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ABSTRACT

As Earth observation missions continue to expand in both scale and complexity, optimization
of satellite altimetry data acquisition has become a critical challenge. This thesis addresses
continuing needs for scheduling hydrology-related measurements, such as those of oceans,
lakes, and glaciers, efficiently while operating under strict constraints, including limited
onboard memory, command execution limits, and overall satellite operability. To this end,
we propose a constraint-aware heuristic that dynamically prioritizes and schedules altimetry
targets, accounting for variations in spatial resolution and scientific priority.

The proposed methodology formulates mission planning as a multi-constraint optimiza-
tion problem that incorporates satellite position and altitude, and to our knowledge, this is
the first work to introduce such an approach. It adopts a knapsack-like formulation, account-
ing for variable data rates, target durations, and orbital geometry. The algorithm includes
utility functions for memory management and spatially-aware target merging and supports
dynamic mode downgrading to optimize data acquisition under resource limitations. A cus-
tom objective function is introduced to evaluate scheduling effectiveness, considering both
data quality and target priority.

Experimental results, based on real and synthetic altimetry data, demonstrate the ap-
proach’s scalability (handling up to 3,000 targets in minutes), high memory utilization ef-
ficiency, and superior performance compared to conventional optimization methods such as
the Jaya algorithm. The algorithm delivers explainable, near-optimal target schedules with

linear time complexity, making it a strong candidate for onboard autonomous planning.
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CHAPTER 1
INTRODUCTION

The growing use of satellite-based Earth Observation (EO) has changed the way scientists
and engineers keep track of events happening on our planet. Among all the EO missions,
altimetry ones are especially important—they measure things like sea level, river flow, glacier
thickness, and how much water is stored on land. This information helps with climate studies,
flood prediction, and water management. But the accuracy and detail that radar altimeters
provide come with trade-offs: enormous amounts of data, limited onboard memory, and short
communication windows with ground stations.

In modern EO missions, things are getting more complicated than ever. There are more
observation requests, more data to handle, and smaller time windows to get everything done.
Because of that, planning these missions has turned into a tricky balancing act. Traditional
optimization algorithms often struggle here — they are powerful in theory, but the real world
often brings too many moving parts and constraints, especially for Low Earth Orbit (LEO)
satellites.

This thesis introduces a constraint-aware heuristic approach tailored to real-world al-
timetry operations. The method dynamically prioritizes targets based on scientific value,
adjusts data acquisition modes to optimize memory usage, and merges spatially adjacent
targets when necessary to reduce command overhead. The framework aims to maximize
mission value while ensuring transparency, robustness, and operational feasibility, even in
rapidly changing conditions, which we have already published in public. Furthermore in
this thesis, targets are decomposed into smaller acquisition units, enabling more accurate
memory modeling, flexible recording mode adjustment, and improved exploitation of spatial
merging opportunities to reduce command overhead.

The approach was tested using both real and simulated data from Sentinel-6 missions

and compared with common optimization methods like the Jaya algorithm. The results
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suggest that this heuristic can handle large numbers of targets efficiently and still meet all
satellite limits. Our algorithm is easy to understand, scales perfectly, and comes close to
optimal results—making it a promising step toward more autonomous scheduling for future

satellites.



CHAPTER 2
RELATED WORK

The literature surrounding satellite mission planning reflects a growing interest in handling
the computational and operational challenges of Earth Observation (EO) scheduling. Mis-
sion planning for satellite altimetry must address various constraints, including onboard
data storage limitations, downlink visibility windows, restricted command budgets, and the

dynamic nature of user requests and orbital geometry.

2.1 Traditional optimization techniques

2.1.1 Linear Programming € Mized Integer Programming

Traditional optimization techniques, such as linear programming and mixed-integer
programming (MIP), have been widely researched. However, these methods often fall
short in space mission contexts due to the complexity of scheduling space tasks. The problem
is non-convex and NP-hard, similar to classic problems like the knapsack problem [33].
In the context of satellite operations, additional complexities arise from position and time
dependent constraints, resulting computationally infeasible for large-scale or real-time tasks.

In practice, linear and integer programming models have been widely applied to satellite
scheduling problems in early day studies. In these methodologies, each observation targets
request is typically represented as a binary variable showing whether it is selected or not.
Additional constraints are then brought into to the mission requirements such as limited
visibility windows for observations, onboard memory capacities for data storage, etc. By
solving the optimization problem, those models and methodologies need to obtain an optimal
schedule that maximizes data value while respecting mission constraints.

However, these formulations are only practical for small or medium-scale satellites mis-

sions. As the number of requests grows, the number of binary variables and constraints
4



increases dramatically which also results in the models growing exponentially. This com-
putational explosion makes exact methods infeasible for large-scale operations, since it may
require hours or even days to converge to a solution [49]|. In real missions whose schedules
must be generated quickly and frequently, such runtimes are unacceptable for all time.

The situation becomes even more challenging when scheduling agile satellites, which
can rapidly rotate to acquire targets outside of their regular track. Modeling these systems
requires additional constraints for satellite slew maneuvers, transition times, and attitude dy-
namics. Dealing with these factors dramatically increases the search space and increases the
difficulty of the optimization, resulting the integer programming approaches nearly impossi-
ble to solve within operational time limits. As a result, while linear and integer programming
approaches are theoretically powerful and provide valuable insights, they are often replaced
in practice by heuristic or approximate methods which can produce near-optimal solutions

within the strict time constraints of real-life satellite missions [22].

2.1.2  Branch and Bound (B&DB)

One of the most well-known combinatorial optimization algorithms is Branch and Bound
(B&B). As illustrated in Figure 2.1, this algorithm operates by exploring the solution space
through branching on decision variables and bounding each subproblem with linear program-
ming relaxations by pruning unpromising branches [46].

In satellite scheduling, each observation target request can be handled as a binary decision
variable, and B&B is used to evaluate whether including or excluding that request which
could lead to a feasible and optimal schedule [6]. While this guarantees global optimality for
small-scale cases, the exponential growth of the search tree makes it not practical for large-
scale targets scheduling. [49, 22|. As a result, although B&B provides a foundational exact
method in combinatorial optimization, its direct application in operational satellite missions

is often replaced by heuristics, metaheuristics, or hybrid approaches that can provide near-
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Figure 2.1: Illustration of the branch-and-bound search tree [93]

optimal solutions within practical time limits [88].

Researchers have also tried decomposition and relaxation methods, such as breaking the
problem into smaller sub-problems or relaxing some constraints to make the model easier
to solve. While these approaches can handle larger problems, they are still computationally
expensive and often cannot guarantee solutions in real-time [6, 88]. Reviews of satellite
scheduling consistently conclude that exact optimization is valuable for insight and bench-

marking, but cannot scale to the size and speed required in real Earth observation missions

31,

2.1.8 Dynamic Programming

Dynamic Programming (DP) has long been recognized as one of the fundamental approaches
for solving optimization problems that exhibit optimal substructure and overlapping subprob-

lems properties [4]. By recursively decomposing a complex optimization task into smaller



subproblems, DP ensures that globally optimal solutions can be constructed from locally
optimal decisions. DP considers the four most important factors in the algorithm, which
are: state, decision, transition function and base cases. It has been extensively ap-
plied in areas such as resource allocation, scheduling, and routing optimization [? |. The
fundamental idea of DP is to define a wvalue function that represents the optimal cost (or
reward) which is achievable from a given state. The general recursive form of DP can be

expressed as:

mjbx {R(st,at) +vVir1(f(s¢,ae))}, for maximization problems,
€
ViGsr) = { <4 (21)

min  {C(s¢,a¢) + v Vir1(f(st,a¢))}, for minimization problems,
atGA(St)

where:

t denotes the decision stage or timestep;
e s; represents the system state at stage ¢;
e a; € A(st) is the feasible action (or decision) set available in state sy;

o R(s¢,at) (or C(st,ar)) is the immediate reward (or cost) obtained after applying action

at;

o f(st,at) defines the state transition function that maps the system to the next state

St+15
e v € [0,1] is a discount factor that adjusts the contribution of future rewards;

e Vi(s¢) is the value function, representing the optimal total reward (or minimum total

cost) from state s; onward.



The recursive relation in Equation (2.1) is commonly referred to as the Bellman equation.
Solving a DP problem involves recursively evaluating V;(s¢) backward from the terminal stage
T to the initial stage 0, which can ensure that globally optimal solutions are constructed
from local optimal decisions.

However, when applied to large-scale real-world systems such as Earth observation satel-
lite scheduling, DP often suffers from the curse of dimensionality, since its state space grows
exponentially with the number of decision variables and constraints. This makes the direct
application of traditional DP computationally impossible for problems that involve more
than thousands of observation targets and interdependent time and resource constraints
throughout the whole mission.

To avoid this issue, bidirectional dynamic programming (BDP) has been intro-
duced as an effective strategy to reduce the state space explored during optimization [75].
Instead of performing a purely forward expansion from the starting state, BDP simultane-
ously explores the state space in both directions which is forward from the initial state and
backward from the terminal state. The two searches meet at intermediate nodes, where
the forward and backward subproblems are merged to construct complete feasible solutions.
This dual exploration strategy significantly reduced unnecessary state evaluations and it cut
off the number of transitions that need to be processed.

Righini and Salani (2009) applied the bidirectional dynamic programming (BDP) method
to solve the Orienteering Problem with Time Windows (OPTW), which shares many sim-
ilarities with satellite scheduling since both of them require selecting an optimal subset of
targets while satisfying time and resource constraints. Their approach combined BDP with
a Decremental State Space Relazation (DSSR) technique. In this framework, the search be-
gins with a relaxed state space that allows flexible or even infeasible paths, and gradually
tightens the feasible region by enforcing visit constraints step by step. During each iteration,

infeasible and dominated states are pruned, leading the algorithm to converge toward the



exact optimal solution while keeping the computation manageable. In addition, initialization
heuristics were used to identify a set of critical vertices that guide the relaxation process and
improve convergence speed. This combination of bidirectional search and progressive state
relaxation shows that dynamic programming can be scaled to relatively large optimization
problems when state expansion and convergence are carefully managed.

Building on these ideas, Wu and his team developed the Adaptive-Directional Dynamic
Programming (ADDP) framework to further improve the efficiency of bidirectional ap-
proaches in 2020 [68]. The method introduces an adaptive, direction aware search mech-
anism which can dynamically adjusts how the search space is explored. In combination with
a Decremental State Space Relazation (DSSR) process, ADDP was designed specifically for
the Agile Earth Observation Satellite Scheduling (AEOSS) problem. In this framework, the
search space is divided according to the observation direction, and only transitions that are
feasible within these directional limits are expanded. This selective or directional pruning
greatly reduces unnecessary calculations, while still preserving the global optimal guaranteed
by DP. Meanwhile, the DSSR component progressively tightens the state space by filtering
out dominated or infeasible states in each iteration. Experimental results showed that the
ADDP-DSSR framework could efficiently handle large-scale scheduling problems involving
hundreds of observation targets in just a few minutes, achieving exact optimal solutions
while overcoming the major limitations of classical dynamic programming [68].

This adaptive methodology highlights an important evolution in DP-based satellite schedul-
ing algorithms, reducing the gap between exact optimization and computational possibility.
The conceptual framework of the ADDP provides a valuable foundation for integrating DP
principles and ideas with satellite data acquisition problems. However, the paper has one
critical assumption which is on-board memory is large enough to observe all targets. Sec-
ondly, it lacks of targets flexibility operation. In other words, targets can’t be considered

to be merged with others since it may break the integrity of value function in dynamic



Table 2.1: Comparison of Adaptive-directional DP and Bidirectional DP [68]

Dataset Name Adaptive-directional DP Bidirectional DP

CPU time (s) CPU time (s) Tyiy
500 38 2.17 3.18 -0.47
500 391 149.35 243.32 -0.63
500 60 64.66 49.73 0.23
500 117 25.62 440.84 -16.21
500 385 133.50 261.29 -0.96
Average 75.06 199.67 -1.66
600 71 12.18 12.65 -0.04
600 476 686.17 2244.74 -2.27
600 62 29.33 139.44 -3.75
600 144 141.15 208.94 -0.48
600 441 251.82 968.23 -2.85
Average 224.13 714.80 -2.19

T4y denotes the normalized time difference compared to the Adaptive-
directional DP baseline.

programming.

2.2 Heuristic algorithms

Compared with dynamic programming and other traditional optimization algorithms, heuris-
tic methods stand out because of their key advantage: they can achieve near-optimal or
sub-optimal solutions within acceptable computational time and resource consumption. In
large-scale satellite scheduling problems, where the search space and time grow exponentially
with the number of targets and constraints. Algorithms, such as mixed-integer programming
or dynamic programming often become computationally impossible. By contrast, Heuristic
algorithms provide a practical balance between solution quality and computational efficiency,
which makes them particularly suitable for time sensitive or resource constrained mission

planning scenarios.
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2.2.1 Jaya algorithm

Among heuristic algorithms, the Jaya algorithm has gained attention for its simplicity and
adaptability across a wide range of optimization domains [74]. It eliminates the need for
algorithm-specific control parameters and relies instead on a straightforward update mech-
anism that moves candidate solutions toward the current best and away from the worst.

As shown in the Flowchart 2.2, parameter-free design makes it more appealing for general-
purpose optimization tasks, especially when prior knowledge about the problem domain is
limited. However, when applied to complex and dynamic systems such as satellite scheduling,
several shortcomings become apparent.

First, the Jaya algorithm does not natively accommodate dynamically changing variables
such as target merging, shifting observation priorities, or evolving resource constraints. In
Earth observation missions, key parameters including onboard memory capacity, command
limits, and ground station visibility can change rapidly as the satellite progresses along its
orbit.

Without explicit mechanisms to adapt to these evolving conditions, Jaya can produce
schedules that quickly become infeasible or inefficient. Secondly, despite being marketed as
parameter-free, its performance is still influenced by its population size, iteration count, and
stopping criteria those meta-parameters whose performance heavily depends on the meta-
parameter tuning.

Inadequate or poor tuning of meta-parameters, can result to pre-mature convergence or
excessive computation, especially for large-scale or highly constrained scheduling problems.
These limitations make Jaya less suitable for real-time or safety-critical mission planning,

where reliability, explainability and dynamically updating are essential and necessary.
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Figure 2.2: Flow chart of Jaya Algorithm|[74]

2.2.2  Genetic Algorithm

Beyond Jaya, numerous heuristic and metaheuristic approaches have been explored in satel-
lite scheduling research. Among the earliest are genetic algorithm (GA) and simulated
annealing (SA), both of which have demonstrated success in handling large-scale and multi-
objective scheduling problems. GA evolves a population of candidate schedules through
selection, crossover, and mutation operators, gradually refining feasible task sequences [36].

It is particularly well suited for complex optimization problems because its search pro-
cess mimics the biological evolution of species—maintaining a diverse population, inheriting

12
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Figure 2.3: Flow chart of Genetic Algorithm [25]

useful traits, and discarding weak candidates over generations.

This evolutionary mechanism enables GA to efficiently explore large, discrete search
spaces and balance exploration with exploitation.

In the context of Earth observation and agile satellite scheduling, GA has been widely
adopted due to its flexibility in handling multiple constraints such as visibility windows,
memory capacity, energy consumption, and attitude maneuver limitations.

Bianchessi et al. [9] developed a multi-satellite scheduling heuristic based on a hybrid
GA framework, capable of coordinating multiple satellites under time-window and resource
constraints. Similarly, Wolfe and Sorensen [95] applied GA to early Earth Observing System

(EOS) scheduling problems, demonstrating its effectiveness compared with traditional exact

13



methods like integer programming.

Further improvements were made by Wu and Zhu [89], who combined GA with an ant
colony optimization (ACO) component to accelerate convergence and improve global search
capability for multi-satellite observation tasks.

Stefano and his team introduced a multi-objective GA to simultaneously maximize ob-
servation coverage and minimize transition energy, showing its adaptability to dynamic op-
erational environments [83].

More recently, Wu et al. |? | proposed a hybrid GA that integrates local search and
decomposition techniques, further enhancing the algorithm’s robustness and computational
efficiency for large-scale satellite scheduling,.

Together, these studies confirm that GA provides a strong foundation for satellite mis-
sion planning; however, its performance often depends heavily on parameter tuning and
problem-specific adaptations. Inappropriate choices of meta-parameters can lead to pre-
mature convergence to local optima in non-convex problems, motivating the need for more

constraint-aware and adaptive approaches.

2.2.3 Tabu search

Tabu search has also been applied to satellite scheduling, using short-term memory structures
to prevent cycling and encourage diversification [6]. By storing recently visited solutions, the
algorithm avoids revisiting poor configurations and focuses exploration on promising regions
of the search space.

While these methods are flexible and computationally tractable, their performance is
often sensitive to parameter tuning and initialization strategies, which can limit their ro-
bustness across different mission scenarios.

Despite these advancements, a common challenge remains: most heuristic algorithms

lack transparency and interpretability. In safety-critical satellite missions, operators must

14



understand why specific scheduling decisions are made and how trade-offs among competing
objectives are handled. However, many heuristic methods operate as “black boxes”, producing
near-optimal results without offering insights into their internal decision-making processes.
This opacity limits their operational acceptance, especially in missions that demand traceable

and explainable scheduling outcomes.

2.3 Machine Learning & Deep Learning

The emergence of machine learning, especially deep learning (DL) and deep reinforcement
learning (DRL) has begun to influence satellite scheduling research in both decision making
and predictions. Recent studies considered scheduling as a sequential decision process with
resource and temporal constraints, and use DRL to learn policies that maximize long term

mission value under uncertainty. [40, 31].

2.3.1 Classical Machine Learning

Traditional statistical machine learning models, such as k-nearest neighbors (KNN), support
vector machines (SVM), decision trees, and clustering algorithms like k-means, are primarily
designed for prediction or classification tasks based on a large, labeled datasets. However,
these assumptions do not stand for satellites scheduling problems. In our mission context,
each scheduling instance corresponds to a unique optimization scenario rather than repetitive
labeled tasks. Observing or acquiring targets do not have predefined “labels” which is used to
indicate optimal choices. And more than that, the data are typically sparse, heterogeneous,
and highly mission-specific |31, 52.

Moreover, satellite scheduling involves sequential decision-making under complex tem-
poral, spatial, and resource constraints—features that classical statistical models cannot
capture effectively. These models lack the ability to inference the dependencies across time

or to optimize a global objective involving multiple conflicting constraints like attitude slews,

15



onboard memory, and visibility windows.

Consequently, classical ML algorithms are unable to generate feasible or near-optimal
schedules in dynamic operational contexts [40|. Therefore, while traditional machine learn-
ing techniques may support limited predictive submodules (such as weather estimation or
demand forecasting), they remain fundamentally unsuitable for end-to-end scheduling op-
timization. This limitation motivates the exploration of deep learning and reinforcement

learning approaches that can directly model sequential, constraint-driven decision processes.

2.3.2  Online Learning

Before introducing reinforcement learning, it is essential to understand the concept of online
learning, which forms one of its theoretical foundations. Traditional batch learning assumes
to have a fixed and complete dataset before training and the model is optimized once and
later then deployed to make predictions on unseen data. However, many real world problems,
including satellite operations, operate in dynamic or nonstationary environments where new
information continuously arrives over time. In such cases, the batch assumption breaks down,
which motivates the development of online learning, where the learner updates its model or

parameters sequentially after each observation |79, 63].

Core principle. In online learning, the learner interacts with the environment in rounds
t =1,2,...,T. At each round, the learner selects a decision h; (e.g., a prediction or an
action) based on the information available up to time ¢. Then, the environment reveals a
loss function ¢4, and the learner incurs this loss. The goal is to minimize the cumulative loss

compared to the best fixed decision in hindsight.
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Parameters

Class H of predictors, loss function /.
The algorithm outputs a default initial predictor hy € H.

Fort=1,2,...
1. The next example (x¢,y¢) is observed.
2. The loss ¢(h¢(x¢),yt) of the current predictor h; is computed.

3. The online learner updates h¢, generating a new predictor hyyq1 € H.

A characterizing feature of online learning is that the model update hy — hy4 1 is typically
local. That is, it only involves the current predictor hy and the current example (x4, y¢).
Note that an online learner A generates a sequence hy, ho,--- € H of predictors. We

evaluate the performance of A through the notion of sequential risk:

| T
fzg(ht(%%yz&),
=1

measuring, as a function of T', the average loss of the predictor sequence over the first T’
examples. The sequential risk is the online learning counterpart of the notion of statistical

risk in statistical learning.

In what follows, we use the notation ¢¢(h) = ¢(h(x¢), y¢) when the sequence (z1,y1), (z2,y2), - . .

is understood from the context. This defines a sequence £1, fo, ... of loss functions.

In keeping with the analogy between online and statistical learning, we also define the regret

which is used to measure the quality of an online learning algorithm:

T T
RT = th(ht) — min th(h*),
=1 e

where Rp quantifies how much worse the online learner performs compared to the best

17



fixed decision h*. An algorithm is considered effective if its regret grows sublinearly with
time (i.e., Rp = o(T')), meaning that the average regret per step % converges to zero as T’

increases.

Exploration in online decision making. In many practical scenarios, especially when
feedback is limited, the learner must balance exploration (trying new actions to gather in-
formation) and exploitation (using the best-known option so far). This balance has been
researched in the multi-armed bandit (MAB) problem, where a learner chooses among K
actions (“arms”) at each round, receiving stochastic rewards. The objective is to maximize
cumulative reward, minimize cumulative regret—without knowing the reward distributions

in advance |2, 48|.

The e-greedy algorithm. One of the simplest yet powerful strategies to address the
exploration—exploitation trade-off is the e-greedy algorithm. At each time step ¢, the agent

selects:

a random action, with probability e,
a =

arg maxg g, with probability 1 — €,
where 7, denotes the estimated average reward of action a. The parameter € € [0, 1] controls
the degree of exploration: higher e values encourage trying less-explored options, while
lower € emphasizes exploitation of known high-performing choices. In dynamic systems
such as satellite operations, € can be decayed over time to favor exploitation once sufficient

environmental knowledge is gained.

Upper Confidence Bound (UCB). An alternative approach, the Upper Confidence

Bound (UCB) algorithm, handling exploration by associating each arm with a confidence

18



interval for its expected reward. At round ¢, the learner selects the arm that maximizes:

(A lnt>
ar = argmax | rq + ¢4/ — |,
a Ng

where 7, is the empirical mean reward of arm a, n, is the number of times arm a has
been played, and c is a tunable parameter controlling the exploration intensity. The second
term acts as an optimism bias—arms with higher uncertainty (smaller n,) are favored early,
ensuring that no potentially valuable action is neglected. UCB guarantees a logarithmic
regret bound of O(logT) under stationary reward distributions, making it one of the most

theoretically grounded algorithms in online learning.

Explore-Then-Commit (ETC). Another foundational algorithm in the online learning
and multi-armed bandit literature is the Explore-Then-Commit (ETC) strategy [12]. As
the name suggests, ETC explicitly divides the learning process into two distinct phases: an
initial ezploration phase followed by a commitment (or exploitation) phase.

In the exploration phase, each arm is sampled a fixed number of times—say, ng rounds
per arm—to estimate its expected reward. Let 7, denote the empirical mean reward for arm

a after ng samples:
1
TAa _ Z Ta’t.
"3
After this exploratory stage, the algorithm commits to the arm with the highest estimated
mean reward:

a® = argmax g,

a
and continues selecting a* exclusively for the remaining T'— Kng rounds, where K is the
total number of arms. Thus, the learner fully exploits the knowledge acquired during the
exploration phase.

The simplicity of ETC makes targets selection tractable and easy to implement. Its regret
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can be decomposed into two sources: (1) the cost of initial exploration (when suboptimal
arms are deliberately played), and (2) the risk of committing to an incorrect arm if the initial
estimates are noisy.

Conceptually, ETC mirrors many real-world decision processes: first, a system collects
enough empirical evidence to assess possible actions; then, it locks onto the most promising
option once confidence is sufficient.

In satellite operations, such a principle could be applied to early-mission phases, where
different observation strategies are tested to estimate environmental conditions or target
yields before committing to a steady observation policy for the remainder of the planning
horizon.

However, ETC assumes a fixed reward distributions, which limit its capability in dynamic

contexts such as Earth observation scheduling mission.

Relevance to satellite scheduling. For satellite task planning, online learning provides
a conceptual framework for adapting to streaming data such as new observation requests
or evolving priorities. For example, an e-greedy policy could occasionally test alternative
observation sequences to explore new combinations of targets which provides a fundamental
area framework for space operation to find the optimal of sub-optimal combination of actions
(policies) in a feasible time complexity. However, pure online learning assumes independent
rounds and does not model the temporal or resource dependencies that characterize real
satellite operations (e.g., attitude change, onboard memory, or overlapping visibility win-
dows). Thus, while online learning introduces adaptivity and mathematical guarantees of
diminishing regret, it lacks the sequential state transition and dynamic reward mechanisms
needed for long-horizon optimization.

Reinforcement learning (RL) extends these ideas by embedding the learner within a
dynamic environment, where each decision changes the future state of the system. Instead of

minimizing regret, RL seeks to maximize long-term cumulative reward by learning an optimal
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policy 7*(als). In essence, RL can be viewed as online learning with state transitions and
delayed feedback—a crucial property for complex, time-dependent problems such as satellite

scheduling under uncertainty.

2.3.83  Deep Reinforcement Learning

After understanding online learning, now we turn to reinforcement learning (RL) which is
a framework that generalizes the idea of sequential adaptation by explicitly modeling the
interaction between a decision-making agent and a dynamic environment. In RL, the learner
does not simply predict outcomes or minimize regret against a static comparator. Instead,
it learns a policy that maps states to actions in order to maximize the expected cumulative

reward obtained through repeated interaction with the environment [85, 43].

Core principle. Formally, an RL problem is modeled as a Markov Decision Process

(MDP) defined by a tuple (S, A, P, R, ), where:

e S is the set of states representing the environment,

A is the set of possible actions available to the agent,

P(s'|s,a) is the state-transition probability from s to s’ given action a,

e R(s,a) is the expected immediate reward after taking a in s, and

v € [0, 1] is the discount factor controlling the importance of future rewards.

The agent’s goal is to find an optimal policy 7*(a|s) that maximizes the expected dis-
counted return:

J(m) =Eg

o0
Z ’Ytrt] .
t=0
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Deep Q-Network (DQN). In complex domains, the state or action spaces are high-
dimensional and continuous, making traditional tabular RL infeasible. Deep Reinforcement
Learning (DRL) addresses this limitation by using deep neural networks as function approx-
imates for the policy and/or value functions.

Among the earliest and most influential breakthroughs in deep reinforcement learning
is the Deep Q-Network (DQN), introduced by Mnih et al. [59]. DQN combines traditional
Q-learning with deep neural networks to approximate the optimal action-value function
Q* (s, a), enabling reinforcement learning to scale to high-dimensional and continuous state

spaces that were previously intractable for tabular methods.

Concept and structure. In the classical Q-learning algorithm, the agent updates its Q

values on the Q-table iteratively using the Bellman optimality equation as shown below:

Qry1(st,a) = Qi(st, ap) + afry + 7 max Qt(si41,0") — Qi(st,az)],

where « is the learning rate, and + is the discount factor. This approach, however, becomes
impractical when the state space is continuous or extremely large—as in satellite mission
planning, where states must represent orbital position, onboard memory, attitude angle, and
time-dependent target visibility.

DQN addresses this by introducing a neural network parameterized by 6 to approximate

the Q-function,

Q(s,a;0) =~ Q*(s, a),

allowing the agent to generalize across similar states instead of storing explicit Q-values.
The network takes as input a representation of the environment state and outputs estimated
Q-values for each possible action.

The parameters 6 are trained by minimizing the mean square root temporal-difference
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(TD) loss:

L(0) = E(s,a,r,s’)wD [(yt —Q(s;a; 6))2} )

where the target 1+ is defined as
ye =re+ymaxQ(s’,a’;07),
a

and 6~ represents the parameters of a separate target network, updated slowly to stabilize

training.

Intuitive interpretation of TD loss. The temporal-difference (TD) loss measures how
far the network’s current prediction of the Q-value is from a target value derived from the
next observed transition. In essence, it captures the “prediction error” between what the
agent expected to happen and what it actually experienced after taking an action. If the
two values are close, the TD loss is small, showing that the agent’s understanding of the
environment is accurate; if they differ greatly, the loss is large, signaling that the network
should adjust its parameters to better match reality.

Mathematically, the term inside the square brackets in

L(O) = E[ (s~ Q(s. :0))’]

is the squared error between the target value y; and the network’s current predicted
value ()(s,a;0). The target y; represents a one-step look-ahead estimate: it combines the
immediate reward r; the agent just received with the discounted estimate of future rewards
from the next state,

Yyt = rt +ymax Q(s',d;07).
a

In this way, the TD loss ensures that the network continuously corrects itself by using its
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short-term predictions with longer-term outcomes.

To put it simply, the TD loss teaches the agent to refine its “guess” of how good each action
is. Whenever the environment provides feedback that differs from the agent’s expectations,
the TD loss becomes nonzero, leading a correction through gradient descent. Over many
interactions, these small corrections accumulate, allowing the agent to learn an accurate
mapping from states and actions to expected future rewards.

For example, if the agent predicted that imaging a particular target would yield a reward
of 5, but the resulting observation and future opportunities make the actual expected value
closer to 8, the TD loss quantifies this 3-point discrepancy. By minimizing this loss, the
network slightly increases the estimated value of that decision, improving its policy over
time.

To further reduce correlation between sequential samples, DQN employs an experience
replay buffer D that stores past transitions (s,a,r,s’) and samples them randomly during
training.

These two innovations—experience replay and the target network—are crucial for
stable learning and prevent divergence in non-linear function approximation settings. The
combination enables DQN to handle complex, high-dimensional tasks such as satellite atti-

tude maneuvering, dynamic scheduling, where explicit enumeration of Q-values is impossible.

Applications in space operations. Deep Q-Networks have shown potential in solving
decision making problems within aerospace and satellite operations. In mission scheduling
scenarios, each state sy can represent the satellite’s instance configuration like position, atti-
tude, onboard memory, remaining observation requests, and each action a; may correspond
to selecting the next target, adjusting acquiring mode, or initiating a targets downlink ses-
sion. The reward 74 is typically designed to reflect mission objectives such as maximizing
scientific value.

Recent studies have demonstrated that DQN based scheduler can outperform heuristic
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and rule-based methods under dynamic or uncertain conditions. For instance, Ou et al.
[64] formulated the satellite range scheduling problem as a Markov Decision Process (MDP)
and proposed a DQN framework to dynamically allocate imaging windows among multiple
requests. Their approach encoded temporal visibility constraints and task priorities into
the state representation and used a multi-objective reward combining coverage and value
gain. Their simulation results showed that the learned policy achieved higher total obser-
vation reward and better adaptability to task arrivals than greedy and GA-based baselines,
particularly for high-demand scenarios.

In another representative work, Herrmann et al. [39] explored the use of DQN for ag-
ile multi-satellite scheduling under varying communication and visibility conditions. Their
framework treats each scheduling step as a decision point where the agent selects which
satellite should perform the next observation or downlink action. The state vector includes
simplified operational variables such as satellite position, available memory, and communica-
tion link status, while the reward function balances task completion value and resource usage.
Although they used a relatively lightweight DQN architecture, the agent learned adaptive
policies which showed better performance than greedy and rule-based strategies, especially
when communication delays or ground-station conflicts occurred. This study demonstrates
that even with simplified state representations, reinforcement learning can effectively improve
the responsiveness and flexibility of multi-satellite operations.

In a more recent contribution, Chun et al. [23] introduced the Graph Attention Deep
Q-Network (GA-DQN) for AEOSS. In this model, observation targets and potential atti-
tude transitions are represented as graph nodes and edges, respectively. A graph attention
mechanism captures spatial relationships among targets, while the DQN framework learns to
select the most promising target sequences given dynamic visibility and slewing constraints.
This hybrid framework allows the model to generalize across target configurations and scale

to hundreds of requests. Their experiments demonstrated better performance over classical
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DP and heuristic based approaches in terms of total reward and computational efficiency
which also achieving near real time scheduling for dense target scenarios.

In summary, these studies highlight that DQN serves as a general decision making frame-
work which is capable of handling discrete actions and complex nonlinear state representa-
tions, which are good to real-world satellite mission planning.

When combined with constraint filters, heuristics, or encoder-decoder, DQN based sched-
ulers can generate near-real-time decisions that improve space mission more efficiency and
robustness.

Despite these advances, two main issues remain: (1) training deep models requires large
datasets, which are not always available in space operations, and (2) most ML models act
as black boxes, making it difficult for mission operators to interpret why a certain schedule
was chosen. This lack of transparency limits their acceptance in safety critical phases.

This thesis is builds on these recent advances by introducing a dynamic, constraint-aware
heuristic that not only respects memory, command, and geometric constraints but also allows
merging of nearby targets and flexible mode assignment. Unlike many prior approaches, the
method provides a transparent and explainable scheduling framework that performs well

under dynamic conditions and is suitable for potential onboard implementation.
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Satellite Mission Overview
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2.4 Introduction to Sentinel-6 Mission

The Sentinel-6 satellite, which launched in November 2020, is one of the most important parts
of the international Earth Observation program. It is a joint program between the European
Space Agency (ESA), EUMETSAT, NASA, and NOAA. The main goal of Sentinel-6 is to
keep the long record of radar altimetry going after the TOPEX /Poseidon and Jason satellite
series. It mainly focuses on precise measurements of global sea level, ocean circulation, and
different climate change indicators.

Sentinel-6 operates in a Low Earth Orbit (LEO) at around 1,336 km altitude and com-
pletes an orbit every 112 minutes. The orbit repeats every 10 days, which means it can cover
the whole Earth in a consistent pattern. The orbit geometry is very stable and helps ensure
that the satellite can compare measurements over time, which is important for detecting

both long-term and short-term changes in sea level or river altitude.

2.5 Poseidon-4 Radar Altimeter and Observation Modes

The main scientific instrument on Sentinel-6 is the Poseidon-4 radar altimeter, which can
work in several modes. These modes allow the mission to choose between better resolution

and lower data volume, depending on what the situation needs.

e Low Resolution Mode (LRM): Standard mode with moderate accuracy and efhi-

cient data compression, mainly used for open oceans.

e Low Resolution Mode with Range Migration Compensation (LRMC): A

middle option that improves resolution while keeping memory usage reasonable.

e LX mode: Records uncompressed, very detailed data that are most useful for studying

coastlines, lakes, and rivers, but it uses much more onboard memory.

These modes are selected dynamically based on mission goals, geographic region, and
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Figure 2.4: Example of target data acquisition. The satellite flies along its orbit and starts
recording when the targets are inside the field of view (FOV).

available onboard resources. The RAW mode is the most valuable for scientific purposes,
but also the most expensive in terms of memory usage. Because of this, it must be carefully
scheduled so that the satellite memory does not overflow and all data can still be downloaded

later.

2.6 Scientific Importance

Sentinel-6 plays a crucial role not only in ocean science but also across a wide range of Earth
observation applications. The data collected by the Poseidon-4 altimeter are extensively

used in:
e Numerical weather prediction and the improvement of wind and wave models.

e Flood monitoring and disaster response planning.
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e Climate and hydrology studies, including sea-level rise and glacier monitoring.

These applications highlight how altimetry data benefit both scientific research and every-
day life, particularly as climate change intensifies hydrological variability and environmental

uncertainty.

2.7 Onboard Data Handling and Ground Operations

Sentinel-6 has a limited onboard mass memory unit that stores altimetry data until it can
be sent to the ground. Data are usually downloaded when the satellite passes over one of
EUMETSAT’s ground stations in Europe or North America. Each downlink pass lasts only
a few minutes, so the planning team must make sure that data are stored efficiently and that
the memory buffer never gets full.

If the onboard memory becomes full before a scheduled downlink, newly acquired targets
will overwrite previously stored data, leading to corrupted or lost measurements, which is
unacceptable for scientific operations. To avoid this, ground operators must carefully plan
recording sessions and downlink windows to ensure that the memory is efficiently utilized

without ever exceeding its capacity.

2.8 Sentinel-6 Targets Dataset Overview

During the mission planning phase, scientists and schedulers select observation targets from
a global dataset containing more than 3,000 predefined altimetry targets distributed across
the Earth’s surface over 20 orbits. Therefore, a comprehensive understanding and analysis of
this dataset are essential before further mission planning steps. Table 2.2 presents a partial
sample of the target records used in this research.

As shown in Table 2.2, each target record contains several descriptive parameters (with

irrelevant columns omitted here), explained as follows:
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Table 2.2: Sample of Satellite Target Records with Start and End Coordinates

start latitude start longitude end latitude end longitude pso duration duration pso entity r orb
40.406585 -3.400501 40.410892 -3.395674 33.590098  15.847397 0.122982 nadir 17
41.528379 -2.563479 41.534652 -2.557913 34.795143  2.309398  0.123227 nadir 17
41.528379 -2.563479 41.540298 -2.549821 34.918370 16.148573 0.123227 nadir 17
42.355076 -1.921616 42.360243 -1.915879 35.780036 2.321602  0.123877 nadir 17

e start latitude / start longitude: The geographic coordinates marking the start-

ing point of each target along the satellite’s ground track.

e end latitude / end longitude: The geographic coordinates marking the ending
point of the target segment. Together with the start coordinates, they are used to

calculate the target’s spatial distance using the great-circle formula.

e pso: The position angle of the satellite with respect to the target, indicating its ori-

entation during acquisition.

e duration: The time window available for data acquisition over the target, typically

expressed in seconds.

e duration pso: The corresponding duration in positional space, associated with the

PSO angle.
e entity: The observation configuration or mode used for data collection (e.g., nadir).

e r orb: The orbital revolution number representing the satellite’s specific orbit pass

when the observation occurs.

These fields form the core of the target dataset used for trajectory and scheduling opti-
mization in subsequent algorithmic analysis.

Figure 2.5 below is the map that illustrates the targets from the dataset pinned on the
Earth map. As shown in the map, different targets on different satellite tracks are indicated

with different colors, and we have more than 20 tracks circling around the Earth. Some
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of the targets are observation of the rivers, lakes, and reservoirs distributed across different
countries and continents.

In addition to geographical distribution, it is also important to understand the spatial
characteristics of the selected targets. Each altimetry target is defined by its start and
end coordinates along the satellite ground track. The target size is computed as the great-
circle distance between the start and end points on the Earth’s surface, taking the planet’s
curvature into account.

Mathematically, the great-circle distance d between two points with latitude and longi-

tude (¢1, A1) and (¢9, A9) is calculated using the haversine formula:

d = 2R arcsin <\/sin2 (@) + cos(¢1) cos(¢2) sin? (—)\2 ; Al))

where R is the mean radius of the Earth (approximately 6371km). It should be noted

that the haversine formula assumes a spherical Earth model, which introduces a small ap-
proximation error which is within 0.1 km compared to more accurate ellipsoidal models.
However, for the scale and resolution of the target acquisition problem considered in this
work, this error is negligible and does not significantly affect the overall optimization results.

Table 2.6 summarizes the statistical results of all computed target distances in the
dataset. These values indicate that most targets are short in spatial extent (less than 1km),

while a few large segments cover over 1000 km, typically representing oceanic or polar tracks.

More importantly, since all targets are distributed across the Earth’s surface, it is also
essential to analyze how far they are separated from one another. The distance between
two adjacent targets along the same satellite ground track is defined as the target gap.
Understanding these gaps provides valuable insight into the spatial continuity of observations
and helps determine whether consecutive targets can be efficiently acquired within a single

orbital pass.
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Figure 2.6: Statistical Summary and Distribution of Target Size

Statistic Value (km)
Count 9165
Mean 3.18
Standard Deviation 19.70
Minimum 0.00
25th Percentile 0.02
Median (50th Percentile) 0.10
75th Percentile 0.92
Maximum 1086.10
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From an algorithmic perspective, the target gaps directly influence the configuration of
several meta-parameters in the proposed optimization model, including the discretization
step size, bin allocation strategy.

Smaller gaps indicate spatially continuous coverage, which is preferable for improving
onboard memory utilization. On the other hand, larger gaps imply discontinuous observation
segments, which require the algorithm to consider acquisition modes more carefully in future
work.

An illustration of these target gaps along a representative orbital track is shown in Fig-
ure 2.7, where each gap corresponds to the distance between two consecutive targets. This
visualization highlights how spatial distribution patterns vary across orbits and underscores
the importance of adaptive parameter tuning in subsequent optimization stages.

The statistical summary shown in Figure 2.8 reveals several important characteristics
of the target gap distribution. First, although the mean gap is approximately 978 km, the
median is only 188 km, indicating that the distribution is highly right-skewed. This reflects
the fact that most adjacent targets along a given orbital track are relatively close to one an-
other, while a smaller number of exceptionally large gaps—up to nearly 19,100 km—account
for the long tail of the distribution. These large gaps typically correspond to transitions
between geographically separated regions, such as moving from continental landmasses to
open-ocean areas or between distinct hydrological zones.

The histogram in Figure 2.8 provides a clearer visualization of this skewed behavior. The
density of small gaps suggests that many targets lie within the same regional cluster or form
continuous acquisition segments.

Overall, these results suggest that the majority of targets correspond to localized ob-
servation areas, whereas a smaller subset consists of long continuous ground tracks. This
characteristic distribution will influence both the memory allocation and the prioritization

strategy in the later optimization algorithm.
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Figure 2.7: Illustration of Target Gaps.
2.9 Altimetry Targets and Mission Planning Challenges

Altimetry targets are the designated locations on the Earth’s surface that Sentinel-6 is re-
quired to observe, such as ocean sectors, coastlines, rivers, glaciers, or large reservoirs. Each
target is given a priority level that represents how important it is scientifically or opera-
tionally. For example, a coastal region or a river basin might have a higher priority than
open-ocean measurements if it is used for flood monitoring or climate validation. Every
target also has an observation duration, a preferred data acquisition mode (for instance LX,
LRMC, or LRM), and an associated memory cost depending on the selected mode.
Planning which targets to observe and which mode to use is far from simple. It is a
large-scale combinatorial optimization problem that resembles the classic knapsack problem
like we mentioned before, where planners must decide how to fill the limited satellite memory
with the most valuable data. However, the problem here is even harder because the duration

and the value of each observation are not fixed since they depend on orbital geometry, data
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Figure 2.8: Statistical Summary and Distribution of Target Gaps

Statistic Value (km)
Count 9164
Mean 977.82
Standard Deviation 2623.38
Minimum 0.00
25th Percentile 94.46
Median (50th Percentile) 188.11
75th Percentile 423.82
Maximum 19093.98
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rate, and the available modes. As a result, this planning task is a non-convex and NP-hard
problem.
The mission planners must take into account several operational and physical constraints

when generating a plan:

e Memory constraint: The total volume of data generated by all selected targets must
never exceed the onboard mass memory at any time. Since LX mode consumes much

more space than LRM, this limits how often it can be used within a single orbit.

e Commands limit: There is a maximum number of instrument commands that can
be uploaded for each planning cycle. And the typical number of commands for a
operational cycle is 400 due to either mission cycle configurations or legacy satellites
design. Too many mode switches or segment initiations can lead to operational errors

or execution delays.

e Geometric and temporal dependencies: Selecting one target may block the op-
portunity to observe another, either because of overlapping time windows or insufficient
buffer memory. These dependencies mean that local decisions (within one orbit) also

affect the global plan across the entire planning cycle.

Because Sentinel-6 is not designed for real-time replanning, all of these scheduling de-
cisions must be made in advance. The ground operation team generates a daily or weekly
command plan that specifies when and how the instrument will record data, what modes will
be used, and which targets will be skipped if there are conflicts. Once the plan is uplinked
to the spacecraft, it runs autonomously for the duration of the cycle.

An inefficient or poorly optimized plan can cause serious data loss. For instance, if too
many high-resolution targets are scheduled early in the orbit, the onboard memory may
become full, preventing the recording of later high-priority targets. Similarly, if command

or timing constraints are violated, the plan might be rejected or require manual re-editing,
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delaying the whole operation.

Therefore, the mission planning team has to find a delicate balance between maximizing
the total scientific reward and maintaining operational safety. This is made even more diffi-
cult by the constantly changing conditions: new target requests from scientists, unpredictable
anomalies, and varying downlink opportunities. Because of this dynamic environment, it is
not enough to rely on static or brute-force methods.

The problem requires an adaptive and constraint-aware approach that can adjust the
selection of targets and recording modes while keeping memory usage, command counts, and
orbital geometry under control. Developing such an approach is one of the main motivations

of this thesis.

2.10 Motivation for Optimization Research

Because of all these constraints and goals, efficient scheduling becomes a key challenge.
Traditional scheduling tools are often not flexible enough to deal with the increasing number
of user requests and strict memory limits. Therefore, this thesis uses Sentinel-6 as the
test mission and performance reference for developing a new constraint-aware heuristic
algorithm.

The main idea is to create a method that can:
e Maximize the number of valuable data acquisitions.
e Respect memory and command constraints.
e Stay understandable and explainable for operators.

This approach aims to reduce manual work and make the planning more adaptive to
changing situations. In the future, such heuristics could even be part of onboard autonomous

scheduling systems for next-generation altimetry missions.
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As discussed in the previous chapters, space operation missions such as altimetry data
acquisition require a high level of transparency and efficiency. In other words, it is not
enough for the algorithm to simply produce an optimized plan or schedule since they must
also be explainable. Mission scientists and schedulers need to understand how and why the
algorithm makes certain decisions, especially when those decisions affect valuable observation
opportunities or memory consumption. This transparency not only improves trust in the
system but also enables human experts to fine-tune operational parameters when necessary.

Our proposed heuristic algorithm was developed with these principles in mind. It aims to
provide a balance between performance and interpretability, ensuring that every scheduling
decision can be traced back to its underlying constraints and objectives. By doing so, it
allows mission operators to visualize how the satellite’s onboard resources such as memory
capacity, number of commands which are being utilized.

In general, our algorithm can be divided into three main components:

1. Satellite Trajectory Initialization, which import the orbit and potential data into

the program, and models them in our program.

2. Target Preprocessing, which evaluates and filters the list of observation targets

according to mission priority, and meets the memory constraint conditions.

3. The Main Heuristic Algorithm, which applies constraint-aware decision rules to
select the most valuable targets and observation modes while respecting rest of all

mission constraints.

These three parts work together to simulate a realistic decision-making process under
operational constraints. The heuristic integrates information about onboard memory and
command availability to make efficient and explainable scheduling choices. It is designed to
maximize the number of high-priority altimetry data acquisitions while avoiding overuse of

resources or command overload.
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Furthermore, the heuristic is adaptable: it can dynamically adjust to mission parameters
such as changing target distributions or updated priority scores. This flexibility makes the
approach suitable for both static pre-planned schedules and semi-dynamic mission updates.

In the following sections, each part of the algorithm will be introduced in detail. We
will begin by describing the satellite trajectory initialization process, followed by target
preprocessing, and finally, the full structure of the constraint-aware heuristic that integrates

all these components into a unified optimization framework.
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CHAPTER 3
SATELLITE TRAJECTORY INITIALIZATION

3.1 Overview

Before the heuristic scheduling algorithm can be applied, the satellite trajectory and tar-
get structure must be properly initialized in the program. This process ensures that all
observation targets are correctly mapped into the satellite’s ground track, discretized into
manageable bins, and associated with relevant operational metadata such as priority, obser-
vation modes, and estimated memory usage, which is also associated with satellite altitude.

The goal of this initialization stage is to establish a clear, structured representation of the
satellite’s potential observation timeline. Each step of the initialization directly contributes
to ensuring that subsequent optimization and heuristic planning can operate on transparent

and well-defined data structures.

3.2 Targets Discretizations

In real-world altimetry missions, a single observation target can be extremely large. For
example, oceanic or river targets can extend over hundreds of kilometers. The footprint size
of the satellite’s radar altimeter varies with its orbital altitude and local surface conditions,
meaning that a single “target” may cover a wide range of altitudes and geographical features.
Consequently, acquiring each target as one indivisible observation unit can lead to poor
optimization results, since different portions of the same target may require different data-
acquisition modes or memory allocations.

To overcome this, the proposed system introduces the concept of Bins, where each target
is divided into a set of smaller, spatially continuous segments along the satellite’s trajectory.
Each bin represents a segment between two discretized endpoints and is treated as an inde-

pendent operational unit.
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Figure 3.1: Example of target footprint. The Etosha lake is depicted as polygon.

In this implementation, all bins are generated with a fixed spatial width determined by
a mission-defined parameter called the step size. The step size is a meta-parameter set
by the Mission Operation Center (MOC), typically expressed in kilometers. It defines the
ground distance between two consecutive endpoints along the satellite’s ground track. As a
result, each bin has a uniform width, ensuring consistent spatial coverage and simplifying

subsequent processing and memory modeling.

e Mode Acquiring Flexibility: By representing each target as multiple bins, the
algorithm can make finer-grained scheduling decisions. Some bins within a large target
can be recorded in high-resolution mode (e.g., LX), while others can be downgraded

to a lower-resolution mode (e.g., LRMC) if the available memory is limited.

e Memory-Aware Optimization: Different bins of the same target may occupy vary-
ing amounts of onboard memory depending on the observation mode. This variability

allows the heuristic algorithm to balance scientific value against memory cost, achieving
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a more efficient overall plan.

e Adaptation to Orbital Geometry: The satellite’s ground track changes slightly in
each orbit, and the angle of incidence between the sensor and the target surface can
affect data quality and duration. Modeling targets as bins allows the system to handle
such geometric variations, since each bin is associated with its specific orbit index and

latitude-longitude range.

e Transparency for Analysis: A bin-based structure enables mission planners to un-
derstand precisely which segment of a target is being observed and at what mode. This
transparency is essential for post-analysis, since scientists can trace data quality back

to specific trajectory segments.

In summary, the bin-based representation transforms the complex, continuous surface of
the Earth into a structured, discrete model that is both physically meaningful and computa-
tionally tractable. This methodology not only enhances the explainability of the algorithm

but also significantly improves its adaptability under real mission constraints.
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3.3 Core Concepts and Data Structures

To support modular development and code transparency, several core data structures are

defined in Python, each representing a key component of the observation system.

3.3.1 EndPoint Class

The EndPoint class represents a single geographical coordinate on the Earth’s surface, de-
fined by its latitude and longitude. These endpoints are used to discretize one target into
smaller segments. Each endpoint is associated with a type (for example, a target name),

allowing them to be grouped later for bin construction.

EndPoint

coordinate : tuple
endpoint type : string

+ EndPoint(coordinate, end-
point_type=None)

Figure 3.3: UML class diagram of the EndPoint data structure.

3.3.2 Mode Class

Each observation mode (for instance, LRMC or LX) is represented by the Mode class. This
class stores both the mode type and its corresponding memory usage value. Higher-resolution
modes, such as LX, consume more onboard memory but provide better data quality, while

modes like LRMC are used when memory is limited.

3.3.3 Bin Class

The Bin class forms the backbone of the initialization process. Each bin represents a discrete

observation segment along the satellite’s path, defined by a pair of consecutive endpoints. It
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Mode

mode : string
memory _usage : float

+ Mode(mode, memory usage)

Figure 3.4: UML class diagram of the Mode data structure.

contains attributes such as observation modes, target type, priority, and orbit index.
This structure provides the necessary abstraction for heuristic algorithms to later evaluate

which bins to activate, downgrade, or skip based on memory and priority constraints.

Bin
fore endpoint : Endpoint
rear _endpoint : Endpoint
bin_type : string
bin range: number
bin _pso: number
bin _pso delta: number
index : int
mode list : list
priority : float

-+ Bin(fore endpoint, rear endpoint, bin _type,
bin range, index, mode list=None)

Figure 3.5: UML class diagram of the Bin data structure.

3.3.4  Target Class

The Target class provides a more constructive operational objects used in the command-
constrained acquisition stage. While the pre-processing phase operates primarily at the bin
level, the command constraint is naturally expressed at the target level, since each target
corresponds to a contiguous recording segment (or a merged segment) and therefore directly
contributes to the command budget. A Target aggregates a list of bins that share the same
globally unique target identifier (target_name), and stores orbit-dependent metadata such

as the orbit_number and target_orbital_index, which enables fast same-orbit neighbor
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search during merging.

In addition, Target encapsulates mode-related and merging-related properties required
by later stages. The flag is_mode_hybrid determines the command cost of acquiring the
target, while the list merged_targets_list records intermediate targets that may have been
unintentionally acquired when constructing a merged recording interval.

Furthermore, start_pso and pso_duration provide a compact representation of the
target footprint (and are updated whenever merging occurs). Finally, utility methods such as
memory_usage, command_usage, and set_all_bins_to_mode allow the planner to evaluate
feasibility and enforce uniform recording modes when necessary.

Figure 3.6 illustrates the UML class diagram of the Target data structure.

Target

target name : string
bin_list : list[Bin]

orbit number : int
priority : float

target orbital index : int
fore coordinate : Endpoint
rear coordinate : Endpoint
start _pso : number
pso__duration : number
is_mode hybrid : bool
is_merged : bool

merged targets list : list

+ memory usage() : float

+ command _usage() : int

+ set_all bins to mode(mode name, strict=False)
+ fore_merged target() : dict

+ rear_merged target() : dict

Figure 3.6: UML class diagram of the Target data structure.
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3.4 Initialization Pipeline

The overall initialization is handled by the trajectory_initialization() function, which

follows a sequential structure. It performs four major tasks:
1. Importing the targets’ coordinates from the input data files.
2. Discretizing each target’s trajectory into endpoints.
3. Creating bins between consecutive endpoints.

4. Assigning memory usage, observation modes, and priority based on the XML configu-

ration file.

3.5 Endpoint Initialization

The first step involves reading target data and generating endpoints. For each target defined
by its start and stop coordinates, a discretization function divides the line segment into
evenly spaced points, with the interval defined by a user-selected step size (e.g., 10 km).
Each point is stored as an EndPoint object.

The initialization process of algorithm 1 begins by extracting the subset of targets selected
by the user. For each desired target, the algorithm retrieves its associated start and stop
coordinates that define the target’s ground track. Using these coordinates, the algorithm
discretizes the line segment into a sequence of evenly spaced points, where the spacing is
determined by a user-specified step size (e.g., 5 km).

Each discretized point is converted into an EndPoint object containing its latitude, longi-
tude, and target label. These endpoints serve as the foundation for bin construction in later
stages of the workflow. All generated endpoints are appended to a global list that preserves
their order along the ground track. This ensures that subsequent steps—such as bin cre-

ation, range computation, and memory estimation—operate on a consistent and well-defined
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spatial representation of each target.

Algorithm 1 Initialization of Target Endpoints

1: procedure INITIALIZETARGETENDPOINTS(end point _list, step km)
2 T < GETALLTARGETS

3 U <+ GETALLWANTED TARGETSNAME

4 for all t in T do

5: if t.target name € U then

6: start _coordinate < (t.start_latitude, t.start longitude)

7 stop_coordinate < (t.stop_latitude, t.stop longitude)

8 E <+ DISCRETIZELINE(start _coordinate, stop coordinate, t.target name, step km)
9: for all e in F do

10: append e to end point_list
11: end for

12: end if

13: end for

14: end procedure

This discretization ensures that each target can later be represented as a sequence of bins

that closely follow the satellite’s actual orbit geometry.

3.6 Bin Initialization and Attribute Assignment

After endpoints are generated, they are grouped by target name to construct bins. Each bin
connects two consecutive endpoints, forming the smallest operational unit for scheduling.
In this Algorithm 2, it outlines the complete bin-construction procedure. For every user-
selected target, the algorithm first extracts all associated endpoints and orders them along
the track. The number of bins is determined by the starting and ending endpoint pairs.
For each pair, the algorithm computes the bin duration, the starting PSO value, the PSO
increment (pso_¢), and the relevant orbital parameters. A Bin object is then instantiated
with all required attributes—start and end coordinates, bin index, bin PSO range, duration,
and orbit number—and appended to the global bin list. This structured representation

ensures that all memory estimation and heuristic scheduling, operate on a the bin set.
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Algorithm 2 Initialization of Bins for All Targets

1: procedure INITIALIZETARGETBINS(bin_list, end point_list)

2 T <+ GETALLWANTEDTARGETSNAME © List of target names selected by the user
3 for all t in T do

4 P <+ {edp € end point_list | edp.endpoint type =t }

5: n_bins < |P| —1

6: if n_bins <0 then

7 report that target ¢ has no valid endpoints

8

9

continue
: end if
10: duration < GETBINDURATION(n_ bins, t)
11: start _pso <— GETTARGETSTARTPSO(t)
12: orbit < GETORBITBYNAME(t)
13: target _pso_duration < GETTARGETDURATIONPSO(t)
target pso_duration
14: pso_delta < :
- n_bins
15: fori=0ton_bins—1do
16: bin_start pso <— start _pso+ pso_delta - i
17: starting _endpoint < P[]
18: ending _endpoint < P[i + 1]
19: append Bin(starting endpoint, ending endpoint,

bin_type =t, index =1,

bin_pso = bin_start pso,

bin_pso_delta = pso__delta,

duration = duration, orbit = orbit) to bin_list
20: end for
21: end for
22: end procedure
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3.7 Target Memory Calculation Assignment

The calculation of target memory requires a dedicated explanation because it relies on the
proposed bin-based discretization methodology, which differs significantly from other ap-
proaches. This section introduces the geometric quantities and measurement data that are
essential to the construction of the memory model, and we will begin with a couple of concept

explanations.

3.7.1 Range

In real-world satellite missions, the distance between the satellite and the target Earth’s
surface—commonly referred to as the range—is neither constant nor idealized as shown in
simplified geometric figures. Instead, the range varies continuously due to the ellipsoidal
shape of the Earth, gravitational effects, the surface altitude of the target, and small orbital

perturbations. A simplified illustration of the concept of range is as in the Figure 3.7:
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Figure 3.7: Hlustration of Range.

3.7.2  Pointing Separation Angle (PSO)

In addition to range, the second key geometric quantity required for the memory calculation
is the Pointing Separation Angle (PSO). In our context, the PSO represents the geocentric
angular separation between the satellite and the target ground point at either the beginning
or end of a visibility window. More precisely, the PSO is defined as the angle formed at
the Earth’s center between the satellite position vector and the vector pointing to the target
location.

The value used at the beginning of the visibility interval is denoted as the starting pso.

This quantity describes the geocentric angular separation at the moment the bin first becomes
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observable, and it defines the initial geometry of the bin-target configuration. Unlike the
off-nadir angle, which is defined from the satellite’s perspective, the PSO uses the Earth’s
center as the vertex and therefore captures the surface-relative geometry of visibility.

As the satellite moves along its orbit, the PSO evolves smoothly according to the relative
motion between spacecraft and the surface point. The incremental change during the visi-
bility window is represented by the parameter duration_p, and the end of the target PSO

interval is computed as

ending pso = starting pso + duration p.

Together, as shown in Figure 3.8, these angles describe the geocentric angular sweep associ-
ated with each bin, and this sweep strongly influences the variation of range throughout the
bin’s visibility duration. As the parameter name duration_ p suggests, the PSO is one way
to measure the duration of a recording window: the bigger the angle, the bigger the window

and therefore the higher the memory cost.
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Figure 3.8: Illustration of Range.
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3.7.3  Range and PSO Data From ESA

To accurately model how memory varies within a bin, our algorithm incorporates high—precision
range and pointing—geometry measurements provided by the European Space Agency (ESA).
These measurements include detailed range values across different orbital segments, together
with their corresponding PSO values.

Since the on—-board memory consumption of a target is highly dependent on the satel-
lite—to—surface range, these measurements play a crucial role in computing the memory

footprint of each discretized bin.

3.7.4  DBin-Level Memory Calculation

Before computing the memory of a full target, it is essential to compute the memory as-
sociated with each individual bin, because the bin is the smallest representational unit in
our methodology. Each bin captures a small, spatially continuous segment of the target
footprint, and the memory of the entire target is reconstructed by summing the memory
associated with its bins.

The table below illustrates a subset of the range and pointing—geometry dataset used by

our memory model.

orbit number pso angle centi deg range pso_angle deg

1 0 1337528.72 0

1 5 1337528.03 0.05
1 10 1337527.37 0.10
1 16 1338738.73 0.16
1 21 1338738.12 0.21
1 26 1338737.54 0.26
1 32 1337900.99 0.32
1 37 1337900.46 0.37
1 42 1337899.96 0.42
1 48 1337899.49 0.48
1 53 1339417.04 0.53
1 58 1339416.62 0.58

Table 3.1: Range and angular parameters for orbit 1 (altitude removed).

Column Descriptions:

o6



e orbit number: The orbital revolution index associated with the measurement. Each

value corresponds to one full revolution of the satellite around the Earth.

e pso_angle centi deg: The geocentric central angle between the satellite nadir
point and the surface point, expressed in centidegrees (0.01°). This value represents a
uniformly sampled angular position along the visibility geometry, enabling fine-grained

interpolation of the range profile.

e range: The satellite-to-surface distance (in meters) corresponding to the PSO angle

shown in the same row.

e pso_angle deg: The same geocentric central angle as pso_ angle_ centi_ deg, but

expressed in degrees for convenience.

As shown in the table above, the orbital range data has been discretized into rows sampled
at increments of approximately 0.05°. Our task is therefore to determine the appropriate
range value for each bin in the discretized target representation.

In the second phase of the pipeline, each bin is already assigned two quantities: bin_ pso
and bin_pso_ delta, which together describe the angular interval spanned by the bin. To
obtain a single representative geometric angle for range lookup, we compute the central

pointing separation angle using

bin _pso_delta

central pso = bin_ pso + 5

This central angle serves as the reference for interpolating the satellite—surface range as
shown in the Figure 3.9. We then locate the closest entry in the discretized PSO range table
to obtain the corresponding range value for that bin. Once the range is determined, the
memory consumption of the bin can be computed based on the user-provided observation

mode list.
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Figure 3.9: Illustration of Range in Targets

At this final stage of the initialization pipeline, each Bin object has already been fully

constructed with its attributes, including start and end coordinates, range, duration, and
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PSO interval. With these properties in place, the next objective is to determine the memory
usage required to acquire each bin under the user-specified recording modes. This step is
essential, as onboard memory is one of the dominant mission constraints of any acquisition
plan.

The memory computation workflow consists of two components. First, as shown in
Algorithm 3, the system assigns priorities and available recording modes to every bin based on
the user-provided XML configuration file. Each target may specify one or multiple acquisition
modes (e.g., high-resolution: LX or medium-resolution: LRMC), and the corresponding data
rates are retrieved from mission parameters. For each bin—mode pair, the algorithm invokes
the memory calculator.

The second component, detailed in Algorithm 4, computes the actual memory usage for
a single bin. This calculation incorporates mission-specific constants, a geometric correction
factor, the bin’s spatial range, and the mode-dependent raw data rate given by the ESA.
The resulting value represents the expected number of bytes required to record that bin in
the specified mode. All memory values are then attached to the bin’s internal mode list,
enabling later stages of the heuristic to reason about memory feasibility, trade-offs, and
target prioritization. The mission constants used in this computation are summarized below
for clarity.

Mission and Mode Constants.

HIGH MODE DATA RATE = 4676840 bytes/s,
MEDIUM MODE_DATA RATE = 2311680 bytes/s,

Hy_pacToOR = 0.005929439438291139.
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Algorithm 3 Assignment of Priority and Modes to Bins

1:
2
3
4
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:

procedure BINSMEMORYASSIGNMENT (bin_ list, xml path)

Parse the XML file at xml_path and obtain the root node
Initialize an empty map: target _map
for all target node in the XML do
name < target.name
priority < target.priority
mode_list < all mode entries under target.modes
target _maplname] < (priority, mode _list)
end for
for all bin in bin_list do
if bin.bin_type is in target _map then
bin.priority < target _map[bin.bin_typel.priority
for all m in target _maplbin.bin_type].mode_list do
if m is HIGH MODE then
data_rate < HIGH MODE DATA RATE
else if m is MEDIUM _MODE then
data_rate < MEDIUM MODE_ DATA RATE
else
continue > Unsupported mode
end if
memory <— MEMOCALCULATOR/(bin.range, data_rate, bin.duration)
append Mode(m, memory) to bin.mode list
end for
else
report that bin.bin_type is not found in the XML configuration
end if
end for

28: end procedure

Algorithm 4 Memory Usage Calculation for a Single Bin

1: procedure MEMOCALCULATOR(bin_range, mode data_rate, duration)

2:

3:

4:
5:

463 - 4
scale «+ 1076. —_~
395

bin range
H = - scal
0+ (H_O_FACTOR) seale
mode data rate
Hy
return Ry, - duration > Memory usage in bytes

Rep > Target-dependent data rate (bytes/s)

6: end procedure
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3.8 Visualization of the Initialization Output

To provide a clear and intuitive understanding of the preprocessing workflow, the full ini-
tialization sequence which is from raw orbital trajectory to the final bin representation is
visualized across three figures. Rather than depicting only the spacecraft path, these figures
illustrate the internal transformations applied to each target during the initialization phase.
Together, they reveal how target geometry, discretization, and bin segmentation operate as
a coherent pipeline that prepares data for the scheduling algorithm.

Figure 3.10 shows the first stage of the workflow, where the original target trajectories
are plotted along the satellite ground track. At this stage, each target is represented as a

continuous geospatial interval on the orbit, reflecting the raw input dataset.

I

(

Target 1 Target 2 Target n

\ 4

Trajectory

Figure 3.10: Example of trajectory initialization along the orbit.

Figure 3.11 presents the second stage, where each target is discretized into a series of
uniformly distributed endpoints according to the predefined step size. These endpoints
serve as the logical breakpoints that define the boundaries of the smallest units handled by
our system. As shown in the visualization, the discretization step creates regularly spaced

endpoints along each target segment.
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Figure 3.11: Example of endpoints initialization along the trajectory.

Finally, Figure 3.12 illustrates the third and most critical stage of the initialization pro-
cess: the construction of bins. Each pair of adjacent endpoints is grouped into one bin,
forming a structured sequence of fine-grained intervals for every target. The visualization
shows how each target becomes a sequence of bins (Bin 1, Bin 2, Bin 3, ...), which together

form a discretized representation of the raw trajectory.
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Figure 3.12: Example of bins along the trajectory.

This three-step workflow provides two important benefits. First, it guarantees that all
targets—regardless of their geographical extent or shape—are represented in a uniform, fine-
grained structure which provides flexibility of target implementation of memory and mode
selection. Second, it allows the heuristic scheduler to reason at the bin level rather than at
the original target level, resulting in more flexible decision-making, better memory control,
and more precise prioritization across large-scale datasets. These visualizations therefore, not
only validate the correctness of the initialization process but also highlight its foundational

role in the overall optimization pipeline.

3.9 Summary

This chapter establishes the foundation for the upcoming heuristic optimization. By trans-
forming raw target coordinates into structured bins enriched with operational metadata, the
system achieves both transparency and adaptability. The modular design of the initialization

code ensures that the algorithm remains easily interpretable for mission planners and can be
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reconfigured for different orbital scenarios or satellite platforms.
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CHAPTER 4
TARGET PRE-PROCESSING UNDER MEMORY
CONSTRAINTS

Once the targets and the satellite trajectory have been discretized into bins, the next step
of the heuristic is to decide which bins are worth acquiring under the onboard memory
constraint. At this stage, we intentionally ignore the second operational constraint—the
maximum number of commands—and focus exclusively on memory constraints, ensuring
that the selected bins are memory-feasible on an orbit-by-orbit basis. This “targets pre-
processing” phase produces a high-quality, memory-compliant set of bins that will later be
refined when the number of command constraint is introduced.

Each bin is associated with a target identifier, an orbit index, a priority level, and a list of
recording modes ordered from highest to lowest resolution. Every mode is characterized by
a memory usage value, and initially, all bins are assumed to operate in the highest-resolution

mode of user selection. The pre-processing algorithm proceeds in two main steps:

1. Priority-driven target iteration. All targets (standard and custom-interval targets)
are extracted from the user-defined XML configuration together with their priorities.
The list is sorted in descending order of priority. For each target in this order, the
algorithm collects all bins belonging to that target and evaluates whether they can be

safely acquired within the per-orbit memory limit.

2. Intra-orbit mode adjustment. If adding a target in its highest-resolution modes
would exceed the memory budget in any given orbit, the algorithm selectively down-
grades the modes of bins within that orbit (from HIGH to MEDIUM) while aiming
to preserve data quality. This adjustment is performed using our proposed method,

which requires no more than three commands for each target. Only bins belonging to
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the current priority level are eligible for mode reduction in this step. The details of

the proposed mode downgrade algorithm will be elaborated in the following chapter.

By iterating from the highest to the lowest priority and reducing modes only when strictly
necessary, the pre-processing phase aims to maximize scientific value subject to the memory

constraint, while preparing a feasible baseline for the following command-optimization phase.

4.1 Pessimistic Memory Check

Before introducing the full target pre-processing phase, we begin with several auxiliary pro-
cedures that substantially simplify and accelerate the main algorithm. The first of these is
the pessimistic memory check, a lightweight feasibility test performed before attempting to
select a candidate target. Notably, these checks never remove feasible assignments but only
remove unfeasible assignments early.

Recall that a target is composed of multiple bins, each of which may be recorded in differ-
ent user-specified modes. Since higher-resolution modes consume more onboard memory, it
is necessary to determine, in advance, whether a target could ever be feasibly selected under
the satellite memory constraints. Algorithm 5 carries out this assessment by calculating the
worst-case (lowest mode) memory usage associated with the target and comparing it to the
remaining memory per orbit.

For the orbit under consideration, the algorithm mainly focus the followings:

e All bins already selected from previously accepted targets along this orbit;

e All bins belonging to the candidate target.

Among these bins, it further distinguishes:

e same-priority bins: bins whose priority matches that of the candidate target;

o different-priority bins: bins whose priorities are strictly higher or lower.
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The pessimistic check then applies the following assumptions:

e All same-priority bins (including those of the candidate target) will operate in their

lowest recording mode available to that priority level;

e All different-priority bins are fixed in their current modes, i.e., no additional mode

reductions are assumed to be possible for them.

Let Mgame denote the total memory that would be consumed by all same-priority bins
if recorded in their lowest modes. Let Mg;g denote the memory consumed by all different-
priority bins in their current modes. For each orbit, the pessimistic feasibility condition is
expressed as:

Msame < Mmax — Mdifﬂ

where My ax is the maximum allowable memory capacity per orbit.

If this inequality is violated for any orbit, the candidate target is rejected immediately,
and the algorithm proceeds to the next target without modifying the current acquisition set.
Conversely, if the inequality holds for all orbits intersected by the target, then the target
passes the pessimistic check and is deemed eligible for inclusion in later stages, where more
refined intra-orbit and inter-orbit mode-adjustment strategies may still be applied.

This pessimistic memory check serves two critical purposes. First, it dramatically in-
creases computational efficiency (by over 20%, in our experiments) by filtering out targets
that are guaranteed to be infeasible, thereby avoiding unnecessary mode-adjustment at-
tempts and memory calculations depending on the targets’ merging conditions.

Second, it acts as a conservative safety mechanism: by ensuring that even in the least
favorable mode configuration the memory constraint cannot be violated, it prevents any
target from being accepted that could later cause orbit-level memory overflow. This guaran-
tees that the subsequent heuristic decisions operate only on targets that are feasible under

strict worst-case assumptions, improving both robustness and transparency of the scheduling
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process.

Algorithm 5 Pessimistic Memory Check

1: procedure PESSIMISTICMEMORY CHECK (Beur, A, 0cur, Peur)
2 A’ < deep copy of A

3: Bl < deep copy of Beyr

4: Btemp AU Béur

5 Baig < {b € Btemp | b-orbit = ocyr, b.priority # peur }

6 Bsame < {0 € Btemp | b-orbit = ocyr, b.priority = peur }

7 Msame < > b.mode_list{HIGH].memory

bEBsame
8: Mag < Y. b.amode_list[b.current mode index].memory
beBdiﬁ‘
9: if Msame < Mmax — Mgig then
10: return True
11: else
12: return False
13: end if

14: end procedure

4.2 Costs of Commands in Targets

When attempting to select a target, the algorithm may find that adding all of its bins in the
highest recording mode would overflow the available memory in the current orbit. In this
situation, we must reduce the modes of some bins from High to Medium in order to stay
within the memory limit.

However, there is an important detail to consider. Because the smallest operational unit is
the bin, we do not downgrade the entire target as a whole; instead, we downgrade individual
bins. As a result, after mode reduction, a target may end up operating in a hybrid configura-
tion, meaning that some bins remain in High mode while others are downgraded to Medium
mode. If the user provides both mode options for the target, such hybrid configurations are
possible.

Figure 4.1 provides a simplified illustration of several common hybrid cases:
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Target - A

Bin 1 Bin 2 Bin 3 Bin 4
High Mode High Mode High Mode High Mode
Target - B
Bin 1 Bin 2 Bin 3 Bin 4
High Mode High Mode Medium Mode Medium Mode
Target - C
Bin 1 Bin 2 Bin 3 Bin 4
High Mode Medium Mode High Mode Medium Mode
Target -D
Bin 1 Bin 2 Bin 3 Bin 4
Medium Mode High Mode High Mode Medium Mode
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Figure 4.1: Example of Hybrid Bins in the Target




From the examples above, we can observe three typical patterns. Although this part of
the algorithm focuses only on memory constraints, it is still useful to briefly mention the
impact on the number of commands required to acquire a target. The command cost depends
on how many times the satellite must switch between modes while recording the bins.

For instance:

e Target A: all bins are in High mode. Since the modes are uniform, the command cost

is simply the basic cost of issuing the start and stop commands, which is 2.

e Target B: bins 1 and 2 are High mode, and bins 3 and 4 are Medium mode. There is

one mode change (between bins 2 and 3), so the total command cost becomes 3.

e Target C: the modes alternate several times (High—-Medium—High—Medium), resulting

in three separate mode changes. This leads to a higher total command cost of 5.
e Target D: this case contains two mode shifts, giving a total command cost of 4.

The main idea here is that, even though we delay the official command-constraint pro-
cessing to a later stage of the algorithm, it is still helpful to be aware that different hybrid
configurations can lead to very different command costs. In general, we prefer configurations
with fewer mode changes because they are more efficient and simpler for the satellite to
execute. Among the examples above, Target C represents the least desirable case due to its
multiple mode shifts, while Target B is more ideal: it requires only a single change of mode,
yet it has the same number of High and Medium bins as Target C. In other words, targets
B and C are the same target, then strategy of target B is much preferred since it costs only
one extra command to select the target which has approximately same memory usage of the

strategy used in target C.
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4.3 Bin Mode Reduction

As discussed in the previous section, acquiring a target in its highest recording modes may
lead to memory overflow on certain orbits. To handle this, we need an automated proce-
dure that decides which bins should have their modes reduced from HIGH to MEDIUM while
keeping the number of mode changes small. In real operational scenarios this becomes more
complicated than simply reducing the current target’s bins: in practice, we are also allowed
to reduce the modes of other targets that share the same user-assigned priority and lie on
the same orbit.

A second consideration is that, when multiple bins are eligible for downgrading, it is
usually preferable to reduce the bin whose memory savings (from HIGH to MEDIUM) are

the smallest. This helps preserve the overall high-resolution coverage for the target set.

With these ideas in mind, suppose that a target has passed the pessimistic memory check
but still cannot be added in its full HIGH-mode configuration due to the actual per-orbit
memory usage. In this case, the algorithm triggers a local mode-reduction routine. This
routine reduces selected bins from HIGH to MEDIUM while following two simple guiding

principles:

1. Same-priority reduction scope. Mode reductions are allowed on any bin within
the same orbit whose priority matches the current target’s priority—mnot only bins

belonging to the target we are trying to add.

2. Minimal loss per reduction. Among all legally reducible bins, the algorithm always
chooses the bin whose HIGH to MEDIUM downgrade produces the smallest drop
in memory usage. This greedy step helps preserve as much high-resolution data as

possible.

Operationally, Algorithm 6 groups all same-priority bins on the orbit, sorts them along

the along-track direction, and then applies a simple edge-based rule to maintain modes
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coherence:

e If all bins across the entire same-priority group (including bins from previously accepted
targets and the current target) are in HIGH mode, only the first or last bin along the
along-track sequence may be reduced. Between these two edge bins, the algorithm
chooses the one whose HIGH to MEDIUM downgrade produces the smallest decrease

in memory usage.

o If the leftmost bin in the target group is already in MEDIUM mode, then only the first

HIGH-mode bin immediately to its right may be reduced.

e [f the rightmost bin is in MEDIUM mode, then only the last HIGH-mode bin immediately

to its left may be reduced.

After each reduction, the algorithm recomputes the total memory usage on that orbit.

Mode reductions continue until one of the following conditions is reached:
e The total memory falls within the allowed per-orbit budget, or
e No further legal reductions exist.

If the second case occurs, the configuration is considered infeasible and the target is
rejected for that orbit. Otherwise, the target is accepted together with the updated modes
of all same-priority bins.

The outcome of the bin mode-reduction stage is a set of bins—across both the current
target and previously select same-priority targets—whose modes have been adjusted just
enough to satisfy the per-orbit memory limits while keeping high-resolution coverage when-

ever possible.
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Algorithm 6 Mode Reduction in Bins

1: procedure DECREASEMODESINBINS(B, M} reshold)

2:
3:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:

function TOTALMEMORY(S)

return Y b.mode list[b.current mode index|.memory

beS
end function

function FINDREDUCIBLEINGROUP(G)
if G is empty then
return ()
end if
H <+ {beG|bcurrent mode index = HIGH }
if H =0 then
return ()
else if |H| = |G| then
return {G[1],Glend]|}
else if G[1].current mode index # HIGH then
return first b € G with HIGH mode
else if Glend].current _mode index # HIGH then
return last b € G with HIGH mode
else
return ()
end if
end function
while TOTALMEMORY (B) > Mijreshold 4O
C ]
for all bin types 7 present in B do
G+ {beB|btype=1}
Sort G by along-track index
R < FINDREDUCIBLEINGROUP(G)
for all b € R do
my < b.mode_listHIGH]|.memory
myp < b.mode_ lisst MEDIUM].memory
Am < myg — myg
Append (Am,b) to C
end for
end for
if C is empty then
Print “No more legal reductions possible.”
exit with error (infeasible configuration)
end if
Sort C by Am (ascending)
(Am*, b*) < C[1]
b*.current _mode_index <+ MEDIUM
end while

43: end procedure 73
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4.4 Bin Mode Reduction — Example

To illustrate how the bin-mode-reduction procedure works, we present a small example in-
volving two targets, labeled Target A and Target B. Suppose that Target A is the newly
encountered target we wish to select, while Target B has already been recorded in memory
with all of its bins assigned in HIGH mode. Both targets share the same priority level and
belong to the same orbit. For simplicity, we assume that each target contains four bins,
and that both HIGH and MEDIUM modes are available. We also assume that only these two
targets have been encountered so far, and the total orbital memory usage resulting from their
current modes is shown in the figures below. The number displayed in the top-left corner
represents the orbital memory constraint. If the total memory usage exceeds this value, the
acquisition is considered to overflow the memory, which must be avoided.

Figure 4.2 illustrates the initial state (step 1). The orbital memory constraint is 50 MB,
and Target A currently assigns HIGH mode to all four bins. Following the algorithm, we first
run the pessimistic memory check. This means temporarily downgrading all bins to their
lowest available mode and computing the total memory required. The pessimistic sum is
26 MB, which is below the 50 MB constraint. Therefore, we know that it is always possible
to select the target eventually, even if we need to reduce the modes.

Next, we begin searching for bins whose modes may be downgraded while minimizing
data loss. We call these candidate bins. At this point, the candidates are A-1, A-4, B-1, and
B-4. Only the leading bins of each target are considered, as explained earlier, because the

method enforces an upper limit on the number of commands per target.
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Orbital Memory Constraint: 50 MB

Target A Target B

Bin A-1 Bin A-2 BinA-3 Bin A-4 Bin B-1 Bin B-2 Bin B-3 Bin B-4

Medium: 7 Medium: 2 Medium: 3 Medium: 6 Medium: 1 Medium: 2 Medium: 4 Medium: 1

Total Orbital Memory Usage: 55 MB

Figure 4.2: Initial configuration before mode reduction.

In step 2, shown in Figure 4.3, the algorithm identifies Bin A-4 as the first bin to down-
grade because it has the smallest mode-shift drop (1 MB) among all candidate bins. After
downgrading A-4 to MEDIUM, we recompute the total memory usage and obtain 54 MB, which
still exceeds the 50 MB constraint.

Because one candidate (A-4) has been used, the candidate set updates to A-3, B-1, and
B-4. Notice that A-1 is no longer a candidate. Downgrading A-1 at this point would cause
the target to require four separate commands, violating the command-limit rule described

earlier.

Orbital Memory Constraint: 50 MB

Target A Target B
Bin A-1 Bin A-2 BinA-3 Bin A-4 Bin B-1 Bin B-2 Bin B-3 Bin B-4
High: 7
Medium: 7 Medium: 2 Medium: 3 Medium: 6 Medium: 1 Medium: 2 Medium: 4 Medium: 1

Total Orbital Memory Usage: 54 MB

Figure 4.3: After downgrading the first candidate bin (A-4).

As illustrated in Figure 4.4, we continue selecting the bin with the smallest drop among
the current candidates. Bin B-1 has the next smallest drop (2MB), so we downgrade it to
MEDIUM. Rechecking the memory usage gives 52 MB, which still exceeds the constraint. The

candidates now become B-2 and A-3, so the process continues.
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Orbital Memory Constraint: 50 MB

Target A

Total Orbital Memory Usage: 54 MB

Target B

Bin A-1

Medium: 7

Bin A-2

Medium: 2

BinA-3

Medium: 3

Bin A-4
High: 7

Bin B-1
High: 3

Bin B-2

Medium: 2

Bin B-3

Medium: 4

Bin B-4

Medium: 1

Total Orbital Memory Usage: 52 MB

Figure 4.4: Continuing the reduction with the next smallest mode shift drop.

Finally, as shown in Figure 4.5, the next choice is between B-2 and A-3. Bin B-2 has a
mode-shift drop of 2 MB, compared with the larger 6 MB drop required for A-3. Therefore,
we downgrade B-2. The total memory usage now becomes exactly 50 MB, satisfying the
constraint. At this point, the process stops. Only a small number of bins were downgraded,

and we maintained as much data quality as possible without reducing all bins across both

targets.

Orbital Memory Constraint: 50 MB

Target A Target B
Bin A-1 Bin A-2 BinA-3 Bin A-4 Bin B-1 Bin B-2 Bin B-3 Bin B-4
High: 7 High: 3 High: 4
Medium: 7 Medium: 2 Medium: 3 Medium: 4 Medium: 1

Figure 4.5: Final result after sufficient mode downgrades to satisfy the memory constraint.

With the initialization phase completed—where targets are constructed, trajectories are
discretized, and all bins are generated—we now proceed to the second major component of

the proposed heuristic: target pre-processing. This phase focuses on handling the first of the

Total Orbital Memory Usage: 50 MB

4.5 Target Pre-Process Explanation
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two mission constraints, namely the onboard memory limitation. As discussed earlier, we
temporarily ignore the command-count constraint and prioritize ensuring that the memory
limit is respected before any higher-level scheduling decisions are made.

The goal of this stage is to iterate through all targets, ordered by their priority, and
determine whether each target can be selected under the current memory configuration. If
the target cannot fit in memory in its initial configuration, the algorithm attempts to reduce
the modes of relevant bins using the reduction strategy described in earlier sections. This
ensures that we preserve as much data quality as possible while still keeping the overall
memory usage below the orbital constraint.

Algorithm 7 below summarizes the entire workflow. At a high level, the target pre-

processing procedure performs the following operations:

e [t loads all bins associated with the targets and filters out bins of type NORMAL, since

only target-related bins are relevant for acquisition decisions.

e [t sorts all remaining bins by their priority so that the algorithm processes higher-value

targets first.

e For each target, it performs a pessimistic memory check: all bins belonging to the
target are temporarily downgraded to their lowest available recording mode. If even
this conservative estimate exceeds the memory constraint, the target cannot be select

under any circumstance and is skipped.

e If the pessimistic check passes, the algorithm evaluates whether the target—in its
current mode configuration—fits in memory. If yes, the target is selected without

modification.

e If not, the algorithm identifies all bins that share the same priority and orbit, and
performs mode reduction until their combined memory usage falls below the threshold

reserved for this priority level.
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e After mode reduction (if required), the target is accepted and added to the list of

selected bins.

This way, the pre-processing stage ensures that the system commits only to targets that
can be feasibly stored within onboard memory, while also coordinating reductions so that
data quality is preserved whenever possible. This stage sets up a stable and constraint-
respecting foundation for the later phases of the heuristic algorithm.

The complete pseudo-code is provided below, detailing each step of this process.
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Algorithm 7 Target Pre-Processing Under Memory Constraints

1: procedure PREPROCESSTARGETS(B)

2: Write header to action log file

3 T < GETALLTARGETSWITHPRIORITY

4: Sort 7 in descending order of priority

5: U <« deep copy of B

6 Remove all bins from & whose type is NORMAL
7 U <+ SORTBINSBYPRIORITY (UA)

8
9

A ] > selected (processed) bins
: for all (thame, peur) € T do
10: ocur ¢ GETORBITBYNAME(tpame)
11: Beur < {b €U | btype = tname }
12: if not PESSIMISTICMEMORY CHECK (Beur, A, Ocur; Peur) then
13: Write to log: target tpame failed pessimistic check
14: continue > skip this target
15: end if
16: Write to log: target tpname passed pessimistic check
17: Borbit {b € Beur UA | b.orbit = Ocur}
18: Miotal < Y. b.amode_list[b.current mode index].memory
bEBorbit
19: if Mtotal < Mmax then
20: Append Beyy to A
21: Write to log: target tpame fits without reduction
22: else
23: Write to log: target thame requires mode reduction
24: Bsame < {b € AU Beyr | b.priority = peur, b.orbit = ocyr }
25: Mgaig > b.mode_list[b.current mode index].memory
be AUBcur
b.priority#pcur, b.orbit=ocur
26: Minreshold = Mmax — Maif
27: DECREASEMODESINBINS(Bsame; Mipreshold)
28: Append Beyr to A
29: Write to log: bins selected after mode reduction
30: end if
31: end for
32: return A

33: end procedure
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CHAPTER 5
TARGETS ACQUISITION OF COMMANDS CONSTRAINTS

Once the memory-constrained pre-processing phase has been completed, each candidate bin
has already been assigned an operational mode that satisfies the onboard memory limitations
while preserving as much scientific value as possible. In this final phase, we must additionally
enforce the second mission constraint: the maximum number of recording commands that
may be issued within a cycle. Intuitively, each contiguous recording session along the ground
track is interpreted as a command. As the number of candidate targets grows, the total
command usage required to acquire all of them may easily exceed the onboard limit. To
address this, the proposed heuristic processes the targets in order of priority and progressively
builds a feasible acquisition plan. For each target, the algorithm first checks whether it can
be acquired without violating the remaining command budget. When this is not possible,
the algorithm attempts to merge the current target with an already acquired, same-orbit
neighbor, potentially reducing the total number of required commands.

Merging targets introduces additional memory considerations: the satellite must keep
recording while slewing between the two target footprints, which unintentionally acquires
intermediate land surfaces and any lower priority targets in between. These intermediate
segments must share a common recording mode that is compatible with the boundary bins
of both targets, and their cumulative memory usage must fit within the remaining orbit
memory.

Whenever a merge is successful, the algorithm replaces the two original targets by a single
merged target and records all unintentionally acquired targets as “intermediate acquisitions”
that will be handled in a later clean-up step.

The remainder of this section formalizes this decision process. We first describe how in-
dividual bins are grouped into Target objects, then present the main command-constrained

acquisition algorithm and its supporting procedures for nearest-target search, merge feasi-
80



bility checking, and target merging.

5.1 Selected Target Initialization

To enable command-level reasoning and merging operations, the planner first converts the
flat list of selected bins into a structured list of Target objects. As shown in Algorithm 8§,
all bins are grouped by their globally unique bin_type, where each group corresponds to
a single target footprint. The bins within each target are then sorted by their intra-target
index to preserve the along-track acquisition order. Target-level attributes such as orbit
number and priority are inherited from the first bin in the group, while the target endpoints
are defined by the first bin’s fore endpoint and the last bin’s rear endpoint. The initializa-
tion also determines whether a target is mode-hybrid by checking if multiple mode names
appear across its bins, and attaches orbit-specific metadata (e.g., the target orbital index
and PSO timing descriptors) required by later stages such as nearest-neighbor search and
merge feasibility assessment. The resulting Target list provides a compact representation

for subsequent command-constrained acquisition decisions.

Algorithm 8 Target Initialization

1: procedure INITIALIZETARGETS(B)

2 G + GROUPBYTYPE(B) > bin_type — bins
3 Z <+ GETTARGETORBITALINDEXDICT

4 T ]

5: for all type in sorted keys of G do

6: B; < SORTBYINDEX(G[type])

7 0 < B¢[0].orbit, p < B[0].priority

8 fore < By[0].fore_endpoint, rear < Bi|—1].rear_endpoint

9: is_hybrid < HASMULTIPLEMODES(5;)

10: idz < Z[type]

11: (psostart, PSOGyr) < GETPSOMETADATA (type)

12: T < BUILDTARGET(type, By, o, p, fore, rear, is__hybrid, idz, psostart, PSOdur)
13: Append T to T

14: end for

15: return 7

16: end procedure
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5.2 How to Find the Nearest Target

When independent acquisition of a target is not feasible and a merging attempt is required,
the algorithm must determine which previously acquired target provides the most suitable
merging opportunity. Since merging is only allowed between targets located on the same
orbit, the algorithm first identifies all acquired targets that share the same orbital track as
the current target Teyr.

Here, the current target Teyy refers to the target that is currently under evaluation by the
algorithm, for which the acquisition decision has not yet been finalized. In other words, it is
the target being processed at this stage, which may ultimately be independently acquired,
merged with another target, or discarded depending on feasibility.

A key design choice in this step is how the distance between targets is defined. Two
natural interval distance measures are illustrated in Figure 5.1. The first is a center-based
distance, which computes the separation between the geometric centers of two targets. As
shown in Figure 5.1(a), this approach can lead to suboptimal merging decisions when multiple
targets are involved. In this example, the algorithm would merge target B with target A
because the center-to-center distance dfp is smaller than d4, even though target C is
actually closer to B along the ground track.

To address this limitation, we instead adopt a boundary-based distance definition, illus-
trated in Figure 5.1(b). This approach measures the distance between the rear boundary
endpoint of a preceding target and the fore boundary endpoint of a subsequent target. Under
this definition, target B correctly merges with target C, as the boundary distance le)BC is
smaller than dl;l g~ This choice better reflects the true recording cost of merging targets and
avoids unnecessary acquisition of intermediate data, thereby reducing excess memory usage.

Based on this boundary-based distance, the nearest target is selected by examining the
relative ordering of target footprints along the orbit. If the current target lies between two

acquired targets, the algorithm compares the preceding and subsequent neighbors and selects
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the one with the smaller boundary-to-boundary distance. If only one same-orbit neighbor
exists, that target is selected by default. The identified nearest target then serves as the
reference object for the merge feasibility assessment described in the following section.

Algorithm 9 summarizes the procedure used to identify the nearest previously acquired
target on the same orbit.

C

I AB ]
A B C
, . i
BC
AB(merged) C
(a) Center-based coordinates.
b
dAB

—

A B C
b
dBC’

A BC(merged)

(b) Boundary-based coordinates.

Figure 5.1: Difference between center-based and boundary-based coordinates systems.
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Algorithm 9 Find the Nearest Acquired Target on the Same Orbit

1: procedure FINDNEARESTTARGET (A, Teur)

2 S« {T € A| T orbit_number = Ty .orbit_number }

3 if S =0 then

4: return None

5 end if

6 P+ {T €S| T target_orbital_index < T¢yr.target_orbital_index }

preceding targets

Q<« {T €S |Ttarget_orbital_index > T¢yr.target_orbital_index }
subsequent targets
8: if P=0 and Q # () then

=

9: return first element of Q
10: else if P # () and Q = () then
11: return last element of P
12: else
13: Tpre < last element of P
14: Tiut < first element of Q
15: dpre < DISTANCE( Tcyr.fore_coordinate, Tpre.rear_coordinate)
16: dgup < DISTANCE( T¢yyr.rear_coordinate, Ty,p.fore_coordinate)
17: if dpre < dgyp, then
18: return Tppe
19: else
20: return T
21: end if
22: end if

23: end procedure
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5.3 Merge Feasibility Assessment

Once the nearest same-orbit target has been identified, the algorithm must determine whether
the current target, which is currently under evaluation and not yet acquired not like all other
acquired targets, can be feasibly merged with it under the remaining mission constraints.

This decision is non-trivial, as merging alters both the spatial extent and the record-
ing configuration of the acquisition, and may introduce additional memory consumption or
command overhead.

The merge feasibility assessment therefore evaluates the candidate merge from two com-
plementary perspectives. First, it verifies mode compatibility between the boundary bins of
the two targets, ensuring that the intervening interval can be recorded continuously without
requiring unsupported mode switching.

Figure 5.2 illustrates four representative cases that capture the most common situations
encountered during the merging process between the current target (Target B) and the
nearest previously acquired target (Target A). In Cases 1 and 2, Target B is a singular-mode
target, meaning that all of its bins share the same acquisition mode (medium mode in this
example). In contrast, Target A is hybrid in Case 1 and singular with all bins in high mode
in Case 2. In both cases, command availability is not a limiting factor, since the satellite can
continue recording without interruption or mode switching when transitioning from Target A
to Target B. As a result, no additional commands are required to acquire Target B in these
scenarios.

However, mode compatibility remains a necessary condition. In Case 2, the boundary bins
(A—4 and B-1) do not share a common acquisition mode. Enforcing a continuous recording
would therefore require one additional commands, violating the merging assumption and
leading to rejection of this case if it does not have enough commands left.

Cases 3 and 4 represent scenarios in which the current target (Target B) follows a hybrid-

mode setting. In such cases, at least one additional command is required to perform an
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internal mode switch during the acquisition of Target B. For example, in Case 3, the satellite
continues recording Target A in high mode and proceeds into Target B until bin B-3, where
a mode switch from medium to high is required. This switch needs one additional command,
after which recording continues in high mode until the end of Target B. A similar command
overhead occurs in Case 4, further illustrating that hybrid targets necessarily consume one
additional command during acquisition.

These cases highlight why command availability must be explicitly considered during the
merge feasibility assessment and motivate the upper-bound constraints introduced during

the pre-processing phase.
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Selected Mode - High

Selected Mode - Medium

Target A
(Nearest Target)

Bin Bin
A-3 A-4

Target A
(Nearest Target)

Target A
(Nearest Target)

Bin Bin
A-3 A-4

Target A
(Nearest Target)

Case 1

Case 2

Case 3

Case 4

Target B
(Curent Target)

Bin
B-1

Bin Bin Bin
B-2 B-3 B-4

Target B
(Curent Target)

Bin
B-1

Bin Bin Bin
B-2 B-3 B-4

Target B
(Curent Target)

Bin
B-1

Bin
B-2

Target B
(Curent Target)

Bin Bin
B-3 B-4

Figure 5.2: Merging scenarios illustrating mode compatibility and command consumption.

Second, the algorithm evaluates the memory feasibility of the merge by estimating the ad-

ditional memory required to record the intermediate interval and verifying that the combined

memory usage remains within the remaining orbital memory budget.
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As illustrated in Figure 5.3, merging introduces an additional recording interval between
the nearest previously acquired target (Target A) and the current target (Target B). Once the
boundary-mode compatibility condition is satisfied, this intermediate interval is discretized
into bins in the same manner as regular targets. This design allows the algorithm to estimate
memory consumption at the finest operational granularity, thereby preserving the integrity
of the smallest acquisition unit. More importantly, these interval bins are retained and
incorporated into the merged target representation when the merge is feasible, which ensures

that consistency between feasibility assessment and subsequent target construction.

Selected Mode - High

1

Selected Mode - Medium

Target A Target B
(Nearest Target) (Curent Target)
Bin Bin Bin Bin Bin Bin
A-3 A-4 B-1 B-2 B-3 B-4

Merging Interval

Target A Target B
(Nearest Target) (Curent Target)

Bin Bin Bin Bin Bin Bin Bin Bin Bin Bin
A-3 A-4 | AB-1 | AB-2 | AB-3 | AB-4 | B-1 B-2 B-3 B-4

Merging Interval

Figure 5.3: Merging Interval during the targets merging process.

If either condition is violated, the merge attempt is rejected and the current target is
skipped to preserve overall constraint compliance. Otherwise, the two targets are merged into
a single composite target with updated spatial and temporal attributes, which then replaces

the original target in the acquired target list. This feasibility check enables the algorithm
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to recover acquisition opportunities under command scarcity while avoiding unnecessary

memory overconsumption.

Algorithm 10 Merge Feasibility Assessment (IsMergeable)

1: procedure ISMERGEABLE(Tcur, Thear, Crem; Mrem)

2 (has _common, modepq) < COMMONBOUNDARY MODE(T¢ur, Thear)
3 if not has _common then

4: return (False, None)

5: end if

6 if Ttyr.is_mode_hybrid = True and Clep < 1 then

7 return (False, None)

8
9

end if
: & < INITIALIZEINTERVALENDPOINTS(T¢ur, Thear)
10: Bint < INITIALIZEINTERVALBINS(E, Teur, Thear)
11: ASSIGNINTERVALMODE(B;yt, modeyq)
12: Mipt < INTERVALMEMORY USAGE(Bjpt)
13: if Mint + Teur-memory_usage > My then
14: return (False, None)
15: end if
16: return (True, Biyt)

17: end procedure

5.4 Merge Nearest Target

After a candidate merge passes the feasibility assessment (Algorithm 10), the algorithm
proceeds to explicitly construct a new composite target by merging the current target Teyr
with its nearest same-orbit neighbor Thear. The objective of this stage is to replace two
separate acquisition segments with a single continuous recording segment, thereby reducing
the total command usage while preserving the original target ordering along the orbit.

As illustrated in Figure 5.4, the merging operation concatenates three bin sequences in
along-track order: the bin list of the leading target, which is Target A in the Figure 5.2,
the discretized interval bins returned by the feasibility check, and the bin list of the trailing
target, which is the target B in the Figure 5.4. This concatenation yields a unified bin list

that represents the full continuous acquisition from the fore endpoint of the first target to the
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rear endpoint of the second target. To maintain internal consistency, all bins in the merged
list are re-indexed sequentially, and the merged target updates its endpoints to match the

first bin’s fore endpoint and the last bin’s rear endpoint.

I Selected Mode - High
|:| Selected Mode - Medium
Target A Target B
(Nearest Target) (Curent Target)

Bin Bin Bin Bin Bin Bin Bin Bin Bin Bin
A-3 A-4 | AB-1 | AB-2 | AB-3 | AB-4 | B-1 B-2 B-3 B-4

Merging Interval
Target A Target B
(Nearest Target) (Curent Target)

Bin Bin Bin Bin Bin Bin Bin Bin Bin Bin
AB-3 | AB4 | AB-5 | AB-5 | AB-6 | AB-7 | AB-8 | AB-9 |AB-10 | AB-11
|
[

Merged Target A&B

Figure 5.4: Merged Target A & B.

In addition, the merged target records information through a merged_targets_list,
which stores the intermediate targets that become unintentionally acquired during continu-
ous recording, along with the mode used for that interval. Finally, the merged target updates
orbit-dependent temporal metadata, including start_pso and pso_duration, so that sub-
sequent stages (e.g., further nearest-neighbor search and additional merging) can operate on
a consistent target-level representation. Algorithm 11 summarizes this merge construction

procedure.
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Algorithm 11 Merge the Current Target with Its Nearest Same-Orbit Neighbor

1: procedure MERGETARGETS(Tcur, Thear, Bint)

2 (Nead; Tirail) < ORDERTARGETSBYINDEX(Tcur, Thear)

3 Bumerge < Tiead-bin_list || Bipt || Tipaj.bin_list

4: for i <~ 0 to |Bmerge| — 1 do

5: Bmergei].index i

6 end for

7 fore < Bmerge|0].fore_endpoint

8 rear < Bmerge[|Bmerge| — 1].rear_endpoint

9: p < max(Teyr-priority, Tpear.priority)
10: 0 < Thear-orbit_number > same orbit by construction
L1 (psostart; PSOqur) <= UPDATEPSO(Tjead; Tirail)
12: L < BUILDMERGEDTARGETSLIST(Tiead;s Ltrail, Bint)
13: is_hybrid < HASMULTIPLEMODES(Bmerge)
14: name < CONCATNAMES(Tjgqq-target_name, Ti,,j.target_name)
15: Thew < CREATETARGET( name, Bmerge, 0, D, fore, rear, psostart, DSOgyy, is_hybrid)
16: Thew-is_merged < True
17: Thew-merged_targets_list < L
18: return Tjew

19: end procedure

5.5 Command-Constrained Target Acquisition

This section presents the overall command-constrained target acquisition procedure, which
integrates all previously introduced components into a single decision-making pipeline. Build-
ing upon the target initialization, nearest neighbor identification, merge feasibility assess-
ment, and target merging operations, the algorithm constructs a final acquisition plan that
strictly respects mission command constraints.

The core challenge addressed at this stage is that each uninterrupted recording interval
consumes command resources. As a result, independently acquiring all remaining targets
may exceed the allowable number of commands per orbit. To handle this issue, the algorithm
processes targets in descending order of priority and, for each target, determines whether
it should be acquired independently, implicitly accepted as a consequence of prior merging,
merged with an acquired target, or simply skipped.

First of all, Algorithm 13 checks whether the current target has already been uninten-
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tionally recorded during the merging of higher-priority targets as described in Algorithm 12.
If such an intermediate acquisition exists and the associated recording mode is compatible
with the target’s allowed modes, the target is accepted without consuming additional com-
mands. Otherwise, the target is marked as recorded but unusable and will be handled for
further final evaluation.

If the target has not been implicitly recorded, the algorithm evaluates whether acquiring
it independently would remain within the remaining command budget.

When this is not feasible, the algorithm attempts to merge the target with the nearest
previously acquired target on the same orbit, as determined by Algorithm 9. The merge is
only executed if it passes the feasibility checks defined in Algorithm 10, which jointly enforce
boundary-mode compatibility and remaining orbital memory constraints. Successful merges
replace the existing acquired target with a new composite target, constructed as described
in the previous section.

Through this integrated decision process, the algorithm produces a prioritized and a
command-feasible acquisition plan that accounts for both explicit recording decisions and
implicit acquisitions arising from target merging. The resulting plan maximizes scientific

value while strictly adhering to mission-level command and memory constraints.

Algorithm 12 Check for Intermediate Acquisition

1: procedure CHECKINTERMEDIATEACQUISITION(A, T)
2 for all Theq € A do

3 if T' € Theq.merged_targets_list then

4: return (True, GETMODE(Tucq, 1))

5: end if

6 end for

7 return (False, None)

8: end procedure
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Algorithm 13 Command-Constrained Target Acquisition

1:
2
3
4:
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44:

procedure ACQUIRETARGETS(Bproc)
A ] > acquired targets
R« [] > intermediate recorded targets
Byl < deep copy of Bproc
Teel < INITIALIZETARGETS(Bgq)
Sort Tge in descending order of priority
for all Teyy € Ty do
(Crem, Mrem) < REMAININGCOMMANDSANDMEMORY ((A)
(is_intermediate, modeipter) < CHECKINTERMEDIATEACQUISITION(A, Teur)
if is_intermediate = True then
if modeipter € GETTARGETMODES(T¢yy) then
SETALLBINSTOMODE (T¢cur, modeéinter)
Append Teyr to A
else
Append Teyr to R
end if
continue
end if
if is_intermediate = True then
if modeipter € GETTARGETMODES(T¢yr) then
SETALLBINSTOMODE(T¢yr, modeéipter)
Append Teyr to A
else
Append Teyr to R
end if
continue
end if
if CHECKCOMMANDSWITHCURRENTTARGET(A, T¢yr) then
Append Teyr to A
continue
end if
if not HASSAMEORBITTARGET(A, Teyr) then
continue
end if
Thear < FINDNEARESTTARGET (A, Teur)
(flag, Bint) <+ ISMERGEABLE(Tcur, Thear; Crem, Mrem )
if flag = False then
continue
end if
Thew < MERGETARGETS(T¢ur, Thear, Bint)
REPLACEINLISTBYIDENTITY (A, Thear, Thew)
end for
return A
end procedure 93
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CHAPTER 6
EVALUATION METRICS

Since the considered mission planning problem is multi-objective and constrained, no single
metric is sufficient to fully characterize solution quality. Therefore, a set of complementary
metrics is adopted to evaluate the algorithm from operational, scientific, and computational

perspectives.

6.1 Assignment Value

The primary performance metric is the Assignment Value (AV), which quantifies the overall
quality of a generated acquisition plan by jointly considering target priorities and assigned
acquisition modes. Unlike classical knapsack-based formulations that only count the number
of scheduled tasks, this metric explicitly captures the trade-off between acquiring a target
at its preferred resolution and recording it at a degraded mode due to resource constraints.

In practice, a target recorded at a degraded mode still retains partial scientific value, even
though it does not fully satisfy the user’s original request. Therefore, a binary success/failure
metric would fail to capture this important trade-off between data quality and resource
feasibility. To address this limitation, targets are divided into two categories: acquired targets
and recorded targets. This distinction is central to the proposed evaluation framework, as it
allows partial satisfaction of user requests to be explicitly quantified rather than ignored.

In this proposed framework, the smallest operational and decision-making unit is the bin,
obtained by discretizing each target along the satellite trajectory. Consequently, evaluation
metrics are defined at the bin level, while target-level performance can be recovered through
aggregation.

Formally, the assignment value is defined as a normalized weighted sum of the contribu-

tions of acquired and recorded bins in targets:
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where:

T denotes the set of all user-defined targets.

B: denotes the set of bins obtained by discretizing target ¢ € T along the satellite

trajectory.
BtA C B; denotes the subset of bins of target ¢ that are acquired.
Bﬁ C B; denotes the subset of bins of target t that are recorded.

AT ={teT| 5’24 # () } denotes the set of targets that contain at least one acquired
bin.

RT :={teT| Bﬁ # () } denotes the set of targets that contain at least one recorded

bin.
my, denotes the recording mode assigned to bin b.

m’g denotes the highest preferred recording mode associated with the parent target of

bin b, used as the reference for normalization.

pt denotes the priority assigned to target ¢, which is inherited by all bins belonging to

that target.

e € [0, 1] is a customizable coefficient that controls the relative contribution of recorded

bins with respect to acquired bins.

w(my, pt) is a weight function that combines recording mode quality and target priority.
In this work, it is defined as w(my, pr) = pt - ¢(my), where g(my) € [0,1] is a mode-

dependent quality factor. Note that this linear formulation is adopted for simplicity,
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and the framework is not restricted to this choice; w(-) can be defined as any function

that appropriately captures the trade-off between mode quality and target priority.

When in the case of € = 0, the assignment value becomes a classical Knapsack metric

where we are just trying to maximize the number of requests with the highest mode:

B 2_te AT 2opepp W(MMp: t)
doteT ZbeBt w(m’b(, Pt)

(6.2)

The normalization by the maximum achievable weighted value ensures that the assign-
ment value is bounded within [0, 1], enabling consistent comparison across different scenarios,
target sets, and mission configurations.

A value of AV = 1 corresponds to the “ideal” (infeasible, in general) case in which all
targets are acquired at their highest preferred mode, while lower values indicate increasing
levels of compromise due to operational constraints. Therefore, AV = 1 serves as a theoretical
performance upper bound, since the denominator represents an idealized solution that cannot
typically be achieved under real-world mission constraints. Nevertheless, our definition of AV
is still valuable, since its primary purpose is not to provide an absolute measure of solution
quality, but rather to serve as a normalized criterion for comparing the relative performance
of different algorithms.

In the proposed algorithm, acquisition decisions are driven by target priority, which also
demonstrates that onboard resources such as memory capacity and the number of executable
commands is limited. By processing targets in descending order of priority, the algorithm
systematically allocates high-quality acquisition opportunities to the most critical targets
first, therefore, maximizing the overall scientific or operational value of the mission under
resource constraints.

In the experimental evaluation presented in the next chapter, the assignment value is
used as the primary metric to assess the trade-offs achieved by the proposed heuristic under

varying memory limits, command budgets, and priority distributions.
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CHAPTER 7

EXPERIMENT RESULT

In this thesis, the proposed constraint-aware heuristic, as described in Figure 7.1, is evalu-
ated using both synthetic scenarios and realistic mission data derived from radar altimeter
operations. The experimental assessment focuses primarily on computational efficiency and
mission-critical constraints, including onboard memory capacity and the limited number of
executable commands per orbit, as discussed in the previous chapters.

The set of candidate acquisition targets is derived from the Operational Land and The-
matic Center OLTC portal, which provides representative hydrology-related targets used in
current altimetry missions. These targets are evaluated against real altimetry mission condi-
tions using publicly available Sentinel-6 data products obtained from the EUMETSAT data
center [26].

To provide a meaningful performance assessment, the results obtained with the proposed
method are compared against two reference approaches. The first baseline corresponds to
our previously published work in the edited volume Modeling and Optimization in Space
Engineering: Challenges of the Near Future [69]. While this earlier approach adopts a similar
priority-driven scheduling philosophy, it operates at the target level and does not incorporate
bin initialization, fine-grained memory estimation, or bin-level mode optimization. As a
result, it provides a natural baseline for quantifying the benefits introduced by the bin-based
formulation and enhanced constraint handling proposed in this thesis.

In addition to this target-level baseline, a greedy scheduling strategy is considered as a
second point of comparison.

In this greedy approach, targets with uniform priorities are processed in random order and
scheduled using the highest available acquisition mode whenever resource constraints allow,
after exhausting the number of commands. No target merging, bin-level reorganization,

or optimization of command usage is performed. This strategy reflects a simplified yet
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realistic operational baseline, commonly adopted in mission planning workflows, and serves
to highlight the limitations of purely local decision-making.

By comparing the proposed heuristic against both an established target-level baseline and
a simplified greedy strategy, the experimental results aim to demonstrate not only absolute
performance improvements, but also the specific contributions of bin-level discretization,

mode adaptation, and command-aware optimization.

‘ Start ’

|

Bins of targets Initialization

/ Targets pre-processing /

|

Optimization Algorithm

l
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Nol

L Adjust mode or skip targets

‘ End ’

Figure 7.1: Flowchart of the Proposed Optimization Framework

Table 7.1 from our previously published work reports the performance of the greedy

algorithm when applied to a representative set of altimetry acquisition targets across multiple
99



orbits [69]. For each orbit, the table summarizes the percentage of onboard memory allocated
to high-resolution (LX) acquisitions, the number of targets successfully acquired, and the

total number of candidate targets.

Memory Usage [%| Acquired Targets

Orbit Total Targets AV
LX LRMC LX LRMC
1 21.4 76.8 6 60 83 0.024
2 24.6 72.1 9 78 109 0.119
3 19.8 78.5 8 72 100 0.100
4 27.1 70.2 7 53 75 0.627
5 29.4 68.6 8 54 78 0.333
6 31.0 65.1 6 35 51 0.608
7 22.8 73.6 5 31 45 0.422
8 18.9 77.4 4 28 40 0.250
9 26.7 69.5 7 55 78 0.397
10 28.2 70.6 9 65 93 0.505
11 23.5 72.8 6 41 59 0.169
12 30.6 66.2 8 48 70 0.729
13 274 68.9 9 64 91 0.407
14 20.7 75.0 6 46 65 0.246
15 19.6 76.3 6 48 67 0.149

Table 7.1: Greedy baseline results with mode-level breakdown of memory usage and acquired
targets.

Before introducing the proposed bin-level heuristic, we first evaluate a target-level base-
line in which targets are treated as indivisible units. In this setting, mission planners ex-
plicitly specify, for each target, a priority level and a set of permitted acquisition modes.
This configuration reflects a realistic operational scenario in which scientific importance and
acceptable data quality are determined by the mission control center.

Table 7.2 illustrates an example of such a user-defined configurations for Orbit 1. Each
target is associated with a priority value and a mode preference set, which may include the
high-resolution mode (LX) only, or both LX and the lower-resolution fallback mode (LRMC).

Targets allowing both modes can be flexibly scheduled depending on the available onboard
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resources, whereas targets restricted to LX can only be acquired at the highest quality.

Table 7.2: Orbit 1 Status

Target Mode Priority
1 [LX] 10
[LX, LRMC]|
[LX, LRMC]|
[LX, LRMC]|
[LX, LRMC]|
|[LX, LRMC]|
[LX, LRMC]|
[LX, LRMC]|
[LX, LRMC]|
[LX, LRMC]|
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77 [LX] 10
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80  [LX, LRMC]
81  [LX, LRMC]
82  [LX, LRMC]

[E

© = = =

Based on these user-defined inputs, the target-level baseline attempts to maximize mission
value by prioritizing high-priority targets while adapting the acquisition mode whenever
possible. Unlike the greedy baseline, this approach allows a target to be recorded in LRMC
when LX acquisition is not feasible, thereby avoiding unnecessary target rejection under
memory constraints. However, since targets are still treated as atomic entities, no bin-level
optimization or partial acquisition is performed.

The resulting performance of the target-level baseline across all orbits is summarized in
Table 7.3. For each orbit, the table reports the memory usage attributed to LX and LRMC, the
number of acquired targets per mode, the number of recorded targets, and the corresponding
assignment value (AV) computed using € = 0.3.
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Memory Usage |%]

Acquired Targets

Orbit Recorded Targets Total Targets AV (e = 0.3)
LX LRMC LX LRMC
1 24.5 59.0 12 ol 18 83 0.524
2 21.0 63.5 6 22 30 109 0.339
3 27.5 52.0 5 18 25 100 0.305
4 31.0 50.5 14 41 12 75 0.781
5 340 47.5 8 30 18 78 0.556
6 29.5 55.0 9 28 8 o1 0.773
7 22.0 60.5 6 18 15 45 0.633
8 26.0 54.0 4 12 14 40 0.505
9 33.0 49.0 10 31 20 78 0.603
10 35.5 48.0 12 46 18 93 0.682
11 23.0 098.5 ) 16 16 59 0.437
12 37.0 51.0 14 44 7 70 0.859
13 32.0 53.5 12 38 18 91 0.609
14 255 57.0 6 20 14 65 0.465
15 215 61.0 ) 16 15 67 0.381

Table 7.3: Target-level baseline: mode-level breakdown of memory usage and acquired tar-
gets.

While the target-level baseline already improves over the greedy strategy by introducing
mode flexibility, it still treats each target as an indivisible entity. As a consequence, once
a target is selected, all its internal segments are acquired using the same recording mode,
even though local variations in geometry or resource availability may allow a more efficient
allocation.

To address this issue, we extend the target-level formulation by operating at the bin level.
By discretizing each target into multiple bins, the proposed approach enables fine-grained
mode adaptation within individual targets, allowing high-priority segments to be acquired
in LX while assigning LRMC to less critical segments when necessary.

This additional degree of freedom does not increase the total number of targets that can
be scheduled, but it improves how available resources are utilized within each target. The

resulting performance of the bin-level method is presented in Table 7.4, where a consistent
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yet moderate improvement over the target-level baseline can be observed across all orbits.

Memory Usage [%]

Acquired Targets

Orbit Recorded Targets Total Targets AV (e = 0.3)
LX LRMC LX LRMC
1 27.0 56.0 16 48 14 83 0.563
2 24.5 60.0 9 20 26 109 0.382
3 30.0 49.0 8 16 22 100 0.352
4 34.0 47.0 18 38 10 75 0.821
5 37.0 45.0 12 28 16 78 0.601
6 32.5 51.0 12 26 7 51 0.812
7 25.5 97.0 9 16 12 45 0.681
8 29.0 51.0 6 11 12 40 0.552
9 35.0 47.0 13 29 17 78 0.651
10 38.0 45.0 16 43 14 93 0.731
11 26.5 95.0 8 15 13 99 0.489
12 39.0 48.0 18 40 6 70 0.902
13 345 50.0 16 36 16 91 0.658
14 28.0 55.0 9 18 13 65 0.509
15 245 58.0 8 15 13 67 0.428

Table 7.4: Proposed bin-level method: mode-level breakdown of memory usage and acquired
targets.

Figure 7.2 provides a consolidated comparison of the three acquisition strategies in terms
of assignment value across all orbits. The results clearly illustrate a consistent performance
pattern, with the greedy baseline yielding the lowest AV, followed by the target-level baseline,
and finally the proposed bin-level method achieving the highest AV.

Introducing mode flexibility at the target level leads to a substantial increase in AV
across all orbits. By allowing targets to be recorded in LRMC when LX acquisition is not
feasible, the target-level baseline significantly reduces target rejection and improves overall
coverage. However, since targets are still treated as indivisible units, opportunities for further
optimization within individual targets remain unexploited.

The proposed bin-level method consistently outperforms the target-level baseline, al-

though the improvement remains moderate. This behavior is expected, as the bin-level for-
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mulation does not increase the number of schedulable targets but instead enhances resource
utilization through fine-grained mode adaptation within targets. By selectively assigning LX
to high-value bins to less critical bins, the algorithm achieves a higher AV without introduc-

ing excessive complexity or unrealistic performance gains.
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Figure 7.2: Comparison of assignment value (AV) across different acquisition strategies for
each orbit.

Figure 7.3 reports the computational behavior of the proposed bin-level method under
two complementary experimental settings.

The left subfigure evaluates the scalability of the algorithm with respect to the total
number of targets. In this experiment, the number of targets is gradually increased while
keeping other parameters unchanged. As expected, the computation time grows approxi-
mately linearly, confirming that the additional bin-level processing increases the constant
factor of the runtime but does not change its overall complexity order.

The right subfigure investigates a different aspect of the algorithm by fixing the total
number of targets to 100 and progressively increasing the number of high-priority targets.

This experiment is designed to assess the sensitivity of the bin-level method to priority
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distribution rather than problem size.

When the number of high-priority targets is zero, all targets are assigned the minimum
priority level. In this configuration, the algorithm treats all targets uniformly and evaluates
them independently at the bin level. Since no early decisions or preferential merges are
triggered, the algorithm explores a larger set of feasible combinations, which results in a
relatively higher and stable execution time. As the number of high-priority targets increases
from zero, additional structure is introduced into the decision process. In particular, high-
priority targets are processed earlier and create more opportunities for bin-level merging
with subsequent same-priority targets. These early merges effectively reduce the number of
independent bin evaluations required, leading to a temporary decrease in computation time
in the intermediate regime.

When the proportion of high-priority targets becomes large, the algorithm performs more
frequent priority-based checks, mode evaluations, and conflict resolution steps. These op-
erations introduce additional overhead, causing the computation time to increase again.

Nevertheless, the observed growth remains controlled and does not exhibit exponential be-

havior.
Computation Time (Bin-level) Priority vs Computation Time (Bin-level)
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Figure 7.3: Computation time of the bin-level method as a function of the number of targets
and target priority.
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CHAPTER 8
DISCUSSIONS AND CONCLUSIONS

8.1 Thesis Summary

This thesis investigated the problem of altimetry data-acquisition planning under strict on-
board constraints, with a particular focus on memory capacity and the limited number of
recording commands. Motivated by the operational complexity of modern Earth-observation
missions, a constraint-aware heuristic framework was proposed to improve acquisition effi-
ciency while preserving computational tractability.

The core contribution of this work lies in the introduction of a bin-level optimization
strategy built upon the heuristic framework proposed in our previously published work [69].
In this extended formulation, each target is discretized into smaller acquisition units and
evaluated individually. Compared to traditional target-level planning, this finer-grained
representation enables more accurate estimation of onboard memory usage, greater flexi-
bility in recording mode selection, and more effective exploitation of merging opportunities
across adjacent targets. By explicitly incorporating command constraints together with
mode-dependent memory costs, the proposed approach more faithfully reflects real mission
operations.

Overall, this thesis demonstrates that bin-level optimization represents a practical and ef-
fective extension of existing heuristic planning approaches for altimetry missions. By bridging
the gap between high-level target selection and low-level operational constraints, the pro-
posed framework provides a flexible tool for mission planners to tailor acquisition strategies

according to evolving mission requirements.
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8.2 Limitation and Insight

While the proposed bin-level optimization framework demonstrates clear advantages for the
considered altimetry mission scenario, it is important to acknowledge its limitations. The
design of the heuristic, including the target discretization strategy, memory modeling, and
command constraints, is closely tailored to the operational characteristics of the considered
satellite mission. As a result, direct application of the proposed method to other missions
may require additional adaptations.

However, this mission-specific focus also provides an important insight. By embed-
ding operational constraints directly into the optimization process, the proposed framework
demonstrates how domain knowledge can be leveraged to improve planning quality without
resorting to computationally expensive global optimization techniques. The bin-level ab-
straction, in particular, offers a flexible intermediate representation that can be redefined to

accommodate different mission characteristics.

8.3 Future Work

Future work may explore adaptive bin discretization strategies, integration with dynamic
downlink scheduling, and the extension of the proposed framework to multi-instrument or
multi-satellite missions.

In this work, we did not exhaustively investigate how varying the hyper-parameters of our
algorithm affects performance. For example, one interesting future direction is fine-tuning the
bin discretization step size, which acts as a key meta-parameter of the proposed framework.
A smaller step size leads to a finer bin representation, improving acquisition accuracy and
potentially increasing the assignment value (AV), but at the cost of higher computational
complexity. Conversely, a larger step size reduces computation time by coarsening the bin

structure, but may degrade solution quality and reduce the resulting AV.
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This trade-off suggests the formulation of a joint objective function that explicitly bal-
ances solution quality and computational cost. By defining an objective that jointly considers
the achieved assignment value and the required computational time, future work could in-
vestigate optimization strategies that automatically select or adapt the step size to maximize

overall mission utility under given operational constraints.
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