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Abstract

Background/Objectives: Multi-leaf collimator (MLC) positioning accuracy critically affects delivered
dose fidelity in volumetric modulated arc therapy (VMAT), yet conventional gamma-based quality
assurance (QA) provides only plan-level pass/fail outcomes without leaf-specific error localization.
This study developed and validated a convolutional neural network (CNN) framework that classifies
the magnitude and direction of individual MLC leaf positioning errors directly from fluence map
data. Methods: Three patient cohorts were analyzed: 20 prostate cancer patients for model
development under an 8:1:1 train/validation/test split, and 20 additional prostate and 10 head and
neck (H&N) patients reserved for external validation. For the inner MLC leaves 21-40, systematic
offsets from -5 mm to +5 mm in 1.0 mm increments were independently applied to the two leaf banks,
yielding 121 error combinations per leaf. A CNN was trained as a 121-class classifier on two-channel
inputs pairing the reference and error-induced fluence map regions, and was compared against three
tree-based baselines using five-fold cross-validation. Results: The CNN achieved 97.21% accuracy on
the internal test set and 96.54 + 0.43% accuracy across the five cross-validation folds, significantly
outperforming all three baseline models. Over 94% of predictions in both leaf banks fell within 1.0
mm of the true offset, consistent with the AAPM TG-142 MLC positioning tolerance. External
validation yielded 96.19% accuracy on the additional prostate cohort and 93.72% on the H&N cohort,
supporting both reproducibility within the same treatment site and generalizability across
anatomically distinct sites. Conclusions: The proposed CNN framework enables leaf-specific
identification of MLC positioning errors in both magnitude and direction, moving patient-specific
QA beyond plan-level pass/fail assessment toward actionable error localization.

Keywords: multi-leaf collimator; quality assurance; deep learning; convolutional neural network;
fluence map; volumetric modulated arc therapy; MLC error classification

1. Introduction

With advancements in radiation therapy technology, techniques such as Volumetric Modulated
Arc Therapy (VMAT) and Intensity-Modulated Radiation Therapy (IMRT) have been developed and
widely adopted. VMAT, in particular, is a well-established radiation therapy modality that
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modulates the multi-leaf collimator (MLC), dose rate, and gantry speed to deliver high doses to the
tumor while sparing surrounding healthy tissues [1,2]. However, the dynamic and simultaneous
modulation of these parameters inherently introduces greater delivery uncertainty compared to
conventional techniques.

Of the mechanical factors governing VMAT delivery — including gantry rotation, dose rate, and
MLC positioning — errors in MLC leaf positions have been widely recognized as having a
particularly significant impact on delivered dose accuracy, since the MLC directly collimates the
radiation beam to define the shape and intensity of the radiation field. Even submillimeter deviations
can lead to substantial discrepancies between planned and delivered doses, compromising treatment
efficacy and increasing the risk of adverse effects on healthy tissues. Such errors are especially critical
in VMAT, where MLC leaves must continuously reposition in synchronization with gantry rotation
and dose rate modulation, leaving minimal tolerance for positioning deviations [3-8]. To mitigate
these uncertainties, rigorous quality assurance (QA) procedures have become indispensable, with
patient-specific delivery QA serving as a critical step to verify that the measured dose distribution
matches the treatment planning system (TPS) calculation [3,9].

For the evaluation of delivery QA results, gamma analysis is the most widely used method,
evaluating agreement between measured and planned dose distributions by calculating dose
differences and distance to agreement within defined criteria. However, gamma analysis alone is
insufficient for comprehensive error localization: it lacks sensitivity to localized delivery errors,
reduces complex spatial dose discrepancies to a single passing rate that is ultimately interpreted as a
pass/fail outcome against a predefined threshold, and falls short of identifying which specific MLC
leaves are misaligned or characterizing the magnitude of individual leaf deviations [8-10].

As complementary approaches, modulation indices and texture-based indices derived from
modulating parameters and fluence maps have been developed to quantify treatment plan
complexity and predict delivery accuracy [6,7,11,12]. Additionally, indices of achievement, which
measure the alignment between planned and delivered fluences, have shown promise in improving
QA reliability [13]. However, these approaches remain indirect — they predict the likelihood of
delivery errors at the plan level but do not localize errors to individual MLC leaves or quantify the
magnitude and direction of specific leaf deviations.

Recent advances in deep learning have further enhanced patient-specific QA. Nyflot et al. [14],
and Wootton et al. [15] applied CNNs and radiomic analysis to gamma images to detect systematic
and random MLC errors in IMRT, while Kimura et al. [16] extended this approach to VMAT using
cylindrical detector measurements with a multi-task CNN capable of classifying multiple error types
simultaneously. Nakamura et al. [17] further demonstrated that deep learning applied to MLC
modeling parameters — specifically transmission factor and dosimetric leaf gap — could distinguish
error types from dose difference maps with high sensitivity [17]. Beyond dose-based inputs, trajectory
log-file data have also been leveraged; Carlson et al. [18], Osman et al. [19], and Chuang et al. [20]
used machine learning to predict MLC positional deviations from such log-file parameters, yet log-
file readings reflect only the machine's recorded motor positions and may not reveal fluence-level
discrepancies when motor encoders report nominal values. This limitation can be mitigated by
fluence map-based approaches that reflect the actually delivered radiation distribution.

Despite these advances, existing approaches share a fundamental shortcoming in resolving leaf-
specific delivery errors: dose- and gamma-based methods predominantly operate at the plan level
through aggregate metrics or their pass/fail dichotomization, while log-file-based methods, though
leaf-specific, capture only mechanical positions rather than the resulting delivered fluence [10].
Furthermore, fluence maps — which directly encode the cumulative radiation intensity shaped by
MLC positions across all control points — remain largely unexplored as a primary input for leaf-
specific error classification. To bridge this methodological gap, this study develops a CNN-based
framework that directly analyzes fluence map data to classify MLC leaf positioning errors at the
individual leaf level, simultaneously identifying both the magnitude and direction of deviations
across a range of -5 mm to +5 mm as a 121-class classification problem. This level of leaf-specific error
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resolution has not been addressed in prior fluence-based QA studies. This leaf-specific, multi-class
approach moves beyond plan-level pass/fail assessments toward actionable error localization. Its
generalizability is further evaluated across anatomically distinct treatment sites to support broader
clinical translation.

2. Methods

2.1. Study Design and Patient Cohorts

This retrospective study (approved by the Institutional Review Board of the Veterans Health
Service Medical Center, approval number: 2022-01-002-005) analyzed VMAT treatment planning data
from three independent patient cohorts (Table 1): a primary prostate cohort (n = 20) for model
development under an 80%/10%/10% training/validation/test split, an additional prostate cohort (n =
20) for external validation within the same anatomical site, and a head and neck (H&N) cohort (n =
10) for cross-site generalizability assessment.

All treatment plans comprised two full arcs and were delivered using the Varian High Definition
(HD) MLC system (Varian Medical Systems, Palo Alto, CA), which consists of 60 leaf pairs — each
pair comprising two opposing leaves from Bank A and Bank B — with leaf widths of 5 mm for outer
leaves (leaves 1-14 and 47-60) and 2.5 mm for inner leaves (leaves 15-46) at the isocenter. A summary
of the study design is provided in Table 1.

The overall workflow of the proposed framework — encompassing data preparation, fluence

map generation, MLC error simulation, model training, and performance evaluation — is
summarized in Figure 1. Each methodological component is described in detail in the following
sections.
Table 1. Overview of the study design and dataset composition.
Pati S 1 Total
Cohort aten Purpose Data Split ampres o
ts per Leaf Samples
Training 80% /
Prostat Model
rostate 20 ode Validation 10% / Test 2,420 48,400
(primary) development o
10%
Prostate External
. 20 validation (same All external test 2,420 48,400
(additional) )
site)
External
Head & Neck 10 validation (cross- All external test 1,210 24,200
site)

Samples per leaf = 121 error combinations x number of patients. Total samples = samples per leaf
x 20 inner leaves (leaves 21-40). Details of error simulation and leaf selection are provided in
subsequent sections.
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Figure 1. Overview of the Data Processing and Deep Learning Model Workflow for MLC Error Detection.

2.2. Fluence Map Generation and ROI Extraction

For each treatment plan, fluence maps were generated from the Digital Imaging and
Communications in Medicine (DICOM) RT plan file through a three-step process: (1) extraction of
MLC positions and monitor units (MUs) at all control points; (2) processing of leaf positions from
both MLC banks; and (3) accumulation of MLC-shaped beam contributions weighted by the
corresponding MUs to produce the composite fluence map. The resulting maps represented the
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cumulative radiation intensity distribution delivered over the entire arc, at a spatial resolution of
approximately 1.0 mm per pixel.

From each fluence map, reconstructed at the isocenter plane, a leaf-specific region of interest
(ROI) was extracted to serve as input for the deep learning model. Analysis was restricted to inner
MLC leaves 2140, which shape the central treatment field in central-target VMAT plans and
represent the most clinically relevant region for positioning error detection. To represent each leaf
consistently, an ROI of three vertical pixels by 400 horizontal pixels was defined. At the isocenter
level, the inner leaves have a projected width of 2.5 mm; the three-pixel vertical extent was chosen to
fully encompass this leaf width while providing a uniform input size across all leaves, and the 400-
pixel lateral extent covered the full range of leaf travel within the treatment field.

For model input, the ROI from the reference fluence map and the ROI from the corresponding
error-induced fluence map were stacked to form a two-channel tensor of shape 3 x 400 x 2. This paired
representation enabled the model to learn from the direct comparison between reference and error-
induced fluence distributions rather than from a single fluence map in isolation. Figure 2 illustrates
the fluence map generation and ROI extraction process, showing the reference and error-induced
composite fluence maps together with the extracted ROI for MLC leaf #30.

Composite Fluence Map (Original) Composite Fluence Map (with Error)
Y
w
@
X
o
(o]
o
<
A,
400 pixels l
é - Leaf #30 Fluence Map (Criginal) Leaf #30 Fluence Map (with Error)
= i - — — o —
SR > |
400 pixels

Figure 2. Fluence map generation and leaf-specific ROI extraction. (Upper) Original and error-induced
composite fluence maps. (Lower) Extracted ROIs for MLC leaf #30, consisting of three vertical pixels and 400
horizontal pixels. These segments are paired and stacked to form a model input of size 3 x 400 x 2.

2.3. MLLC Error Simulation and Label Encoding

Error simulation was applied to the inner MLC leaves (leaves 21-40), which shape the central
treatment field in central-target VMAT plans and represent the most clinically relevant region for
positioning error detection. Systematic offsets ranging from -5 mm to +5 mm in 1.0 mm increments
were independently applied to Bank A and Bank B, yielding 11 discrete error states per bank and 121
unique error combinations (11 x 11) per leaf. This design ensured uniform representation of all
possible error states across the 121-class classification task, with each combination treated as a distinct
class so that both the magnitude and direction of deviations in the two banks could be identified

simultaneously.
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For each sample, the ground truth was encoded as a categorical label corresponding to one of
the 121 error combinations, which directly mapped to the 121-unit softmax output of the CNN,
enabling end-to-end multi-class classification. An illustrative example is shown in Figure 3: when a
+3 mm offset is applied to Bank A and a —1.0 mm offset to Bank B, the corresponding combination is
encoded as the class index assigned to this pairing within the 121-class scheme.

@ ; (B Ground Truth (80 x 22)
Bank A Bank B . Bank A i Bank B ]
i 1 A
2
3
|
I
| :
Leaf#21 | «——— > | [«—— | mp En || | I :
‘ Z 60
8 |
-
59
60 Y
-5 4515 +5
22

Induced error (mm)

Figure 3. MLC error simulation and 121-class label encoding. (A) Systematic offsets from -5 mm to +5 mm in
1.0 mm increments are applied independently to Bank A and Bank B, producing 121 unique error combinations
(11 x 11) per leaf. (B) The resulting error combination is encoded into a corresponding location within a two-
dimensional label matrix, forming a 121-class representation (11 x 11). The vertical axis of the matrix represents
the 60 MLC leaves, while the horizontal axis represents the 22 possible error combinations generated from
independent offsets applied to Bank A and Bank B. The illustrated example shows Bank A shifted by +3 mm and
Bank B by -1.0 mm, mapped to a specific class index in the encoding scheme. The grid is schematic and not

drawn to the actual scale of 60 x 22.

2.4. Deep Learning Model Architecture and Optimization

A CNN architecture was developed to classify MLC positioning errors from the paired fluence
map ROI defined in the preceding sections. The network received an input tensor of shape 3 x 400 x
2, where the two channels corresponded to the reference and error-induced fluence map segments,
enabling the model to learn from the direct comparison between the two states rather than from a
single fluence distribution. The architecture is illustrated in Figure 4.

The feature extraction backbone consisted of six convolutional layers organized into three
sequential blocks, each block comprising two convolutional layers with a kernel size of 1 X 3
followed by a max pooling layer with pool size 1 X 4 to progressively reduce the lateral dimension.
The number of filters increased with depth and was determined through hyperparameter
optimization, with block 1 containing 16 and 32 filters, block 2 containing 64 and 64 filters, and block
3 containing 128 and 128 filters. All convolutional layers used ReLU activation and "same" padding
to preserve spatial dimensions, and batch normalization and dropout were applied after each
convolutional layer to stabilize training and reduce overfitting. The output of the final block was
flattened and passed through a dense layer with 512 units and ReLU activation, followed by the final
output layer of 121 units with softmax activation, corresponding to the 121 error combinations
defined in the MLC Error Simulation and Label Encoding section.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Model hyperparameters were optimized using Keras Tuner with a RandomSearch strategy. The
number of convolutional blocks was fixed, while the number of convolutional layers within each
block (ranging from 1 to 3) and the learning rate (1 x 102, 1 x 103, and 1 x 10-*) were explored as
hyperparameters during optimization over 15 trials. The architecture described above represents the
optimized configuration selected through this search.

The model was trained with the Adam optimizer using categorical cross-entropy as the loss
function and a batch size of 8, for a maximum of 20 epochs. To mitigate overfitting, early stopping
was applied with a patience of 10 epochs based on validation loss. All experiments were implemented
in TensorFlow 2.10.0 and executed on an NVIDIA GeForce RTX 4090 GPU with CUDA Toolkit 11.8.

Input

! Fluence Map L !
' (Leaf #21 - 40) o !

i e ] l Conv2D I Conv2D ‘ Conv2D \ : : B 0 i
‘ . : 4 i Joroa |

1 2l ‘ Conv2D ‘ ‘ Conv2D Flatten Dense Dense Gz

| Fluence Map - - - Lk (Classification)

i with Error l i

| (Leaf #21 - 40) ) 4L.\ . > | |
MaxPool2D ‘ MaxPooi2D | MaxPool2D — | - |

Figure 4. CNN architecture for MLC error detection and classification. (A) Feature extraction using

convolutional and pooling layers. (B) Classification using fully connected layers.

2.5. Implementation of Traditional Machine Learning Models for Comparison

Three tree-based machine learning models — Random Forest, XGBoost, and CatBoost — were
implemented as baselines for comparison with the CNN. All three are widely used classifiers for
tabular data and were selected to provide a representative benchmark from traditional machine
learning methods. To ensure a fair comparison, the same two-channel fluence map ROI used as CNN
input was flattened into a 2,400-dimensional feature vector (3 x 400 x 2) and provided to each baseline
model.

The Random Forest classifier was configured with 500 trees and a maximum depth of 10, with
bootstrap aggregation and feature randomization applied to reduce overfitting. XGBoost was trained
with 500 boosting iterations and a learning rate of 0.1, and CatBoost was implemented with
parameters matched to those of XGBoost for consistency, leveraging its ordered boosting approach
to reduce target leakage. Hyperparameters for all three models were selected through grid search.
For the two gradient boosting models, L1 and L2 regularization on leaf weights were applied to
stabilize training, and early stopping based on validation performance was employed across all three
models to prevent overfitting.

2.6. Performance Evaluation

Model performance was evaluated using four standard classification metrics: accuracy,
precision, recall, and F1-score. Given the 121-class nature of the task, precision, recall, and F1-score
were computed using a one-vs-rest strategy and then macro-averaged across all 121 classes, ensuring
equal weighting of each class regardless of its frequency in the dataset. In this formulation, true
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positives (TP) denote correctly identified error combinations, true negatives (TN) denote correctly
rejected non-target classes, false positives (FP) denote incorrectly predicted error combinations, and
false negatives (FN) denote missed error combinations.

The four metrics were defined as follows:

Accuracy = (TP + TN) /(TP + TN + FP + FN)
Precision = TP /(TP + FP)
Recall = TP /(TP + FN)
F1—score = 2 X (Precision X Recall) / (Precision + Recall)

To further characterize classification reliability beyond aggregate metrics, a prediction mismatch
analysis was performed. For each misclassified sample, the absolute deviation between the predicted
and true offset values was computed independently for Bank A and Bank B across the full range of
-5 mm to +5 mm. This analysis quantified not only whether misclassifications occurred, but also how
far the predicted error magnitudes deviated from the ground truth, providing a clinically
interpretable measure of model reliability.

3. Statistical Methods

To compare CNN performance against each of the three baseline machine learning models
(Random Forest, XGBoost, and CatBoost), paired t-tests were performed on the fold-wise accuracies
obtained from the five-fold cross-validation procedure. To control the family-wise error rate across
the three pairwise comparisons, the Holm-Bonferroni correction was applied, with statistical
significance defined as a corrected p-value below 0.05. Effect sizes were quantified using Cohen's d
to assess the practical magnitude of the observed performance differences alongside statistical
significance. All analyses were conducted in Python 3.8.18 using SciPy 1.10.1 and scikit-learn 1.3.0.

4. Results

4.1. Model Training Performance

On the internal test set of the primary prostate cohort, the CNN model achieved a test accuracy
of 97.21%, with precision of 97.14%, recall of 97.06%, and F1-score of 97.04% (Table 2). The balanced
performance across these four metrics indicates that the model did not exhibit systematic bias toward
any particular error class.

Table 20. epochs, the model reached a training accuracy of 97.10% and a validation accuracy of 96.81%, with
close alignment between training and validation curves for both accuracy and loss (Figure 5), suggesting that

the model generalized well without overfitting.

Table 2. Model performance metrics on the internal test set (primary prostate cohort).

Metric Value (%)
Accuracy 97.21
Precision 97.14

Recall 97.06
F1-score 97.04

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 5. Model learning curves over 20 epochs. (Left) Accuracy and (Right) loss curves for training and
validation sets. The close alignment between training and validation curves indicates robust model

generalization without overfitting.

4.2. Cross-Validation Assessment

Five-fold cross-validation confirmed model stability across different data partitions. The average
cross-validation accuracy was 96.54 + 0.43%, and the average loss was 0.1083 (Figure 6). The narrow
standard deviation of 0.43 percentage points across all five folds indicates that the reported
performance was not sensitive to the specific choice of training-validation split, supporting the
reliability of the internal test results.

K-Fold Cross-Validation Results

0.99 0.20
—=— Accuracy
0.98- _pp— Loss
-0.15
S 0.97-
o 2
0.1
< 0.96-
-0.05
0.95 1
0.94 T T T T 0.00

1 2 3 4 5
Fold

Figure 6. Five-fold cross-validation results for accuracy and loss.

4.3. Comparative Analysis with Traditional Machine Learning

The CNN was compared against three tree-based baseline models — Random Forest, XGBoost,
and CatBoost — trained and evaluated on identical data splits. The results revealed a substantial
generalization gap in the baseline models (Table 3). XGBoost and CatBoost achieved near-perfect
training accuracies of 99.92% and 99.60%, respectively, but their test accuracies dropped to 69.86%
and 63.95%. Random Forest showed the most pronounced generalization failure, with training
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accuracy of 94.29% falling to 22.00% on the test set. In contrast, the CNN maintained nearly identical
accuracies on training (97.10%) and test (97.21%) sets, with a gap of only 0.11 percentage points.

Statistical comparison further confirmed the superiority of the CNN. Paired t-tests on fold-wise
accuracies from the five-fold cross-validation yielded highly significant differences between the CNN
and each baseline (CNN vs XGBoost: p =2.3 x 107; CNN vs Random Forest: p = 9.6 x 10%; CNN vs
CatBoost: p = 1.4 x 107), with all corrected p-values remaining below 0.001 after Holm-Bonferroni
correction (Table 4). Cohen's d values of 44.8, 99.6, and 43.0 for the three comparisons were classified
as extremely large effects.

Table 3. Training and test accuracies of the CNN and baseline machine learning models.

Model Type Training Accuracy (%) Test Accuracy (%)
CNN 97.10 97.21
XGBoost 99.92 69.86
Random Forest 94.29 22.00
CatBoost 99.60 63.95

Table 4. Statistical comparison of the CNN and baseline machine learning models.

Corrected
Comparison p-value p-value Effect Size Interpretation
P (paired t-test) (Holm- (Cohen’s d) P
Bonferroni)
CNN vs XGBoost 23x107 <0.001 44.8 Extremely large
effect
CNN vs Random 9.6 x 109 <0.001 996 Extremely large
Forest effect
E ly 1
CNN vs CatBoost 1.4 x 107 <0.001 43.0 Xtrezfez’t arge

4.4. Model Reliability Assessment

To characterize the precision of individual predictions beyond aggregate classification metrics,
a deviation analysis was performed on the internal test set. Of the 4,840 test samples, 145 (3.00%)
were misclassified. For these misclassified samples, the mean deviation magnitudes remained small
— 0.52 mm for Bank A and 0.72 mm for Bank B — although the maximum deviation reached 5 mm
in both banks (Table 5).

The distribution of deviation magnitudes further illustrates the model's precision (Table 6). For
Bank A, 95.9% of predictions fell within a 1.0 mm deviation of the true offset (55.1% exact matches
and 40.7% within 1.0 mm), while 94.5% of Bank B predictions fell within the same threshold (35.9%
exact matches and 58.6% within 1.0 mm). These results are consistent with the 1.0 mm MLC
positioning tolerance recommended by AAPM TG-142 [21].

Table 5. Overall model reliability on the internal test set.

Metric Value
Total samples 4,840
Misclassified samples 145
Misclassification rate 3.00 %
Mean Bank A deviation magnitude 0.52 mm
Mean Bank B deviation magnitude 0.72 mm
Maximum Bank A deviation magnitude 5mm
Maximum Bank B deviation magnitude 5 mm

Table 6. Distribution of deviation magnitudes by MLC bank.
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Deviation magnitude Bank A (%) Bank B (%)
0 mm 55.1 35.9
1.0 mm 40.7 58.6
2 mm 2.1 4.1
3 mm 1.4 0.7
4 mm 0.0 0.0
5 mm 0.7 0.7

4.5. External Validation

To assess the generalizability of the CNN beyond the primary prostate cohort, the trained model
was evaluated on two independent external datasets: an additional prostate cohort of 20 patients and
a head and neck (H&N) cohort of 10 patients. Both datasets were generated using the same error
simulation and sampling procedure described in Methods, and neither was used in any stage of
model development.

On the additional prostate cohort, which yielded 48,400 samples (2,420 per leaf x 20 inner leaves),
the model achieved an accuracy of 96.19%, with precision of 96.17%, recall of 96.79%, and F1-score of
96.11% (Table 7). These results were nearly identical to those obtained on the internal test set (97.21%
accuracy), with a difference of approximately 1 percentage point, indicating that model performance
was reproducible across independent patient cohorts within the same treatment site.

On the H&N cohort, which yielded 24,200 samples (1,210 per leaf x 20 inner leaves), the model
achieved an accuracy of 93.72%, with precision of 94.34%, recall of 93.71%, and F1-score of 93.78%
(Table 8). Although the accuracy decreased by approximately 3.5 percentage points compared to the
internal prostate test set — an expected reduction given the anatomical and geometric differences
between the two treatment sites — the model retained high classification performance, supporting
its applicability across anatomically distinct sites.

Table 7. Model performance on the additional prostate cohort.

Maetric Value (%)
Accuracy 96.19
Precision 96.17

Recall 96.79
Fl-score 96.11

Table 8. Model performance on the head and neck cohort.

Metric Value (%)
Accuracy 93.72
Precision 94.34

Recall 93.71

F1-score 93.78

5. Discussion

This study developed a CNN-based framework for leaf-specific classification of MLC
positioning errors directly from fluence map data. On the internal test set of the primary prostate
cohort, the model achieved an accuracy of 97.21% across the 121-class problem, with more than 94%
of predictions falling within 1.0 mm of the true offset in both MLC banks — consistent with the 1.0
mm positioning tolerance recommended by AAPM TG-142. Performance was maintained on an
independent prostate cohort (96.19% accuracy) and on a head and neck cohort (93.72% accuracy),
supporting both the reproducibility of the model within the same treatment site and its
generalizability across anatomically distinct sites.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202605.1394.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 May 2026 d0i:10.20944/preprints202605.1394.v1

12 of 14

Previous studies have explored deep learning for MLC error detection, yet most have operated
at the plan level rather than identifying individual leaf deviations. Nyflot et al. [14], and Wootton et
al. [15] applied CNNs and radiomic analysis to gamma images to detect systematic and random MLC
errors in IMRT, but their framework relied on gamma-based inputs and produced aggregate
classifications rather than leaf-level localization. Kimura et al. [16] extended deep learning to VMAT
using cylindrical detector measurements with a multi-task CNN, yet their approach also aggregated
predictions at the plan level. Nakamura et al. focused on MLC modeling parameters — leaf
transmission and dosimetric leaf gap — derived from dose difference maps, demonstrating high
sensitivity for classifying modeling-related errors but not individual positioning deviations [17]. In
contrast, the present study directly analyzes fluence map data and classifies both the magnitude and
direction of positioning errors at the individual leaf level, addressing a gap that these prior works
have not specifically targeted.

The methodological novelty of this work lies in three aspects. First, the problem was
reformulated as a 121-class classification task, enabling simultaneous identification of both the
magnitude and direction of leaf deviations — a formulation that, to our knowledge, has not been
addressed in prior fluence-based QA studies. Second, the two-channel input representation, pairing
the reference and error-induced fluence maps, allowed the model to learn from the direct comparison
between the two states rather than from a single fluence distribution in isolation. This paired
representation likely contributes to the model's ability to detect subtle delivery discrepancies that
machine log data — which reflect only the recorded motor positions — may not capture, even when
mechanical readings appear nominal. Third, the CNN consistently outperformed the three tree-based
baselines (Random Forest, XGBoost, CatBoost), with corrected p-values below 0.001 and Cohen's d
values of 43.0-99.6 for the three comparisons. The numerical magnitude of these effect sizes should
be interpreted in the context of the very low fold-wise variance observed in the five-fold cross-
validation (SD = 0.43 percentage points). Such tight variance, combined with the substantial accuracy
gap, produced effect sizes that arithmetically exceed conventional reference ranges. While this does
not imply that the accuracy difference is unprecedentedly large in a clinical sense, it does underscore
that the performance advantage of the CNN was highly consistent across folds rather than driven by
a few favorable splits.

The capability to identify the magnitude and direction of individual leaf deviations has direct
implications for patient-specific QA. Current gamma-based workflows reduce complex spatial
discrepancies to a single passing rate and a pass/fail judgment, providing little guidance on which
leaves to investigate when a plan fails QA. In contrast, a leaf-level error map produced by the
proposed framework could help physicists rapidly localize the source of delivery discrepancies,
prioritize corrective actions, and — in principle — inform targeted re-calibration of specific MLC
leaves. The precision within 1.0 mm observed in over 94% of predictions aligns with the AAPM TG-
142 MLC positioning tolerance [21], suggesting that the method operates at a spatial resolution
relevant to clinical action thresholds. Although the approach is currently limited to post-delivery
analysis of fluence maps, its leaf-level granularity positions it as a complementary tool to existing QA
methods rather than a replacement for them.

Several limitations should be acknowledged. First, fluence maps were generated from DICOM
RT plans rather than derived from physical measurements; while this enabled systematic generation
of all 121 error states under controlled conditions — a balance difficult to achieve from limited clinical
datasets — validation with measured fluence data (e.g., EPID-based measurements) remains
necessary before clinical translation. Second, analysis was restricted to the inner MLC leaves (leaves
21-40), which are the most active region in central-target VMAT plans; extending the framework to
outer leaves is methodologically feasible but was not evaluated in this study. Third, each training
sample contained a deviation applied to a single leaf, and the model was not explicitly trained on
simultaneous multi-leaf error patterns; although leaf-wise scanning could, in principle, detect
multiple simultaneous deviations by processing each leaf independently, this capability was not
empirically verified. Fourth, the study focused solely on MLC positioning errors without considering
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other delivery uncertainties such as gantry angle, dose rate, and other mechanical parameters, which
may interact with MLC errors in practice. Finally, the 1.0 mm granularity of the simulated error states,
while aligned with the TG-142 tolerance, does not resolve sub-millimeter deviations that may still
carry dosimetric significance in high-precision treatments.

As an immediate next step, the model should be validated against physically measured fluence
data, such as EPID-acquired maps under controlled MLC perturbations, to confirm that the
classification performance observed with simulated errors translates to actual delivery conditions.
Evaluating the framework on multi-institutional datasets with different MLC systems would further
clarify whether the learned features are specific to the Varian HD configuration or transferable across
platforms. On the modeling side, training on simultaneous multi-leaf error patterns and
incorporating additional delivery parameters (e.g., gantry angle and dose rate variations) are needed
to better reflect the complexity of real-world delivery deviations. In the longer term, coupling this
approach with real-time EPID-based in vivo dosimetry could enable online error detection during
treatment delivery.

6. Conclusions

This study demonstrates that a CNN trained on paired fluence map representations can classify
MLC positioning errors at the individual leaf level, resolving both the magnitude and direction of
deviations within a 1.0 mm range. By providing leaf-specific, actionable information rather than plan-
level pass/fail judgments, the proposed framework offers a complementary direction for patient-
specific QA and a foundation for future validation with measured delivery data.
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