,
similar towhat shown in Fig. 8. Note that this overlay is onlymeant to
provide a qualitative assessment of how close the determined relative
pose is to the actual one, as opposed to qualitatively determining the
accuracy of the CNN.
For each experiment scenario, the target platform followed a

predefined trajectory over a duration of 120 s, while the chaser
remained stationary for all but the final experiment. In total, eight
different scenarios were validated, three of which are presented here.
The others can be found in Ref. [31].

A. Experiment 1: Translation Along y

For this experiment, a translationalmaneuver along the y axis over a
range of 1.5 m was performed while maintaining the x position and
attitude constant. Note that the y axis, based on the lab configuration
and relative initial states of both platforms on the table, corresponds to
the axis perpendicular to the boresight axis of the camera. The results
are reported in Fig. 9, which shows an average error between the
CNN and the PhaseSpace ground truth system of 0:88 � 0:60 cm,
3:90 � 2:05 cm, and 2:84 � 1:23 deg, along the x and y axes and
about the ψ axis, respectively. For this experiment, the average infer-
ence speed was found to be 0.48 s.

B. Experiment 2: Translation Along x and Rotation ψ

For this experiment, a translational maneuver along the x axis over
a range of 1.5 m while simultaneously rotating about the z axis over
four complete rotations was performed. During this maneuver, the y
position of the target platform was maintained constant. The x axis
corresponds to the axis parallel to the boresight axis of the camera. The
results are on the same order of magnitude as those of the first experi-
ment and are reported in Fig. 10. Specifically, the resulting average

Fig. 8 Image from camera footage with visual overlay.
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https://youtu.be/_wQKHzVfRlE


Fig. 9 Experiment 1 results: translation along y.

Fig. 10 Experiment 2 results: translation along x and rotation ψ.
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pose determination errors are 1:83 � 1:31 cm, 2:12 � 1:17 cm,
and 2:23 � 1:61 deg, along the x and y axes and about the ψ axis,
respectively. For this experiment, the average inference speed was
found to be 0.49 s, which is almost identical to the one obtained from
the first experiment.

C. Experiment 3: Translation Along x and y and Rotation ψ with
Chaser in Motion

The pose determination errors associated with this particular
experiment are the largest among all eight experiments and across
all three input image sizes considered in this validation campaign
(i.e., a total of 24 experimental runs). This is due to the highest
complexity of the scenario considered, where both platforms were
undergoing 3-DOF motion at relative high speed. The results are
reported in Fig. 11, and the average pose determination errors are
1:69 � 1:32 cm, 4:56 � 1:81 cm, and 2:01 � 5:691 deg, along the
x and y axes and about the ψ axis, respectively. For this experiment,
the average inference speed was found to be 0.48 s, which is repre-
sentative of the other experiments.

D. Discussion

The performance of the developed CNN architecture shows its
ability to yield comparable and improved results in some cases to that
of the spacecraft relative pose approach by Sharma et al. [18] and
Sharma and D’Amico [21]. In their work, the authors’ system pro-
duced an average error on the order of 3 cm along the x and y axes and
5 deg about ψ . In comparison, the smaller network whose results are
provided in this section results in an average error of 1.8 cm, 3.2 cm,
and 1.23 deg along x, y, and about ψ , respectively. This demonstrates
that the new stereo CNN architecture compares favorably against the
current state-of-the-art relative spacecraft pose estimation network
model. It is important to note, however, that this comparison is only
meant to provide a qualitative perspective to the results presented in

this paper. Indeed, the test and laboratory facilities as well as input
data considered are quite different.
The experimental validation campaign also highlighted some

limitations of the proposed deep learning architecture. For example,
during parts of the third experiment reported in this paper, the attitude
and position of both platforms were such that the stereovision camera
could notmaintain the entirety of the target in the sensor field of view.
In turn, a noticeable instantaneous decrease in pose determination
accuracy could be observed whenever the target platform reached
the extremes of the field of view, even if a relatively high target
detection confidence score (>0:8) was calculated by the network.
The reason for this is attributed to the fact that the training data
consisted primarily of images of the target platform being centered in
frame. In addition, due to the ambiguity between−π and π, the relative
orientation ψ graph for the first experiment reported larger differences
than what is the actual error. This is a limitation of the proposed
pose determination method, which does not prevent discontinuities
between two subsequent determined data points. One solution would
be to use a Kalman filter in the pose estimation architecture to not
only further improve the determination performance, but also prevent
any discontinuities in the relative pose solution.

VI. Conclusions

This paper presents the development of a novel real-time space-
craft relative pose determination architecture that relies on stereo-
vision. Some key features of this CNN-based system are that it does
not need aCADmodel of the target object, it stacks both right and left
images as the first layer of the network, and it directly outputs the
relative pose as well as the target detection score from input images in
a single stepwithout any intermediate functions such as segmentation
and corners and edges detection. This results in a computationally
efficient pose determination architecture that can be implemented
on embedded spacecraft computing hardware, thereby enabling

Fig. 11 Experiment 3 results: translation along x and y, and rotation ψ with chaser in motion.
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real-time operations. Although limited to 3-DOF, the laboratory
experiments demonstrate that the proposed deep-learning-based
stereo pose determination approach resulted in pose errors that
compared favorably to current state-of-the-art spacecraft pose deter-
mination CNNs.
As future work, expanding the neural network to operate in a 6-

DOF environment will be considered. Furthermore, additional
research efforts will focus on exploring various ways to reduce the
volume of training data while simultaneously improving the gener-
alization of the network to target objects not encountered during
training.
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