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This work presents a passivity-based control approach for tracking an uncooperative target
spacecraft within the ego camera center via attitude guidance stabilization. A camera and
ML based state estimation are used to generate target pose and position estimates in ego
camera frame in a photo-realistic simulation environment. The control approach is robust to
noisy observations and uncertainties in the perception map. The sensing error is modelled
using sector bounded nonlinearities and passivity conditions on the perception map. We show
that feedback interconnection with CNN based observation is stable under set constraints
and derive an optimal control law for the corresponding feasible set. The modular nature
of this passivity-based synthesis also allows us to incorporate observations from multiple ego
spacecraft, and subsequently, use a consensus protocol on the target position in order to improve
the tracking performance.

L. Introduction

Satellite proximity operation is an important area for space-based autonomous applications in low Earth orbit
(LEO). Coordination tasks is a prime example for such autonomous operations, carried out between multiple spacecraft
through information sharing over a network. When information about the target is known or communication has been
established amongst the agents, coordination can be achieved with high precision [1]]. Certain coordination tasks, of
recent interest, like capturing space debris or landing a probe on an asteroid, pose a new set of challenges involving
coordination with an otherwise uncooperative celestial body [2]. We look at a specific scenario where it is desired to
track uncooperative target spacecraft and align it with the camera of the ego spacecraft. We will look at the design of a
robust passivity-based controller for this target-ego alignment problem and extend it to multi-agent settings in order
to improve the tracking/guidance performance. Here the target spacecraft is an uncooperative satellite in LEO. The
(multiple) ego spacecraft we consider are initially “parked" in a passive elliptical orbit around the target with an estimate
of the target direction. The estimation task of relative pose of the target with respect to ego is achieved through a
Convolution Neural Network (CNN). The CNN takes in high-resolution images and determines the relative position and
orientation (pose) of the target. Recently, some works have shown that highly reliable estimates of the object pose can
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Figure 1 :Tracking a target satellite in a passive relative orbit. The ego spacecraft initializes a trajectory where
it tracks the target to ego’s camera center while cruising in the passive orbit.

be made directly from images; application specific to satellite pose have also been demonstrated [3][4][S]. These types
of architectures extract features from an RGB image and a convolution of those features is used to build a 6D pose of the
object. These networks are competitive with the conventional sensory based observations and require only a monocular
camera for observations. Thus, these architectures are of interest to be used in real time guidance and control loops.

Our contribution addresses key challenges in embedding CNN-based modules in the guidance and control loop. In
particular in this work, we propose,
* A passivity-based controller that operate with uncertain observations, guaranteed to result in a passivity-short
stable system.
* Given passivity constraints, we then design an optimal control law for a given quadratic cost using zeroth order
optimization.
* We then proceed to extend the controller to accommodate for information from neighbouring, and generally
passive, agents.
The problem setup considers an uncooperative tumbling target satellite in a (circular) low Earth orbit; the ego spacecraft
on the other hand is in a relative passive orbit with respect to the target. This is an elliptical orbit as shown in Fig{I]in
the target’s Hill’s frame [6], [[7].

target tracking problems in this setting have been studied in detail through various approaches [§]. Robust control
using Lyapunov theory has been well studied in this domain [9], where attitude specific Lyapunov functions are used to
derive stability conditions. Extensions of the Lyapunov approach include passivity based approaches that we examine in
this work. The passivity approach facilitates interconnection between the sub-systems and analyze the stability of the
overall system [10][L1][12][L3].

Through the passivity approach we will deal with nonlinear uncertain observations from the perception map.
Conventionally, passivity-based control design under noise/uncertainties leads to high gain controllers [14]. Stability and
optimality for this approach has been studied by Tsiotras, where optimal solutions are obtained using Hamilton-Jacobi
theory via a modified control law with a quadratic cost [15]. In our approach, will look at a constrained problem and
derive linear controllers for the guidance loop. Using a state and input based quadratic cost, we then proceed to optimize
on the feasible set of control gains.

For the satellite attitude control problem we have two independent dynamical systems for the ego spacecraft, that are
passive as well as lossless. The inspiration to use passivity comes from the fact that for a feedback interconnection
of passive systems, under conditions such as observability and strict passivity, the overall system can be ensured to
be passive and stable [[16]. We further build on this relation to connect multiple passive systems and then propose a
consensus-based process to improve the corresponding estimates for distributed architectures.

Another motivation for using passivity comes from the fact that a generalized notion of passivity can be used to
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describe our sensor characteristics. Our ego spacecraft uses neural networks which take image inputs and provides
relative locations of target spacecraft in the camera frame as an output. A detailed overview of this simulation setup,
and description on NN architecture have been discussed in [[17]. There, we also discuss a characteristics of the sensor
specific to the environment. Through an exhaustive analysis on input-output characteristics of CNN we find that
object pose measurements have a state dependent error profile and have dependence on environment factors such as
illumination and celestial background. There have been works that use some approaches using NN in robust control
loops by bounding NN outputs using SDPs [18]][[19] or use Lipschitz constants of individual layers to bound outputs [20].
Another approach is to modify learning and control such that the inputs stay close to a nominal trajectory and NN output
is slope bounded near these trajectories [21]. We consider an extension to this approach by modeling the error near
nominal trajectory as time varying and state dependent with some residual due to uncertainties. For a fixed trajectory
this model has been used in the feedback to design a robust controller using funnel synthesis [17].

Instead of using a trajectory based setup to define the error profile, we look at passivity of neural network which can
be used to characterise a generalized error model. We can use this model independent of trajectories. Intuitively we
can see that for the perception map, barring any outliers or adversarial noise, the direction of target position measured
is roughly the same as true target Position as seen in Fig{3b] This directionality of input-output means that any extra
energy created by the perception map, that induces error, might be bounded. This perception map would constitute a
lossless system if there was no error and thus no energy was created. To verify this directional nature of measurements
and put a bound on the noise characteristics, we test the data on the perception map’s feasible state space. Empirically
we see in our simulations that perception map output is sector bounded along the input direction outside of an ellipse
around the origin as seen in Fig{4al Thus input-output has a generalized passivity-short nature. We define the passivity
conditions and error bounds for the CNN empirical analysis and exploit this passive nature while designing the control law.

Given that we establish a feedback system with the perception map, the entire system can be defined as passive
by selecting appropriate input-output pair and storage function. Now for multi-agent setup, for each ego spacecraft
in the passive orbit around target, we can associate a passive system. These passive systems can then be used in a
distributed setup where relative attitude measurements from each ego spacecraft is communicated to a candidate ego in
its frame and these measurements can be used to converge to a consensus on the relative measurement as opposed to
measurements from the single ego spacecraft. Given that consensus generally improves estimation, one can put stricter
bounds on error and use a more aggressive controller for the distributed scenario.

In the following sections, we discuss the problem formulation and simulation framework, as well as the setup for the
multi-agent state estimation.

I1. Problem Setup

A. Simulation and Estimation Setup

Relative state estimation for the target-ego problem can be reliably achieved through conventional sensing methods
and sensor fusion. We specifically focus on using images and extraction of features through CNN for this problem. The
CNN-based pose estimation methods, either use direct regression [22] of position and attitude quaternions from image
or approaches that regress onto key-points [23] on the target. We have observed that for problems with approximately
known target geometry, key-point methods perform better [24]. We use a custom architecture, developed at JPL [24]],
that uses a segmentation network to isolate the target; this is then followed by a key-point network that maps the pose.
The simulation setup we designed consists of a astrodynamics simulator module that uses Basilisk [25]. A separate
visualisation tool is developed in Unreal Engine (UE) to provide photo-realism to our observations. Celestial and
ego-target current state data is sent to UE and a camera snapshot is recorded. The image is processed through the CNN
module and relative pose feedback is used to assign the control back to Basilisk. The system structure is shown in Fig-
A modified version of end-to-end simulation pipeline is under development at JPL specifically for real time computation
of multiagent spacecraft units. The pipeline is a modular so that scripts written in Python and C can be incorporated
easily.
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Figure 2 :Representation of System architecture showing the distinct modules. The Basilisk/Matlab based
dynamics simulator initiates the trajectory, which is visualised in UE. Here the sensory information from ego
spacecraft (image) is sent to the CNN module which estimates the relative pose. The control loop uses this
measurement in feedback and gives input commands back to dynamics module. Multiple iterations of ego can
run in this same setup for multi-agent simulations.

B. Modelling Perception map

We now go through error modelling for the perception map (pose CNN), by mapping its input-output characteristics.
To define the perception map H, we examine the relative dynamics between ego and target. Given a relative target
position x; € R3 in ego’s camera frame, we define a desired ego attitude that needs to track the target to ego camera
center as ¢ € R3 (the attitude is represented by Modified Rodriguez Parameters (MRPs)). When we refer to the relative
attitude ¢ we will discuss the tracking error between target in ego’s camera frame to the center of the camera frame (g
will be zero when target and ego camera center are aligned) as seen in Fig{3b] We define our non-linear dynamics (¢, ®)
in these relative ego attitude terms as well. The figure below shows a representation of the perception map where for
a true relative attitude ¢ an image z(q) is generated and the CNN provide a noisy/uncertain estimate of the relative
attitude from the image.

Thus the perception map is defined as § = H(q), where § is the noisy measurement of the true relative ego attitude.
In order to generalize the map over the feasible state space of relative pose between ego and target, we utilize a PID
controller to generate a basic tracking trajectory. Then we initialise multiple trajectories spanning the feasible relative
ego state space corresponding to possible target positions in the ego camera frame. Celestial variables are randomised
over the trajectories, i.e., the Earth position relative to ego and possible Sun angles are varied over the trajectories. This
provides the dataset for an empirical model for input-output characteristics of the perception map as seen in Fig{4a] We
model the map as represented by Fig{4b] Here we see that we can define a set in the neighborhood of the origin outside
of which sector bounded passivity is valid. The maximum error in measurement ||§ — ¢|| is also bounded due to mission
constraints. The definitions for these constraints on the perception map shown in Fig{4b|are discussed in section [[L.D}2.
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Figure 3 :(a) The perception map shown in the figure maps true relative attitude ¢ to its perceived measurement
4. (b) Depicts the true target position in the ego camera frame in , where ¢ represents the relative attitude
of ego to align the target with the camera center as shown. Similarly, measured position is shown in red and the
corresponding relative attitude measurement is §
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Figure 4 :(a) Empirical data showing input-output characteristics of ego’s relative attitude norm i.e. ||g|| vs

||¢|| with outlier and averaging filter. Data shows state dependence of the perception error as for larger ||q||
we see higher deviation in measurement ||7||. The plot also shows loss of passivity near the origin. (b)e-ball
representation of the error model used to define constraints. In the neighborhood of origin, outside this e-ball set
we show sector bounded nature of the perception map.

C. Passivity feedback problem setup

The dynamics we discuss here are the relative attitude dynamics g with respect to the desired attitude for tracking
and the angular rate error w. It is desired to develop a stable tracker using feedback from the perception map. Further,
we want to define this system with a tracking controller as passive overall against an input-output pair and a storage
function V. In this direction, we first examine the baseline system made up of a passive attitude dynamic system (2)) and
a passive attitude rate (I system.
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Now consider the systems [[12]:

Jo=({Jw)Xw+u (D

§=G6GqQow , (2)
. 0 -g93 @2
where, G(q) = & |[L(“44) +S(q) +q¢” | and S@) = | ¢ 0 -an
-q2  q1 0

Let us now define the passivity properties for these subsystems.

D. Passivity Definitions for Attitude stabilization

For the attitude stabilization problem, passivity between subsystems has been studied thoroughly [12][26]. We will
build upon the following definitions for our case where the input is generated from a network of noisy observers. A
general definition of passivity has been defined in[VIL.A]

* System (T) is passive for input # and output w.
Proof: For a candidate storage function V|(w) = %wTJ(u, we take the derivative along the trajectories as
Vi = wlu — V; < wlu, ie., the system is lossless-passive for storage function V; and input-output pair u, w.

* System (2) is passive for input w and output g.
Proof: For a candidate storage function V5(q) = 21In(1 + q7 q), we take the derivative along the trajectories as
Vo=qTw — Vs < q' w, i.e., the system is lossless-passive for storage function V, and input-output pair w, g.

We now use a general passivity result which states that feedback interconnection of a strictly passive system and a
passive system leads to a stable system[16]. Stabilization of attitude rate system using feedback connection can be
achieved through a linear feedback law, Theoremﬂ}

Definition 1. The system (|I) with u = —k ,w — v is strictly passive for input v and output w

Proof: For Vi(w) = 3w Jw, Differentiating along the trajectories gives: Vi(w) = 0TJ@ = —k,||0|* + 0Ty
which is strictly passive with dissipation rate —k ,||w||?

Now the output of attitude dynamic system ¢ is taken as the input v to system (2)) st u = -k, w — v. Thus we have
an interconnection of a strictly passive subsystem and a passive subsystem.

Definition 2. The control law u = —k ,w — kqq for k., > 0, kg, > 0 globally stabilizes system (E]) (strictly passive) and
system ([2))(passive) for a radially unbounded storage function.

Proof: Here, take the candidate storage function as V(w, q) = Vi(w) + k4V2(q) = %wJa) + 2ky In(1 + 9’ q).
Differentiating along the trajectories:

q"q
T(1+47¢)
=owlu+ quTw = —ko|lw|> <0

V=wlo+4k

Thus for this aforementioned Lyapunov function the system is asymptotically stable using LaSalle’s invariance
principle [16].
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I11. Passivity based control for non linear observations

A. Feedback interconnection under a noisy observer
As shown in the setup in Definition 1, we have a strictly passive system for input v and output w where
u = —k,w —v. Now for the case with a measurement through the perception map, the input to the system () is
u=—kyw - kyg. We will use this noisy feedback and provide a systematic means of dealing with the error.
Expanding on Definition 2 we take the candidate Lyapunov function for the feedback system as V = V| + k, V> for
the above input where:

V=ulw+ quTw 3)
= (~kopw — ky§)w + kyq" @ 4)
= kool -ke(d- 9w (5)

Here for stability we say that a necessary condition for V < 0 is ||g|| > €,||w|| > Q and || — ¢|| < ¢ for some
€,Q,6 > 0. We arrive at this condition for stability as ||w||? is always positive but the second term (§ — ¢)” w could be
negative and there are no feasible controller gains if ||w|| << ||§ — ¢||. This gives a lower bound on w and an upper
bound on the error. Moreover obtain a lower bound condition on ¢ from a passivity-short nature of the perception map
discussed in following section. We can now say that if we stay outside a zero state set O the Lyapunov inequality
defined below is feasible given that error is bounded (these bounds on error are discussed in the following section).

—kpo'® - ke(§-q) @ <0

kopow'w+ kq(g — Diw>0
For the zero state set we define the control to be u = 0 and Lyapunov function to be V(O) = 0 and output § = 0.

Now to analyze the constraint sets we transform the inequality into a matrix inequality for internal states of the
system. In particular, we set x = [§ — ¢, w, ¢, 1] such that the matrix inequality in terms of x corresponds to:

T - - -
q— 0 ky/2 q—
d-4q q/ -9 |0, ©)
w kq/2 ke w
T .
d-q 0 kq/2 0 0 |{d-q
w kqe/2 ko 000 w 50, 7
q 0 0 0 0 q
1 0 0 0 0| 1

which gives us matrix inequality of the formx” Agx > 0. Thus the set of stabilizable states is givenby X = {x|xT A¢px > 0}
for all states outside the zero-state set. Thus we can write this stability condition as:

Y |lgl] > € and ||lw|] >Q = xTApx >0 (8)

The conditions defining zero-set O in , can also be written as xTA;x > 0 and xT A>x > 0 as shown in [VILD|

Using LaSalle’s invariance principle we can say that the control u is asymptotically stabilizing with respect to the
zero-state set[16]].

Note that the linear error we use here is applicable for small deviation between § and q. For relatively small
deviation, the linear error (§ — q) represents a valid attitude representation near the origin. We empirically see deviation
of the three orders of magnitude less than the current attitude and is small enough such that we can treat it as an error in
estimation.
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B. Constraint set for the perception map

In order to design a robust controller for the noisy observer setup, we define the perception map and impose state based
constraints on § and a maximum bound on the measurement noise. The perception map is modelled as § = H(q) = g+e
as seen in Fig{4b] Empirically, through simulations, we obtain an input output characteristic for this map H shown by
Figf4al We exhaustively search over the input space of the neural network and obtain performance bounds discussed below.

The behaviour of § is defined to follow the given necessary conditions for the controller to be stabilizing w.r.t. the
zero-set:

1) We observe that near equilibrium i.e., for states ¢ ~ 0, the perception map has considerable residual error as
shown by the graphical representation in Fig- Thus we define this mapping H as passivity-short w.r.t.
input-output ¢ and §. We can write this as the desired behaviour g7 § > 0 under the constraint ||g|| > €.

2) Measurement through the perception map is sector bounded. The input-output characteristic of the NN has a
property of being passive and sector bounded. This is a desirable property showing that tighter sector bounds
means a lower perception error. This also captures the state dependence of the perception error. In a related
work [17], we use a state dependent error model around a nominal trajectory. Here we capture the error for a
more generalised case for all trajectories using passivity. Now, for region outside the zero state set we have the
state dependent measurement error bounded by sectors:

Ba'q>q"q>aq"q,

that provides two separate constraints for upper and lower sector bounds as follows:

Ba'q-G"g+q"qg-q"q>0 9)
-(G-9)"qg+(B-1)g"g>0 (10)
G'qg-eoq"qg+q"q-q"q >0 (11)

(G-9)"qg+(1-a)g"q>0. (12)

3) The perception error and attitude is also bounded from above from mission constraints i.e., ||§ — ¢g|| < § and
llgll <¥

The section shows representation of all these constraints in the form of matrix inequalities in the quadratic
form discussed in the previous section. Finally, the assertion made for the observer is that any outlier and adversarial
noise is rejected through an averaging filter.

C. Feasibility Analysis
We previously defined the internal states of the system as x = [§ — ¢, w, ¢, 1] and we write the constraints as matrix
inequalities of the form x” Ax > 0 (VILD).

Now for the stability criterion (7)) we can say that outside the zero state set x” A;x > 0 we have x” Agx > 0. Similarly
assuming the same zero-state set for perception map constraints, all the observer constraints hold, i.e. x” A;x > 0 for
i=2,-,-,-,6. Hence we require that,

xTAixT >0 szon >0 fori=1,---6
Here we can use S-Procedure and eliminate the state x and write the inequality in the form of a LMI for some 4; > 0, as

A=Ag— 1A — A2 — B3A3 — A4As — A5As — A6As = 0, (13)
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Figure 5 :(a) Feasible set shown within the lowest level set (yellow) A > 0. The controller gains within the set
shown in correspond case where lowest eigenvalue of A is greater than 0, and is therefore PSD. (b)System
diagram showing the attitude rate subsystem which is strictly passive and the matrix subsystem with perception
map that is generalized passive.

where,
As | ke/2 Lo 0
Ao | Kal? | ko = 0 0 o a4
L 0 A —L(B-1) -1 —a)+ 44 0 N
0 0 0 1€ = Ayy — 250 + A6Q

Thus for a robust controller u = —k,§ — k@ we need A to be a positive semi-definite matrix. Also note here that
A is a function of controller gains kg, k, for some feasible 4;’s. Here we use an SDP solver to characterize a feasible
set of A;s and derive at a set of feasible values for control gains for these A;s.

The feasible sets of PSD matrices as a function of the controller gains is shown in Fig-[5a

Now we can claim that for the feedback interconnection with u = —k,§ — k,w and A > 0 the system is passive.
Proof: Take the candidate storage system defined as V(w, ) = Vi(w) + k4V2(q) = %w]w +2kg In(1 + q”q) with
u=v-ky,q— k,w, then differentiating along the trajectories we obtain,

q"q
“(1+47q)
=wlu+ quTa)

V=wlob+4k

=—kpo'ow ko +vw+k,q"
= (—kpw'w — kq(g - Tw)+viw

<v'w.

Thus the system as seen in Fig{5b|is passive for the input v and output w.

D. Zeroth-order optimisation
The previous analysis characterizes a feasible set of controller gains that meet stability and passivity constraints. We
can also observe from Eq:(@) that a high gain controller would be feasible with the constraints, but it is undesirable for
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implementation. For example, high gain controllers give large swings in input torques to the reaction wheels of the
spacecraft that could damage the sensitive equipment and reduce operation life of the actuators. Low gain controller, on
the other hand, will take longer window of time to stabilize and will use higher energy. Thus we use a quadratic cost

that penalizes state error and input energy. Specifically, the cost for initial states qg, wg is given by:

T
J= / q7'0q, + 0! W, +u Ru, dt (15)
0

(16)

We now pick optimal controller gains minimizing this cost over feasible initial states, such that the passivity and stability
constraints are satisfied. Thus the problem can be defined as:

T
arg; . min / 97 0q; + ! W, +u’ Ru, dt
" [90~D(0.5).00~D(0.50,)]
st. ¢, =G(q)w,
Jd)t = —S(a)t)Ja), +u

G =H(q:)
u, = kyw, +kyg,
A>0

This is a non linear optimization problem where we assume that the time horizon T is larger than time required to
stabilize. The initial states ¢, w are sampled from distribution of a feasible initial conditions for the attitude stabilization
problem. The last constraint A > 0 ensures the stability and passivity constraints defined earlier hold.

We now use a zeroth-order optimization [27] method for computing optimal controller gains. The algorithm [[T]]
uses sample based gradient information to iterate over minimising gains k ,, k,. We initialise M trajectories with a
initial feasible control law u = K [w, q]T. For each iteration a cumulative cost is computed for the M trajectories we
initialized. The Fig{6a]shows the sample space for the cumulative cost which is L-smooth in the region of feasible gains
selected here. For a given iteration, we randomly sample controller gains around K; in a ball of radius » which defined
the learning rate. The controller updates in the decreasing gradient direction, similar to a stochastic gradient algorithm.
We also iteratively reduce the learning rate r as the iterations converge.

We use the optimal controller gains in the simulation pipeline and the attitude can be observed to have been stabilized
to within the zero-state set as seen in Fig{6b|

IV. Multi-agent Consensus
We have established a zeroth-order optimal attitude stabilization system for ego-target tracking problem which is
passivity-short under noisy observers. The setup can now be extended from single agent pairing to case of distributed
estimation.

We examine a problem setup where multiple ego spacecraft are in orbit around a single uncontrolled target spacecraft.
Each of the ego-target pairs has the passivity based attitude stabilisation controller to keep alignment. A fully connected
communication network exists between each ego agent and they can share there estimated relative target locations and
their own global orientation and position w.r.t. Earth fixed frame.

Denote the measurement derived from consensus on desired ego attitude derived from all agents as §.. We substitute
the measurement in our previous analysis and use the control input given by u; = —k4§. — k.

Thus the stability constraint set can now be written as:
Vi = ~kow{wi ~kq(de —q1) wi . an

10



Downloaded by UCLA Library Lic. & E-Res. Acg. on August 3, 2026 | http://arc.aiaa.org | DOI: 10.2514/6.2023-2156

Algorithm 1 :Naive multi-point Zeroth-order Optimization on constraint set
Initialize xo ~ D(0,%), Ko = [kg, ko], €
while C; — C;_; > e do
for j=1,..,N do

U; ~ 8, > sample over boundary of norm ball with radius r
Ki=K;1+Uj > re-sample if K; is infeasible
fort=0,..,T do > repeat for M trajectories
w=-k7| I l
Wy
4: = G(q)w;

J(l.)t = —S(w[).](l)t +ut

C;=C;+q''0q; + oI W, + ul Ru,
end for
Ci =minC;j
K; — arg rr11<1jn C;
i=i+1
end for
end while

zeroth-order imisati Attitude tracking trajectory
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Figure 6 :(a) Quadratic cost on a set of trajectories initialized from x( ~ D (0, ). The trajectories are simulated
for a time horizon 7 with passivity based control law and ML based estimation. For feasible sets of control
gains we obtain an L-smooth mapping from gains to the cost function. Here we also show iterative updates of
Zeroth-order optimization. The plot shows infeasible region on the bottom right. The initial control gain shown
in and optimal controller in black and iterations are plotted in red. (b) Attitude trajectory under noisy
observation. The MRP attitude states are stabilized to a reference [0, 0, 0] i.e., camera center.

Using the setup for feasibility analysis we can replace §; with §. by giving reduced bounds on §. — ¢q;. The
constraints from section follow here with §. with new sector bounds «’, 8’ and new error bound 6" and new
feasibility set is defined such that A’ > 0. Tighter bounds increase the size of the feasible control set and we can design
a controller for a stricter quadratic cost by weighting the control penalty lower to achieve an aggressive controller, which
is currently not achievable as larger feasible set limits aggressive control. Design of the consensus based controller can
now be achieved using the same procedure discussed from section [[.DJITL.D] by replacing §; with §..
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Figure 7 :Feedback interconnection of multi-agent ego-target systems. Here system i is the primary ego-target
pair. Measurements from all n passive agents are used as feedback to system i. The mixing matrix M is
representation for consensus based measurement § .

A. Weighted Averaging Consensus approach

We define relative ego attitude measurement for first ego-target pair as §;, and the information shared from
neighboring ego spacecrafts in the frame of reference of the first spacecraft as §», -, -, ¢, for n agents. Taking a weighted
average for observation on the ego attitude we can write:

R
Gue = - ) idi (18)
i=1

This sum converges to a weighted mean in the convex hull defined by §;, for ¢; > 0 Vi and ¥, @; = 1F] In the scenario
where the confidence on a measurement of a single agent is significantly higher than others we would prefer to trust that
particular measurement as opposed to an average of all measurements. Thus we also look at a max consensus approach.

B. Dynamic Max consensus protocol

We show use of a max consensus protocol in distributed pose estimation. The averaging consensus can not offer ana-
lytical bounds on deviation from true state as we are using a sector bounded error model with non-Gaussian distribution.
Using weighting in averaging we give more emphasis to agents with higher confidence in their measurements. This max
consensus is a sort of variation on weighted averaging where we pick only measurement with highest confidence as the
observation.

Here we use a confidence parameter «; on the relative distance measurements made by CNN in j h ego’s frame.
Transforming the measurement to i agent, the measurements become ¢; i = Fij(q;) (the mapping is shown in
section[VIL.C). Now we do a consensus on max confidence for each agent and pick the measurement with the highest
confidence, namely,

g =§Gi; where j=arg yomax | a; (19)

This consensus methodology applies for different network configurations.

V. Simulation and Numerical Experiment
The simulation setup used here is based on a multi-agent ego-target tracking problem. We initiate a trajectory for a
tumbling target satellite with six ego agents in passive relatively elliptical orbits around the target. The relative orbits of
each ego agent are shown in Fig-[8a] The ego satellites have a camera attached to the body x-axis and are independently
tracking the target using the passivity based controller. The onboard attitude and angular velocity estimation is done

*Qther averaging schemes that are consistent with the geometry of MRPs can also be considered
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Figure 8 :(a)ego trajectories around target shown in blue(b)Comparison of attitude tracking error over a
trajectory. Tracking for an agent with poor estimation without consensus compared to weighted averaging and
max consensus based estimation

through an EKF under the assumption of Gaussian measurement noise for the states. The details of assumptions on
EKF filter are listed in section [VILBI

The multi-agent setup is simulated under a fully connected network thus all agents communicate their state and
measurement information to every other agent in global reference frame. Each of the ego spacecrafts then convert
the relative target information in their own respective body frame as shown in section [VIL.C] Further details of the
simulation framework are given in [24]]

VI. Conclusion
We presented a passivity based controller under non-linear observations synthesized from machine learning based
algorithms. The problem setup we analyzed was aimed at solving the ego-target satellite tracking using only a single
camera. Works presented in [24]] discuss the ML based algorithms we use for estimation and the simulation framework
based on Unreal Engine to produce photo-realistic visualisation and inputs.

The characteristics of our CNN based estimator are represented as sector bounded non-linearity. This modelling
gives us a passivity-short framework and we define the controller that works in a region defined by all feasible attitude
trajectories for the ego-target pair. Among the set of feasible controllers we pick an optimal controller that minimizes
input energy and tracking error using a zeroth-order optimization approach from the data gathered through our simulation
engine.

The passive nature of the system allows us to extend the framework to multi-agent setup for passive systems. We use
a consensus based estimation from each agents, CNN based measurement. Using passivity properties of each agent we
ensure that feedback interconnection remains passive and the controller setup can be extended to the consensus case.

We demonstrate the use of a weighted averaging and a max-consensus algorithms based on confidence parameters
assigned to the measurements by the perception map. The consensus algorithms show reduced tracking errors under the
same controller due to better estimation. In this work, we only look at a centralized approach using feedback from each
agent in the network. The likely future direction would evaluate a distributed controller.

Extensions to this work include generalized controller for a broader domain of passivity short systems with sector

bounded non-linearities. Moreover adaptive controllers that can exploit state dependence of errors models for CNN-based
measurement are a pertinent future direction for this work.

13



Downloaded by UCLA Library Lic. & E-Res. Acg. on August 3, 2026 | http://arc.aiaa.org | DOI: 10.2514/6.2023-2156

VII. Appendix

We provide a definitions of passivity pertaining to this work.

A. Passivity Theorems
Consider the dynamical system [[16]:

X =f(x,u) (20)
y=h(x,u) 21)

where f : R" X R? — R" is locally Lipschitz, # : R" x RP — R?” is continuous, f(0,0) =0, and 4(0,0) = 0.

Definition 3. The system|VIL.Alis said to be zero state observable if no solution of X = f(x,u)
can stay identically in the set S = {h(x,0) = 0}, other than zero solution x(t) =0

Definition 4. The system|VILA|is said to be passive if there exists a continuously differentiable non-negative function
V(x), called the storage function, such that

.0
uly >v = %f(x,u), Y(x,u) € R" XRP (22)

Theorem 1. If system|[VILA]is

1) passive with a radially bounded PD storage function,

2) zero-stable observable,
then the origin x = 0 can be globally stabilized by u = —¢(x), where ¢ is any locally Lipschitz function such that
#(0) =0and yT¢(y) > 0 forall y # 0. Here f is locally Lipschitz in (x,u) and h is continuous is x

B. Simulation with Noisy measurements
Assumptions for the Ego state estimation:
* An EKF-type filter has been applied for state estimation on board each ego spacecraft system:

Xk = f(xg-1) + Wit
2k = h(xg) +vi

ignoring the perception error.
* Here wy and vy are temporally uncorrelated (white noise), zero-mean random sequences with known co-variances
and both uncorrelated with the initial state. Thus using EKF we state that if,
1) a@,B,7v1,y2 > 0 are positive reals for each k > 0:

[l (x)ll < @
n(x)Il < B
yil £ P <yl

2) J; is non singular for all £
3) There are positive real numbers €4, €, K¢, K, > 0 such that:

116 (e, ¥i) 1] < €gllxx = X117 with [ = ¥0)|| < kg

Iy (e, X1 < €lbee = X117 with [l =Xl < &

then the estimation error is bounded exponentially given that the initial estimation error is bounded [28].
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C. Transformation mapping

For each ego agent j, we have a perception map measurement of relative target distance as 7;. The rotation with
respect to ECEF is given by R ;7 (in SO3) and the position with respect to ECEF is é;. The transformation of relative
target measurement from ego j to ego frame of i is given by:

~ 5 /A 5—1 = ~
Fij =Ri(eJ+Rj F;—é;)
~ 5 /A N 5—1 ~
Fij = R;(é; —e,-+RJ Fi)
fl]:Ri( ]1_'_]%]—_1’7[)

Given the relative distance of target from ego in the body frame we compute desired ego attitude for tracking the
target to align with ego’s camera axis(x-axis: x = [1,0,0]):

Rl
S=xXp
.S
§= —

Is|

cos™! ((x, p))

0

6
qij = §tan(z)
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D. Constraint sets

Constraint set

Stability
V<0 koo wtkq(§-9) w=0 0 kg/2 0 0
kqa/2 k 0 0
.XTA()X > O, AO = q/ w
0 0 0 O
0 0 0 O
Avoiding Zero-
state set
llgll <€ 000 0
0O 0 0 O
xTAlx >0, A=
0 0 1 0
0 0 0 -e
Avoiding Zero-
state set
[lwl] <€ 00 0 O
01 0 O
xTAzx >0, A=
0O 0 0 O
0 0 0 -Q
Sector  upper
Bounds
Ba'q=d"q 0 0 -1/2 0
Batg-G q+q q-q"q=0 LAz >0, As= 10/2 g ﬁOl g
~ T T - _
U +(B-1 >0
G-9)q+(B-1)q q o o
Sector  lower
Bounds
Ba'q>q"q>eq"q 0 0 12 0
G q-aqTq+qTq-q"q>0 TAx>0, Ag= " g lO g
~ T T —a
- +(1-a >0
(G-g9) g+( )4 q 0o o o
State Upper
Bounds
llgll <y 00 0 0
0 0 0 O
xTA5x >0, As=
0 0 -1 0
0 0 0 vy
Error Upper
Bounds
lIG-qll <o -1 0 0 0
0 0 0 O
xTA6x >0, Ag=
0O 0 0 O
0 0 0 ¢
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