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Abstract

Understanding the orientation or pose of a satellite is critical for space domain awareness. Recent advancements in direct pose
estimation using convolutional neural networks (CNNs) have motivated us to examine a data-driven, end-to-end solution for
estimating satellite pose. In this work, we use a CNN to directly estimate the pointing angle of a resolved LEO object. To improve the
generalization of this task to varying objects, we perform classification as an auxiliary task for regularization. Both supervised and
self-supervised learning methods are explored. We show on a large synthetic dataset, that multi-task self-supervision can improve the
primary task of pointing angle estimation and improves generalization to held-out objects.

1. INTRODUCTION

For space domain awareness, it is critical to know the pose, i.e. position and attitude (orientation), of satellites and other
space objects. It is attractive to perform pose estimation using monocular vision-based systems since these function over
a wide range of distances. Traditional computer vision methods for pose estimation [1} 2] construct mappings between
an object image and either a 3D model or a database of 2D images or features. They rely on hand-crafted features that
are not robust to image variations or across different objects. Deep learning-based methods [3H5]] use neural networks
that are trained to take an input image and either directly output the pose or output intermediate features that are used to
regress the pose. These methods are more robust to image variations, but it is unclear whether their learned feature
representations are generalizable.

Of the deep learning methods, those using convolutional neural networks (CNNs) are particularly attractive. CNNs
are neural networks constructed using convolutional masks inspired by the human visual cortex. CNNs are robust to a
wide range of degradations common in astronomical imagery, such as low resolution, low signal to noise ratio (SNR),
harsh illumination, and atmospheric turbulence. However, training of CNNs requires a large number of labeled images
to prevent overfitting and increase generalization. Generalizability refers to the performance difference of a model
when evaluated on previously seen data (training data) versus new data (test data). Since large, high-quality datasets of
satellites are difficult to obtain, other forms of regularization are required to prevent overfitting.

A common regularization method is to augment the training data with transforms of the images, including translation,
rotation, flipping, blurring, brightness and contrast, and affine transforms. Augmentation increases the effective size
of the training data, which reduces overfitting, and increases robustness to image variations. Another regularization
method is introduce auxiliary tasks to the deep learning task, where the sole objective of the auxiliary tasks is to improve
the performance of one or more primary tasks. This contrasts with multi-task learning where all the tasks are useful.
The motivation is that the auxiliary tasks will lead to more robust and meaningful representations of image in the shared
neural network layers by preventing trivial representations.

This paper studies the use of an auxiliary classification task to regularize the primary task of orientation estimation of
Low Earth Orbit (LEO) satellites from ground-based imaging. Both supervised learning, where the classification is
known, and self-supervised learning, where the classification is unknown, are studied. We used synthetic images of six
different satellites with unique poses, generated as they would appear viewed in the absense of atmosphere.

The key contributions of this paper are:

1. Multi-task learning with an auxiliary classification task improves the primary task of orientation estimation from
single-frame satellite images and improves generalization to new data.

DISTRIBUTION A. Approved for public release: distribution is unlimited.
Public Affairs release approval #AFRL-2021-2922

Copyright © 2021 Advanced Maui Optical and Space Surveillance Technologies Conference (AMOS) — www.amostech.com



2. Class labels learned using semi-supervised learning can be used for the classification task when the actual classes
are unknown and similarly increases performance.

3. Aloss using the geodesic distance results in lower mean orientation estimation error than using the mean-squared
error (MSE) for the 6D orientation representation in [6]].

2. RELATED WORK

Satellite pose estimation. Classical satellite pose estimation [[7H9] would use extracted features from a 2D image
to iteratively find the best pose solution that minimizes some error criterion in the presence of outliers. Recent
advancements in the design and training of deep neural networks have produced CNNss that either directly predict the
pose or produce intermediate features that can be used to compute the pose. For example for direct pose estimation,
PoseCNN [3] and the network in [[10] directly regress the pose, and SPN [11]] and the network in [12] classify the pose
into a finite number of bins. For 2D feature extraction, KPD [13]] and PVNet [14] have been used. These 2D keypoints
are then correlated with those on 3D models, and a Perspective-n-Point (PnP) solver is used to predict the pose [15].

Auxiliary Task Learning. Multi-task learning with auxiliary tasks can be performed with shared hidden layers and
task-specific output layers [[16]], which has been shown to reduce overfitting [[17]. Each task can also have its own
hidden layers, and regularization is used to encourage similarity among parameters [[18||19]]. Recent works have focused
on how related the auxiliary tasks need to be to the primary tasks and how the loss function should be weighted between
primary and auxiliary tasks [20-22].

Self-Supervision. In self-supervised learning, the annotation of the data is automated. Example annotation methods
include: image reconstruction through colorization [23]], super-resolution [24]], and in-painting [25]]; pattern sensing
through solving jigsaw puzzle [26], context prediction [27]], and geometric transformations [28]; and automated label
generation by using a procedural synthetic image generator or through clustering [29-31]].

3. METHODS

3.1 Rigid-Body Orientation Estimation

The problem of 6D pose estimation involves finding the 3D translation and 3D rotation that transforms from the object
coordinate system to the camera coordinate system. From the point-of-view of ground-based imaging, it can be assumed
the translation is known via two-line element (TLE) or state-vector, which is known ahead of time or can be recovered
from tracking the object. Therefore, in this work we focus only on estimating the rotation. Furthermore, we assume the
input is a single image.

We use a 6D orientation representation that consists of the first two columns of the rotation matrix. The authors in [6]]
found that this produces a continuous representation of the rotation in SO(3) that is beneficial for regression using
neural networks. For reconstruction of the rotation matrix from the 6D form, we follow [6] and use a Gram-Schmidt-like
process to produce an orthonormal matrix. Specifically, we reshape the 6D output to two 3D vectors, apply the modified
Gram-Schmidt algorithm [32] to produce the first two orthonormal columns of the rotation matrix, and find the last
column as the cross product of the first two.

For the loss function, the MSE between the 6D neural network output and the 6D form of the true orientation has been
used. We feel that this loss function is overly constrained since for accurate estimation of the orientation using our
reconstruction method, it is not necessary for the MSE to be minimal. An over constrained loss function can lead to
overfitting on the training data. This paper explored using the geodesic distance between the reconstructed rotation
matrix and the true rotation matrix as the loss function, defined as

Ty _
0 — cos! (trace(PzQ ) 1)’ 0

where 0 is the minimum angular difference between the two rotations, P is the true rotation matrix, Q is the reconstructed
rotation matrix, and (-)T is the matrix transpose. The geodesic error is also our performance metric, since it is
independent of the orientation representation and most accuractely characterizes the angular error in estimating the
orientation. For training, we used the geodesic error in radians, though performance results are reported in degrees.
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Fig. 1: Test performance of different loss functions for orientation estimation. Angular error using geodesic distance as
loss converges slower than using MSE but achieves lower value. With the MSE loss, an increase in test error around
epoch 40 shows that the model is overfitting.

We ran a short experiment to test the feasibility of the two candidate loss functions. The network was trained on the
orientation estimation task for 52 epochs. In the first two epochs, the orientation layers were trained using MSE loss in
both cases. The remaining 50 epochs trained the whole network using either MSE or geodesic distance as the loss. The
AdamW optimizer [33] was used with a learning rate of 10~*, a momentum of 0.9, and a weight decay of 10~2. For
evaluation of the performance, we calculated the geodesic error between estimated and true orientations on the test set
of held-out images. The training results are shown in Fig. [T} The initial test performance is better with the MSE loss but
overfitting starts occuring after 40 epochs, which can be seen by an increase in the angular error. The geodesic distance
loss showed no overfitting and reached a lower error.

For the neural network architecture, we adapted a state-of-the-art CNN for image classification called Xception [34]]
that was trained on ImageNet. After the global average pooling layer in Xception, the linear regression layer used
for classification was replaced by two sets of fully connected layer, batch normalization layer, and ReLLU activation,
followed by a final fully connected layer with 6 neurons, corresponding to the 6D orientation representation. A similar
choice of pretrained network and additions was found by have good pose estimation performance in [[10].

3.2 Auxiliary Task Learning

The goal of multi-task learning is to find a common feature representation in the initial shared layers of the neural
network, while the individual tasks are completed using independent branches. This is akin to an encoder-decoder
architecture in which after a common encoder, there is a specialized decoder for each task. While each task favors the
learning of different features in the shared section, some features can be exploited by other tasks as well.

In auxiliary task learning, we separate the tasks into primary tasks and auxiliary tasks, which are of little to no interest.
Though not directly related to the primary tasks, auxiliary tasks assist in the learning of more robust and meaningful
representations in the shared layers. Auxiliary tasks should be easy to learn and uncorrelated with the primary tasks,
ideally a global description of the image. They are a form of regularization that restricts the optimization parameter
space by forcing the network to generalize to multiple tasks.

To complement the primary task of orientation estimation, we use classification of the satellite images as an auxiliary
task. This is a global task that should be easy for the base Xception network that was designed for ImageNet, which has
1000 classes rather than the six classes in our dataset. For the network architecture, rather than directly regressing the
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features after the global average pooling layer as in typical image classification CNNs, we instead use a similar set of
layers as for the orientation estimation task. The purpose of this is to reduce the regularization effect, since the two
tasks are highly uncorrelated. This is also beneficial for increasing robustness to mislabeled images, which can occur
with a self-supervised approach as discussed in the next section. After the final layer, a SoftMax layer is used to output
probabilities for each class. We used cross-entropy as the loss function during training and accuracy as the performance
metric. The total loss function for training was the unweighted sum of the orientation and classification losses.

3.3 Self-Supervised Classification

To increase the versability and viability of our auxiliary task learning method to data with missing or inaccurate labels,
we use a self-supervised approach for labeling the satellite classes. Typical self-supervised methods use a pretext
task to generate surrogate labels, turning an unsupervised learning problem into a supervised one, but these tasks
are domain-dependent. Instead, we use a generalizable deep clustering approach to self-supervision as in [29], in
which they iteratively cluster deep features from their CNN to produce pseudo-labels that are then used for supervised
classification.

We use a similar clustering method, using the deep features after the common network layers. Principle component
analysis (PCA) is applied to the features to reduce their dimensionality. K-means clustering of the ¢;-normalized PCA
components produces the pseudo-labels, which are then used for the auxiliary classification task. To minimize training
time, we chose to use 6 clusters to cover the 6 actual classes, though more clusters would tend to perform better as
though would capture inter-class correlations. The initial clusters are computed by performing a forward pass of the
unaugmented training data on the Xception network with pretrained ImageNet weights. For subsequent clustering, we
use augmented training data to save training time. We found that recomputing the clusters every 10 epochs was a good
tradeoff between increased training time versus regularization strength of the self-supervised auxiliary task.

4. EXPERIMENTS

For repeatability, all neural networks were trained using Python 3.7 and PyTorch 1.7 on NVidia Tesla V100 GPUs with
32 GB of VRAM. The operating system was Ubuntu Linux 18.

The data consisted of unique poses of six satellites rendered as if viewed without degradation from the Advanced
Electro-Optical System (AEOS) at the summit of Haleakala, with approximately 10,000 images per class. The training
images were augmented with a proprietary set of transforms. For testing, the images are unaugmented. The held-out
testing images accounts for 10% of the total data.

All experiments used a batch size of 128 and were trained for 202 epochs. The optimizer used was AdamW [33]] with
Lookahead [35] with a weight decay of 10~#. For the first two epochs, the MSE loss was used for the orientation
estimation with a learning rate of 10~ and momentum of 0.9. For the remaining epochs, the learning rate was set
according to a “lcycle” policy [36] that was found to have faster convergence and better generalization than other
learning schedules. Over the first 30% of the epochs, a cosine annealing strategy was used to vary the learning rate from
4 %107 to 1073 and the momentum from 0.85 to 0.95. For the remaining epochs, the learning rate was decreased
from 1073 to 10~ and the momentum from 0.95 to 0.85 with a cosine annealing strategy.

We tested combinations of the MSE and geodesic error loss functions with whether an auxiliary task was used. Based
on the results, we additionally tested a self-supervised auxiliary task with the geodesic distance loss. A summary of the
experimental results is shown in Table[I] Using the geodesic distance loss with supervised auxiliary learning results
in the lowest mean geodesic error, while using the MSE loss without an auxiliary task results in the lowest standard
deviation. The classification accuracy, where applicable, was high for all experiments.

4.1 Supervised Auxiliary Task Learning

Fig. [2 shows the test performance for orientation estimation for both single-task and multi-task supervised learning
with MSE and geodesic distance loss functions. For the single-task case, using the geodesic distance as the loss slightly
outperforms using the MSE. With the auxiliary classification task, the performance with the geodesic loss is improved
from the single-task case. The loss during training is also more stable with smaller and fewer spikes in error, showing
the regularizing effect of the auxiliary task. For the MSE loss with the auxiliary task, there is a gap in the error as early
as 10 epochs into the training process. This combination needs about 50 more epochs to achieve the same performance
as the other cases.
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Table 1: Performance of various combinations of orientation loss functions and auxiliary tasks. Bold in each column
indicates best value.

Geo. error, mean [deg.] Geo. error, std. dev. [deg.] Class. acc. [%]
Orient. loss  Aux. class. Training Test Training Test Training Test
MSE None 1.36 2.02 2.60 7.83 — —
MSE Supervised 2.29 291 4.28 8.51 99.99 99.92
Geodesic None 1.27 1.94 6.58 10.15 — —
Geodesic Supervised 1.19 1.80 5.82 9.46 99.99 99.90
Geodesic Self-supervised 1.32 1.89 6.26 8.89 99.32% 98.78*

*Classification accuracy reported for deep clusters from self-supervision rather than actual labels.

From Table[T] the generalization gap (difference between test and training error) is lower when the auxiliary task is used.
The table also shows that the standard deviation of the geodesic error is lowest for the MSE loss without an auxiliary
task followed by the MSE loss with such a task, while those with the geodesic distances losses are significantly greater.
Like with the mean error metric, with an auxiliary task the standard deviation of the error is increased with the MSE
loss and decreased with the geodesic distance loss. The generalization gap for the standard deviation of the geodesic
error is approximately lowest for the two geodesic distance loss cases, while the MSE loss without an auxiliary task has
the largest gap. These standard deviation results show that the MSE is better for minimizing the mean-squared geodesic
error, while using the geodesic distance as the loss minimizes the mean geodesic error. This suggests that if the target
performance metric is to minimize the mean-squared geodesic error, the loss function should be the mean-squared
geodesic distance or the root-mean-square geodesic distance.

The results show that the features learned for the classification task are incompatible with those necessary for orientation
estimation with our network architecture when using the MSE as the loss function for orientation estimation, leading
to a slower convergence rate and lower overall performance when the MSE loss is used for the auxiliary learning
case. On the other hand, the classification features are beneficial when the geodesic loss is used, producing better
generalization and better performance with auxiliary learning. The results suggest that there is a highly nonlinear
relationship between the features important for classification and those important for estimating the values of the 6D
orientation representation, which the linear regression layers are not able to find easily when using the MSE as the
loss. However, with the geodesic loss, the orientation branch is able to take advantage of the Gram-Schmidt-like
reconstruction method for the rotation matrix that reduces the nonlinearity between the two tasks. In effect, the neural
network is not doing the orthonormalizing of the orientation representation, so it has additional capacity which allows it
to more accurately estimate the orientation.

4.2 Self-Supverised Auxiliary Task Learning

Fig. 3] compares the performance using self-supervised classification for the auxiliary classification task to using
supervised classification for the auxiliary task and using no auxiliary task. The results show that self-supervision
increased performance versus the single-task case. The performance curve also has the fewest and smallest deviations,
showing that self-supversion has a stronger regularization effect than regular supervision. However, it achieved worse
performance than the supervised learning case, which suggests that mislabelings from the self-supervision process
have a significant detrimental effect on performance. This effect can likely be reduced by clustering on unaugmented
data, performing the deep clustering more frequently, using more clusters, or carrying out the clustering in a nonlinear
projection space.

Table [T shows that the self-supervised case has the smallest generalization gap for both the mean and the standard
deviation of the geodesic error. This suggests that the periodic clustering in our self-supervision method minimizes
overfitting in the neural network. The self-supervised case also has the lowest test geodesic error standard deviation of
the geodesic distance loss cases, again showing the generalizability of this method.
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Fig. 2: Test performance for networks trained with different loss functions. Geodesic loss outperforms MSE loss.
Auxiliary classification task helps performance with geodesic loss but worsens performance with MSE loss.
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Fig. 3: Test performance for networks trained with various auxiliary tasks and geodesic distance for the orientation loss.
Using an auxiliary task improves performance of the network. The improvement is greater with supervision versus
self-supervision, because there are no mislabelings that could be learned through the self-supervised process.
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5.  CONCLUSION

This paper showed that orientation estimation of satellites using a CNN is affected by the choice of loss function, the use
of an auxiliary classification task, and by whether the class labels are known or derived through self-supervision. We
found that using geodesic distance as the loss function decreases the mean geodesic error. Further research is needed to
find the best loss function for decreasing its standard deviation. We also observed that using an auxiliary classification
task reduced the generalization gap. The auxiliary task also improved performance with the geodesic distance loss.
Finally, we discovered that a self-supervised classification task improved performance, though not as much as with
supervised classification. The generalization gap was minimal with self-supervision.

For future work, we plan on increasing the number of satellite classes, exploring other loss functions for orientation
estimation, testing other auxiliary tasks such as image segmentation, adjusting the weight for the auxiliary task
dynamically with a learned weight, and incorporating real data.
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