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Abstract. Brachytherapy is an evidence-based, well-established treat-
ment for intracorporeal tumors. A high-quality preoperative planning
scheme is critical to ensuring optimal intraoperative efficacy. However,
existing preoperative planning approaches often suffer from poor repro-
ducibility, suboptimal dose distributions, and labor-intensive workflows.
To address these limitations, we propose SeedPro, an automatic and
fine-grained preoperative planning framework for brachytherapy that ef-
ficiently produces expert-level treatment plans with reduced computa-
tional costs, driven by hierarchical reinforcement learning agents. Exper-
iments show that SeedPro achieves 12-20% reduction in OAR exposure
and reduces puncture numbers by 25% compared to SOTA on both in-
ternal and external datasets. This work establishes a practical paradigm
for intelligent and precision-oriented brachytherapy. The source code is
available at https://github.com/Haitao-Lee/SeedPro.

Keywords: Brachytherapy - Reinforcement learning - Surgical plan-
ning.

1 Introduction

Brachytherapy is an evidence-based, well-established treatment for intracorpo-
real tumors [1|. By directly placing radioactive seeds intratumourally, it delivers
a potent radiation dose that effectively kills cells nearby [4], as shown in Fig. 1.
Compared with external beam radiotherapy, brachytherapy provides highly pre-
cise radiation with a prolonged therapeutic effect and minimal impact on healthy
tissues, making it increasingly important for tumor suppression [6].

Accurate preoperative planning plays a pivotal role in brachytherapy, as it
determines the dosimetric quality and therapeutic efficacy [7]. The core task is to
devise a precise seed placement strategy that defines the number of radioactive
seeds, their injection trajectories, and the spatial position and orientation of each
seed. The conventional planning process typically begins with segmentation of
the clinical target volume (CTV) and organs at risk (OARs) from preoperative
images. Subsequently, clinicians manually review image slices to iteratively add
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or refine seed placements based on their clinical expertise and feedback from
dose-calculation results generated by the treatment planning system (TPS) [9].
Throughout this process, dosimetric performance metrics, such as dose-volume
histograms (DVH) [28], are continuously evaluated to iteratively refine the seed
placement strategy until the prescribed treatment objectives are achieved. Intra-
operatively, for each trajectory, a puncture needle is injected into the lesion to
the predefined depth guided by surgical navigation or patient-specific templates
[24], and as it is gradually withdrawn, radioactive seeds are deposited at specific
intervals—an approach reminiscent of “laying eggs” along the trajectory [25].

However, the aforementioned planning approach exhibits significant limita-
tions, including poor reproducibility, limited planning granularity, suboptimal
dose distribution, and labor-intensive, time-consuming procedures [8]. Rapid ad-
vances in Al have enabled fast and precise 3D dose calculation in brachytherapy
based on imaging data and the spatial distribution of seeds [11]. Compared with
conventional Monte Carlo simulations [15] in the mainstream TPSs, the compu-
tation time for a single seed has been reduced to the millisecond scale, enabling
the computationally intensive inverse seed placement planning to be performed
efficiently, thereby potentially addressing the aforementioned limitations.

Several pioneering studies have explored related strategies. The current SOTA
solution is BrachyPlan [14], which still relies on rule-based searching, and may
perform suboptimally when dealing with irregularly shaped tumors. [16] intro-
duced BRIGHT, an Al-driven framework capable of generating multiple near-
optimal plans, while clinical evaluation [17] showed limited performance and
a time-intensive workflow. [18] presented a knowledge-based approach for cer-
vical brachytherapy, enhancing plan consistency and treatment outcomes. [26]
applied reinforcement learning to brachytherapy, producing plans of comparable
or higher quality with fewer needles. Other relevant efforts include [22,23, 19].
The above studies indicate that deep reinforcement learning has emerged as a
valuable tool for brachytherapy planning. Nevertheless, these methods share a
common limitation: they predominantly focus on optimizing dose distribution,
often yielding plans with excellent dosimetric performance but mechanically rigid
seed arrangements that lack clinical practicality. One manifestation of this issue
is that, in pursuit of dosimetric metrics, the resulting plans may involve an exces-
sive number of punctures, sometimes requiring a separate puncture for a single
seed [17]. In contrast, expert manual planning also places particular emphasis on
surgical complexity and intraoperative implantation efficiency [33]. Therefore, it
is significant to develop a planning system that places brachytherapy seeds like
expert clinicians while ensuring reproducibility, efficacy, and efficiency.

2 Methods

Against the above background, we propose SeedPro, a fine-grained brachyther-
apy planning framework that enables efficient and expert-like seed placement
through hierarchical reinforcement agents, as shown in Fig. 1. The main con-
tributions are: 1) A multi-level state space generation algorithm that emulates
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Fig. 1: The workflow of the SeedPro.

clinical decision-making patterns, enabling global fine-grained optimization; 2)
A coarse-to-fine hierarchical reinforcement agents-based sampling strategy; 3) A
segmented adaptive objective function ensuring compliance with CTV dosimet-
ric endpoints while minimizing OARs exposure.

Expert-like multi-level state space construction: The inputs are preop-
erative images Z, € RP*XH*W and segmented masks Z, (with CTV, OARs, and
background assigned values of €., ¢,, and 0, respectively). From Z;, the 3D coordi-
nates of all CTV voxels are extracted to form a point cloud P, = {pz}lpc Follow-
ing [14], the candidate trajectory set is constructed as 7. = {t; ; = {(pi,v;), A}},
where p; is the entry point, v; is the direction, and A defines the permissible
step sizes within P.. To avoid geometric interference, each trajectory t; ; € 7.
is densely populated with seeds 5; ;, yielding the lowest-level active state space
A= {{{t; m i)}, -+ +. For higher levels | = 2,3,..., the corresponding active
state space is recursively constructed as:

A= {{<ti1,j1,si1,j1>7 T <tiz’jwsiz,jz>}ﬂ T }
s.t. {<ti17j1’Si17j1> Tt <til—17jl—1’sil—lajl—1>} € A1, (1)
m ||Szl7]l’ ln,jnHQ > 2rs, {<til7ijSiz,jl>} €A

n=1,-
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where each element in the [-level active state space A; consists of [ non-interfering
seed-filled trajectories, |- ||2 represents the minimum Euclidean distance between
seeds, and r, is the seed radius.

During the construction of 4;, the cumulative dose field ¥! € RP*H*W

induced by all seeds in each element 7!, € A, is computed. A dosimetric evalua-
tion function calculates the corresponding metric p!, = foval(Zs, WL, €c, -+ ). To
reduce computational complexity, a top-K selection strategy is applied: elements
are ranked in descending order by pl , and only the top K configurations are
retained. The state space is then updated to the filtered set A; = {n}, -+ 7t }.

Given a prescribed dosimetric objective p*, if the highest metric p} < p*,
none of the trajectory combinations satisfy the requirement, and the process is
repeated to construct A; ;. Conversely, if p} > p*, a feasible trajectory combi-
nation emerges at level [. Following the expert-style paradigm—which prioritizes
minimizing puncture needles over reducing implanted seeds—subsequent opti-
mization is confined to .4;. Hierarchically built from previous levels, A; serves as
the active domain for reinforcement agents, enhancing clinical consistency while
reducing search dimensionality and improving planning efficiency.

Hierarchical reinforcement learning-based sampling: For ch e A,
each available position in its trajectories serves as a potential state. Let © = {6;}
be the initially empty set of placed seeds, where 6; = {(p;,v;),0;} indicates
placement at |p; + 0;v;| with orientation v;. Using a distance map Z; of the
CTYV, feasible positions for new seeds along each trajectory in A; are calculated:

Oéfrc = {5 | Vo € A,V<ti7]‘ = {<pi,’l)j>,A},Si7j> S 7'('2}

o~

st min (805 = Smom)vyllz > IV om # 05V pm # pyy Zallpi + 0v5]] 2 5

(2)

where || is the floor function and [, is the seed length. The flattened, coarse

. . A .
active state space is defined as Af = ‘k:lll al = {a§,a5,...}, where af is a

candidate action.

A hierarchical policy on Af efficiently identifies optimal plans. The high-
level agent §2;, coarsely selects needle trajectory combinations from A;, while
the low-level agent (2; determines the optimal positions of individual seeds along
each selected trajectory until dosimetric objectives are met. Both use lightweight
MLPs: (2, outputs (b, |Af|) logits, and f2; adapts its output dimension dynam-
ically. Initialized at state w, = 0, £2; generates z;, € RP*I4il to sample a high-

level action 0, ~ p(af | w.) = % Using 6’s index 4, the trajec-

tory and subset indices (n*, k*) are determined by S F_1 ol | + S A, <

in < Zﬁ;i lad,| + >0 _ |Am| for wl € A;. The trajectory for the first seed is
tivi. €m.. Weadd 0y = {(p;,.,vj .),0n} to O, construct the fine active state



Title Suppressed Due to Excessive Length 5

space Alf = ai*, and generate an availability mask M to prevent interference:

M = {mlmea"' 7m|Alf‘}

st. m;=1I (vgliene [(afvi, — 6,0 villa > 1s V vi, # vV pi,, 7 pj> (3)
i

for S0 [Anl i< Xh A, h=1,2,- 1

where I(-) is the indicator function (m; = 1 if feasible, 0 otherwise). Resetting
we = 0, 2; produces a sampling vector z; € RbX‘Alf‘, converted to a masked
probability p(ozlf | we, M) = % x m;. The next action d;1 is sampled,
and 61 = {(p1,1,v1,1), 91,1} is appended to ©. This iteratively generates 02,65, . ..
until reaching the dosimetric endpoint or Y m; = 0, forming a complete solution.

This procedure runs per episode, with (25, constructing a dedicated policy
network for (2;. Only (2, updates via backpropagation to approximate expert
decisions, while (2; reinitializes. A two-stage learning strategy is employed: dur-
ing the first n. /2 episodes, agents explore global configurations. Addressing “tra-
jectory under-saturation”, the second stage refines the best scheme ©* and its
fine state space Alf . For the remaining n./2 episodes, ©* is cleared, and place-
ment proceeds within Alf ™ until targets are met, continuously updating (2; via
backpropagation. Finally, the highest-performing trajectory from A; serves as a
reference to evaluate the final plan.

Segmented adaptive objective function: For the currently placed seeds
O, = {0p,01,...,0,_}, where n. denotes the number of seeds, the cumulative
dose distribution ¥, is computed via the dose calculator. A predefined Dy
threshold px is specified, where X represents the percentage of the CTV volume
required to receive at least uxy Gy. Notably, the objective function is compat-
ible with standard clinical metrics, including V.., Dacc, Dice, Do.5cc; DPmeans OF
any institution-specific criterion, without requiring architectural modifications.
Given these parameters, the objective function is formulated as follows:

Tne = feval(@C7IO5ISaMX7X) = Pn, + ]I(p’rh Z X) 327
WC = fdose(QC,I())
Dc - Z Wc[p]’
pETLs, s [pl=e. "
s.t. Do = Z LDCLPL
PEZs, Is[pl=c,
o — Zper, LZulp) = o) A (Felp] > px)
Ne Zpels H(IS [p] = ec)

where fj,se denotes the dose calculation function based on the dose calculator;
I(a) denotes the indicator function, which returns 1 when the condition a is
satisfied and 0 otherwise; A represents the logical AND operation, indicating
the conjunction of multiple conditions in formal logic; A[b] denotes the value of
matrix A at coordinate b; r,,, represents the reward obtained after placing the ntch
seed 6,,_, and the corresponding reward set is denoted as R, = {ro, 71, ,7n.}

x 100.
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3 Experiments and Discussion

3.1 Dataset and experimental setting

To evaluate the proposed SeedPro system, we constructed an in-house clinical
dataset of 17 patients from The Ruijin Hospital Affiliated to Shanghai Jiao Tong
University School of Medicine, including cases of pancreatic, head and neck, and
other tumor types, alongside 282 pancreatic cancer cases from the open-source
external Medical Segmentation Decathlon (MSD) dataset [36]. All patients in our
in-house dataset underwent '2°I seed brachytherapy, with each seed measuring
0.4 mm in radius and 4.5 mm in length. Prescribed CTV dosimetric objectives
were set as Dgg > 120 Gy and Vyp9 > 90%, following the OpenKBP standard
[35]. CT scans were acquired with 5 mm slice thickness and 1 mm in-plane res-
olution, comprising 12-90 slices per volume depending on lesion size. CTVs and
OARs were manually delineated by experienced interventional radiologists. Fx-
periments were performed on a workstation with dual NVIDIA RTX 3090 GPUs,
and the policy network was optimized with a learning rate of 1073. It is worth
noting that sensitivity and ablation studies as well as robustness evaluations
were conducted exclusively on the in-house dataset. The external dataset was
specifically utilized in the comparative study to rigorously assess the generaliz-
ability of our method across a large cohort. Importantly, SeedPro, developed and
validated on this small-scale in-house cohort, achieves superior performance on
a substantially larger independent external dataset without any targeted tuning,
directly demonstrating the robustness and reliability of the proposed framework.

3.2 Sensitivity study

Evaluation of K: In state space construction, a top-K selection strategy is in-
troduced to reduce computational overhead in constructing the expert-inspired
multi-level active state space. To evaluate its effect, K was set to 10, 50, 100,
200, and 400 to generate A; according to Eq. (1), and the (xl @  pl ) with the
highest Dgy was selected for evaluation. While exceeding the prescribed dosi-
metric targets does not imply better clinical quality, larger Doy and Vigp here
indicate greater optimization potential and higher-quality A;. The construction
time for A; was also recorded to quantify computational cost. Results are sum-
marized in Fig. 2a, with SR denoting the success rate of meeting the prescribed
Vwo and Dgo.

Evaluation of n.: In the proposed coarse-to-fine two-stage learning strategy,
the total number of episodes is defined as n.. To assess the sensitivity of SeedPro’s
performance with respect to different n, settings, n. was set to 50, 100, 200, 400,
and 800 for comparative evaluation. To clearly demonstrate the direct influence
of n. on the reinforcement agents 2, and (2;, we did not employ the baseline
mechanism introduced in Section 2; instead, the final results were generated
solely by the reinforcement agents. We calculated the success rate (SR), Vigo,
Dyp, and computation time for each configuration, as shown in Fig. 2b.
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Table 1: Ablation study

Configuration [SR (%, D)vi00(%,390). D90 (Gy.3120)  Viso (%, 1) Vioo (%, 4) Vso (%, 4) Times (s, 1)
Baseline 100.00 94.904+2.94,137.04412.20 45.99 + 31.44 150.10 + 86.42 650.37 £ 303.48 34.981+19.92
+ segmented adaptive objective function|  100.00 00.7640.80,121.814 1.52 28.30 + 25.80 85.37 4 54.87 502.90 + 227.75  40.52424.03
4 two stage learning strategy 100.00 90.5340.48,121.404 1.24  27.78 £ 24.66 84.77 + 53.97 502.85 + 223.50 37.30+21.46

Table 2: Quantitative comparison of different methods under the dosimetric re-
quirement of pgp = 120 Gy, evaluated on both the internal (17 cases) and exter-
nal (282 cases) datasets.

Dataset |Methods [SR (%, 1)vi00(%,590). oo (Gy. g0y Viso (% 1) Vaoo (%, 1) Vo (%, 1) np L nol
BrachyPlan 100.00 91.5441.32,124.784+4.44 39.83 + 24.27 130.80 + 67.22 674.43 + 351.97 8.06 + 3.98 35.06 + 19.72

Internal |SeedPro (ours) 100.00 90.5340.48,121.4041.24 27.78 £ 24.66 84.77 + 53.97 502.85 + 223.50 6.06 £+ 3.02 30.59 + 18.59
BrachyPlan 81.91 93.2045.15,141.22422.71 69.67 4+ 90.55 163.22 4 370.01 670.07 + 767.45 2.85 + 1.01  8.62 + 7.05

External|SeedPro (ours) 88.65 91.2544.33,125.51413.86 30.28 + 92.24 86.18 & 370.46 356.10 + 755.19 2.45 + 0.80 6.99 + 6.89

Table 3: Robustness study under pgp = 100 Gy and 140 Gy to simulate varying
clinical scenarios.

Methods ISR (%, Dvigo%,290).D00(Gv.2u00)  Viso (% 1) Vieo (%, 4) Vso (%, 1) np 4 nl

BrachyPlan
SeedPro (ours)

100.00 92.26£1.90,106.55+5.81 73.17 £ 42.21 215.11 £ 104.48 804.30 + 390.26 6.20 + 3.34 31.94 £ 18.34
100.00 90.9140.78,101.7541.60  32.95 & 27.43 98.72 % 58.94 573.66 + 280.05 5.35 + 2.81 26.12 £ 15.53

o0 = 100 Gy

BrachyPlan
SeedPro (ours)

94.12 91 4541.12,145.1243.67 53.91 + 28.19 152.11 + 60.42 690.40 + 309.06 8.50 + 4.08 40.65 + 24.03
100.00 90.3740.36,141.2541.36  27.31 & 22.77 82.13 + 52.26 475.26 + 206.53 6.82 + 3.50 34.76 + 21.18

oo = 140 Gy

3.3 Ablation study

We conducted an ablation study to evaluate the core modules of SeedPro. Set-
ting the optimal trajectory combination from the multi-level state space as the
baseline, we incrementally integrated the segmented adaptive objective func-
tion and the coarse-to-fine two-stage optimization strategy. Table 1 reports the
success rate (SR), time cost, and V, (the fraction of OAR volume receiving
> 2% x Dgg, where lower indicates better OAR sparing). Both modules progres-
sively enhanced OAR protection while maintaining target coverage.

K |SR (%, 1)[Vioo (%, >290)|Dgo (Gy, >120)|Times (s, |) ne [SR (%, 1)|Vioo (%, >90)|Dgo (Gy, >120)| Times (s, |)

10 70.59 91.1946.71 122.72+31.08 | 0.80+0.82 50 64.71 89.84 £ 1.50 | 119.5943.17 | 6.06+3.40

50 88.24 93.48+3.88 | 133.06£17.49 | 0.82+0.82 100 76.47 | 89.98 £ 1.55 | 119.45+3.38 | 10.70+£6.26

100| 94.12 93.92+3.55 | 135.174£15.73 | 0.914+0.86 200| 76.47 90.01 £ 1.48 | 119.6943.54 [19.93£12.12

200| 100.00 94.274+3.23 | 135.90£13.49 | 1.06+0.92 400| 82.35 90.12 £ 1.32 | 120.1743.48 |37.30£21.46

400| 100.00 94.46+3.40 | 135.36+14.58 | 1.39£1.07 800| 82.35 |90.29 4+ 1.20 | 120.61+2.83 |73.50+44.78
(a) Evaluation of K (b) Evaluation of n.

Fig.2: (a) Evaluation of K (b) Evaluation of n.
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Fig.3: The planning results of two randomly selected cases by SeedPro: (1-2) 3D
visualization results; (3) dose distribution results with 2D CTV contour lines;
(4-5) corresponding DVH curves.

3.4 Comparison study

To evaluate the superiority and generalizability of SeedPro on both in-house
and external datasets, we selected the recent SOTA method, BrachyPlan [14],
as our baseline. As SeedPro represents a direct methodological advancement over
BrachyPlan—which has been rigorously validated to achieve clinical equivalence
compared to expert manual plans—this comparison provides a stringent and
representative evaluation of our method’s clinical potential.

The evaluation metrics included the success rate (SR), dosimetric indices Va,
the number of puncture needles (n,), and the number of implanted seeds (ns).
Here, n,, reflects procedural complexity—fewer punctures indicate greater intra-
operative convenience—while ng represents the precision of dose field control, as
achieving comparable dosimetric outcomes with fewer seeds implies a more fine-
grained and efficient planning strategy. The quantitative results are summarized
in Table 2 and visually illustrated in Fig. 3. SeedPro consistently outperformed
BrachyPlan across both datasets, particularly demonstrating superior OAR pro-
tection and a notable reduction in surgical complexity.

3.5 Robustness study

To further assess robustness and confirm safety under extreme or diverse pre-
scription contexts, SeedPro was evaluated under varying dosimetric require-
ments. Specifically, we simulated clinical scenarios with different tumor malig-
nancy grades by setting target doses of Dgg = 100 Gy and 140 Gy. All compara-
tive results against the baseline are summarized in Table 3. Seed Pro maintained
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exceptional consistency and robustness, achieving a 100% success rate across the
diverse target doses while continuing to guarantee optimal tissue protection and
high needle efficiency.

4 Conclusion

In this work, we propose SeedPro, a novel framework for expert-like brachyther-
apy planning, and demonstrate its superiority through comprehensive exper-
iments. Future work will focus on incorporating larger-scale and multi-center
clinical datasets to further enhance robustness and generalizability, and on vali-
dating SeedPro across additional anatomical sites, including prostate.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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