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Introduction: 
Gynecologic high-dose-rate (HDR) 
brachytherapy is an effective treatment for 
locally advanced cervical and other 
gynecologic cancers, but treatment planning 
and interstitial needle placement remain 
technically complex and highly dependent 
on physician experience. Advances in 
computational optimization and improved 
training tools may help improve procedural 
consistency and planning efficiency. This 
work explores an approach to support 
hybrid intracavitary–interstitial gynecologic 
brachytherapy: the development of a 
reinforcement learning (RL) framework for 
automated needle placement and dwell time 
optimization
Materials and Methods: 
A reinforcement learning framework was 
implemented in Python using an OpenAI 
Gym–compatible environment and the 
Proximal Policy Optimization (PPO) 
algorithm. Patient-specific anatomical 
information was extracted from CT imaging 
and RTSTRUCT contour data to generate 
anatomically feasible tandem and interstitial 
needle trajectories while avoiding organs at 
risk (OARs). Dose deposition was modeled 
using the TG-43 formalism for an 192Ir HDR 
source. A continuous-action policy was used 
to optimize dwell time distributions using 
clinically relevant dose–volume metrics, 
including CTVHR coverage (D90, D98), OAR 
sparing (D2cc for rectum, bladder, sigmoid, 
bowel, and vagina), and high-dose region 
control (V200). The framework was trained 
on four patient datasets and evaluated on 
three additional cases with a prescription 
dose of 600 cGy per fraction.
Results:
The reinforcement learning framework 
successfully generated anatomically 
feasible tandem and needle trajectories 
along with corresponding dwell time 
distributions for all evaluated patient cases. 
CTVHR coverage was moderate across 
cases, with D90 values ranging from 457.5 
to 740.1 cGy. High-dose regions remained 
controlled, and OAR sparing constraints 
were variable across all patients. 
The reinforcement learning generated plans 
demonstrated a consistent attempt to 
maximize CTVHR target coverage, with 
mean CTVD90 values of 519.7 ± 119.3 cGy. 
Organ-at-risk (OAR) doses showed 
moderate interpatient variability, with 
generally acceptable rectum, sigmoid, and 
bowel doses, but elevated bladder and 
vaginal doses in several cases. Reward 
values were heterogeneous (mean: −10,703 
± 16,767), with lower-performing cases 
corresponding to reduced high-dose 
coverage and increased constraint 
violations. 
Conclusion:
This work demonstrates the feasibility of a 
reinforcement learning–based framework 
for patient-specific needle placement and 
dwell time optimization in gynecologic HDR 
brachytherapy The development of this RL 
framework provides a potential tool to 
support advancements in TRUS-guided 
gynecologic brachytherapy, offering a 
foundation for future research aimed at 
improving treatment planning automation, 
and procedural guidance.

• Training 1 – Predicted tandem + needle optimization (4 
patients): Achieved clinical CTVHRD90 (>600 cGy) in 2/4 
patients, with a maximum D90 of 859 cGy. 

• Rectum, sigmoid, and bowel constraints were met in all 
cases; bladder exceeded constraints in 2/4 patients and 
vaginal dose in 1/4. 

• Training 2 – Ground-truth tandem + needle optimization (7 
patients): Using the clinically placed tandem and ovoids as 
the starting geometry, the RL agent optimized needle placement 
and dwell times for all applicators

• Mean CTVHR D90 = 520 ± 119 cGy, with an average 
 162.6 cGy improvement over the baseline tandem-
 only plan. 
• OAR sparing remained variable, with bladder and 

vaginal D2cc most frequently exceeding planning 
objectives. 

• Comparison with clinical treatment plans: Clinical plans 
achieved the CTVHRD90 goal in all 7 patients, whereas the RL-
generated plans met the target in 2/7 ground-truth cases. 

• The RL framework selected patient-specific needle numbers 
(1–6) and tandem angles, demonstrating planning behavior 
similar to clinical decision-making 

Training 1 – Predicted tandem + needle optimization: 
Demonstrated the feasibility of using reinforcement 
learning to jointly predict applicator geometry, needle 
placement, and dwell times from patient anatomy. 
Successfully generated treatment plans while meeting 
most OAR dose constraints, although target coverage 
and bladder sparing remained inconsistent. 

Training 2 – Ground-truth tandem + needle optimization: 
Using the clinically placed tandem and ovoids to isolate 
the performance of the needle optimization algorithm. 
RL improved CTVHR D90 over the baseline tandem-only 
plans but did not consistently achieve the level of 
target coverage obtained in clinical treatment plans. 
Results suggest the current reward function does not 
fully capture the clinical priority of maximizing target 
coverage before optimizing OAR sparing. 

Comparison with clinical plans: 
Clinical plans achieved more consistent target coverage 
while balancing OAR dose through expert-guided 
optimization. 
The RL framework demonstrated adaptive, patient-
specific selection of tandem angles and needle 
configurations, indicating a primitive learning of anatomy-
dependent planning strategies. 
Further improvements to the reward function, episode 
termination criteria, and training dataset size are 
expected to improve coverage consistency and overall 
clinical performance. 

• Developed a reinforcement learning (RL) framework in 
Python using an OpenAI Gym–compatible environment 
and the Proximal Policy Optimization (PPO) algorithm
• Proximal Policy Optimization (PPO) used to optimize 

HDR brachytherapy treatment plans through iterative 
trial-and-error learning

• Two custom OpenAI Gymnasium environments 
developed:
• Tandem Environment: optimizes tandem angle and 

tandem/ovoid dwell times. 
• Needle Environment: optimizes interstitial needle 

selection and dwell time adjustments
• Observations include dosimetric metrics (CTVHR 

D90, OAR doses), dose coverage metrics, dwell 
statistics, and isodose values

• Generated patient-specific anatomy from CT images 
and RTSTRUCT contours to create anatomically feasible 
tandem and interstitial needle trajectories while avoiding 
organs at risk (OARs). 
• This was done by defining an entry zone and a target 

zone (figure 2 below)
• The entry zone was created from the vaginal 

lumen on a plane 2 cm inferior to the CTVHR while 
the target zone was defined on a parallel plane 
shifted 20 mm superior to the CTVHR with a 30% 
larger radius, allowing generation of anatomically 
feasible needle trajectories (≤45° from the vaginal 
canal axis and ≥5 mm from the tandem)

• Modeled dose deposition using the TG-43 formalism for 
an Ir-192 HDR brachytherapy source. 

• Optimized dwell time distributions with a continuous-
action policy using clinically relevant dose–volume metrics, 
including CTV D90 and OAR D2cc

• Ran two separate environments with different reward 
functions
• Training 1: Reward function based on predicted 

tandem and ovoid placement; trained on 4 patient 
datasets and evaluated on 3 independent cases. 

• Training 2: Reward function based on ground-truth 
tandem and ovoid placement; trained on 17 patient 
datasets and evaluated on 7 independent cases.

• Hierarchical reward function prioritized maximizing 
CTVHRD90 and target coverage first, followed by 
minimizing dose to organs at risk (bladder, rectum, 
sigmoid, bowel, and vagina)

This work presents the development and implementation of a 
reinforcement learning framework for patient-specific needle 
placement and dwell time optimization in gynecologic HDR 
brachytherapy. While clinical objectives were achieved 
with highly variable success, the framework 
demonstrates the feasibility of generating anatomically 
informed needle configurations using only RTSTRUCT-
derived data. Additionally, the model shows promise in 
predicting tandem placement without explicit knowledge 
of the cervical os location.
These findings highlight the potential of reinforcement learning 
as a tool to enhance TRUS-guided gynecologic 
brachytherapy. This approach establishes a foundation for 
future work focused on improving treatment planning 
automation, real-time procedural guidance, and physician 
training.

.

• Gynecologic high-dose-rate (HDR) brachytherapy is an 
effective treatment for locally advanced cervical and other 
gynecologic cancers.

•  Treatment planning and interstitial needle placement 
are technically complex and highly dependent on physician 
experience.

• Computational optimization and improved training 
tools have the potential to improve procedural consistency 
and planning efficiency. 

• This work explores a reinforcement learning (RL) 
framework for automated interstitial needle placement and 
dwell time optimization in hybrid intracavitary–interstitial 
gynecologic brachytherapy.
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Table 1 (above): Dosimetric results of needle placement based on predicted 
T&O placement and reward function 1

Table 2 (above): Dosimetric results of needle placement based on 
ground-truth T&O placement and reward function 

Table 3 (above): Clinical Results for Comparison 

RESULTS

Figure 2 (above): Visual comparison of predicted tandem location 
(first row) to actual tandem location (second row)

Figure 3 (right): 
Visualization of 
Patient #20 needle 
placement based 
on ground-truth 
tandem and ovoids 
(T&O)

Figure 1 (above): Visual example of entry and target zone definition on a real patient anatomy from 
two different perspectives. The entry zone is circled in red, and the target zone is circled in pink


