IHEERORGB 6T h AANIMAHYA- ECHES [RALYINApERpreSentéd-BEED JULY, 2023 1
2024 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS)

October 14-18, 2024. Abu Dhabi, UAE

FNPG-NH: A Reinforcement Learning Framework
for Flexible Needle Path Generation with
Nonholonomic Constraints

Mukund Shah, Niravkumar Patel Member, IEEE

Abstract—Path planning algorithms for minimally invasive
neurosurgery involve avoiding critical structures such as blood
vessels and ventricles while following needle kinematics. The
majority of planning solutions proposed in the literature use
sampling-based algorithms. This paper introduces a Flexible Nee-
dle Path Generation framework with Non-Holonomic constraints
(FNPG-NH), an extension of our FNPG framework. FNPG-NH
uses deep Reinforcement Learning (RL) based methods such as
Deep Deterministic Policy Gradient (DDPG), Proximal Policy
Optimization (PPO), and Soft Actor-Critic (SAC) to obtain a
kinematically feasible path for a bevel-tipped flexible needle
using a nonholonomic model. RL algorithms presented in this
work generate the control input for needle rotation based on the
rewards generated by the environment. The deep RL algorithms
are trained on an environment that consists of (1) ventricles
segmented from T1 images of the healthy volunteers using atlas-
based segmentation, (2) blood vessels segmented from MRA
volumes of the same volunteer using thresholding, and (3)
tumor volume from labeled BraTS 2020 dataset and placed at
an anatomically relevant location. The paths generated by the
reinforcement learning algorithm and the traditional sampling-
based algorithm RRT are compared for various performance
metrics. The reinforcement learning model was trained on 20
volumes and validated on 68 volumes, and RRT was evaluated
on the same 68 validation volumes. The results show that the
trajectories generated by the FNPG-NH framework are safer,
shorter, and take less time than RRT while avoiding critical
structures such as ventricles and blood vessels.

Index Terms—Surgical Robotics: Planning, Steerable

Catheters/Needles; Reinforcement Learning

I. INTRODUCTION

EUROSURGERY is a medical process that involves

diagnosing and treating disorders related to the central
nervous system. Historically, brain surgeries have been per-
formed via craniotomy, which causes long-lasting side effects.
For the last few decades, various neurosurgery interventions
have been performed using minimally invasive methods, such
as keyhole-based neurosurgical procedures.

Conventionally minimally invasive neurosurgery procedures
are performed using rigid needles, which limit access to
desired lesions while avoiding critical structures. Therefore
steerable catheters [1] and flexible needles [2] are now widely
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used for minimally invasive surgeries as they provide higher
dexterity, safety, and stability. However, trajectory planning
for a steerable needle in a minimally invasive surgery is a
challenging and time-consuming task as not only the generated
path has to avoid the obstacles and reach the goal, but it
also needs to follow the kinematic constraints of the steerable
needle. Traditionally, the neurosurgeon uses three orthogonal
views of the MRI (Magnetic Resonance Imaging) volume
to plan a safe trajectory for straight, rigid needles; however,
manually planning a safe trajectory for a flexible bevel-tipped
needle is not feasible as it follows a curved path, and can
steer in any direction by changing the orientation of the tip
of the needle. To solve this trajectory planning problem, we
present a Flexible Needle Path Generation framework with
Non-Holonomic constraints (FNPG-NH) that uses deep RL to
autonomously generate safe trajectories for minimally invasive
neurosurgery procedures using flexible bevel-tipped needles.
The autonomous surgical planning framework FNPG-NH
presented here uses (1) atlas-based segmentation of brain MRI-
T1 volumes to identify critical structures such as ventricles,
(2) thresholding-based segmentation of brain MR angiogra-
phy (MRA) volumes from the IXI dataset [3], and (3) labeled
tumors from the BraTS 2020 dataset [4]-[6] to create a
simulated environment. It uses a deep RL-based algorithm to
generate a safe trajectory while enforcing the constraints of a
nonholonomic bevel-tipped needle [7]. Our proposed method
of solving the planning problem with deep RL is trained
on simulated environments that are anatomically relevant.
The FNPG-NH framework can generate a safe path for the
steerable flexible needle from an autonomously generated
skull-entry point and a target region while avoiding the critical
anatomical structures. This framework could be used for
preoperative planning for minimally invasive neurosurgery
procedures performed using flexible bevel-tipped needles.

II. RELATED WORKS

Conventionally minimally invasive procedures are per-
formed using rigid needles. Finding a safe path using rigid
needles is challenging, as they cannot be steered away from
critical anatomical structures. In recent years, using flexible,
steerable needles for performing these surgical procedures
made it possible to reach targets that were impossible for
rigid needles to reach. Neurosurgeons are required to plan
a needle path that starts from the skull entry point (burr
hole) and reaches the desired target (tumor) while avoiding
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Fig. 1: Block diagram of the FNPG-NH framework showing the modules for data preparation, actor-critic deep RL algorithms,
and resultant safe needle trajectory overlaid on the segmented MRI volume.

the critical anatomical structures. This path planning problem
for steerable flexible needles becomes more complex than
the rigid ones, as the needle path not only has to avoid
the critical anatomical structures but must also follow the
kinematic constraints of the needle. Many researchers have
explored various algorithmic approaches over the last few
years to address this path-planning problem for flexible, steer-
able needles, including grid search algorithms, sampling-based
motion planning algorithms, and, more recently, reinforcement
learning-based solutions.

Park et al. presented a diffusion-based planning method for
a flexible needle under kinematic constraints in an obstacle-
free space [8]. Duindam et al. presented a 3D path planning
algorithm for steerable bevel-tipped needles that considered
the kinematic constraints of the needle for planning in the
presence of obstacles; they discretized the control space of
the needle and solved it as a non-linear convex optimization
problem. However, this method did not guarantee global
convergence [9].

Khatib et al. proposed potential field methods that find paths
from start to goal configuration by minimizing the potential
function in the C-space [10]. DiMaio et al. demonstrated
using the potential fields with tissue deformation and needle
deflection model to plan a path [11]. However, the potential
field method does not guarantee convergence; hence it may not
find a solution even if one exists. Graph-based search methods
discretize the planning problem. Djisktra [12] and A* [13] are
two of the most popular graph search algorithms, and given
a planning problem, they find the optimal path. But as the
search space dimensions increase, the computational time for
these algorithms also increases, making them less desirable
for higher dimensional planning problems. Sampling-based
algorithms randomly sample a point from the configuration
space and reduce the computation time compared to graph-
based search methods; however, the sampling-based algo-
rithms are probabilistically complete and may not find a

solution in a given time, even if one exists. RRT [14] and
its improved variants RRT* [15] and bidirectional RRT [16]
are popular algorithms for performing planning in higher
dimensional spaces.LaValle et al. showed using RRT with
kinematic constraints for planning in higher dimensions [16].
Ayoung et al. and Yongkang et al. demonstrated the use of
RRT [17] and RRT* [18] in a 3D environment following the
kinematic constraints of the flexible needle.

Deep reinforcement learning algorithms have recently been
explored in path planning and have shown promising re-
sults compared to sampling-based and graph-based algorithms.
Panov et al. successfully applied a neural Q-learning algorithm
to solve a path planning problem in a small grid world envi-
ronment [19]. Xiaoyun et al. demonstrated the use of deep RL
in dynamic environments using lidar sensor information and
showed the generalization behavior of reinforcement learning
algorithms [20]. Junli et al. combined off-policy deep RL
algorithm TD3 with probabilistic roadmaps and showed that
it outperforms traditional graph search algorithms like A* in
both small and large-scale planning problems [21]. In the
context of minimally invasive neurosurgery, Alice et al. used
asynchronous advantage actor-critic algorithm, which com-
bines Deep Q-Network (DQN) with actor-critic algorithms,
learns policy by steps proportional to the advantage function,
and performs asynchronous updates [22]; furthermore, they
demonstrated the use of inverse deep RL-based framework
for intraoperative path planning with a replanning time of
0.02 s [23]. In our prior work, we used the deep RL-
based framework FNPG for generating a path for the flexible,
steerable needle, however, without the nonholonomic needle
constraints [24].

Our previous work [24] showed the use of deep RL for
needle trajectory planning. However, that work did not incor-
porate the nonholonomic kinematic constraints of the needle
and did not use anatomically relevant tumor data. This work
presents FNPG-NH, a flexible needle path planning framework
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Fig. 2: Block diagram the simulated RL environment: 1) input to the environment is an action as angle of needle rotation in
rad, 2) output of the environment is the next state, reward, and episode status, 3) states in the diagram are seven-dimensional,
with x,y, and z representing the position and ql,q2,q3, and g4 are the quaternions representing the orientation of the needle

tip.

for steerable, bevel-tipped needles with nonholonomic con-
straints. FNPG-NH is based on deep RL algorithms, namely
DDPG [25], PPO [26], and SAC [27] to generate a trajectory
for a bevel-tipped needle while enforcing the nonholonomic
kinematic constraints.

Major contributions of the presented work are (1) the
development and evaluation of an RL-based FNPG-NH frame-
work for autonomous preoperative path planning of a steer-
able bevel-tipped needle for minimally invasive neurosurgery
procedures, (2) to the best of our knowledge, this is the
first work where the deep RL framework was trained and
evaluated with a needle model having nonholonomic kinematic
constraints, (3) presented framework does not require starting
point from the surgeon, it autonomously finds one for an
optimal trajectory, (4) presented deep RL framework was
evaluated in an anatomically relevant dataset prepared by
merging (a) MRI-T1 and MRA of healthy volunteers and (b)
labeled tumor (excluding edema) from BraTS 2020 dataset
and (5) the extensive (68 volumes) evaluation of the presented
framework shows that the FNPG-NH framework produces
safer and shorter needle trajectories in less time compared to
the sampling-based algorithm.

III. METHOD

In this section, the modules of the FNPG-NH framework:
(A) data preparation and (B) trajectory generation using deep
reinforcement learning, are explained. Figure 1 shows a block
diagram of the presented FNPG-NH framework.

A. Data Preparation

The datasets used for environment creation are IXI dataset
with MRI-T1 and MRA volumes of the same volunteers and
BraTS 2020 dataset with segmentation label map of the tumor
of the patients.

1) Atlas-based Segmentation: FastSurfer neuroimaging
pipeline [28] is used to create a segmentation map of the brain.
The brain MRI-T1 image is first preprocessed by FastSurfer
and conformed to a size of 256 x 256 x 256 with an isotropic
voxel size of 1 mm and image intensities scaled between O-
255. FastSurfer consists of 3 F-CNNs operating on coronal,
axial, and sagittal 2D slices and a final view aggregation stage.
Each FCNN comprises four competitive dense block encoder
decoder layers followed by a final competitive dense block
layer. In this work, an MRI-T1 brain volume from the IXI
dataset is provided as input to the pre-trained FastSurfer net-
work, and from the obtained segmentation map, only ventricles
are used as critical structures and the brain stem is used as a
reference for choosing the region for needle entry points, this
is further explained in Sec I1I-B4.

2) Blood Vessel Segmentation: The brain MRA volumes
were first conformed to the size of 256 x 256 x 256 with a
voxel size of 1 mm to match the dimensions of the MRI-T1
volumes and voxel intensities were scaled between 0-255. To
eliminate the difference in the translation part of the affine
matrix of the T1 and MRA volumes, an affine correction was
done to ensure that the origin of both volumes was at the same
location. Thresholding was done on the affine-corrected MRA
volumes. The threshold was kept at 67 percent of maximum
intensity, and voxels with intensities greater than 67 percent
were labeled as blood vessels.

3) Tumor placement: The IXI dataset used for segmen-
tation of the ventricles and blood vessels is from healthy
volunteers; hence it does not contain tumors. To augment
an anatomically relevant tumor model, a tumor label volume
was randomly selected from the available training set of the
BraTS 2020 dataset. Since the tumor comes from a different
dataset, following tumor placement steps were followed to
ensure it gets embedded at an anatomically relevant position
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Fig. 3: Shows the valid start point selection region created by
1000 random starting points. We leave a space of 15 mm on
the left and right of the midline, and the starting points are
selected from a region of 100 mm x 35 mm.

with respect to the segmented IXI dataset.

1) Conform the tumor label to match the dimensions of
brain MRA and MRI-T1 volumes, i.e., 256 x 256 x 256
with a voxel size of 1 mm.

2) Get the enhancing tumor label from the BraTS 2020
dataset.

3) Place the enhancing tumor volume such that the tumor’s
inferior most point lies above the brainstem’s centroid.

4) Convert the IXI MRI-T1 volume into a binary label map
to remove the background (thresholding with intensities
> 0).

5) Perform logical AND operation between the binary IXI
MRI-T1 and tumor label volume.

6) Measure the overlap (number of voxels) between the
binary IXI MRI-T1 and tumor label volume.

7) Consider the present tumor volume as anatomically
relevant if the measured overlap was > 90 percent of
the original tumor volume.

The above criteria ensure that the tumor is placed randomly in
an anatomically relevant location ( i.e tumor is inside the skull
and not below the brain stem). After a valid tumor volume is
found, the whole solid tumor consisting of the enhancing, non-
enhancing, and necrotic/cystic labels from the corresponding
volume was used as a tumor volume. Here, the brain stem is
extracted from the segmented label map of the IXI MRI-T1
volume input to the FastSurfer pipeline.

B. Path Generation

1) Model: Our path generation module uses actor-critic
deep RL algorithms for continuous actions, DDPG, PPO, and
SAC. The implementations used are from an open-source
library, stablebaselines3 [29].

DDPG: The actor and critic both have two fully connected
layers of size [400,300]. The activation function used for the
first layer of both networks is ReLU. The final layer uses Tanh
activation for the actor and a linear activation for the critic.
A replay buffer of size 10 is used and a learning rate of
1073 is used for both networks. A mini-batch size of 100
with a gamma (discount factor) value of 0.99 and a tau (Polyak
update) value of 0.005 is used. For exploration, Ou noise [30]
was used. Target actor and critic network architectures were
cloned from the actor and critic architectures respectively and
initialized with the same weights as the actor and the critic
networks.

PPO: The actor and critic both have two fully connected
layers of size [64,64]. ReLu activation is used in the first layer
of both actor and critic networks. Tanh is used as the activation
for the second layer of the actor and a linear activation is used
for the critic. Mini-batch of size 64, a learning rate of 3 x 10~4,
a gamma value of 0.99, and a generalized advantage estimate
(gae) lambda value of 0.95 and a clip range of 0.2 were used.

SAC: Two fully connected layers of size [256,256] were
used as actor and critic networks. The activation function used
for the first layer is ReLU for both networks. The final layer
activations are Tanh and linear for the actor and the critic
networks, respectively. A replay buffer of size 10 was used,
a mini-batch of size 256 along with a learning rate of 3 x
104, gamma (discount factor) value of 0.99, and tau (soft
update coefficient) value of 0.005 were used for training.

Actor-critic algorithms have two sets of parameters. The
critic network updates the action value function Q(s, a) by
temporal difference policy evaluation. The actor network up-
dates policy parameters in the direction suggested by the critic
network by using the policy gradient theorem. The above
models use an environment implemented using OpenAl gym
[31](version 0.21.0), and well-established hyperparameters
mentioned above.

2) Environment: The environment is a segmented volume
that consists of three voxel labels: safe, unsafe, and tumor.
The unsafe voxels consist of the ventricles taken from the
segmentation output of the MRI-T1 volume and the blood
vessels taken from the segmentation of the MRA volume. The
tumor label is taken from the segmented T1 volume of the
BraTS 2020 dataset. The safe voxels are those that are not
labeled as unsafe or tumor. The environment consists of the
step and reset functions. The step function takes action as input
and returns the next state, reward, and episode status. The reset
function calls the start-point selection function Sec III-B4 and
restarts the algorithm from a new randomly selected valid
start point. Figure 2 shows the block diagram of the training
environment.

3) Reward Function: The reward function takes input from
a segmented volume consisting of critical structures (ventricles
and blood vessels) treated as obstacles and goal (tumor),
current state, next state, goal point (centroid of the tumor),
maximum insertion depth, and total insertion as the inputs.
The reward has five components:

(1) Distance reward: We use a Euclidean distance-based
reward function which gives a positive reward of +1 if the
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trajectory generated by DDPG (light blue), second: trajectory produced by PPO (yellow), third: trajectory produced by RRT
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needle tip moves closer to the goal and a negative reward of
-1 if the needle tip moves away from the goal.

(2) Out-of-bounds reward: If the agent reaches outside the
bounds of the volume, it receives a penalty of -1.

(3) Obstacle reward: If the agent hits an obstacle, it
receives a high penalty of -1000.

(4) Tumor reward: A high positive reward of +1000 is
awarded if the agent hits the tumor.

(5) Target Reward: A high positive reward of +10000 is
given when the needle tip reaches the target region that is
defined as a sphere or radius 5 mm from the centroid of the
tumor.

The final reward comes out to be the sum of all five
components. The intuition behind the Euclidean distance-
based reward function is to guide the model to make the needle
tip reach the tumor. The reset flag is set to True when the total
insertion is either equal to or exceeds the maximum insertion
depth of 150 mm.

4) Start-point selection: The start point selection region
shown in Fig. 3 is considered based on the inputs from a
collaborating neurosurgeon. After every call to the reset
function of the environment, a new star point is selected from
a region, as shown in Fig. 3. The start point selection region is
defined using the following procedure: 1) The centroid of the
brainstem from the atlas-based segmentation of the MRI-T1
volume is used as a reference. 2) The centroid of the brainstem
is projected towards the superior direction to find the midline
on the skull. 3) The region of 15 mm on the left and the right
side of the mid-line is left out. 4) Points are randomly selected
on a region of 35 mm x 100 mm on either the left or right
side of the midline, as shown in Fig. 3.

IV. EXPERIMENTS AND RESULTS

Data preparation, model training, and testing were per-
formed using an Ubuntu 20.04.4 LTS machine with an AMD
Ryzen 5, 6 Core CPU with 16 GB RAM.

A. Data

Data was prepared with two freely available datasets: IXI
and BraTS 2020. IXI dataset contains MRI-T1 and MRA
volumes of healthy volunteers. For the sake of completeness of

the framework, we used tumors from the BraTS 2020 dataset
and placed them randomly at anatomically relevant places as
discussed in Sec. IT1I-A3 inside the brain. This data preparation
strategy is explained in Sec. III-A.

B. Training

The position and orientation of the needle tip is defined by a
SE?3 state space. The first three components of the state are the
X,y and z in the R? space signifying the position of the needle
tip. The next four components are quaternions (q1,92,q3, and
g4) in the SO? space signifying the orientation of the needle
tip. As shown in Fig. 2, the training involves calling the step
and reset functions. The reset function calls the start point
generation function, which selects a random starting point
from an anatomically relevant region shown in Fig. 3. The
quaternions are always set to values 0,0,0, and 1 every time
reset is called. This helps the algorithm to learn a policy
that generalizes over the anatomy of the brain. As mentioned
in Sec. III-B2 and shown in Fig. 2, the step function takes
action as an argument and returns the next state, reward, and
episode completion status. Here the action is one-dimensional
and controls the angular input to the nonholonomic bicycle
needle model. In every step, the needle is inserted by a fixed
length of 5 mm at a fixed curvature of 0.01 mm ~! while
following the nonholonomic kinematic constraints. For faster
convergence, the reward function constantly forces the agent
to move toward the tumor.

Results are based on a total of 88 labeled volumes. We used
20 volumes to train the RL algorithms and the remaining 68
volumes to test both RRT and RL algorithms. Figure 4 shows
the trajectories generated by DDPG, PPO, RRT, and SAC in
the simulated environment. The RL algorithms were tested
with 68 volumes and ten random start points per volume,
resulting in a total of 680 trajectories. Each trajectory was
validated by a nonholonomic model-based motion validator to
ensure that the trajectory does not interact with the critical
structures (obstacles). The FNPG-NH framework with the
deep RL models DDPG, PPO, and SAC was compared with
sampling-based kinodynamic RRT with the same starting
points that were generated by the RL algorithms.

The following metrics were used to compare the above
models:
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Fig. 5: Comparison of minimum obstacle distance, path length, length of trajectory inside the tumor, total rotation, and
computation time between RRT, DDPG, PPO, and SAC-based models.

« Path length: Path length signifies the total insertion depth
from a valid starting point to the goal for a volume.

o Computation time: Computation time measures the time
taken by the algorithm to generate a trajectory from a start
point to the goal.

« Distance from critical structures: Ventricles and blood
vessels are the critical structures in our environment, and
the minimum distance from them signifies the safety of
the trajectory generated by the algorithm.

« Total rotation: This metric signifies the total amount of
rotation done by corresponding control inputs at each
point in the path. It is calculated by accumulating the
absolute difference between the successive control inputs.

o Length inside tumor: This metric signifies the needle
length inside the tumor. Usually, longer insertion depth
inside the tumor provides a better biopsy sample.

The comparison between all the algorithms based on the
metrics above is shown in Fig. 5. Observed results were
statistically analyzed on the above-mentioned metrics.

Bartlett’s variance test was performed to check for equality
of variance among the group of algorithms for each metric. It
was observed that minimum obstacle distance (p > 0.05) and
length inside the tumor (p > 0.05) showed equal variances.
Whereas, path length (p < 0.05), computation time (p < 0.05),
and total rotation (p < 0.05) showed unequal variances.
Results were evaluated for statistical significance using a one-
way ANOVA test and Welch’s ANOVA test for the metrics
with equal and unequal variances, respectively; all the metrics
were statistically significantly different (p < 0.05). To get
individual pairwise comparisons among the algorithms on the
aforementioned metrics, post hoc tests, namely Tukey’s Hon-
estly significant difference test and pairwise Games-Howell
test were performed.

Tables 1-5 summarize the results.Table I shows the min-
imum distance of the needle trajectory from the critical
structures (the larger this distance, the better it is). Tukey’s
Honestly significant post hoc analysis was used for this
metric. It was observed that PPO (9.93 mm) outperformed
DDPG (6.80 mm), RRT (8.82 mm), and SAC (9.09 mm)
with a statistically significant difference (p < 0.05). DDPG

TABLE I: Summary of Minimum Obstacle Distance shown
for different quantiles

Minimum obstacle distance (mm)
25% 50% 15% mean | min
RRT | 424 8.12 12.68 8.82 | 0.00
DDPG | 223 556 1048 6.80 | 1.00
SAC | 458 8.12 12.65 9.09 | 1.00
PPO | 5.19 9.16 14.23 9.93 | 1.00

TABLE II: Summary of Path Length shown for different

quantiles
Path length (mm)
25% 50% 75% mean | min
RRT | 65.00 75.00 80.00 | 73.81 | 45.00
DDPG | 60.00 70.00 85.00 | 73.00 | 50.00
SAC | 60.00 65.00 75.00 | 66.41 | 40.00
PPO | 60.00 65.00 75.00 | 66.44 | 40.00

performed the worst as compared to PPO, RRT, and SAC
(p < 0.05). No statistically significant difference was observed
between RRT & SAC (p > 0.05).

Table II shows the needle path length for different algo-
rithms. Post hoc analysis using the Games-Howell test shows
that the mean path length (the lower the length, the better it
is) for SAC (66.41 mm) and PPO (66.44 mm) was statisti-
cally significantly (p < 0.05) better than RRT (73.81 mm)
and DDPG (73.00 mm). However, no statistically significant
difference was found among DDPG & RRT (p > 0.05) and
PPO & SAC (p > 0.05).

Table IIT shows the length of the path that went inside
the tumor (the larger it is, the better it is). Tukey’s Honestly
significant post hoc analysis of mean length inside the tumor
showed that: RRT (19.97 mm) performed statistically signifi-
cantly better (p < 0.05) than SAC (18.72 mm). No significant
difference was found among DDPG (19.27 mm) & RRT (19.97
mm), PPO (19.09 mm) & RRT (19.97 mm), SAC (18.72 mm)
& DDPG (19.27 mm), and SAC (18.72 mm) & PPO (19.09
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TABLE III: Summary of Length of trajectory inside tumor
shown for different quantiles

Length inside tumor (mm)
25% 50% 75% mean | min
RRT 16.00 20.00 24.00 19.97 2.00
DDPG 15.00 19.00 23.00 19.27 4.00
SAC 15.00 19.00 23.00 18.72 4.00
PPO 14.00 20.00 24.00 19.09 5.00
TABLE IV: Summary of Total Rotation shown for different
quantiles
Total rotation (deg)
25% 50% 75% mean min

RRT 172.5 313.1 453.6 350.4 0.0
DDPG 0.0 0.0 0.0 0.0 0.0
SAC 469.6 767.5 1025.9 755.9 36.9
PPO | 14569 1791.5 21240 | 1811.6 | 527.0

TABLE V: Summary of Computation Time shown for
different quantiles

Computation time (s)
25% 50% 75% mean min
RRT | 0.582 4471 24.146 | 15960 | 0.131
DDPG | 0.027 0.035 0.045 0.037 | 0.017
SAC | 0.034 0.040 0.046 0.040 | 0.022
PPO | 0.032 0.038 0.045 0.039 | 0.019

mm) with p-values > 0.05.

Table IV presents the total rotation metric (the lesser it is,
the better it is). The Games-Howell post hoc analysis showed
the following order for the mean total rotation (from best to
worst): DDPG (0 deg) > RRT (350.4 deg) > SAC (755.9
deg) > PPO (1811.6 deg), with all of them being statistically
significantly different (p < 0.05).

Table V presents the computation time taken by each
algorithm (the lower the time, the better it is). Games-
Howell post hoc analysis of mean computation time shows
that DDPG (0.037 s), PPO (0.039 s), and SAC (0.040 s)
outperformed RRT (15.960 s) with statistically significantly
lower computation time (p < 0.05). Also, DDPG outperformed
SAC with a statistically significant difference (p < 0.05). No
statistically significant difference was found between DDPG
& PPO (p < 0.05) and PPO & SAC (p < 0.05).

V. DISCUSSIONS AND CONCLUSIONS

In this paper, we introduced a reinforcement learning-
based framework FNPG-NH for non-holonomic needle steer-
ing problems. It was observed that our framework produces
shorter (PPO and SAC ) and safer (PPO) trajectories in a
relatively short amount of time (DDPG, SAC, and PPO) as
compared to the sampling-based algorithm (RRT). Also, we
found that DDPG produced the trajectories with the least
amount of total rotation; however, this led to a lower success
rate for DDPG than PPO and SAC. In our opinion, this
behavior of DDPG can be attributed to the learned policy
favoring a certain action to maximize the rewards; DDPG

tries to find a starting point from where a rotation-free path
exists toward the goal while avoiding obstacles. Unlike DDPG,
SAC has an entropy of policy in the objective, giving more
spread action choices. We can further improve the results
of the off-policy actor-critic algorithms DDPG and SAC by
using Hindsight Experience Replay (HER) [32]; HER gives
the ability to learn from the failures of an agent. Learning-
based algorithms were also observed to have a higher success
rate than sampling-based RRT. Also, RL frameworks could
generalize over the anatomy of the patients with less amount of
data and could further improve if more variety of training data
is provided. Based on the statistical analysis of the presented
results, we can conclude that PPO performed the best among
all algorithms in most of the metrics and produced safer,
shorter trajectories quickly.

In the future, we plan to improve the following aspects of
the FBPG-NH framework: (1) update the start point selection
routine such that they are selected on the same side of the
location of the tumor to generate trajectories that are surgically
relevant, (2) variable curvature based on tissue and needle
mechanical properties, and (3) explore other reward functions
that could include more needle manipulation criteria such as
variable insertion step size, total needle rotation and allow
angular needle insertions from the starting point, and (4)
perform a thorough hyperparameter search for the Deep RL
algorithms.
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