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Autonomous Navigation In Real-Time Endovascular Simulation
Using Deep Reinforcement Learning
Niklas Magnusson, Lukas Pettersson
Department of Physics
Chalmers University of Technology

Abstract
This Master’s thesis investigates the use of deep reinforcement learning for au-
tonomous navigation in a simulated endovascular environment. Specifically, a Soft
Actor-Critic (SAC) algorithm is employed to train an agent to control a micro
guidewire and a micro catheter for path-following tasks.

The simulation environment is based on the VIST simulator, where the agent ob-
serves a 23-dimensional state representation capturing relevant path-following infor-
mation. The agent was rewarded for path following, with the reward function incor-
porating vessel centerline alignment, penalization of deviation from the path, and
progression toward the target. The agent produces continuous translation and rota-
tion commands for the respective tools. Training was conducted on four anatomies
over 1600 episodes, each consisting of up to 500 time steps depending on task com-
pletion.

The best performing model emerged after 800 training episodes, which achieved a
success rate of 94 % on validation data. During testing, it achieved a 96 % success
rate on an unseen cerebral anatomy and an 88 % success rate on an unseen liver
anatomy. This indicates that the agent learned transferable navigation strategies
rather than anatomy specific memorization, which demonstrates that deep rein-
forcement learning is a viable approach for endovascular navigation in a simulated
environment.
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

i Index for critic networks
j Index for target networks
t Index for time step

Sets

D Replay buffer
A Action space, set of all actions
S State space, set of all states
B Mini-batch sampled from the replay buffer

Parameters

γ Discount factor
τ Polyak averaging coefficient
ϕ Actor parameters
θ Critic parameters
θ̄ Target critic parameters
α Entropy coefficient
ψ Angle
η Learning rate
H̄ Target entropy
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Variables

s State, s ∈ S
a Action, a ∈ A
r Reward
µ Mean
σ Standard deviation
E Expected value
ξ Gaussian noise
l Interpolation distance

Functions

Q(s, a) Action-value function (critic)
J Objective function
L Loss function
π Policy
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1
Introduction

This chapter is an introduction to the project. It includes a general background of
endovascular procedures including the relevant issues and possible solutions. Fur-
thermore, the section introduces similar work, the project’s novelty and limitations.

1.1 Background
Endovascular surgery is an alternative to traditional open vascular surgeries to min-
imize invasiveness, which results in faster recovery, less blood loss, and ultimately
less patient morbidity [1]. Instead of incisions to reach blood vessels during surgery,
the procedure is done by puncturing the artery with a small needle and inserting
catheters to reach the damaged area [2].

The femoral artery in the leg is the most common choice of access point although it
is possible to carry out the procedure from other arteries such as the radial artery in
the arm [3]. The tools most commonly used to navigate in these kinds of surgeries
are guide wires, catheters and sheaths [4]. The guide wire is the first tool introduced
and can come in different tip geometries and thicknesses ranging from straight and
0.010 inches in diameter to J-shaped and 0.052 inches. It can also be substituted
during the procedure.

The choice of wire diameter depends mostly on the radius of the vessel it is deployed
in [5]. The smaller the vessel is, the thinner and softer the chosen wire has to be.
When the wire has accessed the artery, a sheath is introduced over the wire and
lastly a catheter [4]. To navigate further, the catheter injects contrast to identify
the tool’s position relative to the vessel structure. With the wire as a guide, the
tools move along the vessels until they reach a location where the sheath can be
placed in a secure stationary position. From here, the sheath can act like a safe
canal if the tools need to be changed and a stable point for further movement in the
vessel tree.

Endovascular surgery is a method used during treatment of multiple types of artery
complications. Percutaneous coronary intervention (PCI) is a procedure to treat
coronary artery disease [6]. During PCI, a small balloon is guided to a narrowed
coronary artery and thereafter inflated to expand the vessel and restore a normal
blood flow. After the balloon is withdrawn, a stent takes its place which keeps
the coronary artery fully expanded and able to function as normal. Endovascular
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1. Introduction

thrombectomy (EVT) is a procedure to treat acute ischemic stroke [7]. A catheter
is guided through the blood vessels to the blocked artery in the brain and a stent
retriever is then used to remove the blood clot in the artery which restores the blood
flow.

Endovascular procedures are inherently complex, require specialized training, and
are heavily dependent on personal skills and experience [8] [9]. It can be difficult
even for experienced clinicians to find the optimal pathway for intervention due to
the complexity of the vascular system. Furthermore, endovascular procedures are
performed under fluoroscopic guidance, which exposes clinicians to ionizing radia-
tion [10]. Along with being an occupational hazard, exposure prevention necessitates
heavy lead clad protective gear, which creates ergonomic problems.

Robot-assisted endovascular surgery is a potential solution to these problems as it
could lead to greater efficacy and less radioactive exposure to cardiologists [10]. Al-
gorithms that introduce guiding assistance and semi-autonomous features could also
help with decision-making in complex endovascular environments [8]. Using simu-
lation software, such algorithms could be created using trial and error through the
process of reinforcement learning [11]. Reinforcement learning consists of many algo-
rithms and implementations. An example is CleanRL, which is a deep reinforcement
learning library [12].

1.1.1 Simulation
Mentice AB is a company that has developed a simulated setting for interventional
procedures such as endovascular surgery [13]. The software, VIST, is an image-
guided procedural virtual reality trainer for clinicians and medical professionals. In
the simulated environment, it is possible to navigate with tools such as a catheter
or a guide wire through a realistic 3D representation of human anatomies with a 2D
x-ray as a guide [14]. The simulation is also able to provide real-time information
of the procedure such as position of the tool relative to the environment.

1.2 Aim
The aim of this thesis is to develop an algorithm for autonomous navigation in
an endovascular environment using reinforcement learning. The goal is to produce
an algorithm that is capable of navigation in a complex environment, such as in
cerebral arteries. Furthermore, the thesis will assess the viability and limitations of
reinforcement learning for generalizable AI agents in this domain.

2



1. Introduction

1.3 Limitations
• This project is first and foremost focused on navigation. This means that

safety considerations will not be taken into account in the algorithm.
• This project assumes certain prerequisites. For example, it relies on a preexist-

ing path finding algorithm and patient anatomy is assumed to be completely
stationary.

• Cerebral navigation is the primary focus. As the tools are placed in the carotid
arteries, previous navigation from the access point is assumed.

• Only three tools are used during training and validation. A micro wire, a
micro catheter and a sheath. The sheath is not a part of the navigation, but
placed as support. It is the wire and catheter which are controlled by the AI
agent.

• The target points used in training and testing are arbitrary and lack medical
motivation. The tools used might not be the optimal real world tool-set for
certain target positions.

1.4 Novelty
The novelty of this study is twofold. Firstly, the Mentice VIST software ensures a
high fidelity simulation environment. To the knowledge of the authors, there is no
previous research where a state of the art simulation as VIST is used in this kind
of autonomous navigation task. Secondly, this study is attempting autonomous
navigation in complex bifurcation dense environments, whereas previous studies
have relied on simple anatomy models.

1.5 Similar works
In the research paper Sim4EndoR, Yao et al explore the viability of different deep re-
inforcement learning algorithms in an endovascular environment [11]. The research
team used vascular phantoms, which were obtained through CT scanners from real
anatomies. The study used two different target points and results showed that both
DDPG and SAC algorithms reached an 80 percent success rate, in ten trials. Both
algorithms successfully navigated to target point A with a 100 % accuracy and to
target point B with 60 % accuracy. The paper concludes that future endeavors
should concentrate on more sophisticated anatomies with more variability.

Endovascular navigation can also be done through an image to action approach. In
the paper by Ziyang Mei et al, a combination of residual neural networks and visual
transformers were used to extract features from images [15]. These features were
fed into an actor critic algorithm which learned a policy that could navigate a wire
to a desired target position.

Another example of successful navigation in a simulated endovascular environment
is the research paper by Robershaw et al [16]. The paper aimed to build on the

3



1. Introduction

author’s previous work, where successful navigation to the internal carotid artery
was achieved with a catheter. The purpose was therefore to navigate with a micro
catheter and wire to the middle cerebral arteries using the SAC algorithm. The sim-
ulation software used was simulation open framework architecture (SOFA), which
is an open source software specifically aimed towards medical simulations [17]. To
ensure a high fidelity simulation the attributes of real world tools were tested with
a tensile testing machine [16].

The study Multi-Agent Fuzzy Reinforcement Learning with LLM for Cooperative
Navigation of Endovascular Robotics also used SOFA as the foundation for the
simulation [18]. Tianliang Yao et al used reinforcement learning to train two sepa-
rate agents to control a wire and catheter respectively. Furthermore, an LLM was
used to generate context-aware action generation, which would help the two agents
cooperate.

4



2
Theory

In this chapter the central concepts of the work will be introduced. The section opens
with general reinforcement learning theory and jargon, and progresses to detailed
theory of the SAC algorithm. Lastly, miscellaneous theory is included.

2.1 Reinforcement learning
Reinforcement learning is an umbrella term for algorithms in machine learning that
utilizes an agent to explore an unknown environment, with a scalar reward as feed-
back [19]. The goal of the agent is to maximize the reward in the long run. The
advantage of this approach is that the agent can learn from its environment, which
relieves the necessity of decision making for every possible outcome.

The central concepts in reinforcement learning are the agent and the environment
[19]. The environment is the world the agent inhabits and interacts with. At every
step, the agent sees an observation of the environment, takes an action and is given a
reward signal which determines how good or bad the current state is, as can be seen
in figure 2.1. The aim of the agent is to maximize this reward and learn different
behaviors to reach the goal.

Figure 2.1: Shows the feedback loop between the agent and the environment.

5



2. Theory

The state S is a representation of the world the RL agent occupies [19]. It contains
everything that is important for the problem that is modeled. In deep reinforcement
learning, the state is often represented as a vector. From the state, the agent learns
to take actions in the environment. The set of actions available to the agent is called
the action space, which can be both discrete and continuous.
A policy is a rule which decides the state-action relationship. It is a computable
function that for each state outputs an action. For deep reinforcement learning, this
function is approximated through neural networks [20]. A policy is usually denoted
as π.

Reinforcement learning algorithms can be model-based and model-free [19]. Model-
based algorithms require knowledge of the environment. For example, complete
knowledge of a system can allow an agent to plan and think ahead. Model-free algo-
rithms learn from the environment. This type of algorithm has no prior knowledge
of the environment but learns to estimate it while training. Model-free algorithms
are generally what make up reinforcement learning.

2.1.1 Markov Decision Process
A common way to model reinforcement learning is through a Markov Decision pro-
cess [19], which is formulated as:

M = ⟨S,A, T,R⟩
Where

• S is the state space, which contains all that is important for each state given
the problem.

• A is the action space, which is used to control the state space.
• T is the transition function. By applying an action at in the state st, the

system makes a transition to a new state st+1.
• R is the reward function, which specifies the reward for a given state or action.

MDPs generally compute optimal policy through a value function [19]. The value
function is a measure of how good a state is to be in for the agent, with the measure
of good being determined by the expected return. The value of state st under policy
π is denoted Vπ(st) and is the expected return when starting in state st and following
policy π thereafter. A fundamental property of the value function is that it satisfies
a recursive relationship, which can be defined by the Bellman equation as seen in
equation 2.1 [19]. The discount factor γ controls if immediate or future rewards are
prioritized.

Vπ(st) =
∑
st+1

T (st, π(st), st+1)
(
R(st, at, st+1) + γVπ(st+1)

)
(2.1)

Where the optimal policy is defined by the Bellman optimality equation defined in
equation 2.2 [19].

V ∗(st) =
∑
st+1

T (st, π(st), st+1)
(
R(st, at, st+1) + γV ∗(st+1)

)
(2.2)

6



2. Theory

Another optimal state action value function is seen in 2.3 known as Q-functions [19].
These functions are useful because they do not need the transition function. Since
T is often unknown, Q-functions are helpful.

Q∗(st, at) =
∑

st+1∈S
T (st, at, st+1)

(
R(st, at, st+1) + γV ∗(st+1)

)
(2.3)

Although the definition of the Q-function depends on the transition function T , it
can be learned in a model-free manner using sampled transitions from the environ-
ment [19]. This removes the need for explicit knowledge of the transition dynamics,
making Q-learning methods particularly useful in environments where T is unknown.

2.1.2 Learning with model-free algorithms
There are generally two ways to train model-free algorithms, policy optimization
and Q-learning. Policy optimization follows a policy πϕ(at | st) which produces an
action at given the state st and aims to optimize the parameter ϕ through gradient
descent [21]. This approach is usually on-policy, which means it uses the latest pol-
icy and current sampled data to update the parameters.

Q-learning algorithms learn an approximator Q(st, at) for the optimal action value
pair Q⋆(st, at) [20]. The Q-values are the expected long-term reward of executing an
action in a given state and a higher Q-value is indicative of a higher future reward
[22]. Q-learning is based on the Bellman optimality equation, which gives the ex-
pected return when following an optimal policy for a state and an action, where the
optimal action is a⋆(s) = argmaxQ⋆(st, at) [20]. Q-learning learns off-policy, which
means it tries to optimize some optimal policy π⋆, while following another policy π
[19].

Traditional Q-learning learns through iterative updates of the Q-value [23]. For
many problems there are far too many states to maintain an estimate for each state
action relationship. Instead a neural network with parameters θ can be used to
approximate the Q-values. This is known as deep Q-networks (DQN) and such
Q-values are denoted as Qθ(st, at). While DQN can handle high dimensional ob-
servation spaces, it can only handle discrete action spaces. Because DQN relies
on finding the action that maximizes the Q-value, continuous action spaces cannot
readily be used. This would require an optimization routine at each timestep, which
would be computationally infeasible .

To combat this, it is possible to combine policy optimization with Q-learning, for
example with an algorithm called Deep Deterministic Policy Gradient (DDPG) [23].
DDPG addresses the problem with continuous action spaces by assuming that the
functionQ(s, a) is differentiable with respect to the action. This allows the algorithm
to avoid an exhaustive search by training a policy network πϕ(s) to approximate the
best action. Instead of solving an optimization problem at every step, the agent
evaluates the policy network and uses gradient-based updates to improve the policy
by following the direction that increases the Q-value.

7



2. Theory

DDPG is an off-policy algorithm like Q-learning, which is manifested through the
replay buffer that collects previous experience from the agent [23]. This allows the
algorithm to benefit from learning from a large array of uncorrelated transitions.
DDPG uses a deterministic policy, where a state is directly mapped to an action
a = πϕ(s) [24].

2.1.3 Replay buffer
As mentioned, the replay buffer D allows Q-learning algorithms to learn off-policy
[23]. In practice this means that for each iteration, information about the state
and actions are saved, which is then sampled from when training. The state action
transition is defined as the following tuple.

(st, at, rt, st+1, d) ∈ D

In practical deep reinforcement learning implementations, replay buffers store an
explicit done flag, which indicates a zero value state known as a terminal state. The
done flag tells the agent that there are no further future rewards in the state st+1
[25].

2.1.4 Actor-critic networks
Actor-critic is a common method for continuous action space algorithms like DDPG
and SAC. [24]:

• Actor network πϕ(st): Takes a state st, outputs an action at. The network
learns to find the optimal policy that maximizes future rewards.

• Critic network Qθ(st, at): Takes the state and action and determines the
Q-value, e.g the expected return from the state action pair while following π.
Its purpose is to evaluate the current actor policy.

Actor-critic algorithms also generally utilize target networks [26]. While the target
networks are copies of the actor and critic, they lag these networks and therefore
have different parameters θ̄. The difference in the parameters stabilizes the training
and prevents oscillation and divergence. The target networks are generally updated
through the following equation [27]:

θ̄ ← τ θ̄(1− τθ) (2.4)

The update is known as polyak averaging, which smoothly updates the target net-
work, as seen in equation 2.4 [23]. The hyperparameter τ is between 0 and 1, but
generally τ ≪ 1

8



2. Theory

2.2 Soft Actor-Critic

Soft Actor-Critic (SAC) is a DDPG-style algorithm [28]. It is an off-policy algorithm
like DDPG and has an actor-critic structure. While DDPG uses a strictly determin-
istic policy, SAC uses entropy regularization to balance exploration and exploitation
to avoid prematurely converging to a suboptimal policy. The SAC algorithm learns
a stochastic policy π, which samples from an action distribution from the actor net-
work. The network outputs a mean and a standard deviation as seen in equation
2.5 [20].

ã(st) = tanh
(
µϕ(st) + σϕ(st)⊙ ξ

)
, ξ ∼ N (0, I). (2.5)

The variable ãt is a deterministic and differentiable sampled action [28]. It is ex-
pressed as a function of the current actor network’s output mean µϕ and standard
deviation σϕ given the state st and an independent noise variable ξ. This repa-
rameterization preserves the stochasticity required for exploration while allowing
gradients to propagate through the action and enabling efficient optimization of the
actor network [29].

2.2.1 Entropy regularization
SAC uses entropy regularization to avoid premature convergence to a suboptimal de-
terministic policy [28]. The policy is trained to balance expected return and entropy,
where a higher entropy corresponds to more randomness in the actions, and there-
fore more exploration. The entropy contribution appears in the objective through
the term α log π(at | st), where log π(at | st) denotes the log-probability density of
sampling action at given state st under the policy πϕ. The temperature parameter
α determines the relative importance of entropy compared to the expected reward.

The entropy term determines the trade-off between exploration and exploitation
[27]. When α is large, the policy becomes more stochastic which leads to more
exploration and poor exploitation of the reward signal. For a small α value, the
policy learns quickly at first but will become deterministic and potentially converge
to a suboptimal local minimum. To overcome this the concept of auto-tuning is
introduced, which automatically tunes α to balance exploration and exploitation.
Auto-tuning can be achieved by treating α as trainable parameter as seen in equation
2.6 [27]. The function J is called the objective function, which refers to the error
that we are trying to minimize [19].

J(α) = Eãt∼πt

[
−α log πϕ(ãt | st)− α H̄

]
(2.6)

In this equation, H̄ is the entropy target value which is often set to the dimension
of the action space A in order to maintain a suitable level of exploration [27].
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2. Theory

This equation is a theoretical objective due to the continuous and high dimensional
action and state spaces. As a result, the expected value E of the right hand side can-
not be computed exactly in practice. The right hand side can instead be estimated
by sampling a batch B from the replay buffer D and calculating the estimated mean
value of the equation [30]. This results in a loss function that tunes the parameter
α with gradient descent as seen in equation 2.7.

L(α) = 1
|B|

∑
(s) ∈B

[
−α log πϕ(ãt | st)− α H̄

]
(2.7)

2.2.2 Updating the critic networks
Equation 2.8 shows the soft Q-function. This equation aims to minimize the loss be-
tween the neural network approximationQθ(st, at) with the estimated value Q̂(st, at),
where D is the replay buffer.

JQ(θ) = E(st,at)∼D

[
1
2
(
Qθ(st, at)− Q̂(st, at)

)2
]
,

where Q̂(st, at) = r(st, at) + γ Est+1∼p
[
Vψ̄(st+1)

]
.

(2.8)

The loss function used in practice can be seen in equation 2.9 [31]. Two critic
networks are used to reduce Q-value overestimation, which is known to destabilize
training [28][32]. Furthermore, replay buffer batch samples B ∈ D are used for
the same reason as in section 2.2.1. Here slightly different notation is used for the
estimated target y with the inclusion of the done flag as seen in equation 2.10.

L(θi) = 1
|B|

∑
(st,at,r,st+1,d) ∈B

(
Qθi

(st, at)− y(r, st+1, d)
)2
, i = 1, 2, (2.9)

y(r, st, d) = r + γ(1− d)
(

min
j=1,2

Qθ̄j
(st, ãt+1)− α log πϕ(ãt+1 | st)

)
(2.10)

2.2.3 Updating the actor network
The objective function for the actor is shown in equation 2.11 [28]. The aim of the
objective function is to maximize the Q-function while simultaneously maximizing
the entropy to find an optimal policy that still encourages exploration.

Jπ(ϕ) = Est∼D, ãt∼πϕ

[
α log

(
πϕ(ãt | st)

)
−Qθ(st, ãt)

]
(2.11)

To prevent overestimation of the Q-value, the minimum of the two critic estimates
is chosen. For the same reason as in section 2.2.1, the expected value is estimated
using a batch B ∈ D, which is used in the practical loss function shown in equation
2.12. While the states are sampled from the replay buffer, the actions ã are sampled
from the current policy. This ensures that gradients are computed with respect to
the latest policy parameters.
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2. Theory

Lπ(ϕ) = 1
|B|

∑
s∈B

[
α log

(
πϕ(ãt | st)

)
− min

j=1,2
Qθj

(st, ãt)
]

(2.12)

2.3 Adam optimizer
The optimization of parameters is important in many fields in science and engi-
neering and is of particular importance in machine learning, which is sensitive to
hyperparameter tuning [33]. Because different hyperparameter values are beneficial
in different scenarios, adaptive parameter tuning is introduced. One such method
is Adam, which updates parameters by maintaining moving averages for both the
gradients and squared gradients. This allows Adam to adapt the parameter based
on historical gradient behavior.

θt ← θt−1 − η · m̂t/(
√
v̂t + ϵ) (2.13)

The gradient and squared gradient are used to calculate the moments mt and vt
respectively. The moments are used in the update rule to optimize the parameter
as seen in equation 2.13.

2.4 Normalization
When working with gradient based learning such as neural networks, normalization
of the input data is important [34]. Because agents in reinforcement learning use
neural networks to estimate policies, it is important that all state variables have
similar scale. To achieve this Z-score normalization could be used.

x′ = x− µ
σ

µ is the mean, and σ is the standard deviation of the feature.

2.5 Approximation of Bend Energy
A polyline behaves differently depending on how bent it is [35]. To give a metric for
the magnitude of the total bend in a polyline, the bend energy can be calculated
with use of the curvature k. For a continuous wire rod, the equation for the bend
energy is shown in equation 2.14.

E =
∫
κ(s)2ds (2.14)

By the use of approximations, a discrete implementation of bend energy can be
derived to the function in equation 2.15 with a comparison of the functions shown
in figure 2.2.

E ≈
∑
i

ψ2
i (2.15)
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2. Theory

Figure 2.2: Comparison of k2 and ψ2 including the error growth and specific error
at a 50 degree angle.
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3
Methods

The endovascular navigation task was addressed by training an AI agent using the
Soft Actor-Critic (SAC) algorithm, based on the CleanRL implementation [12]. The
environment was provided by the VIST simulation software, which enabled a real-
istic vascular representation. The SAC algorithm was implemented using Python.

The agent learned to control a guide wire and catheter to reach predefined target
points. A structured state representation based on vessel geometry, tool position-
ing, and a precomputed path was used, while a multi-component reward function
encouraged progression, alignment, and safe navigation. Training was performed on
synthetic cases, with validation used to select the best performing model and testing
conducted on unseen anatomies to evaluate generalization.

3.1 Experimental setup
The training of the algorithm was conducted on four unique synthetic case anatomies.
Each case was used for 100 episodes of training before changing to the next case.
When the last case was reached, it started over on the first case and cycled through
them again. Furthermore, each case consisted of five predetermined target points.
During the 100 episodes, one of the five target points was chosen at random. For
each anatomy, the target points had the same initial starting position. The path is
calculated from this position to the chosen target position. To illustrate this setup,
the paths from case 1 can be seen in figure 3.1.

During the exploration period of 5000 steps, a single target point in the first case
was chosen. This target point was positioned closer to the starting location than
all other points and prior to any bifurcations, in order to ensure the presence of
positive rewards in the replay buffer. It was observed that terminal states in the
replay buffer when training started significantly sped up convergence.

Model checkpoints were saved every 50 episodes. After the training was completed,
each saved model was tested on two synthetic validation cases with five target points
each. To produce more robust statistics, the validation was performed five times on
each case. These five runs were then averaged to produce mean statistics for the
respective cases.
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3. Methods

Figure 3.1: Shows the five paths for case 1 along with the tools. All paths have a
common start where the green path starts. The target points are at the end of each
respective path.
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The model with best validation results was chosen for the test set, which consisted
of two cases. Case A contained an anatomy modeled from CT-scan data of a real
patient. Case B was an anatomy containing the liver structure. Five target points
were chosen in each case and each was tested 5 times by the final model.
The training, validation and testing data split can be seen in figure 3.1

Synthetic/Patient Location Cases Target points
Training Synthetic Brain 4 20
Validation Synthetic Brain 2 10
Test Case A Patient Brain 1 5
Test Case B Synthetic Liver 1 5

Table 3.1: Data split overview.

3.1.1 Connecting VIST and Python
While the simulation was running, gRPC calls were used to access the VIST APIs.
Through this interface, the state was constructed at each time step. The information
was transmitted locally on the same machine, where VIST acted as the host and
the Python script as the client.

3.1.2 Initialization of the system and specific modifications
In these steps, the simulation was primed before beginning the training. This in-
cluded defining hyperparameters, placing the correct tools in the correct positions
and computing the target paths as seen in figure 3.1. All cases used the femoral
artery as the access point and the tools used can be seen in table 3.2. Since Case B
with the liver anatomy contained vessels with larger diameters, the tools chosen for
this case are larger as well and can be seen in table 3.3.

Table 3.2: Shows the specific tools used in the simulation during training, valida-
tion and testing of Case A

Tool Dimension (Inch ") Angle (Degrees ◦)
Guide wire 0.010 90
Micro catheter 0.014 90
Sheath 0.078 Straight

Table 3.3: Shows the specific tools used in the simulation during testing of Case B

Tool Dimension (Inch ") Angle (Degrees ◦)
Guide wire 0.018 90
Micro catheter 0.025 90
Sheath 0.078 Straight
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Figure 3.2: Simulation setup used for SAC training. The three tools from table
3.2 can be seen in their initial positions along with the path in green. The wire can
be seen protruding from the catheter, which in turn protrudes from the sheath.

The guide wire was designated as the primary navigation tool guiding the catheter.
Consequently, only the wire reaching the target was considered a successful navi-
gation, which was chosen to be 0.5 centimeters from the target. The Sheath was
only used as support for the guide wire and catheter, as distal navigation without a
sheath increases vessel friction, which hinders tool advancement.

3.2 State

The state was constructed using information important for teaching the model to
follow a designated path from a starting point to a target point for each episode.
The path was obtained via a gRPC call to the VIST software, which computed
the shortest path between the two points. The resulting path consisted of points
along the centerline of each vessel and was further interpolated with a distance
of l = 0.02 cm to improve consistency in the state representation. At each step,
all state parameters were normalized using a running normalizer, which collected
state samples over time to estimate the mean and standard deviation of each state
dimension. The full state representation comprised 23 dimensions and is shown in
Table 3.4.
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Table 3.4: Shows the dimensions each state occupies. The entries marked with
near are the values at the tool’s position, while future is defined as 25 interpolated
points ahead, which amounts to 0.5 centimeters in the simulation.

Dimension State
0 vessel_radius_near_wire
1 curvature_near_wire
2 vessel_radius_future_wire
3 curvature_future_wire
4 alignment_wire
5 deviation_wire
6 offset_normal_wire
7 offset_binormal_wire
8 alignment_cath
9 deviation_cath
10 offset_normal_cath
11 offset_binormal_cath
12 wire_movement
13 cath_movement
14 wire_rotation_change
15 cath_rotation_change
16 wire_bend_energy
17 cath_bend_energy
18 distance_between_devices
19–22 previous_action

3.2.1 Directions
The direction in each path point Pi was computed by normalizing the vector to the
next point Pi+1 using the formula in equation 3.1

u⃗i = Pi+1 −Pi

l
(3.1)

3.2.2 Curvature
The curvature in each path point Pi was computed by calculating the length of the
vector difference between the direction vector for point Pi+1 and Pi−1 divided by
the distance as shown in equation 3.2

κi =
∥∥∥∥∥ u⃗i+1 − u⃗i−1

2 l

∥∥∥∥∥ (3.2)

3.2.3 Alignment
The alignment of the tool relative to the path was computed using the dot product
between the direction of the tip of the tool u⃗tool and the direction of the closest point
i on the path u⃗i. The computation is shown in equation 3.3.
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alignment = u⃗tool · u⃗i (3.3)

3.2.4 Deviation
The deviation is the distance between the tip of the tool Ptool and the closest point
on the path Pi in space. The computation is shown in equation 3.4

deviation =∥Ptool −Pi∥ (3.4)

3.2.5 Normal and Binormal deviations
The normal and binormal deviations were computed using the directions of the
closest point u⃗i to the tool and next point u⃗i+1. The normal vector is the change in
direction and is shown in equation 3.5. The binormal vector is orthogonal to both
the direction vector and the normal vector and is calculated as in equation 3.6.

n⃗i = u⃗i+1 − u⃗i
∥u⃗i+1 − u⃗i∥

(3.5)

b⃗i = u⃗i × n⃗i (3.6)

To calculate the normal and binormal deviations, the deviation vector d⃗ from the
tip of the tool to the closest point seen in equation 3.7 is used for computing dot
products in equations 3.8 and 3.9.

d⃗ = Ptool −Pi (3.7)

deviatonn = d⃗ · n⃗i (3.8)

deviationb = d⃗ · b⃗i (3.9)

3.3 Actions
The agent’s possible actions corresponded to real life tool mechanics used in endovas-
cular surgery. The agent outputted a translation and a rotation for the wire and
catheter respectively, which is modeled as a four dimensional vector. The actions
were capped to a maximum relative translation of 0.3 cm and maximum relative
rotation of 0.3 rad.

3.4 Rewards
The algorithm’s reward function was the sum of six individual rewards. Each reward
corresponded to one aspect of path following which taught the agent to navigate
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correctly.

Rgoal = 50
Rprogress = 10 · progress · alignment
Rdeviation = −0.7 · (deviationwire + deviationcatheter)
Rseparation = −0.2 · device separation
Rbend energy = −0.005 · bend energywire − 0.002 ∗ bend energycatheter

Rstep = −0.5
Rtotal = 0.1 · (Rgoal +Rprogress +Rdeviation +Rseparation +Rbend energy +Rstep)

The rewards were calculated and assigned based on information from both the cur-
rent and previous states. Rgoal was given when the wire tip was within 0.5 cm of the
target point, which also classified the episode as successful. Rprogress was computed
based on the distance progressed along the path by both the wire and the catheter
since the last action, as well as their average alignment with the path. Rdeviation
combined the deviations of both the wire and the catheter from the path. To avoid
incorrect penalties when the tool remained within the correct vessel, individual de-
viations were only included in the negative reward if they exceeded the vessel radius.
Rseparation was assigned as a negative reward when the Euclidean distance between
the tips of the tools exceeded 6 cm. The full rewards and their constraints are
presented in Algorithm 2 in the appendix.

3.5 Algorithm
The algorithm was based on CleanRL’s Soft Actor-Critic algorithm. There were
however a number of changes needed to adapt the algorithm to VIST. For example,
all things concerning the environment were custom made, with the rewards and state
being custom implementations. Another modification made was adding a forward
bias to the exploration, as movement sampled from a uniform distribution resulted
in oscillation from the tools, which filled the replay buffer with irrelevant transitions.
The main training loop however remained as per CleanRL. The general steps taken
in the algorithm can be seen in algorithm 1.
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Algorithm 1 SAC algorithm
Declare hyper parameters
Initialize actor ϕ and critics θ1,2
Initialize targets θ̄1,2
Initialize replay buffer D and entropy α
for each episode do

for each step do
if tGlobal < Tlearning then

Take random action with forward bias
else

Take action at ∼ πϕ(at|st) to state st+1
end if
Add to D st, at, r(st, at, st+1, done)
if tGlobal > Tlearning then

Sample batch B from buffer D
Update θ1,2
Update θ̄1,2
if tEpisode ≡ 2 then

Update ϕ
Autotune α

end if
end if
tEpisode + = step
tGlobal + = step

end for
end for
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3.6 Network architectures
The actor network consisted of 23 inputs, i.e dimS, which fed into two hidden
layers with 256 neurons each as seen in figure 3.3. These hidden layers split into two
separate action output layers, which predicted action mean and standard deviation.

Figure 3.3: Shows the layers of the actor network. The numbers indicate the
number of inputs and outputs of each layer respectively.

The critics had input size 27, that is dimS + dimA. The networks consisted of
two hidden layers and one output layer, which outputted a single Q-value as seen in
figure 3.4. Both the actor and the critic used ReLU as activation function and the
adam optimizer to control the learning rate.

Figure 3.4: Shows the layers of the critic network. The numbers indicate the
number of inputs and outputs of each layer respectively.
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3.7 Hyperparameters
The hyperparameters used in the algorithm can be seen in table. 3.5.

Table 3.5: Hyperparameters used in the algorithm

Parameter Value
Episode length 500
Episode length validation and testing 1000
Number of episodes training 1600
Learning starts 5000
Replay buffer size 105

Batch size 256
Discount factor γ 0.99
Polyak averaging coefficient τ 0.005
learning rate policy ηπ 3e-4
learning rate critic ηQ 1e-3
Actor update frequency Every other step
Target update frequency Every step
Initial entropy α0 0.2
Entropy Target H̄ 4
State size 23
Action size 4
Action bound [0.3, 0.3]
Autotune True
Activation function ReLU

As many of the hyperparameter values from CleanRL are tested and proven, they
were mostly left unchanged. However, there were some changes made to better fit
our problem. First off, the max steps per episode was set to 500. This episode
length allowed adequate exploration and allowed the agent to reach the target with
a margin to spare. It was also short enough that negative rewards were hindered
from dominating the replay buffer, as erroneous navigation could lead to incredibly
large negative rewards for a large episode lengths. During validation and testing
however, the episode length was 1000 timesteps, to avoid premature timeouts.

The learning starts variable was quite low compared to template algorithms. This
could be done since the agent would start close to the goal, which means it would
fill the replay buffer with terminal states and high rewards during the exploration.
This approach was used since vessel navigation is quite difficult and a random policy
during exploration is insufficient to find the goal point.

A buffer size of 105 was chosen, as it is large enough to capture a wide variety of state
action pairs while still being small enough to allow older, less relevant experiences
to be discarded over time. This size proved to be a good trade-off.
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3.8 Metrics
The models were evaluated using the following metrics.

• Success rate
successful attempts

total attempts

• Progression along path

furthest point reached

total points

• Reward per step
total reward

total steps

• Average steps
total steps

number of episodes

The metrics described above were evaluated for each target in both the validation
and test sets. An episode was considered successful if the tip of the guide wire was
within 0.5 cm of the target point. Path progression was defined as the furthest point
along the path that the wire tip reached while remaining within the correct vessel.
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4
Results

4.1 Training results
As seen in figure 4.1, the training achieved high success rate and progress in cycles.
It is observed that the case represented by the blue color
performed worse than others with initial declining success rate and progress. Equal
performance can be observed for the other regions. The highest rolling average is
100 %, which was achieved approximately at episode 800 and 1600 respectively. The
overall success rate across all episodes was 50.9%.

Note that the high early success rate is caused by deliberate adding of terminal states
in the replay buffer, as mentioned in section 3.1 . The different colors indicate the
different training cases. Also note that the plots show the rolling average over 50
episodes. The red line marks the overall average success rate.

Figure 4.1: The metrics success rate and progress for training.
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4.2 Validation results

The validation results show that the model after 800 training episodes produced the
best results in all of the measured metrics and was therefore used in the final testing.
The model had an average success rate of 94% and an average number of steps taken
per episode of 260 as seen in figure 4.2. The average progress and reward per step
for the model after 800 training episodes were 93.7% and 0.148 respectively as seen
in figure 4.3.

Figure 4.2: The metrics success rate (top) and average number of steps (bottom),
evaluated against the number of training episodes.
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Figure 4.3: The metrics average progress (top) and average reward per step (bot-
tom), evaluated against the number of training episodes.
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Metric Value
Success Rate 96.0%
Avg Progress 95.3± 4.0%
Avg Steps 354± 243
Avg Reward per Step 0.128± 0.128

Table 4.1: Metrics from Case A containing CT-data from a real patient across five
points with five runs each.

4.3 Test results
The model got a 96% success rate on Case A containing data from a CT-scan as
seen in table 4.1. The average progress was 95% with an average episode length of
354 steps and average reward per step of 0.061.
The model got a success rate of 88% on Case B containing liver anatomy as seen
in table 4.2. The average progress was 92.8% with an average episode length of 421
steps and average reward per step of 0.070.

Metric Value
Success Rate 88.0%
Avg Progress 92.8± 10.0%
Avg Steps 421± 306
Avg Reward per Step 0.070± 0.187

Table 4.2: Metrics from Case B containing liver anatomy across five points with
five runs each.
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5.1 Discussion of results

During the training, the evaluation on the blue case showed lower performance com-
pared to the other cases as seen in 4.1. The reason for this is not entirely known
but the progress plot for the training gives some insight. As soon as the training
switched to the blue case the progress dropped to approximately 30%, which might
indicate that it introduces challenging navigation in the first third of the paths.
After approximately 50 episodes in this case, the model adapts to the environment
and overcomes the initial challenges and reaches the targets. When the training
switches from the blue case to the next, the newly adapted behavior performs rela-
tively well in the following cases. This changes when reaching the blue case again,
where another performance drop occurs. This might indicate that the blue case is
important for generalizing the model and learning navigation, but that the blue case
destabilizes the performance once the model is overfitted.

The training reached multiple peaks, but this did not result in multiple high per-
forming models, which can be seen by comparing figures 4.1 and 4.2. The most likely
explanation is overfitting, that the model learned patterns in the training data and
lost the ability to generalize. It is possible that between episode 0 and 800, the model
learns to navigate and further training is overfitting to the environment. Since the
anatomies are relatively similar, it could be that applying the same actions to each
case gives relatively similar results. But when these actions are applied to a new
anatomy, or a dissimilar one like the blue case, the actions are not applicable.

To add to this, there is ambiguity to the true highest performer because of the model
resolution. Because the validation was time consuming, it was decided to validate
every 50th model produced by the training. Figure 4.2 shows the highest perform-
ing model within the chosen resolution, but it is entirely possible that an untested
model would have performed better.

The test results provide strong evidence of generalization. Although the cerebral
anatomy used during testing was unseen during training, the policy still achieved a
96% success rate. This suggests that the agent has learned navigation rather than
exploiting specific patterns in the training environments. A potential counterargu-
ment is that the training data still contains cerebral vascular anatomy, which could
introduce anatomical overlap. However, the training environments were artificially
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generated, whereas the test case was reconstructed from real patient CT scans. Fur-
thermore, because the intended application is navigation in cerebral arteries, some
similarity in global vessel structure is both expected and necessary for a relevant
evaluation. Therefore, while the datasets share general anatomical characteristics,
the results indicate that the policy generalizes beyond the specific vessel geometries
encountered during training

In contrast to Case A, which evaluated the policy on a cerebral anatomy, Case B
consisted of a liver-based vascular anatomy. This vessel structure was outside the
distribution of anatomies encountered during training and therefore represents a
stronger test of generalization. As shown in table 4.2, the policy achieved a success
rate of 88% with an average progress of 92%.

The tools used during training were not suitable for the liver vasculature due to its
larger vessel diameters. Therefore, Case B was evaluated using thicker and stiffer
tools. Compared to the cerebral anatomy in Case A, the metrics for total success,
average progress, and average steps indicate slightly lower performance and higher
standard deviations. Nevertheless, the results demonstrate that the policy is still
capable of navigating successfully in most cases, although it may require more steps
to reach the target. Furthermore, the results in Case B indicate that the model can
navigate with more than one specific tool setup, which could broaden the area of
use.

5.2 Methodological discussion
There were a number of factors important for the choice of algorithm. The problem
required an algorithm capable of handling continuous inputs and outputs, because
of the raw data used. In early stages of development the DDPG algorithm was used
as it meets the mentioned requirement and certain successes were found. Navigation
was possible, but only to one target point at a time as the model failed to gener-
alize. Therefore, it was decided to use the SAC algorithm, which has a number of
advantages over DDPG. Firstly, it uses two critic networks to avoid Q-value overesti-
mation, which has a tendency to destabilize training. Secondly, it uses a self tuning
stochastic policy, which can balance exploitation and exploration. This means that
SAC can better handle local optima and in time converge to a more optimal policy.

Since the SAC algorithm produces a stochastic policy which samples from a dis-
tribution, it is worth discussing how the agent can be evaluated. Evaluating on a
stochastic policy can be problematic, because each evaluation could lead to differ-
ent outcomes, which in turn could lead to reproducibility issues. Therefore, when
validating and testing the mean action is used, which essentially converts the policy
from stochastic to deterministic. This means the results actually reflect the learned
policy, rather than lucky stochastic transitions. In a real life setting however, the
stochastic policy might be preferred. Because of noise, there will never be a perfect
state representation, which means that an action distribution could help the agent
navigate when the uncertainty is higher.
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5.2.1 State and rewards
The state representation was designed to prioritize path-following behavior rather
than explicitly reaching a specific target. In early experiments, target specific fea-
tures such as distance to target, absolute rotation, and absolute translation were
included in the state. However, these parameters led the agent to exploit environ-
ment specific patterns instead of learning generalizable navigation strategies. During
training on a fixed target point, the agent appeared to associate particular distances
with specific actions. As a result, when evaluated on a different anatomy or vali-
dation setup, the learned policy did not generalize well. Instead of responding to
the current environment, the agent relied on patterns memorized from the training
configuration. We also observed that incorporating global features as absolute tool
positions and directional vectors reduced generalization performance. These features
introduced dependencies on the global reference frame, making it more difficult for
the agent to adapt to variations in anatomy and environment.

Since we had no way of guaranteeing that the coordinate systems in the different
cases were standardized and every anatomy was unique, we came to the conclusion
that the global coordinates acted more as noise to the algorithm than helpful infor-
mation. Furthermore, the only indication of the state’s correctness is experimental
results. It is unknown if the state used is valid for the problem, or what parts actu-
ally contribute in a meaningful way. It is entirely possible that a small part of the
state enables the navigation and that the rest is ignored by the model, or actually
hampers its performance.

Our discrete approximation of the bend energy has an error of less than 7% for an-
gles up to 50 degrees, with the error increasing for larger angles. This approximation
was chosen deliberately, as the reward term is negative and should impose a stronger
penalty for larger bend angles. While smooth bends are natural when the wire and
catheter follow the vessel curvature, excessively sharp bends are undesirable and
were therefore penalized more heavily.

Similar to the state, the reward function is an experimental setup adapted to the
simulation environment. The reward function was created through careful consider-
ation of the state and environment, and through trial and error. There is no previous
work done on reinforcement learning in VIST, so the implementations in the project
are entirely novel. Therefore, while the reward function is adequate for navigation,
it might be too simple or too complex.

In previous works, the reward function is often more simple, but so is the simulation
software. It is possible that either the approach in this project is unnecessarily
complex, or the more advanced simulation used requires a more nuanced reward
signal. However, it can be noted that the reward function was quite brittle and
small changes could lead to large changes in performance. It is unclear whether

31



5. Discussion

the chosen design was unstable or if the reward function in general is sensitive to
tuning. It is not surprising if the latter is true, as the reward signal is the most
important factor in training. Therefore, since successful navigation was achieved,
it is indicative of an adequate reward function, even though it might not be the
optimal one.

5.2.2 Training, validation and testing
The training and validation set consisted of four and two cases respectively. Since
there was no metric to evaluate how different the cases were, each case was assumed
to be a unique anatomy. This assumption could be problematic, since it implies
there could be a significant overlap between the training and validation cases. It
could be argued that this is a non-issue, as the model weights are not updated
during validation, which means the agent never actually sees the validation cases.
Therefore, this is not data leakage in the traditional sense, but it can still affect
the final testing of the model, since the trained model could be overfitted to the
validation case by accident. Despite the limited number of cases available, it was for
this reason deemed important to have two validation cases, to have some measure of
the model’s generalization. It could therefore be reasonably assumed that the model
with the highest performance on the validation cases would be the most generalized.

Fair evaluation requires unseen data. Since there was some ambiguity concerning the
separation between training and validation data, the test data had to be completely
separate. The reasoning was that if there is data leakage between the datasets, the
testing would be a true indication of the model’s path-following ability. This sig-
nificantly reduces the risk of the final model relying on memorization of anatomical
structures present in the training and validation data.

The number of training cases might have been too few. It is unknown if more train-
ing cases would have been beneficial, or if too many were used. Using large datasets
is typical practice in machine learning, but it might work differently in reinforcement
learning. There are three possibilities. First, it is possible that too few cases were
used, which would mean that the learned policy was brittle. Second, the number of
cases was ideal and led to adequate generalization. Lastly, there might have been
too many different cases, which possibly confused the policy and actually reduced
performance, because the number of different states and actions destabilized the
learning. Perhaps simply training on one anatomy could have resulted in a more
stable policy, since the gradient descent might have had a more consistent space to
optimize.

It is also interesting to know what combination of number of cases, episodes per cases
and total episodes that is optimal. The chosen hyperparameters are arbitrary and a
different combination could have achieved greater results. For example, the cycling
of cases every 100 episodes might have damaged performance and perhaps staying
longer on each case would have stabilized training. It could also be the opposite
that staying for a shorter time on each anatomy might have improved results. For
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example, choosing a random point and anatomy each episode

5.2.3 Metrics
The most obvious metric when discussing autonomous navigation is the ability to
reach a predefined goal, which in this context is called a success rate. However,
the binary nature of this metric could be a flaw, where almost successful naviga-
tion is categorized as a failure. The progress metric is important for this reason, as
it reflects how close the agent gets on average, rather than a simple true or false.
An agent that can reach 80 percent of the way to some target can still be very
helpful in a clinical environment, as it could potentially reduce work load for sur-
geons significantly, even if the last distance would be navigated manually. Therefore,
it is unfair to discard all navigation attempts that don’t reach the target all the way.

Another problem with the success rate metric is brute forcing. The agent has a
tendency to coil up for various reasons, usually due to erroneous navigation or
handling of the tools. On rare occasions, this will still lead to a successful navigation.
While this technically is a success, it is an unacceptable form of navigation. This
behavior is however rare and can be detected through the reward per step metric
because of the bend energy reward.

5.3 Limitations
Even though VIST is a state of the art simulation software, the anatomies used in
training are artificial. Therefore the blood vessels may be too smooth, too sym-
metric and lack the complexity of real life bifurcations. This could mean that the
simulation is not entirely representative of reality, which could lead to biases in the
model. If the model is not trained on the imperfections that exist in a real anatomy,
the state to action relationship might be entirely broken.

The target points used in training were arbitrarily selected and there is no metric
on how well they transfer to real life. Since there is no medical motivation behind
the targets, the clinical benefit of the model could be questioned. Also, the absence
of an algorithmic safety layer could allow the agent to reach points that would be
unreachable in real life without damaging the vessels. Since the blood vessels are
impenetrable in the simulation, the model could learn to cheat by using excessive
force.
Another important limitation are the bottlenecks in training. Since reinforcement
learning requires exploration of the environment and needs to see many combina-
tions of states, actions and rewards, which results in very slow training. Further-
more, there was a lot of overhead with GRPC calls to the simulation, which slowed
down each timestep. Slow training limited how many implementations that could
be tested, as each training run was a time investment. Therefore, faster training
could have led to better outcomes, as more variations of the algorithm could have
been tested.
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5.4 Future work
In this section, potential future improvements are presented. The suggestions are
sorted with more feasible implementations appearing first.

• Future work should have a stronger focus on patient safety. This should first
and foremost be implemented by adding wire and catheter tip forces into the
state. Tip forces exceeding a threshold should be penalized, to teach the model
to navigate safely.

• More data could be beneficial for generalization. For example, an algorithm
could be devised to create many datasets from one single anatomy, by creating
variation in the anatomy. This could be things like altering the vessel posi-
tions, bends or by changing bifurcations.

• It is unclear which state components actually are meaningful to navigation.
Future works should try to reduce the size of the state and only include rele-
vant information. This would have to be done through trial and error or by
incorporating explainable AI.

• Since the model outputs translation and rotation, this could be directly trans-
lated to the input of the electric motors of a surgical robot. Therefore, future
works should consider connecting the algorithm to a robot and testing it in
real life models of endovascular structures.

• Another consideration is tool selection. The model is only trained on one spe-
cific set of tools, while real life endovascular surgery relies on many different
set of tools for different situations. The tools used in this project do have
their limitations and a truly general algorithm should be able to choose its
own tools depending on the current state.

• Since the algorithm relies on the path provided by the simulation, future works
should create a separate algorithm to build a path from fluoroscopic images.
This would make the algorithm more relevant from a clinical perspective.
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Conclusion

This thesis investigated the application of deep reinforcement learning for autonomous
navigation in an endovascular environment. To achieve this, a reinforcement learn-
ing agent was trained in the VIST simulation environment to follow a predetermined
path using a guidewire and catheter. The results showed that the highest valida-
tion performance was achieved after training for 800 episodes. When evaluated on
previously unseen anatomies, the agent achieved a success rate of 96 % in the brain
and a 88 % success rate in the liver.

These findings indicate that reinforcement learning is a viable approach for au-
tonomous endovascular navigation in a simulated setting and that the agent demon-
strates generalization rather than simple memorization of anatomical structures.
Future work should focus on incorporating safety-related constraints, such as limit-
ing tip forces applied to vessel walls, increasing the diversity of training data, and
improving transferability to real-world clinical environments.
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Appendix 1

Algorithm 3 The reward function
1: ▷ Goal reward
2: if dtarget < 0.5 then
3: done← true
4: rgoal ← 50
5: else
6: done← false
7: rgoal ← 0
8: end if

▷ reward
9: progress← clip(progresswire + progresscath,−4, 4)

10: total alignment← clip(alignmentwire + alignmentcath,−1, 1)
11: alignment← max(1 + 0.5 · total alignment, 0.8)
12: rprogress ← 10 · progress · alignment

▷ Lateral deviation penalty
13: rlat ← 0
14: if deviationwire > radius then
15: rlat ← rlat − 0.7 · deviationwire
16: end if
17: if deviationcath > radius then
18: rlat ← rlat − 0.7 · deviationcath
19: end if

▷ Separation penalty
20: rsep ← −0.2 ·max(0, dsep − 6)

▷ Smoothness penalty
21: rbend ← −0.005 · bendwire − 0.002 · bendcath

▷ Step penalty
22: rstep ← −0.5
23: reward← rgoal + rprogress + rlat + rsep + rbend + rstep
24: reward← 0.1 · reward

return (reward, done)
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Episode Success Progress Steps Reward Reward/Step
50 30.0 69.3 768.7 -73.0 -0.095

100 2.0 51.4 987.3 -120.9 -0.122
150 2.0 50.4 998.8 -57.8 -0.058
200 0.0 23.2 1000.0 -80.8 -0.081
250 0.0 14.4 1000.0 -84.0 -0.084
300 0.0 15.1 1000.0 -101.5 -0.102
350 0.0 10.6 1000.0 -199.3 -0.199
400 4.0 44.5 962.2 -96.2 -0.100
450 0.0 35.3 1000.0 -48.1 -0.048
500 18.0 55.4 902.5 -31.2 -0.035
550 10.0 52.7 933.2 -157.2 -0.169
600 2.0 24.6 990.3 -354.3 -0.358
650 8.0 37.7 939.6 -51.3 -0.055
700 12.0 37.8 914.4 -80.0 -0.088
750 16.3 42.3 884.7 -58.8 -0.067
800 94.0 93.7 260.0 38.4 0.148
850 44.0 47.9 640.1 -60.4 -0.094
900 30.0 53.3 742.5 -130.8 -0.176
950 34.7 68.9 728.5 -14.0 -0.019

1000 40.0 69.3 667.0 -5.8 -0.009
1050 32.0 59.2 748.7 -54.5 -0.073
1100 34.0 56.1 724.7 -67.6 -0.093
1150 42.0 60.1 672.2 -35.0 -0.052
1200 30.0 54.2 750.0 -55.4 -0.074
1250 22.0 41.3 829.9 -50.5 -0.061
1300 30.0 39.8 763.0 -54.8 -0.072
1350 48.0 74.8 674.6 -14.1 -0.021
1400 32.0 59.7 732.8 -45.0 -0.062
1450 74.0 83.2 483.0 11.2 0.023
1500 68.0 79.4 472.4 9.3 0.020
1550 56.0 74.3 562.7 -16.3 -0.029
1600 52.0 66.6 586.3 -13.0 -0.022

Table A.1: Shows the results from Validation.

A.0.1 Bend energy approximation

E =
∫
κ(s)2 ds (A.1)

Ti = pi+1 − pi
∥pi+1 − pi∥

(A.2)

κi ≈
∥Ti+1 −Ti∥

∆s (A.3)

cosψi = Ti ·Ti+1 (A.4)
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∥Ti+1 −Ti∥2 = 2(1− cosψi) (A.5)

For small angles: cosψi ≈ 1− ψ2
i

2 =⇒ ∥Ti+1 −Ti∥ ≈ ψi (A.6)

E =
∫
κ(s)2ds ≈

∑
i

κ2
i∆s ≈

∑
i

(
∥Ti+1 − Ti∥

∆s

)2

∆s =

=
∑
i

∥Ti+1 − Ti∥2

∆s ≈
∑
i

ψ2
i

∆s

(A.7)

If all segments have the same length ∆s : E ≈ 1
∆s

∑
i

ψ2
i ∝

∑
i

ψ2
i (A.8)
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