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Abstract: Transcutaneous injection laryngoplasty is a well-known procedure for treating paralyzed
vocal fold by injecting augmentation material to it. Hence, vocal fold localization plays a vital role in
the preoperative planning as the fold location is required to determine the optimal injection route. In
this communication, we propose a mirror environment based reinforcement learning (RL) algorithm
for localizing the right and left vocal folds in preoperative neck CT. RL-based methods commonly
showed noteworthy outcome in general anatomic landmark localization problem in the recent years.
However, such methods suggest training individual agent for localizing each fold, though the right
and left vocal folds are located in close proximity and have high feature-similarity. Utilizing the
lateral symmetry between the right and left vocal folds, the proposed mirror environment allows for
a single agent for localizing both the folds by treating the left fold as a flipped version of the right
fold. Thus, localization of both folds can be trained using a single training session which utilizes
the inter-fold correlation and avoids redundant feature learning. Experiment with 120 CT volumes
showed improved localization performance and training efficiency of the proposed method compared
with the standard RL method.

Keywords: injection laryngoplasty; neck CT; vocal fold localization; deep learning; reinforcement

learning; mirror environment

1. Introduction

Vocal fold paresis is a common condition among older patients [1], which is char-
acterized by the paralysis of any of the right (RVF) and left vocal folds (LVF) or both.
Besides causing voice discomfort, breathing and swallowing difficulty, it can cause harm to
the respiratory organs because of the glottal gap created by the paralyzed fold, therefore
requiring immediate treatment [2]. One of the most common treatment procedure for
this is the transcutaneous injection laryngoplasty (TIL) [3], where the glottal gap is filled
by injecting augmentation material to the affected vocal fold. During the preoperative
planning with neck CT, accurate localization of the vocal folds is required for estimating
the optimal injection route [4]. Thus, an automatic vocal fold localization method using
neck CT can be potentially useful for guiding and accelerating the preoperative planning
process.

To the best of our knowledge, no computational approach currently exists for vocal
fold localization or injection route identification. Some manual approaches can be found
where vocal fold and needle routes are studied using neck CT across different patients
[4] or a 3D printed larynx [5,6]. In general anatomical landmark localization problem,
deep learning based heatmap regression methods are widely used where spatial heatmaps
around the landmarks are usually regressed [7]. However, such heatmaps constitute a
negligible foreground region compared to the huge 3D background causing sample bias
[8]. On the other hand, deep reinforcement learning (RL) based localization approaches
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Figure 1. RVF and LVF shown in axial slices of three neck CT volumes.

suggest a sequential decision process involving a finer pixel-to-pixel navigation combined
with deep feature learning, thereby producing improved predictions [9-11].

In this communication, we propose a RL-based method to localize the right and left
folds in preoperative neck CT. Owing to the existing RL formulation [8,10,11], the proposed
agent takes sequential steps to navigate through the voxel space to finally converge to
the target fold location. Starting from a random initial position, the steps are decided
based on local features learnt by a deep convolutional neural network (CNN). However,
existing RL-based localization methods commonly require an independent agent to be
separately trained for each target landmark. On the other hand, the vocal folds have high
feature-similarity as a result of the laryngeal symmetry (see Fig 1). Moreover, they are
located close to each other in the same area of the larynx. Therefore, redundant features
would be learnt during the separate training sessions of the two agents. Besides, such
training would also fail to utilize the high feature correlation between the folds.

To benefit from the inter-fold similarity, we propose a mirror environment which
allows for a single agent to localize both the RVF and LVF position. The agent localizes
the RVF in the original volume and the LVF in the laterally flipped volume, essentially
considering the flipped LVF to be the same target as the RVF due to the laryngeal symmetry.
In this mirror environment, the agent can be efficiently be trained using a single session
avoiding redundant feature learning, while improving localization performance by sharing
correlated features from the both the right and left folds during training.

2. Methodology

In our deep RL-based method, we automatically localize the RVF and LVF in preop-
erative neck CT. Neck CT can be represented by a 3D volume V with the three cartesian
axes X, Y, and Z indicating towards right-to-left, anterior-to-posterior, and superior-to-inferior,
respectively. Inside this volume, we denote the right and left fold positions by p, and p,.
Specifically, these positions are identified as the posterior vocal fold landmarks.

The basic agent interaction in the proposed RL environment is similar to the standard
formulation commonly found in all existing RL-based studies [8,10,11]. Usually, an agent
localizes a target landmark p, ., by taking an episode of sequential steps starting from
a random initial voxel inside the environment (i.e., input CT volume). At any step ¢, it
observes the current state s; as the local patch centered at the current voxel p, and takes an
actiona; € {x*,x,y",y~,z",z7 } to move one voxel forward or backward along any of
the axes. Thus, it updates to a neighboring voxel p,  ; and transitions to a new state s;1.
A policy 7t(s¢, a;) gives the optimal probability for choosing an action a4; in a given state
st. Fig 2 illustrates the agent-interaction with the volume. Similar to the existing studies
[8,10,11], the local patch size of the state was set to 64 x 64 x 64 voxels.

During training, a scalar reward r; is provided after each step where a positive reward
is assigned for a step towards the target and a negative reward is assigned otherwise.
Specifically, the reward for transition from position p;, to p,, | by action a; can be indicated
as follows:

M

Ty =

_ {1 if|pgoa17pt+l| > |pgoa17pt|
+1 if|pgoal - pt+1| < max(|pgoal - pt|lT>
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Figure 2. Proposed mirror environment. A single RL agent localizes the right fold in the original
volume and left fold in the flipped volume.

where T represents a small distance within which the agent constantly receives positive
rewards, indicating to the convergence state. For training, the agent-trajectories after
multiple episodes of transitions is recorded, where each transition can be denoted by
(s,a,5,r) where s = s,a = a;,§ = s;11, and r = r;. The goal of training is to optimize the
policy so that the expected cumulative reward over such trajectories is maximized.

In multi-landmark situation, individual agent-policies are usually trained on different
trajectories gather for different landmarks [8,10,11]. However, this is sub-optimal and inef-
ficient because RVF and LVF in our problem have high similarity in feature and proximity
in location. In the following, we describe the mirror environment that allows for efficient
and improved training of a single agent-policy to localize both the RVF and LVF.

2.1. Mirror Environment

The proposed mirror environment is solely based on the the laryngeal symmetry
where each of the two vocal folds is almost a mirrored version of the other. We first model
the left vocal fold p; in volume V as the right fold p/, in volume V’, a laterally (along X-axis)
flipped version of the original volume V. Then, we propose a single RL agent to localize
both the right vocal fold (as p,) and left vocal fold (as p)), essentially arguing p, and p/, to
be the same target landmark with similar feature.

With this new model, agent interaction with the environment during localization
remains the same. Except, the environment now can either be the original volume V
or the mirrored volume V', depending on the target being the right fold Pgoal = Py OF
the (mirrored) left fold p,o, = p., respectively. Consequently, the reward in (1) is also
calculated as r; or r; based on the target.

Similar to the previous RL frameworks [8,10,11], we represent our policy function
by a 3D CNN which outputs optimal action-probabilities 7t(s, a) for an input state s. The
CNN consists of three convolutional blocks each having two convolutional layers followed
by a max-pooling layer (see Fig 2). The last convolutional block is connected to two fully
connected layers to produce the action-probabilities. Algorithm 1 summarizes the policy
training process with the mirror environment.

At each epoch, we conduct a number of localization episodes. Each episode is initiated
by sampling a training volume V' and a target landmark p, | between the right and left
folds. Based on the sampled target, the environment is set with either the original volume
V or mirrored volume V’. Then, subsequent steps are performed applying the current
policy. Running multiple episodes, we record the trajectories for the original and mirror
volumes as T and T, respectively.
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Algorithm 1: RL Policy Training with Mirror Environment

Input: Training CT volumes Vy,in, episodes per epoch E
Output: Optimized policy 7
1 7 < random policy

2 repeat

3 Trajectories T = @, mirror trajectories T = @

4 | forepisode =1to E do

5 Sample a volume V€ Virain and a target pyoq €{p, p;}
6 if Pgoal = PI then

7 V = V' + laterally flipped V

8 Pgoal = p, < laterally flipped p,

9 Gather trajectories (s',a’,§',r")into T” applying 7
10 else

1 | Gather trajectories (s,4,3,r) into T applying 7t
12 Optimize 7 for the PPO objective in (3) on T and T

13 until convergence

Now, the policy is updated so that expected cumulative reward on both T and T’ is
maximized. We follow the widely used proximal policy optimization (PPO) framework
[12] where advantage (i.e., the improvement of the current policy over the previous) is
maximized to reduce variance during training. The improvement is estimated using a
value function V(s; i) that evaluates the discounted cumulative reward of the current
policy 7 over a transition (s, a,3,7) as: r 4+ YV(8; Tprev ), with 0 < 7 < 1 being the discount
factor. This value network is also built on top of the final convolutional layer of the policy
(see Fig 2). Value is also updated at each epoch to minimize the difference between the
predicted value and the observed discounted reward in the gathered trajectories. Now the
advantage is computed as follows:

A(s,5,1) = (r+9V(5 Tprev)) — V(5 Tprev) )

Now, the PPO training objective for maximizing advantage in our mirror environment can
be expressed as follows:

7i(s,a)
Ttprev (s, a)

n(s',a")
Ttprev (s',a’)

m;;\x E(s,a,§,r)e11‘ [
®)
+E(s’,a’,s:’,r’)e’]I"[ A(S// 5/, 1’,)]

The above objective suggests that the policy for an action is increased if the advantage is
positive and decreased if the advantage is negative. Usually, the policy ratio (77 to 7tprev)
in (3) is clipped between [0.8,1.2] to avoid large policy updates. Thus, a single policy is
optimized to localize both the RVF and the flipped LVE.

3. Results
3.1. Data

To evaluate the performance of the proposed method, we collected 120 neck CT
volumes from Seoul National University Bundang Hospital, South Korea. Among the 120
patients (62 £ 14 years old, 48% femle), 27 patients had vocal fold paresis. The axial slice
(X-Y axes) dimension was consistently 512 x 512 voxels, whereas the number axial slices
per volume (Z-axis dimension) was 172 on average. The average voxel-spacing was 0.44
mm x 0.44 mm x 0.95 mm. The vocal fold locations were annotated by an expert with
more than 10 years experience in injection laryngoplasty.
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Figure 3. Reward plot over the training episodes. Proposed agent can learn to localize both folds in
a similar time the usual agent learn a single fold.

Table 1. Number of Required Episodes and Final Reward

Methods Required Episodes  Final Reward

Standard RL (RVF) 110k + 5k 126.495 + 14.257
Standard RL (LVF) 96k + 4k 137.152 + 17.309
Standard RL (RVF and LVF) 206k + 8k 131.823 +15.783
Mirror Environment 122k 4 5k 147.296 + 13.679

3.2. Evaluation Method and Performance Metric

We performed a 4-fold cross validation on the 120 volumes to assess the average
performance of our algorithm. We hypothesized that the proposed algorithm can result in
improved localization and training because of its utilization of the feature similarity be-
tween the two folds. Therefore, we use two metrics to validate our proposed contributions:
(i) training efficiency (number of episodes explored until convergence) and (ii) localiza-
tion performance (localization error and accuracy). Localization error is measured by the
Euclidean distance of the localized landmark from the expert annotation. Localization
accuracy is measured by the percentage of acceptable localization results as evaluated by
the expert.

For comparison, we also applied the standard RL-based localization [11] (with in-
dividual training method) as our main baseline method. Furthermore, we applied the
widely used deep learning based end-to-end localization approaches, e.g. direct loca-
tion/coordinate regression and heatmap regression [7], to compare the localization perfor-
mance.

3.3. Training Efficiency

We plot the average episodic rewards over the training epochs of the standard RL
agents along with the proposed one in Fig 3. For all the agents, 400 episodes were explored
at each epoch where each episode consisted of 200 steps. All other hyperparameters were
also kept identical between all the agents for fair comparison. The learning rate and the
discount factor y were set to le — 4 and 0.99, following the convention of the previous
works [8,10,11]. The average number of episodes required for training the independent
agents was about 206k (110k for RVF and 96k for LVF). On the other hand, the proposed
RL agent only required about 122k episodes to successfully learn to localize both the folds.
Thus, we could achieve almost two times faster training by the simultaneous training.

In Table 1, we also report the average final reward when the training converges in
different sessions of the 4-fold cross validation process. The final reward achieved by the
individual agent method was 131.823 & 15.783, whereas the proposed agent could achieve
a significantly higher reward of 147.296 £ 13.679 (p-value < 0.01).

3.4. Localization Performance

Besides the higher training efficiency, the proposed method also outperformed the
standard RL-based localization approach significantly (p-value < 0.03). The individual
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Table 2. Localization Error and Accuracy

Methods Loc. Error (mm) Loc. Accuracy
Deep Heatmap Regression [7] 29241.88 82.50%
Deep Coordinate Regression [13] 3.70 £2.02 77.08%
Standard RL [11] 2.64+£1.38 91.25%
Mirror Environment 233 +1.17 95.83%

S
i
. y
Standard RL
— Mirror Environment

Figure 4. Agent-trajectories for localizing the vocal folds in two CT volumes

(left: axial view, right: coronal view).  Localization failure (left) or higher localization error
(right) for one fold despite correct localization of the other fold by the standard RL. Mirror

environment showed improvement by employing similar policies for both.

agents in the usual RL method [11] could give an average localization error of 2.64 4= 1.38
mm yielding improvement over the end-to-end deep learning methods [7,13] (see Table 2).
The proposed mirror environment based RL could further lower the error to 2.33 £ 1.17
mm with its single agent utilizing the inter-fold similarity. Table 2 also presents the
corresponding localization accuracy for each method.

In Fig 4, we present two examples of improvements by the proposed method, where
the localization trajectories of the standard RL agents and the mirror environment agent are
plotted. Being ignorant of the inter-fold symmetry and similarity, The standard RL agents
gave localization failure (Fig 4-left) or higher error (Fig 4-right) for one fold despite correctly
localizing the other. To the contrary, the proposed agent could improve on both the cases
by enforcing a similar and more general policy for both the folds, resulted from the implicit
sharing of RVF and LVF features during the simultaneous training.

Raw States Standard RL Mirror Env.
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Figure 5. Manifold representation of the learnt features by different agents. Inter-fold similarity
was better retained in features of the proposed agent.

To further illustrate the improved generalization and feature-similarity utilization of
the proposed method, we compared the learnt feature representation of different agents
(Fig 5). We collect about 6000 states from multiple episodes employing the standard RL
agents to localize the right and left folds on different volumes. For these states, we then
extract the corresponding features (outputs of the final convolution layer) of the policy
networks of the standard and proposed agents. Manifold representation [14] is used to
effectively plot these high dimensional features into 2-D space.

State similarity between right and left folds can clearly be observed in Fig 5-left, where
raw voxel array of the state is represented. However, the standard RL agents learnt different
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representations for the two folds despite their general similarity. On the other hand, feature
representation of the proposed agent better retained the general trend of the original
state-similarity, resulting in improved localization policies.

4. Conclusion

We proposed a mirror environment for localizing the RVF and LVF in neck CT using RL.
Modeling the LVF as a flipped RVE, the proposed method could train a single agent for both
folds. Compared to the individual agents in existing RL methods, the proposed method
could give higher training efficiency and localization accuracy by effectively utilizing the
inter-fold similarity and anatomical symmetry. For our future work, we plan to collect
datasets from different sites and expand the method for actual injection route planning
based on the localized folds.
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