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Abstract: Non-cooperative space object pose estimation is a key technique for spatial on-orbit
servicing, where pose estimation algorithms based on low-quality, low-power monocular sensors
provide a practical solution for spaceborne applications. The current pose estimation methods
for non-cooperative space objects using monocular vision generally consist of three stages: object
detection, landmark regression, and perspective-n-point (PnP) solver. However, there are drawbacks,
such as low detection efficiency and the need for prior knowledge. To solve the above problems, an
end-to-end non-cooperative space object pose estimation learning algorithm based on dual-channel
transformer is proposed, a feature extraction backbone network based on EfficientNet is established,
and two pose estimation subnetworks based on transformer are also established. A quaternion
SoftMax-like activation function is designed to improve the precision of orientation error estimating.
The method only uses RGB images, eliminating the need for a CAD model of the satellite, and
simplifying the detection process by using an end-to-end network to directly detect satellite pose
information. Experiments are carried out on the SPEED dataset provided by the European Space
Agency (ESA). The results show that the proposed algorithm can successfully predict the satellite pose
information and effectively decouple the spatial translation information and orientation information,
which significantly improves the recognition efficiency compared with other methods.

Keywords: non-cooperative space objects; pose estimation; monocular sensor; dual-channel transformer;
quaternion SoftMax-like activation function

1. Introduction

Non-cooperative space object pose estimation is an urgent problem to be solved in
the space field; it has very important application value in relative navigation, rendezvous
and docking, active debris removal (ADR) on-orbit servicing (OOS), etc. [1–6]. For the
special environment of on-orbit work, the pose estimation [7,8] algorithm based on a low-
quality, low-power monocular sensor provides a feasible scheme for space application,
and it has received extensive attention from scientific research institutions and researchers.
Some institutions [9–12] have carried out relevant studies and semi-physical simulation
experiments on the pose estimation of non-cooperative space objects by using monocular
vision cameras. Compared with monocular sensors, light detection and ranging (LIDAR)
and depth cameras have a smaller scope, larger size, and higher power consumption, and
they are more constrained by complex space environments. Therefore, the data obtained
using the monocular sensor are more consistent with the pose estimation of the non-
cooperative space objects. ESA and Stanford University held the Satellite Pose Estimation
Challenge competition in 2019 (SPEC2019), using a monocular sensor to photograph scale
models like the Tango satellite to create the Spacecraft Pose Estimation Dataset (SPEED) [13],
which was collected through semi-physical simulation experiments and the simulated space
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environment. The results indicate a new direction for non-cooperative space object pose
estimation based on monocular vision. The positional relationship between the sensor and
the satellite to be measured is shown in Figure 1.
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Considering the specific mission scenario, the task of pose determination poses theoret-
ical and technical challenges. It necessitates the discovery of optimal algorithmic solutions
and sensor architectures. For non-cooperative space object pose estimation, common mea-
surement methods include monocular sensors [14], binocular cameras [15], time-of-flight
(TOF) cameras [16], LIDAR [17] sensors, laser range sensors [18], etc. Different sensors
can be chosen based on the type of object, spatial environment, and satellite performance.
Due to varying data output from different sensors, different processing methods can be
employed. Considering factors such as on-board environment and cost, a low-power,
lightweight, and cost-effective monocular sensor is more suitable. Similarly, monocular
sensors are used in other pose estimation tasks, such as 2D hand pose estimation [19],
camera pose estimation [20], head pose estimation [21], etc.

Over the past few decades, vision-based non-cooperative space object pose estima-
tion has relied on manually designed features [2,22,23] that are described using feature
descriptors and detected using feature detectors. These features are then detected in a 2D
image, and their corresponding 3D counterparts are used to determine the relative attitude.
These features include keypoints, corners, edges, etc. However, feature-based methods
have defects in their generalization ability, robustness, and identification efficiency when
ranging from the complex spatial environment to tens of thousands of non-cooperative
space object species. With the rapid development of computing power and algorithms,
the use of deep learning technology to extract features from tremendous data has been
gradually applied to the field of non-cooperative space objects detection, and its powerful
feature extraction as well as generalization ability can effectively solve the disadvantages
of traditional methods.

Deep learning is widely used in satellite pose estimation [24,25], and it can be divided
into a direct method and an indirect method. The direct method of estimating satellite
pose information directly through the model has the advantages of simple process and fast
estimating speed. The indirect method, however, is to deduce satellite pose information
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through multi-process and multi-task means. It is widely used to promote estimating
precision and clarify processes. Its general processing flow [26] is as follows:

• Satellite localization network (SLN): Using object detection networks to train satellite
object detectors in order to achieve precise satellite localization results.

• Landmark regression network (LRN): Input the object detected by SLN into the
landmark regression network for training.

• Pose solver: The detected satellite landmarks are solved for satellite poses using
PnP solver.

The UniAdelaide team [26] used the MMDetection network for object detection, then
clipped out the object area and provided it to the HRNet [27] for landmark regression, and
finally used PnP solver to calculate the pose information about satellite. Reference [28] used
similar methods to detect satellite landmarks, whose processing was similar to the above
methods, and different deep learning models were used in satellite localization network
and landmark regression network. In reference [28], the transformer model was used,
but it was only used in traditional landmark regression tasks. This method indicates that
the model estimating process was divided into four steps, and the total processing stage
took 212.1 ms. The pose estimation of non-cooperative space objects based on key point
detection can detect their pose information with high accuracy, but there are problems such
as being very time-consuming, having a complicated detection process [26,28,29], etc. It
requires multiple steps and models to detect relevant information and requires obvious
key points of non-cooperative space objects; otherwise, it is difficult to measure the CAD
model and key points.

As end-to-end methods based on deep learning are widely used in industry, especially
in pose estimation tasks of six degrees of freedom, deep learning models [30–32] based
on convolutional neural networks are applied to pose estimation problems. However,
convolutional neural networks have a strong feature extraction ability [33,34], but their
remote modeling ability is poor, and only focusing on the feature pixels around the current
pixel has limitations. Since the use of the transformer model in speech recognition in
2017, it has received extensive attention from industry and academia, and the model has
achieved great success in timing information features such as natural language processing
and speech recognition. Its core component, a self-attention mechanism, has powerful
feature extraction and temporal correlation ability; that is, it highlights the advantages of
convolutional neural network and recurrent neural network. Subsequently, transformer
models led by vision transformer [35,36] and detection transformer (DETR) [37] have
achieved excellent results in the field of computer vision, especially in image recognition
and object detection. In reference [28], the transformer model is applied to satellite pose
estimation, but this work only uses the transformer model for satellite landmark regression,
whose function is consistent with the key point detection of the DETR model, and it fails
to directly output the satellite pose information through an end-to-end learning structure.
Combined with the advantages of the transformer model, this paper needs to explore an
end-to-end pose estimation method based on the transformer model.

Aiming to solve the problems of the complex detection process, prior knowledge, and
long detection time in existing non-cooperative space object pose estimation, this paper
explores the application of the transformer model in the pose estimation of non-cooperative
space objects and designs an efficient pose estimation algorithm of non-cooperative space
objects based on dual-channel transformer. In this method, the pose information of non-
cooperative space targets is directly output through end-to-end learning; that is, the image
taken by the monocular sensor is input into the model, and the model can directly output
the pose information of non-cooperative space targets without using the CAD model of the
object. The algorithm uses EfficientNet as the backbone network for feature extraction and
randomly selects two feature layers to input into the two pose estimation subnetworks of
translation transformer and orientation transformer. The dual-channel network is used to
learn translation information and orientation information, respectively, which effectively
avoids the interaction between the two kinds of information. According to the characteris-
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tics of orientation information, a quaternion SoftMax-like activation function is designed
to improve the accuracy of the satellite orientation information. Finally, experiments are
performed on SPEED provided by ESA. The experimental results show that the proposed
algorithm can successfully predict the satellite pose information, and the recognition effi-
ciency is significantly improved compared with other methods. The main contributions of
this paper are as follows:

• An end-to-end learning non-cooperative space object pose estimation network is
proposed to input the images taken with a monocular sensor into the model. The
model directly outputs the pose information of the non-cooperative space objects,
which can simplify the estimating process of pose information.

• A dual-channel transformer non-cooperative space object pose estimation network is
designed to innovatively apply transformer to the end-to-end learning satellite pose
estimation task. The dual-channel network design successfully decouples the spatial
translation information and orientation information of satellites.

• A new quaternion SoftMax-like activation function is designed to make the model
output according to the quaternion constraint so as to effectively improve the precision
of orientation prediction.

The paper is structured as follows: Section 2 presents our proposed dual-channel trans-
former model with a quaternion activation function. We provide a detailed description of
the model architecture, including the design of the dual-channel mechanism and the quater-
nion activation function. Section 3 focuses on the experimental setup and results analysis.
First, we analyze the data used in our experiments, including their characteristics and
sources. Then, we introduce the evaluation metrics employed to assess the performance of
the dual-channel transformer model. Finally, we present the results of the multiple ablation
experiments conducted. Furthermore, we compare the performance of our model with that
of other existing models. Section 4 focuses on drawing conclusions while summarizing the
innovations and beneficial effects of our work.

2. Dual-Channel Transformer Model

The dual-channel transformer model framework is shown in Figure 2. Given the
satellite image M ∈ RC×H×W , the batch size is entered as B. After the feature extraction
network EfficientNet, two feature layers, Pt and Pr, with different rate sizes are randomly
selected and assigned to the two regression subnetworks.

In order to convert activation maps into transformer-compatible inputs, we need

to convert P ∈ RB×C×H×W to
_
P ∈ RB×X×Y. A dimension editor is designed to use

1×1 convolution to flatten the activation maps according to the processing rules, and

P ∈ RB×C×H×W is processed into
_
P ∈ RB×Xt×Yt and

_
P ∈ RB×Xr×Yr , respectively. The

transformer comprises an encoder and a decoder, and its processing flow is

Zl = Decoder(Encoder(Zl−1)), (1)

where Zl is obtained after multiple-transformer processing, and then Zl is processed as
one-dimensional sequence feature S through the flattening layer. We then input S to the
fully connected layer to output the pose information. In the orientation regression network,
the quaternion SoftMax-like activation function is used.
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2.1. EfficientNet Backbone Network

The relevant feature extraction backbone network is comprehensively compared, and
finally the EfficientNet [38] is selected as the backbone network. The core structure is the
mobile inverted bottleneck convolution (MBConv) module, which introduces the attention
idea of squeeze-and-excitation network (SENet). MBConv first performs point-by-point
convolution to change the dimension and then performs deep convolution, while the SE
module performs point-by-point convolution to restore the original dimension after deep
convolution. The model has random depth, which reduces the training time of the model.
The EfficientNet structure is shown in Figure 3.
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Firstly, with the feature map with the input size of 224 × 224 × 3, using 32 convolu-
tional layers of 3 × 3 × 3 with a step size of 2 × 2, after normalization and Swish activation
function processing, 112 × 112 × 32 is obtained. After preliminary processing, the features
enter 16 different MBConv layers, and finally the size is 7 × 7 × 1280, and its specific
network parameter is shown in Table 1. In the dual-channel transformer architecture,
two feature layers are randomly selected and input to the translation transformer and the
orientation transformer two pose estimation subnetworks.



Remote Sens. 2023, 15, 5278 6 of 18

Table 1. Efficientnet-b0 network parameters.

Stage i Operator Resolution Channels Layers

1 Conv3 × 3, stride = 2 224 × 224 32 1
2 MBConv1, k3 × 3, stride = 1 112 × 112 16 1
3 MBConv6, k3 × 3, stride = 2 112 × 112 24 2
4 MBConv6, k5 × 5, stride = 2 56 × 56 40 2
5 MBConv6, k3 × 3, stride = 2 28 × 28 80 3
6 MBConv6, k5 × 5, stride = 1 14 × 14 112 3
7 MBConv6, k5 × 5, stride = 2 14 × 14 192 4
8 MBConv6, k3 × 3, stride = 1 7 × 7 320 1
9 Conv1 × 1 & Pooling & FC 7 × 7 1280 1

2.2. Transformer Model Architecture

As shown in Figure 4, the transformer consists of an encoder and decoder and con-
sists of several network blocks. It includes positional encoding (PE), self-attention (SA),
multi-head attention (MHA), feed-forward network (FFN), and residual connection and
layer normalization (LN) blocks (Add & Norm), in which SA is the basic block of MHA.
Transformer uses MHA to associate global features, FFN to improve model learning ability,
and Add & Norm to enhance model fitting ability.
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(1) PE: The main function of the positional encoding is to retain the spatial position
information between the input image blocks. The positional encoding of features is PE(pos,2i) = sin

(
pos/100002i/d

)
PE(pos,2i+1) = cos

(
pos/100002i/d

) , (2)

where PE is a two-dimensional matrix, the variable sin is placed in the even term
of the two-dimensional matrix, and the variable cos is placed in the odd term of the
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two-dimensional matrix. The variable sin and the variable cos are used to form the
two-dimensional matrix, and Zl−1 is encoded in positional.

(2) SA: Self-attention is a core component of transformer. It mimics the characteristics
of biological observation targets and extracts features of some key areas by focusing
attention through a mathematical mechanism. The advantages of the self-attention
mechanism lie in distance learning, improved local attention, and parallel computing.
As is shown in Figure 5a, the self-attention mechanism is mainly implemented using
scaled dot-product attention,

Attention(Q, K, V) = so f tmax(
QKT
√

d
)V, (3)

where Q, K, and V represent the query matrix, key matrix, and value matrix, respec-
tively, which are obtained through the multiplication of feature matrix and three
random weight matrices, and d is the dimension of the input feature.
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Figure 5. Structure of SA module (a) and MHA module (b).

(3) MHA: MHA is used to establish different projection information in multiple different
projection spaces. As is shown in Figure 5b, the input matrix is projected in different
ways, and the output matrix is spliced together. For each projection result, MHA
executes SA in parallel;

headi = Attention(QWQ
i , KWK

i , VWV
i ), (4)

where WQ
i , WK

i ∈ Rdmodel×dk , WV
i ∈ Rdmodel×dv , and dmodel represents the length of the

input feature. dk = dv = dmodel/h, and h indicates the number of heads. Concatenated
the projection calculation results of multiple heads,

MHA(Q, K, V) = Concat(head1, head2, · · · , headh)Wo, (5)

where WO ∈ Rhdv×dmodel . Multi-head can extract the features of different heads on
a more detailed level. When the total computation amount is the same as that of a
single head, the feature extraction effect is better.

(4) FFN: FFN maps features to the high-dimensional space and then to the low-dimensional
space. The purpose of mapping features to the high-dimensional space is to combine
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the features of various types, improve the resolution ability of the model, and remove
the features with low resolution through dimensionality reduction. The process is

FFN(x) = max(0, W1x + b1)W2 + b2, (6)

where W1 ∈ Rdmodel×4dmodel and W2 ∈ Rdmodel×4dmodel are the learnable weights, and
b1 ∈ R4dmodel and b2 ∈ R4dmodel are the learnable biases.

(5) Add & Norm: Add & Norm contains residual connection and LN blocks. The residual
connection can increase the processing capacity of the network depth and effectively
prevent the gradient vanishing and gradient explosion. LN increases the stability of
the data feature distribution and thus speeds up the convergence of the model. The
formula for that is

F(x) = LN(ml + ml−1), (7)

LN(xi) = α× xi − E(x)√
Var(x) + ε

+ β, (8)

where α and β are the learnable parameters and ε is to prevent calculation errors when
the variance is 0.

2.3. Quaternion SoftMax-like Activation Function

In order to improve the expression ability of the model, activation functions are often
added to the neurons, and the features are treated nonlinearly to improve the expression
richness of the model. However, in the SPEED dataset, the orientation quantity of the
satellite pose is represented by the quaternion, which makes the traditional activation
function unable to meet the characteristics of the label information. In order to predict
the model precision more effectively, a certain quaternion is no longer determined as
the maximum value, but a probability value is assigned to the quaternion of each output
classification, representing the possibility belonging to each category. In this way, the output
quaternion is converted to its sum of squares being 1, and the probability distribution of
the output value ranges from 0 to 1. Based on SoftMax activation function and batch
normalization [39], we design a quaternion SoftMax-like activation function which is
similar to the SoftMax function in form:

f (qi) =
exp(− 1

2 qi)√
3
∑

i=0
exp(−qi)

(i = 0, 1, 2, 3) (9)

where qi denotes the quaternion.
The advantage of this construction is that the output of the activation function lies

within (0, 1), the output range is limited, the optimization is stable, and it can be used as
the output layer. At the same time, the activation function is continuous, which makes it
smooth and easy to differentiate. In addition, the constructed quaternion SoftMax activation
function satisfies the following quaternion constraints:

3

∑
i=0

f 2(qi) = 1 (10)

2.4. Joint Pose Loss Function

A joint pose loss function [40] is used, which is composed of translation loss function
and orientation loss function, and then the learning parameter controls the balance of the
two loss functions. The translation loss function is

Lt =
∥∥tgt − test

∥∥
2, (11)
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where test and tgt are the estimated and true values of translation, respectively.
Orientation loss function:

Lq =
∥∥qgt − qest

∥∥
2, (12)

where qest and qgt are the quaternion representations of the estimated value of the orienta-
tion and the true value, respectively.

Joint pose loss function:

Lloss = Lt exp(−st) + st + Lq exp(−sq) + sq, (13)

where st and sq are learning parameters, which are used to adjust the specific weighting
coefficient of translation loss function and orientation loss function.

3. Experimental Results and Analysis

This section first introduces and analyzes the structure and evaluation index of SPEED,
and analyzes the characteristics of data label pose distribution. In terms of the experiment,
the influence of different numbers of codecs on the experimental effect is compared, the
optimal number of codecs is determined, and the details related to the inference speed
of the model are analyzed. Finally, the model performance is measured using the pose
estimation accuracy and inference speed.

3.1. SPEED Datasets Analysis

SPEED [13,41] has 12,000 synthetic images in its training dataset, 2998 synthetic
images in the test dataset, and 5 labeled real images. The image size of this dataset is
1920 × 1200 pixels. In this dataset, a few real images were captured through the semi-
physical simulation platform of the “Tango” satellite model, and the synthetic images were
rendered using OpenGL. The post-processing technique eliminates the relevant background
and randomly adds the Earth’s background to some of the images, which enriches the
information of the dataset and provides the reliability and robustness of the dataset. Due
to the large range of pose distribution, some satellites occupy fewer pixels in the imaging
process, which brings great challenges to pose estimation. The camera parameters used to
capture SPEED images are shown in Table 2. The camera parameters determine the internal
matrix of the camera, and the camera distortion is ignored here.

Table 2. Camera parameters.

Parameter Description Value

fx Horizontal focal length 17.6 mm
fy Vertical focal length 17.6 mm
nu Number of horizontal pixels 1920
nv Number of vertical pixels 1200
du Horizontal pixel length 5.86 × 10−3 mm
dv Vertical pixel length 5.86 × 10−3 mm

3.2. Evaluation Metrics

In view of the satellite attitude estimation results, relevant evaluation indexes are
provided by SPEC2019, in which the scoring standard of the orientation quantity is the
angle between the orientation vectors:

ER = 2arccos(
∣∣〈qest, qgt

〉∣∣), (14)

where qest and qgt are the quaternion representations of the estimated value of orientation
and the true value, respectively, and the scoring index of translation is the L2 norm of the
error between the estimated value and the true value.

ξT =
∥∥tgt − test

∥∥
2, (15)
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where test and tgt are estimated and true values of translation, respectively.
This is normalized to obtain ET ,

ET =
ξT∥∥tgt
∥∥

2
(16)

Finally, we denote the total score using ESAscore:

ESAscoRe =
1
N

N

∑
i=1

(ER + ET), (17)

where N denotes the number of images.

3.3. Experimental Analysis

The PyTorch deep learning framework and PyCharm (Python 3.8) within Anaconda 4.12.0
were used as the simulation platform. For hardware configuration, we utilized an i9-11900K
CPU operating at a frequency of 3.50 GHz with 64 GB of memory, accompanied by an
NVIDIA RTX3090 GPU with a memory capacity of 24 GB. We used the NVIDIA RTX3090 for
inference evaluation.

In this section, relevant experiments are carried out to analyze the influence of the number
of transformer components on the precision and speed of pose inference in the translation
transformer and orientation transformer subnetworks. The influence of different activation
functions as the output layer of orientation quantity on its precision is analyzed. Finally, the
advantages and disadvantages of this method are compared with other methods through
comparative experiments.

3.3.1. Impact of the Number of Transformer Components in the Model

In the dual-channel transformer non-cooperative space object pose estimation algorithm,
the transformer component is the core of the model, and due to the complexity of the trans-
former model, it brings challenges to model training and inference efficiency. This section
mainly analyzes the influence of the number of transformer components on the pose estimation
accuracy and inference speed, and selects combination A to complete relevant experiments.
For the dual-channel transformer model structure, the model can be built according to the
different number of transformer components, and N and M are used to represent the number
of transformer components in the translation transformer and orientation transformer.

A. Relationship between the number of transformer components and model
accuracy transformer

This section mainly analyzes the influence of the number of transformer components on
the model accuracy. In order to analyze the coupling relationship between the model accuracy
and the number of transformer components, different numbers of transformer components are
selected in the translation transformer and orientation transformer channels, whose ranges are
3 ≤N ≤ 9 and 3 ≤M ≤9. The experimental results are shown in Table 3, reflecting the pose
estimation accuracy ER and ET for different numbers of transformer components.

The results in Table 3 show that when N is constant, the mean values of ER are 1.5301,
1.5448, 1.5398, 1.5179, 1.5214, 1.5191, and 1.5440, respectively. When M is constant, the mean
values of ET are 0.0423, 0.0422, 0.0423, 0.0422, 0.0422, 0.0421, 0.0422, and 0.0420, respectively.
The accuracy range fluctuates, and the fluctuation range is very negligible, which verifies that
the dual-channel network design successfully decouples the spatial translation information and
orientation information of the satellite. There is very little interaction between the two channels.
When N is constant, the mean values of ET are 0.0439, 0.0430, 0.0423, 0.0418, 0.0416, 0.0413,
and 0.0415, respectively. When M is constant, the mean values of ER are 1.6556, 1.6071, 1.5424,
1.5311, 1.5112, 1.4583, and 1.4113, respectively, and the accuracy shows an upward trend.
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Table 3. Pose estimation accuracy for the different numbers of transformer components.

N = 3 N = 4 N = 5 N = 6 N = 7 N = 8 N = 9 Mean

M = 3
ET(m) 0.04377 0.04294 0.04239 0.04223 0.04165 0.04159 0.04176 0.04233

ER(deg) 1.66940 1.64043 1.67587 1.65353 1.64385 1.64079 1.66543 1.6556

M = 4
ET(m) 0.04288 0.04368 0.04249 0.04196 0.04140 0.04148 0.04150 0.04220

ER(deg) 1.61775 1.63859 1.59067 1.61680 1.60677 1.59865 1.58035 1.6071

M = 5
ET(m) 0.04430 0.04366 0.04199 0.04133 0.04194 0.04130 0.04146 0.04228

ER(deg) 1.54057 1.54870 1.56177 1.52849 1.54673 1.53628 1.53448 1.5424

M = 6
ET(m) 0.04419 0.04258 0.04241 0.04205 0.04133 0.04131 0.04141 0.04218

ER(deg) 1.53358 1.56409 1.53987 1.52393 1.50766 1.49927 1.54952 1.5311

M = 7
ET(m) 0.04402 0.04311 0.04271 0.04137 0.04119 0.04079 0.04177 0.04214

ER(deg) 1.49103 1.52963 1.49738 1.50509 1.48586 1.47877 1.59088 1.5112

M = 8
ET(m) 0.04435 0.04262 0.04225 0.04179 0.04169 0.04126 0.04145 0.04220

ER(deg) 1.47614 1.41732 1.48848 1.41565 1.48948 1.46815 1.45286 1.4583

M = 9
ET(m) 0.04368 0.04252 0.04211 0.04156 0.04185 0.04131 0.04118 0.04203

ER(deg) 1.38198 1.47518 1.42426 1.38159 1.36928 1.41179 1.43471 1.4113

Mean
ET(m) 0.04388 0.04302 0.04234 0.04176 0.04158 0.04129 0.04150

ER(deg) 1.5301 1.5448 1.5397 1.5178 1.5214 1.5191 1.5440

B. Relationship between number of transformer components and model inference
speed/params

This section mainly analyzes the relationship between the number of transformer
components, the model inference speed, and the size of the model parameters. To ensure
that they are not affected by other factors, the features of the same feature extraction layer,
EfficientNet, are introduced into the two pose estimation subnetworks. Different numbers
of transformer components are used to complete the experiment. The inference speed and
the number of model parameters are shown in Table 4.

Table 4. Inference speed/params for the different number of transformer components.

N = 3 N = 4 N = 5 N = 6 N = 7 N = 8 N = 9

M = 3
T(ms) 31.81 32.49 34.78 36.78 36.83 38.10 38.91
P(M) 122 138 154 170 186 202 218

M = 4
T(ms) 31.69 35.21 36.30 36.70 39.71 41.20 43.00
P(M) 138 154 170 186 202 218 234

M = 5
T(ms) 33.45 35.45 36.95 38.63 40.55 42.13 43.48
P(M) 154 170 186 202 218 234 250

M = 6
T(ms) 34.84 36.41 39.27 39.90 41.00 44.91 44.85
P(M) 170 186 202 218 234 250 266

M = 7
T(ms) 35.36 39.38 39.18 41.95 42.98 45.15 46.63
P(M) 186 202 218 234 250 266 282

M = 8
T(ms) 37.99 40.22 41.24 43.21 43.26 46.21 47.68
P(M) 202 218 234 250 266 282 298

M = 9
T(ms) 38.91 40.58 42.89 44.33 46.08 47.61 47.97

P(M) 218 234 250 266 282 298 314
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The results show that the inference speed slows down as the number of transformer
components increases. When N = 4 and M = 6, the inference time increases significantly. To
balance the inference speed and pose estimation accuracy, N = 4 and M = 6 can be used
in subsequent experiments for related research. By analyzing the size of model params
and the number of transformer components, it can be seen that the size of model params
increases by 16 M for each additional transformer component. As shown in Figure 6, the
model inference speed is positively correlated with the size of the model params.
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3.3.2. Effect of Activation Function

Five common activation functions, GeLU, ReLU, Tanh, Sigmoid, and SoftMax, are
selected, and the number of transformer components with N = 4 and M = 6 is used to
complete the comparative experiment. The experimental results are shown in Figure 7. With
the quaternion SoftMax-like activation function, the mean ER and median ER, compared
with the optimal Sigmoid, are reduced by 24.11% and 30.41%, respectively, and the pose
estimation accuracy of orientation is far better than that of other activation functions.
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3.3.3. Backbone Network

In order to select a suitable backbone network, we performed ablation experiments
using Resnet50, EfficientNetB0, and EfficientNetB1. We set the number of translation
transformers and orientation transformers to 6, respectively.

As shown in Table 5, the two EfficientNet variants achieve better performance than
the ResNet50 backbone. Compared with EfficientNetB0 and EfficientNetB1, the results are
roughly the same, and EfficientNetB0, with fewer parameters, is finally selected.

Table 5. Pose estimation accuracy for the different backbone.

Backbone Translation Error Orientation Error

Resnet50 0.06325 2.53624
EfficientNetB0 0.04205 1.52393
EfficientNetB1 0.04853 1.50589

3.3.4. Effects of Decoupling Position and Orientation

To verify the effect of dual-channel decoupling, we performed ablation experiments.
First, a single-channel transformer network was designed, using eight transformer com-
ponents for combination, and the number of neurons in its output layer was seven. We
named the network Single-T. Also, we used (N = 3 M = 5), (N = 5 M = 3), and (N = 4 M = 4)
for comparison, naming them Dual-T1, Dual-T2, and Dual-T3, respectively. The results
are shown in Table 6, which shows that the dual-channel network is much better than the
single-channel network when the network complexity is the same.

Table 6. Comparison of single-channel and dual-channel results.

Model ET (m) ER (deg)

Dual-T1 0.04430 1.54057
Dual-T2 0.04239 1.67587
Dual-T3 0.04288 1.61775
Single-T 1.1948 2.1788

3.3.5. Experimental Analysis and Comparison

SPEED provided by SPEC2019 does not provide the test dataset label, so relevant tests
cannot be completed on the test dataset. In this section, the training dataset of SPEED
is divided into six equal parts, among which five groups are used as training datasets
and one group is used as the test dataset. Six groups of data, A–F, were cross-combined
to complete relevant experiments and prove the robustness of the model. The default
parameters of the experiment are as follows: the epoch size was 300, the batch size was 16,
and the image input size was 224 × 224 × 3. Meanwhile, we chose other methods for
comparison experiments, as shown in Table 7. First, the six groups of experiments, A–F,
were completed, as shown in Table 8, and the mean values of the six groups of experiments
were calculated. According to the relative distance, the error distribution of the six groups
of experiments A to F was drawn, as shown in Figure 8. The translation error fluctuated in
a large range after 20 m, and the orientation error distribution was relatively uniform.

Table 7. Flow of various satellite pose estimation methods.

Method Estimating Process

TfNet [28] SLN + LRN + PnP solver
SPN [42] SLN + End-to-end learning

LSPnet [6] End-to-end learning
Ours End-to-end learning
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Table 8. Analysis and comparison of test results.

A B C D E F Mean LSPnet
[6]

SPN
[42]

TfNet
[28]

Mean ER (deg) 1.564 1.597 1.586 1.596 1.542 1.550 1.573 15.70 8.425 0.969
Median ER (deg) 1.499 1.497 1.516 1.542 1.449 1.460 1.494 - 7.069 0.801

Mean ET (m) 0.042 0.044 0.043 0.045 0.044 0.043 0.044 - - 0.006
Median ET (m) 0.036 0.035 0.037 0.037 0.037 0.037 0.037 - - 0.005

Mean ξT (m) 0.501 0.538 0.515 0.528 0.522 0.524 0.521 0.519 0.294 -
Median ξT (m) 0.309 0.321 0.312 0.319 0.304 0.323 0.315 - 0.180 -

T (ms) 36.82 37.46 36.64 36.89 37.25 37.98 37.17 - - 212.1
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As shown in Table 7, LSPnet [6], SPN [42], and TfNet [28] were selected for comparison in
this paper. LSPnet is composed of three interconnected convolutional neural networks named
Position, Localization, and Orientation. It is an advanced end-to-end approach. SPN adopts
perspective sampling discretization, describes the prediction of rotation as a classification
problem and an offset regression problem, and combines 2D detection results to solve the
translation amount. This article does not provide inference speed, but adds object detection in
the pose estimation, which increases the reasoning complexity and time consumption. TfNet
(named only in this article) involves multi-view triangulation, satellite localization network,
landmark regression network, and pose solver, which are relatively complex.

It can be seen from Table 8 that six groups of experiments were completed, and the
results fluctuate within a certain range, which proves the stability and generalization ability
of the model. The orientation accuracy of the proposed method is much better than that of
LSPnet, while the translation accuracy of the proposed method is almost the same as that of
LSPnet, which proves the superiority of the proposed method under the same processing
flow. The orientation accuracy of the proposed method is better than that of SPN, and
the translation accuracy of the proposed method is worse than that of SPN. However, the
proposed method is simpler than that of SPN in processing flow. Compared with TfNet, the
method is poor in pose estimation accuracy and far superior to TfNet in inference speed,
which satisfies the requirements of real-time detection.

3.3.6. State-of-the-Art Comparison

We compared our method with the top 10 teams in the SPEC2019 pose estimation chal-
lenge, the results of which are shown in Table 9. The competition is used ESAscore as an
evaluation metric, where PnP indicates whether the PnP algorithm is used or not, i.e., whether
a CAD model of the target is required or not. It can be seen that our proposed method out-
performs all non-PnP methods except the team of pedro_fairspace [10] in terms of accuracy. It
also outperforms some methods that use PnP. Moreover, the model size of the method used by
pedro_fairspace is 500 M, while our method is 186 M.

Table 9. Pose estimation accuracy comparison with the top 10 teams.

Team Real Image Score Best Score PnP

UniAdelaide [26] 0.3634 0.0086 Yes
EPFL_cvlab 0.1040 0.0205 Yes

pedro_fairspace [10] 0.1476 0.0555 No

Ours 0.1650 0.0600 No

stanford_slab [43] 0.3221 0.0611 Yes
Team_Platypus 1.7118 0.0675 No
motokimura1 0.5714 0.0734 No

Magpies 1.2401 0.1429 No
GabrielA 2.3943 0.2367 No
stainsby 4.8056 0.3623 No

VSI_Feeney 1.5749 0.4629 No

4. Conclusions

To solve the complex process and time-consuming problems of the pose estimation of
non-cooperative space objects, an end-to-end learning method is proposed, in which images
taken using a monocular sensor are input to the model, and the model directly outputs
the pose information of the non-cooperative objects. The application of the transformer
model in non-cooperative space object pose estimation is explored, and an innovative dual-
channel transformer non-cooperative space object pose estimation algorithm is proposed.
The translation and orientation of the satellite are individually learned by the dual-channel
network, which effectively avoids the interaction between the two kinds of information.
A quaternion SoftMax-like activation function is designed according to the characteristics
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of the inference information to improve the inference precision of the orientation quantity.
Experiments were carried out on the SPEED dataset provided by ESA. The results show that
the dual-channel design successfully avoids the mutual influence of translation information
and orientation information, which can achieve the effect of real-time detection. Even
compared with some complex processes, the inference accuracy of the proposed method also
has certain advantages, indicating that the dual-channel transformer model has potential
application value in monocular vision pose estimation tasks of non-cooperative space objects.
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Abbreviations

PnP Perspective-n-Points
ESA European Space Agency
ADR Active Debris Removal
OOS On-Orbit Servicing
LIDAR Light Detection and Ranging
SPEC2019 Satellite Pose Estimation Challenge Competition in 2019
SPEED Spacecraft Pose Estimation Dataset
TOF Time of Flight
SLN Satellite Localization Network
LRN Landmark Regression Network
MBConv Mobile Inverted Bottleneck Convolution
SENet Squeeze-and-Excitation Network
PE Positional Encoding
SA Self-Attention
MHA Multi-Head Attention
FFN Feed-Forward Network
LN Layer Normalization
Add & Norm Residual Connection and Layer Normalization Blocks
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