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Abstract. Ultrasound-based ovarian tumor classification using deep
learning is often affected by diagnostic bias caused by non-biological
measurement artifacts and severe class imbalance, which introduce short-
cut correlations and reduce sensitivity to rare but clinically important
tumor types. These limitations hinder the robustness and clinical re-
liability of automated diagnostic systems. In this study, we present a
unified framework that jointly mitigates visual and distributional bi-
ases for robust ovarian ultrasound classification. The proposed approach
integrates segmentation-guided inpainting to automatically detect and
remove measurement overlays while preserving tumor morphology and
intrinsic ultrasound texture, together with imbalance-aware learning that
combines data rebalancing and a hybrid optimization objective to im-
prove minority-class discrimination. We evaluate the framework on the
MMOTU-2D dataset containing multiple ovarian tumor subtypes with
long-tailed distributions. Experimental results demonstrate consistent im-
provements across multiple convolutional backbones. The best single-run
configuration using EfficientNet-B2 with segmentation-guided inpainting
and imbalance-aware learning achieved 80.38% Top-1 accuracy, while
multi-seed experiments confirmed stable performance across different
random initializations. Ablation studies and multi-seed experiments con-
firm that artifact removal and imbalance-aware optimization address
complementary failure modes, leading to improved robustness and stable
performance across different random initializations. This work highlights
the importance of jointly correcting visual and distributional biases to-
ward more reliable ultrasound-based tumor classification, motivating
future validation in clinical settings.

Keywords: Ovarian Tumor Classification · Class Imbalance Mitigation
· Deep Learning for Medical Imaging · Image Inpainting · MMOTU
Dataset.

1 Introduction

Ovarian cancer is a major cause of death among gynecological cancers, with more
than 313,000 new diagnoses each year. Prognosis is highly dependent on disease
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stage, with 5-year survival rates above 90% in early-stage cases but dropping
below 30% in advanced stages [1]. Ultrasound is commonly used because it is safe,
inexpensive, and provides real-time imaging; however, speckle noise, diverse tumor
appearances, and operator-dependent variability complicate automated image
analysis [2,3]. While CNNs improve feature extraction, they are still affected by
issues like small datasets, class imbalance, and inconsistent image quality [4,5].

Ovarian ultrasound images often contain non-biological annotations such
as calipers, labels, and measurement lines that introduce shortcut correlations
and reduce model generalization [6]. Recent deep learning inpainting methods,
including U-Net and LaMa, have substantially improved artifact removal, yet
robustness across different imaging conditions remains challenging [9,10,11].

Class imbalance further limits ovarian tumor classification. Existing strategies,
including weighted sampling [12], Mixup [13], CutMix [14], label smoothing [15],
and advanced CNN architectures [16], can stabilize optimization but may not
fully prevent overfitting to majority classes in severely long-tailed datasets.

Prior MMOTU-based studies illustrate these persistent issues: cross-domain
segmentation work has faced class imbalance and annotation artifacts [17],
YOLOv8-based detection has shown reduced performance on underrepresented
tumors [18], and inpainting has been used to remove annotation symbols before
segmentation [9].

In this work, we leverage the MMOTU dataset to assess a framework for
ovarian tumor classification that concurrently addresses annotation artifacts and
class imbalance. To our knowledge, this study is the first to provide quantitative
evidence that the combined application of artifact removal and imbalance miti-
gation enhances classification performance. Our contributions include a unified
pipeline that integrates artifact-free reconstruction with imbalance-aware learning
to enable robust feature extraction, along with a fully automated framework
combining U-Net mask generation and LaMa-based inpainting for anatomically
consistent artifact correction. Additionally, we propose a dual-level strategy oper-
ating at both data and loss levels to stabilize learning in skewed ovarian datasets,
and we design a computationally efficient, low-overhead architecture that may
be suitable for resource-constrained settings, pending further clinical validation.

2 Methodology

We propose a three-stage framework that decouples non-biological visual bias
from pathological feature extraction. As illustrated in Fig. 1, the framework
addresses shortcut features and statistical skews in clinical ultrasound datasets.

2.1 Segmentation-Guided Fourier Inpainting

Segmentation-Guided Fourier Inpainting is a clinically informed artifact removal
method based on LaMa (Large Mask Inpainting) [19] for anatomically realistic
ultrasound image reconstruction. Artifacts, including calipers, measurement lines,
arrows, and text annotations, are first identified using supervised segmentation
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Fig. 1: Overview of the proposed ovarian tumor classification pipeline.

networks, namely U-Net [20] and DeepLabv3 [21], with U-Net selected for its
superior ability to accurately segment thin structures. During dataset preparation,
artifact masks are refined using available tumor annotations to exclude overlapping
pixels. These annotations are used only offline for mask refinement and are not
required during inference. The refined masks are then provided to LaMa, whose
Fast Fourier Convolutions capture long-range spatial dependencies to reconstruct
the masked regions while preserving ultrasound characteristics such as speckle
patterns, lesion boundaries, and echogenicity. We employ the publicly released
LaMa model as a pre-trained, off-the-shelf network without any fine-tuning,
applying it unmodified (Fig. 2, reproduced from [19]); avoiding fine-tuning also
keeps the pipeline lightweight and reduces training cost. By restricting inpainting
exclusively to verified artifact regions, the framework avoids altering tumor
morphology and produces anatomically consistent images for downstream analysis.

Fig. 2: Segmentation-Guided Inpainting (SGI) module.
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2.2 Imbalance-Aware Representation Learning

The second stage enhances classification performance by addressing the long-
tailed distribution across tumor categories. Under conventional empirical risk
minimization, majority classes dominate gradient updates, which biases the
learned decision boundaries and reduces sensitivity to minority categories. To
alleviate this effect, we adopt a combination of sampling-level and representation-
level strategies, as illustrated in Fig. 3.

Specifically, mini-batches are constructed using inverse-frequency weighted
sampling to balance expected class contributions without artificially increasing
dataset size. To further improve feature generalization and reduce overfitting
caused by repeated minority exposure, stochastic Mixup [13] and Random Erasing
(Cutout) are applied during training. For Mixup, two images are blended as
x̃ = λxa+(1−λ)xb with λ ∼ Beta(0.4, 0.4), applied with probability 0.5, and the
loss is the matching convex combination λCE(ŷ, ya) + (1− λ) CE(ŷ, yb). Mixup
encourages smoother decision boundaries in low-data regimes, while Random
Erasing improves robustness to local occlusion without pasting cross-class patches
that could disrupt clinically meaningful lesion structure.

To stabilize optimization under class imbalance, we combine cross-entropy
with label smoothing and a differentiable Soft-F1 term that directly optimizes
macro-averaged F1:

L = αLCE-LS + (1− α)Lsoft-F1, α = 0.5, (1)

where LCE-LS is cross-entropy on label-smoothed targets yLS = (1− ϵ)y + ϵ/K
(with ϵ = 0.1 and K the number of classes), and

Lsoft-F1 = 1− 1

K

K∑
c=1

2PcRc

Pc +Rc
, Pc =

TPc

TPc + FPc
, Rc =

TPc

TPc + FNc
, (2)

with TPc, FPc, FNc accumulated from softmax probabilities (soft counts). This
combined objective preserves discriminative capability while improving minority-
class recall.

We evaluate two variants of the imbalance-aware strategy. Approach I com-
bines inverse-frequency weighted sampling with Mixup and Random Erasing using
EfficientNet-B2. Approach II combines inverse-frequency weighted sampling with
a combined cross-entropy and Soft-F1 objective using EfficientNet-B0. Because
the approaches use different backbones, they are evaluated independently in
Section 4 rather than treated as directly comparable alternatives.

3 Experiments

3.1 Setup

Dataset. The framework is evaluated on the MMOTU-2D dataset [11], containing
2,500 transvaginal ultrasound images from eight ovarian tumor classes with
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Fig. 3: Overview of the imbalance-aware learning strategy.

pronounced class imbalance. We use a patient-wise split of 70% for training,
10% for validation, and 20% for testing to avoid any risk of data leakage. All
images are resized to 224×224, and classification experiments use artifact-cleaned
outputs from the segmentation-guided inpainting stage.
Evaluation Metrics. Artifact segmentation is assessed using IoU and DSC.
Classification performance is measured using Top-1/Top-2 accuracy, mean class
accuracy (mAcc), and F1-score.
Implementation Details. Models are implemented in PyTorch and trained
on a single NVIDIA RTX GPU with batch size 32 for up to 100 epochs with
early stopping (patience 15). EfficientNet-B2 pretrained on ImageNet is used
for classification, optimized with AdamW (learning rate 2× 10−4, weight decay
1 × 10−5) under a cosine-annealing schedule. The plain-CE baseline (Table 5)
uses no weighted sampling, Mixup, test-time augmentation, or Soft-F1 term.
Imbalance-aware configurations additionally apply inverse-frequency weighted
sampling and, depending on the variant (Section 2), Mixup with Random Erasing
(Approach I) or the combined cross-entropy and Soft-F1 objective (ϵ = 0.1)
(Approach II). Test-time augmentation (horizontal flips and ±15◦ rotations) is
applied at inference for the imbalance-aware and full-pipeline configurations. The
multi-seed ablation experiments (Table 5) were repeated across five random seeds
(42, 123, 999, 2025, 3407); the inpainting-method comparison (Table 2) reports a
single run per configuration.

4 Results

Performance of Automated Mask Generation. Two segmentation archi-
tectures, U-Net and DeepLabV3 (ResNet-101 backbone), were trained for 25
epochs and evaluated them on a separate 20% validation split. As summarized in
Table 1, U-Net achieved superior performance across all metrics, improving mIoU
by +3.91 pp and Dice score by +2.37 pp compared to DeepLabV3. Figure 4a
shows precise artifact masks with preserved anatomy
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Table 1: Validation performance of artifact segmentation models after 25 epochs.
Model Val Loss Val mIoU (%) Val Dice (%) Val Precision (%) Val Recall (%)

DeepLabV3 0.0113 79.09 88.24 88.64 87.98
U-Net 0.0076 83.00 90.61 91.45 89.86

(a) Artifact segmentation: (a) original image, (b) expert mask, (c)
U-Net prediction.

(b) Segmentation-guided inpainting: (a) original overlay, (b) predicted
mask, (c) cleaned output.

Fig. 4: Qualitative results of the artifact-removal pipeline.

Artifact Removal and Texture Preservation. Segmentation-guided inpaint-
ing was performed using U-Net masks and a pre-trained LaMa model, modifying
only artifact-affected pixels. Representative examples in Figure 4b show effective
removal of calipers and overlays while preserving tumor boundaries, internal
echogenicity, and ultrasound texture consistency.
Comparison with Alternative Inpainting Methods.We compared the
proposed segmentation-guided LaMa approach with Telea inpainting and a no-
inpainting baseline under the same experimental settings. All experiments used
EfficientNet-B2 with class balancing. As shown in Table 2, Telea improved perfor-
mance by reducing artifacts, while LaMa achieved the best results, demonstrating
its ability to preserve diagnostically relevant ultrasound features for ovarian
tumor classification. As noted in Section 3, this single-run result is distinct from
the five-seed pipeline evaluation reported in Table 5.
Backbone Evaluation and Impact of Inpainting. Four convolutional back-
bones were benchmarked (Table 3). EfficientNet-B0 began strongest, but EfficientNet-
B2 responded better to inpainting and ended up being the more practical backbone
for our later experiments. After inpainting, EfficientNet-B2 accuracy increased by
1.28 pp (70.15% → 71.43%), indicating that removing artifacts enhances model
robustness.
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Table 2: Classification performance under different inpainting methods (single
run; EfficientNet-B2 with class balancing).

Inpainting Method Top-1 (%) Top-2 (%) ∆ Top-1
No Inpainting 70.15 82.73 –
Telea 72.71 86.35 +2.56
LaMa (Proposed) 80.38 89.98 +10.23

Table 3: Backbone performance on the original MMOTU-2D dataset.
Model Top-1 (%) Top-2 (%)

MobileNetV2 70.36 82.52
EfficientNet-B0 71.22 86.57
ResNet-34 71.00 83.37
EfficientNet-B2 70.15 82.73

Per-class results (Table 4) highlight the strongest gains in minority tumor
categories, including Theca Cell Tumor (+12.90 pp) and Simple Cyst (+15.78 pp).
A decrease in normal ovary accuracy reflects reduced dependence on background
measurement artifacts. Notably, high-grade serous cystadenocarcinoma showed
no improvement, remaining at 40.00% top-1 accuracy both before and after
inpainting. This class also has the smallest test set among all tumor types (only 15
images), so its accuracy estimate is highly sensitive to individual misclassifications
and should be interpreted with caution; we treat this as a limitation of the per-
class analysis rather than evidence that the proposed pipeline fails to generalize
to this subtype.

Table 4: Per-class Top-1 accuracy before and after inpainting.
Tumor Type Testing Samples Before (%) After (%) ∆ (pp)

Chocolate Cyst 110 70.91 75.45 +4.54
Serous Cystadenoma 66 72.73 72.73 0.00
Teratoma 108 78.70 80.56 +1.86
Theca Cell Tumor 31 38.71 51.61 +12.90
Simple Cyst 19 42.11 57.89 +15.78
Normal Ovary 87 80.46 75.86 −4.60
Mucinous Cystadenoma 33 48.48 48.48 0.00
High-Grade Serous Cystadenocarcinoma 15 40.00 40.00 0.00

Full Pipeline Evaluation and Ablation. To assess the stability of the proposed
data-level rebalancing strategy, we repeated the component ablation experiments
using five different random seeds (42, 123, 999, 2025, and 3407). Table 5 reports
the complete component-wise ablation, combining the multi-seed rebalancing
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analysis with the backbone-specific pipeline comparison, all evaluated as mean ±
standard deviation over five random seeds. As noted in Section 2, Approach I
(EfficientNet-B2) and Approach II (EfficientNet-B0) use different backbones and
are therefore not directly comparable; rows are grouped by backbone to make
this explicit.

The full pipeline (Approach I) achieved stable performance across seeds,
reaching 75.99 ± 2.21% Top-1 accuracy, 88.40 ± 0.68% Top-2 accuracy, 70.50 ±
2.66% Macro-F1, and 69.04 ± 2.73% mean class accuracy. Weighted sampling
alone improved Top-1 accuracy over the baseline (74.07% vs. 70.15%), but this
gain was smaller than the full pipeline’s, and the difference between WS-only
and WS+Mixup (75.31%) fell within the seed-to-seed variation, suggesting that
sampling-based rebalancing alone is insufficient under severe class imbalance.

It is also worth noting that “Inpainting + Approach II” reached a higher Top-1
accuracy (79.40± 0.52%) than the Full Pipeline (75.99± 2.21%). This does not
indicate Approach II is superior: the two configurations differ in both backbone
and imbalance-mitigation strategy simultaneously, so their accuracies are not
directly comparable. Table 5 reports them together only to show that inpainting
improves performance under either backbone, not to rank the two approaches.

Table 5: Component-wise ablation of training configurations (mean ± standard
deviation over five random seeds). Approach I uses EfficientNet-B2; Approach II
uses EfficientNet-B0.
Configuration Backbone Top-1 (%) Top-2 (%) Macro-F1 (%) mAcc (%) ∆ Top-1 (pp)

Baseline (plain CE, no TTA) B2 70.15 ± 1.29 82.73 ± 0.52 – – –
WS only B2 74.07 ± 1.87 87.29 ± 1.44 68.62 ± 1.92 67.85 ± 1.68 +3.92
WS + Mixup B2 75.31 ± 1.05 86.95 ± 1.29 70.24 ± 1.40 69.27 ± 1.47 +5.16
Inpainting only B2 71.43 ± 0.87 85.71 ± 1.26 – – +1.28
Rebalancing (Approach I) B2 77.53 ± 0.79 88.70 ± 0.39 – – +7.38
Full Pipeline (Approach I) B2 75.99 ± 2.21 88.40 ± 0.68 70.50 ± 2.66 69.04 ± 2.73 +5.84

Rebalancing (Approach II) B0 76.12 ± 0.80 89.13 ± 0.62 – – –
Inpainting + Approach II B0 79.40 ± 0.52 86.78 ± 0.37 – – +3.28†

Note: Macro-F1 and mAcc logged only for Approach I (B2). †Relative to the
Rebalancing (Approach II) row; not computed against a plain-CE B0 baseline, as the

table’s baseline row uses B2.

5 Discussion

Annotation artifacts introduce non-morphological cues that drive shortcut learn-
ing; removing them using U-Net masks and LaMa inpainting improved perfor-
mance across backbones, indicating dataset bias as a key limitation. Imbalance-
aware losses and Mixup improved minority-class recall, but their combination with
inpainting varied by backbone: for EfficientNet-B2, rebalancing alone (77.53%)
outperformed the full pipeline (75.99%), whereas for EfficientNet-B0, inpaint-
ing improved performance over rebalancing alone (79.40% vs. 76.12%). Thus,
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these components are not uniformly additive and should be evaluated per back-
bone. EfficientNet-B0 had the stronger baseline (Table 3), while EfficientNet-B2
achieved a larger rebalancing gain (+7.38pp). The multi-seed evaluation further
confirms stable performance across random initializations, supporting the robust-
ness of the training strategy. Prior MMOTU-based studies use different protocols
and splits; therefore, our results are treated as controlled ablations within a fixed
setup rather than direct comparisons with reported baselines.

6 Conclusion

This study presents an efficient framework for ovarian tumor classification that
jointly addresses annotation artifacts and severe class imbalance via segmentation-
guided inpainting (U-Net + LaMa) and imbalance-aware optimization. Artifact
removal alone yields a 1.28 pp Top-1 gain; rebalancing alone (Approach I) yields a
7.38 pp gain (Table 5). The LaMa-based inpainting configuration achieved 80.38%
Top-1 accuracy in a single-run evaluation, a 10.23 pp gain over the uninpainted
baseline (Table 2). Under five-seed evaluation, the complete pipeline achieved
75.99 ± 2.21% Top-1 accuracy, a 5.84 pp gain over the corresponding baseline
(Table 5), demonstrating that jointly correcting visual and distributional biases
produces measurable and stable gains in a lightweight architecture, though clinical
utility would require external validation on independent, prospectively collected
data.
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