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Abstract

Segmentation of bone marrow lesions (BML) is vital for quantifying lesion volume, a
biomarker associated with cartilage damage and pain in knee osteoarthritis (KOA). Manual
segmentation is challenging due to low contrast and variable lesion locations. We propose
an automated deep learning method featuring a dual-stream encoder that integrates global
image-level and local patch-level features. The study included 300 participants from the
Osteoarthritis Initiative (OAI) database, each with approximately 36 intermediate-weighted
fat-suppressed (IWFS) magnetic resonance (MR) images. The ground truth masks were
manually annotated by trained research staff. With physical batch size 32, the model
achieved a 2D Dice similarity coefficient (DSC) of 0.68, 3D DSC of 0.62, Intersection over
Union (IoU) of 0.51, precision of 0.76, sensitivity of 0.62, and Pearson’s correlation coefficient
(r) of 0.85 between manually labelled and automatically generated volumes. Using an
effective batch size of 64 via gradient accumulation, the model achieved 2D DSC of 0.63,
3D DSC of 0.65, IoU of 0.48, precision of 0.75, sensitivity of 0.6, and r of 0.98 for volume
correlation. The model outperformed baselines at batch size 32 across almost all evaluated
metrics and remained robust at batch size 64, with strong volumetric correlation and
improved 3D DSC, IoU, and sensitivity.

Keywords: knee osteoarthritis; bone marrow lesions; deep learning; fusion; segmentation;
global and local features; computer-aided diagnosis

1. Introduction

Osteoarthritis (OA) is the most common form of arthritis and a leading cause of
pain and work disability. Its prevalence is significant and growing; as of the CDC’s
latest reporting, about 33 million U.S. adults have OA [1]. On a global scale, in 2019,
approximately 528 million people were living with OA, representing a 113% increase in
age-standardized prevalence rates since 1990 [2]. OA frequently affects weight-bearing
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joints, with the knee being the most common site, often causing severe pain and substantial
socioeconomic impact.

A key feature in understanding knee OA is the bone marrow lesion (BML), an area of
altered subchondral bone structure (e.g., edema, fibrosis, decreased mineral content, altered
trabecular morphometry [3-9]) visible on Magnetic Resonance Imaging (MRI). Research
has established a strong relationship between BMLs and pain and structural progression of
knee OA [10-12]. Consequently, BML volume emerges as a critical biomarker for evaluating
the disease status, and reducing BML size is now considered an important therapeutic
goal for managing the disease [13,14]. To quantify the total volume of BMLs in a knee, it is
critical to segment BMLs in each slice of a knee MRI sequence.

Manual segmentation of BML remains a time-consuming and labor-intensive process,
placing a heavy burden on radiologists and research staff. Moreover, inherent challenges,
such as low contrast between lesion and surrounding tissues, fuzzy lesion boundaries,
and inter-observer variability, often lead to inconsistent annotations. In the field of BML
segmentation, most methods are semi-automated [15-17]. In 2010, Dijkstra et al. introduced
a KNN-based approach for semi-automated segmentation of BMLs [15]. On T2w SPIR
MRIs, the method achieved a mean Dice Similarity Index (DSI) of 0.702 (£0.202). This
method required users to select regions of interest (ROI) prior to classification, after which
each voxel within those regions was treated as an individual sample. Voxels were assigned
labels of lesion (1) or non-lesion (0) based on expert manual segmentations, and the KNN
classifier then produced the final lesion maps within the predefined areas. The manual step
of selecting ROI limits automation and might introduce operator bias and inconsistency
between users. In 2013, Pang et al. [16] proposed a semi-automated segmentation approach
that detects, extracts, and quantifies BML structures. In this work, they used a custom
graphical user interface to identify the boundaries of the tibia and femur in each MRI
slice by marking multiple points along the articular surface. To determine a threshold
between bright and normal areas, they used the false discovery rate (FDR) to construct
initial BML boundaries curves, and then a region-based curve evolution method was
used to refine them to obtain an accurate BML border. The efficiency of this method was
evaluated by performing intra- and inter-tester reliability tests in addition to quantifying
BML volume. Although curve evolution refines boundaries of BML, this method remains
operator-dependent and manual-intensive. In 2022, Preiswerk et al. [17] developed and
validated a deep learning method using a U-Net model to segment BMLs from knee
MRI datasets. This method achieved an average 2D Dice Similarity Score of 0.70 and
Pearson’s correlation coefficient of 0.94. However, this work still requires initial BML
identification, performed by a human reader with a mouse click. These semi-automated
approaches are often limited to predefined areas, which require human intervention and
introduce variability.

To address the limitations in semi-automated approaches, fully automated BML seg-
mentation methods have been developed. In 2013, Dodin et al. [18] proposed a fully
automated system for quantifying knee BML using MRI in the Osteoarthritis Initiative
cohort. In this approach, BML was automatically detected using mathematical morphology
operators and filtering to remove unrelated structures. They achieved DSC values of 0.4-0.6.
In recent years, deep learning has become the dominant paradigm for medical image seg-
mentation due to its ability to learn hierarchical feature representations directly from data.
Transformer-based methods (e.g., TransUNet or Vision Transformers) [19,20] and other
emerging architectures, such as Mamba-based state-space models [21] and diffusion-based
generative models [22], have also demonstrated strong performance in general medical
image segmentation tasks. However, in the context of BML segmentation, convolutional
neural network (CNN)-based methods remain the predominant and most extensively
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studied approach in the existing literature, largely due to their robustness in limited-data
settings and their effectiveness in capturing fine-grained spatial details. One of the most
successful CNN-based architectures is the U-Net proposed by Ronneberger et al. [23].
U-Net is a symmetric U-shaped encoder-decoder framework with skip connections that
preserve spatial detail while capturing high-level semantics. Its significance lies in its spe-
cialization for image segmentation and its ability to achieve accurate, efficient segmentation.
In 2024, Ponnusamy et al. proposed a fully automated segmentation approach using a
deep learning method on a dataset of 300 subjects [24]. In this paper, the authors proposed
a U-Net + InceptionResNetV2 model that has achieved a Pearson correlation coefficient
of 0.98, a 2D Dice similarity coefficient (DSC) of 0.68, and a 3D DSC of 0.60. Stirling et al.
proposed an approach for automated detection and segmentation of bone and traumatic
BML from MRI [25]. This approach addresses the labor-intensive manual assessment of
BMLs by using a 3D U-Net with morphological post-processing. They achieved a DSC of
0.76 (£0.13). In all these approaches, whole images are used as input to the U-Net, which
has notable limitations for BML segmentation. Since lesions are often small and irregularly
shaped, downsampling operations in the encoder can dilute or completely lose these fine
details, reducing sensitivity to subtle lesions. Moreover, when the lesion occupies only
a very small portion of the image, the overwhelming background context can bias the
network toward missed detections.

Multi-scale, dual-stream, and patch-aware architectures [26,27] have been explored
in medical image segmentation to improve the integration of local and global contextual
information. These approaches often combine whole-image representations with patch-
level or multi-resolution features to enhance segmentation performance, particularly for
small targets. However, such architectures have not been investigated in the context
of BML segmentation. To address the limitations of using images solely as inputs, this
study proposed a hybrid deep learning model that fuses image and patch features for
fully automated segmentation of BML. By incorporating patch-level information alongside
the whole image, the model can capture local context and fine-grained texture patterns,
improving sensitivity to subtle lesions while preserving global information and overall
bone structure. The rest of the paper is organized as follows: in Section 2, we describe the
dataset and discuss the hybrid deep learning model. Section 3 presents the experiment
setup and results. The comparison of the proposed method with several other state-of-the-
art methods is also included in Section 3. In Section 4, we discuss the contributions and
limitations. Section 5 concludes the work.

2. Materials and Methods
2.1. Dataset

The dataset employed in this study is sourced from the publicly available Osteoarthritis
Initiative (OAI) database [28]. OAI is a multi-center longitudinal cohort sponsored by the
National Institutes of Health and private partners. Established to discover biomarkers
for knee OA onset and progression, OAI recruited 4796 adults (ages 45-79 years) with or
at elevated risk for symptomatic knee OA across multiple clinical centers. The initiative
collected a comprehensive public dataset featuring serial MRIs and radiographs, making it
a premier resource for musculoskeletal research. Multiple MRI sequences were obtained,
including a sagittal intermediate-weighted turbo spin-echo with fat suppression (IWFS).
All study procedures were approved by the institutional review boards of the coordinating
and participating clinical centers. Written informed consent was obtained from every
participant.

In this study, we used MRI scans of 300 participants’ knees from the public OAI
dataset. The IWFS sequence was chosen for analysis as it provides enhanced sensitivity for
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visualizing subchondral BMLs, offering optimal clarity in both their size and morphological
appearance. The BML ground truth was labeled using validated semi-automated software
by trained readers [29]. All BML segmentation results were reviewed for quality by a
second reader and adjusted when necessary. Our reader had good intra-reader reliability
among 20 knees measured twice with >48 h between readings: Intraclass Correlation
Coefficient (ICC) of 0.98 for baseline BML volume. Subsequently, all INFS images were
preprocessed by resizing them to a uniform 448 x 448 pixels and normalizing the intensity
values to a consistent range of 0-255. Furthermore, Contrast Limited Adaptive Histogram
Equalization (CLAHE) [30] was applied to locally enhance contrast, thereby making subtle
structures such as lesions more visible. Finally, a Gaussian blur filter was used to reduce
small-scale noise and smooth the image while preserving important structural edges. These
preprocessing steps produce images that are both clearer and more consistent, making
them suitable for training a segmentation model. Alternative preprocessing strategies
were also explored during preliminary experiments; however, the selected combination
of CLAHE and Gaussian filtering provided stable and consistent performance and was
therefore adopted in the final pipeline.

The dataset was divided into 70% training (210 participants), 15% validation (45 par-
ticipants), and 15% test (45 participants). Only those slices containing visible BMLs were
included. In total, 1034, 194, and 209 images with BMLs were used in training, validation,
and testing, respectively. No slices from the same participant appeared across training,
validation, and testing, ensuring a fully participant-disjoint evaluation and preventing
data leakage.

2.2. Model Architecture

To combine both the image and the patches of the image for segmentation, we propose
a segmentation model that contains two branches: one branch takes the image as input
and adopts a pretrained InceptionResNetV2 as the encoder for the image; the other branch
extracts patches from the image, and a patch encoder path is built to capture localized
contextual cues from patches. The outputs of the image encoder path and patch encoder
path are concatenated and passed to the upsampling decoder path. The model architecture
is shown in Figure 1.
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Figure 1. The proposed hybrid segmentation model architecture.
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The encoder path of the image branch and the decoder path in our proposed model
architecture are built on the model introduced by Ponnusamy et al. [24]. For complete-
ness, we briefly summarize the key components relevant to our work. The image encoder
path consists of four convolutional blocks, each with two 3 x 3 convolution layers. The
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encoder and bottleneck layers use InceptionResNetV2, a 164-layer network pretrained
on more than a million images from the ImageNet database. The pretrained Inception-
ResNetV2 model requires a three-channel (red, green, blue) input with a dimension of
448 x 448 x 3 pixels; therefore, the input images were converted from a single-channel
grayscale MRI scan to a three-channel image by replicating the single channel across all
three RGB channels. The decoder path also contains four convolutional blocks. Each
decoder block has a 2 x 2 transposed convolution layer, followed by a concatenation layer
that combines the encoder-extracted feature maps, and then a convolution block with
two 3 x 3 convolution layers. The final layeris a 1 x 1 convolutional layer that outputs a
binary image as the lesion segmentation result. For details of encoder and decoder blocks,
please refer to the original work [24].

In this work, we extended the architecture in [24] by adding a patch branch in the
encoder path. In the patch branch, patches of 112 x 112 pixels were extracted from a
448 x 448 image using a non-overlapping sliding window (stride = 112), with a patch
dimension of 112 x 112 x 3, where 3 is the number of channels (red, green, blue). Each
112 x 112 x 3 patch was passed through a patch encoder block (Figure 2), which had an
InceptionResNetV2 encoder that progressively downsampled the spatial resolution while
increasing the channel depth. The encoder within this patch branch utilized intermediate
feature activations from progressively deeper layers of the InceptionResNet architecture.
Specifically, feature maps were extracted from three successive downsampling stages of
the encoder, with spatial resolutions of 56 x 56 x 32, 28 x 28 x 80, and 14 x 14 x 256,
respectively. From the 14 x 14 x 256 representation, an AveragePooling2D layer with
pool_size = 2 and strides = 2 was applied to obtain a 7 x 7 x 256 patch bottleneck.
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Figure 2. Architecture of the patch encoder in our hybrid model.

This average pooling step was intentionally used instead of an additional inception
block to achieve a smooth spatial reduction without increasing network complexity. More
importantly, pooling to a 7 x 7 resolution ensured that when the 16 patch embeddings
(arranged in a 4 x 4 grid) were folded back, the resulting feature map became 28 x 28 x 256,
which closely aligned with the 28 x 28 x 288 bottleneck feature map of the full-image
InceptionResNetV2 encoder path.

The patch-based feature map (28 x 28 x 256) was then fused with the bottleneck
feature map produced by the image-branch InceptionResNetV2 encoder (28 x 28 x 288). Fi-
nally, the fused representation was refined using a Squeeze-and-Excitation (SE) module [31]
to activate the effective channels and suppress the less useful ones.

2.3. Loss Function

The loss function is identical to that of Ponnusamy et al. [24], defined as
Loss = Lpce + Lpice 1
where Lpcr and Lp,., denote binary cross-entropy loss and Dice loss, respectively. Please

refer to work [24] for details.
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3. Experiment and Results
3.1. Experiment Setup

We conducted all experiments using the TensorFlow framework, and model training
was performed on a single-core NVIDIA H100 GPU with 70 GB of memory. In this ex-
periment, we utilized the Adam optimizer with a learning rate of 0.001. All models were
trained for 100 epochs with a batch size of 32, which is the maximum physical batch size
supported by our single-GPU hardware. A dropout rate with a ratio of 0.3 was used to
prevent the network from overfitting during training. The training process was halted if
validation accuracy failed to improve after a certain number of epochs. To ensure a fair
comparison, all baseline models, including U-Net [17], U-Net + EfficientNetB7 [32], Sharp
U-Net [33], U-Net + ResNet-34 [34], and U-Net + InceptionResNetV2 [24], were reimple-
mented and trained from scratch on the same dataset splits described in Section 2.1 using
the same GPU hardware (NVIDIA H100). For each baseline model, the hyperparameters,
including learning rate, optimizer, and dropout rate, were configured according to the
settings reported in their respective original publications to preserve the intended design
of each architecture. All models were evaluated on the identical test set using the metrics
described in Section 3.2.

Due to GPU memory constraints, it was not feasible to train our model with a physical
batch size of 64. To enable a fair comparison with the results reported in [24], we adopted
a gradient accumulation-based batch processing strategy to simulate a batch size of 64
without exceeding GPU memory limits. Specifically, the model processed 8 images at a time
(physical batch size = 8), computed the gradients for each mini-batch, and accumulated
them over 8 steps before performing a single optimizer update. During each step, the loss
was scaled by the number of accumulation steps to pre-average the gradients, ensuring
that the accumulated gradient was mathematically equivalent to the average gradient
computed from a true batch of 64 images. After 8 such steps, the Adam optimizer applied
the accumulated gradient to update the model weights. In addition, the data pipeline was
configured to load data batch-wise on the fly rather than loading the entire dataset into
memory, further reducing memory usage.

The implementation of the proposed framework, including model architecture, train-
ing protocols, and data preprocessing, is publicly available at: https://github.com/
Sowjanya2502 /Bone-Marrow-Lesions-Segmentations-on-MRI-Using-Deep-Learning (ac-
cessed on 1 June 2026).

3.2. Evaluation Metrics

To evaluate the performance of the proposed model and validate its segmentation
accuracy, we used the following metrics: 2D and 3D Dice Similarity Coefficients (DSC),
Intersection over Union (IoU), Pearson correlation coefficient (r), precision, and sensitivity.

The 2D DSC is the most used metric in medical image segmentation tasks. It quantifies
the per-slice spatial overlap between the predicted lesion regions and the manually anno-
tated ground truth masks. The 2D DSC score ranges from 0 to 1, where 1 indicates perfect
overlap, and 0 signifies no overlap. The 2D Dice formula is provided below, where true
positive (TP) is the number of pixels correctly predicted as positive, false positive (FP) is the
number of pixels incorrectly classified as positive, and false negative (FN) is the number of
pixels incorrectly predicted as negative.

2TP

2D Dice = —— -+ 2
= OTPYFP+EN @
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The 3D DSC was proposed by Ponnusamy et al. [24] to evaluate volumetric overlap
and volume-based segmentation accuracy at the subject level. The formula for 3D DSC is

listed below. .
2y 41X N Y

izt [ Xil + Xy Vil

where X is the predicted BML mask of slice i of a subject and Y; is the corresponding

3D Dice = 3)

ground truth of slice 7, with the slice number starting from i = 1 to n, where # is the total
number of slices with BML for that subject, and | X | means the total number of non-zero
pixels in image X [24].

IoU is another common metric for evaluating segmentation models. It measures the
overlap between the predicted segmentation map and the ground-truth mask. A higher
IoU value indicates greater overlap between the two, reflecting stronger similarity and
more accurate segmentation performance. The IoU formula is listed below.

TP

ToU= — -
U= 5 T FPrEN

(4)

The Pearson correlation coefficient (r) is used to assess the linear relationship between
the volumes of BMLs from segmentation results and ground truth masks, reflecting how
well the volumes of BMLs across the two sequences align. The volume of BML is computed
at the patient level by adding all the BML pixels from all slices in the 3D scan. A value of
1 represents a perfect positive correlation, —1 means a perfect negative correlation, and 0
indicates no linear correlation. The formula for calculating r is given in Equation (5) below.

Y[ = @] iy - o]

In Formula (5), n is the number of subjects in the testing data set, x denotes the BML
volume produced by the deep learning model, and y denotes the ground truth of the BML
volume [24].

Precision indicates the fraction of predicted lesion pixels that are truly lesion pixels. It
is calculated as the ratio of correctly predicted target pixels to the total number of target
pixels classified in the prediction. The formula is provided in Equation (6).

.. TP
Precision = TP L EP (6)

Sensitivity measures the proportion of actual lesion pixels correctly predicted. A
higher sensitivity value indicates fewer missed detections and better coverage of the actual
target regions. The formula is given in Equation (7).

TP

Sensitivity = m

)

3.3. Results

With a physical batch size of 32—the maximum physical batch size supported by
our single-GPU hardware—our hybrid model achieved a 2D Dice similarity of 0.68, 3D
DSC of 0.62, IoU of 0.51, a Pearson correlation coefficient of 0.85, a precision of 0.76, and
a sensitivity of 0.62. We compared our method with several other segmentation models,
including U-Net [17], U-Net + EfficientNetB7 [32], Sharp U-Net [33], U-Net + Resnet-34 [34],
and U-Net + InceptionResNetV2 [24]. All the models were trained, validated, and tested
on the same training, validation, and testing sets specified in Section 2.1. The batch size
used for all the models was 32. The comparison result is summarized in Table 1.
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Table 1. Comparing the proposed BML segmentation model with other deep learning models using
the same dataset and batch size = 32.

Model 2D DSC 3D DSC IoU r Precision  Sensitivity
U-Net [17] 0.52 0.51 029 058 0.52 0.32
U-Net + EfficientNetB7 [32] 0.54 0.50 030 073 0.73 0.46
Sharp U-Net [33] 0.55 0.52 038 071 0.74 0.44
U-Net + Resnet-34 [34] 0.61 0.56 039 073 0.60 0.42
U-Net + InceptionResNetV2 [24] 0.63 0.60 044 076 0.78 0.50
The proposed hybrid model 0.68 0.62 051 0.85 0.76 0.62

Overall, the proposed hybrid model consistently outperformed other segmentation
models across 2D DSC, 3D DSC, IoU, r, and sensitivity, with only a minor reduction in
precision compared to the model used in [24]. To ensure a fair comparison with the results
reported in [24], which used a batch size of 64, we also trained our model using a gradient
accumulation-based batch processing strategy to effectively simulate a batch size of 64
without exceeding GPU memory limits. The comparison results are shown in Table 2 for
a batch size of 64. For comparison, we also computed the metrics IoU, specificity, and
sensitivity for the model in [24], though the original paper [24] did not report results for
those metrics.

Table 2. Comparing U-Net + InceptionResNetV2 model [24] with the proposed hybrid model using a
batch size = 64.

Model 2D DSC 3D DSC r IoU Precision Sensitivity
U-Net + InceptionResNetV2 [24] 0.68 0.60 098 046 0.77 0.53
Proposed hybrid model 0.63 0.65 0.98 048 0.75 0.6

As shown in Table 2, with an effective batch size of 64, the proposed hybrid model
achieved a 2D DSC of 0.63, 3D DSC of 0.65, volume correlation of r = 0.98, IoU of 0.48,
precision of 0.75, and sensitivity of 0.6. Compared to the U-Net + InceptionResNetV2
model in [24], our model achieved lower 2D Dice and precision but improved 3D Dice, IoU,
and sensitivity, while maintaining the same strong Pearson correlation with ground-truth
lesion volume.

Since the proposed hybrid model integrates image patches, we also tested how patch
size selection affects BML segmentation. The result is summarized in Table 3, which shows
that with a batch size of 32, a patch size of 112 x 112 yields better results across all metrics
than other patch sizes.

Table 3. BML segmentation result of the proposed hybrid approach using different patch sizes with a
batch size of 32.

Patch Size 2D DSC 3D DSC IoU r Precision Sensitivity
28 x 28 0.63 0.53 0.47 0.72 0.68 0.62
56 x 56 0.63 0.58 0.47 0.76 0.59 0.59
112 x 112 0.68 0.62 0.51 0.85 0.76 0.62
224 x 224 0.61 0.52 0.45 0.69 0.60 0.45
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To evaluate the individual contribution of each component in the proposed hybrid
model, we conducted an ablation study by systematically removing one module at a
time while keeping all other training conditions identical (batch size = 32). The ablation
configurations include: (1) the baseline U-Net + InceptionResNetV2 model from [24], which
uses only the image stream without the patch stream or the SE module; (2) the image stream
with the SE module but without the patch stream; (3) the image stream with the patch
stream but without the SE module; and (4) the full proposed hybrid model with the image
stream, patch stream and the SE module. The results are summarized in Table 4.

Table 4. Ablation study of the proposed hybrid model components with batch size = 32.

Configuration 2D DSC 3D DSC IoU r Precision  Sensitivity
U-Net +
TnceptionResNetV?2 [24] 0.63 0.60 044 076 0.78 0.50
Image Stream + SE 0.60 0.62 049 078 0.76 0.58
Image Stream + Patch Stream 0.65 0.60 0.46  0.80 0.76 0.56
The proposed hybrid model 0.68 0.62 051 0.85 0.76 0.62

The ablation study demonstrates that both the patch stream and the SE module con-
tribute positively to the performance of the proposed hybrid model. Compared with the
baseline U-Net + InceptionResNetV2 model [24], adding the SE module improved 3D DSC
(0.60 — 0.62), IoU (0.44 — 0.49), r (0.76 — 0.78), and sensitivity (0.50 — 0.58), although
the 2D DSC and precision slightly decreased. Adding the patch stream improved 2D DSC
(0.63 — 0.65), IoU (0.44 — 0.46), r (0.76 — 0.80) and sensitivity (0.50 — 0.56), indicating that
the patch-based features enhanced segmentation and correlation performance. The pro-
posed hybrid model, which combines both the patch stream and the SE module, achieved
the best overall performance across most evaluation metrics, including the highest 2D DSC
(0.68), 3D DSC (0.62), IoU (0.51), r (0.85), and sensitivity (0.62). These results suggest that
the SE module and patch stream provide complementary benefits, and their integration
leads to more accurate segmentation performance.

To assess the computational cost of the proposed hybrid model, we compared it with
all baseline models in terms of total number of parameters, giga floating-point operations
(GFLOPs), and average inference time per image. All models were evaluated under the
same hardware conditions using a single NVIDIA H100 GPU. The results are summarized
in Table 5. As shown in Table 5, the proposed hybrid model has 39.20 M parameters and
210.73 GFLOPs, representing an increase of approximately 6.5% in parameters and 6.2% in
GFLOPs compared to the U-Net + InceptionResNetV2 baseline [24]. The average inference
time is 236.72 ms per image, approximately 30% slower than baseline. This additional cost
is primarily attributable to the patch encoder branch, which processes 16 patches per image
through a separate InceptionResNetV2 encoder, as well as the inclusion of the SE module.
Overall, these results indicate a moderate increase in computational overhead associated
with the proposed dual-branch design. This additional computational cost reflects the
trade-off between improved feature representation (i.e., combining global structural context
with fine-grained patch-level information) and efficiency. While the current implementation
is not optimized for real-time inference, it may be more appropriate for scenarios where
offline processing is feasible and accuracy is prioritized. Further optimization would be
required for time-sensitive clinical deployment.
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Table 5. Computational cost comparison of segmentation models.

Model Parameters (M) GFLOPs Inference Time (ms)
U-Net [17] 0.48 14.24 9.32
U-Net + EfficientNetB7 [32] 10.85 168.08 102.41
Sharp U-Net [33] 7.76 74.23 13.66
U-Net + Resnet-34 [34] 24.44 46.05 39.44
U-Net + InceptionResNetV2 [24] 36.79 198.43 182.00
The proposed hybrid model 39.20 210.73 236.72

Beyond quantitative evaluation, Figure 3 presents qualitative segmentation results
from the proposed hybrid model for some sample images in the test set that had a high Dice
score. The proposed model effectively delineated lesion boundaries across diverse cases,
including small lesions, multiple lesions in different locations, and large contiguous lesions.

Dice Score = 0.76 Ground Truth Predicted

Ground Truth Predicted

Ground Truth Predicted

Figure 3. Sample MRI scan, their BML ground truth mask, and their BML segmentation result
generated by the proposed hybrid model, showing cases with high Dice score.
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3.4. Statistical Evaluation and Stability Analysis

To assess the robustness of the reported improvements, we conducted one-sided f-tests
comparing the proposed hybrid model against the best-performing baseline model (U-Net
+ InceptionResNetV2 [24]) (batch size = 32). The null hypothesis states that the mean paired
difference between the proposed model and the baseline (proposed-baseline) is less than
or equal to zero. The analysis was performed using 209 images from 45 participants in
the test set, with 95% confidence intervals (Cls) and statistical significance evaluated at
o = 0.05. The results are summarized in Table 6. In Table 6, “Mean” denotes the average
performance of the proposed model across all evaluated samples, while “SD” represents the
corresponding standard deviation, reflecting performance variability. The 95% CI indicates
the estimated range within which the true mean performance is expected to lie with 95%
confidence. “Threshold” refers to the corresponding baseline performance obtained from
U-Net + InceptionResNetV2 [24], used as the reference for statistical comparison. p-values
were not reported for r because r was computed as a single dataset-level statistic rather
than a per-subject metric. Consequently, no sample distribution of r values was available
for statistical comparison.

Table 6. Statistical significance analysis of the proposed model against U-Net + InceptionRes-
NetV2 [24] baseline.

Metric Mean SD 95% CI Threshold p-Value
IoU 0.45 0.24 [0.4188, 0.4875] 0.44 0.23
Precision 0.74 0.2 [0.7117, 0.7982] 0.78 0.58
Sensitivity 0.60 0.3 [0.5474, 0.6404] 0.50 0.0004
2D DSC 0.67 0.27 [0.637, 0.715] 0.63 0.009
3D DSC 0.62 0.15 [0.5755, 0.6801] 0.60 0.02

The proposed model shows statistically significant improvements in sensitivity
(p = 0.0004), 2D DSC (p = 0.009), and 3D DSC (p = 0.02), all below the significance thresh-
old. IoU yielded a p-value of 0.23, indicating that the observed improvement in the mean
over the baseline was not statistically significant. In addition, although the precision of
the proposed model is lower than the baseline, no statistically significant difference was
observed (p = 0.58). The 95% confidence intervals for sensitivity and 2D DSC lie entirely
above their corresponding baseline thresholds, indicating consistent improvement over
baseline performance across the evaluated samples. Although the mean 3D DSC exceeds
the baseline threshold and achieves statistical significance (p = 0.02), its confidence interval
slightly overlaps the baseline threshold, suggesting less consistent improvement across sub-
jects. Similarly, IoU and precision also exhibit overlapping confidence intervals with their
baseline thresholds, indicating greater variability in performance. These results suggest
that the proposed model improves lesion detection sensitivity and overall segmentation
performance. Figure 4 illustrates the distribution of p-values across metrics, showing that
sensitivity, 2D Dice, and 3D Dice fall below the significance threshold (x = 0.05), while IoU
and precision are not statistically significant.

To further evaluate the stability and reproducibility of the proposed model, five
independent training runs were conducted using different random weight initializations
under identical experimental settings. Table 7 summarizes the results of each run together
with the mean and standard deviation for all evaluation metrics. The standard deviations
across all metrics remained below 0.05, indicating that the proposed model produces stable
and consistent performance across repeated runs and that the reported improvements are
not dependent on a single training instance.
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One-sided t-test p-values (H:: mean > threshold)
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Figure 4. One-sided paired t-test p-values for each metric comparing the proposed model against
U-Net + InceptionResNetV2 [24]. The dashed red line indicates the significance threshold (o = 0.05).

Table 7. Performance stability across five repeated runs (mean =+ SD).

Metric Runl Run2 Run3 Run4 Run5 Mean + SD
IoU 0.45 0.43 0.51 0.44 0.53 0.472 + 0.045
Precision 0.73 0.70 0.76 0.64 0.73 0.712 + 0.045
Sensitivity 0.60 0.55 0.62 0.59 0.65 0.602 £+ 0.037
2D DSC 0.62 0.66 0.68 0.59 0.69 0.648 £+ 0.042
3D DSC 0.55 0.61 0.62 0.55 0.63 0.592 £+ 0.039

4. Discussions

In this study, we propose a hybrid deep learning model that fuses the entire image and
its patches for BML segmentation. The motivation behind this hybrid design stems from
the limitations of using either whole-image input or image patches. While the U-Net on
full images captures global context and anatomical structure, it often struggles to segment
subtle or small lesions due to low contrast and texture similarity with surrounding regions.
On the other hand, using only cropped patches can capture local details but lose global
spatial context. To address these deficiencies, our model integrates whole-image features
with patch-level features, enabling it to leverage both global context and fine-grained
local information simultaneously. This fully automated approach eliminates the need to
explicitly crop regions containing BML, as the hybrid model processes the entire image
along with its patches for segmentation.

We have compared our hybrid deep learning model with other deep learning models
for image segmentation. These methods include the U-Net model [17], U-Net + Efficient-
NetB7 [32], Sharp U-Net [33], U-Net + ResNet-34 [34], and U-Net + InceptionResNetV2 [24].
As shown in Table 1, with a batch size of 32, the proposed hybrid model outperformed
other models across almost all evaluated metrics. There are two potential reasons for this
improvement. First, the patch stream explicitly encourages the network to focus on smaller
subregions, making it more sensitive to fine-grained lesion details such as subtle texture
and contrast variations that might be overlooked by the image branch. Second, the image
stream provides broader contextual information that counterbalances the patch stream,
which might otherwise focus too narrowly on small, noisy regions.
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We also conducted error analysis, where we examined the 2D Dice score for each
individual image in the test set, the original image, and its ground truth mask to understand
the potential reasons for images with low 2D Dice score. Out of all images in the test set,
about 73% of the images had a Dice score above or equal to 0.5, and about 27% of the
images had a Dice score below 0.5 (9 of them produced a Dice score of 0). For the 9 images
with a Dice score of 0, the lesions in the ground truth mask were extremely difficult to
distinguish, even with the naked eye, which potentially explains why the model failed
on those 9 images. For images with Dice scores below 0.5, the surrounding regions of
lesions showed contrast and texture patterns similar to those of lesions, possibly leading
to misclassification of pixels and inaccurate segmentation. To provide a more structured
characterization of failure modes, we identified two primary categories of errors, with
representative examples shown in Figure 5. The first category is false-positive prediction
in non-lesion marrow regions. As illustrated in the first row of Figure 5 (Dice = 0.30),
the model predicted lesion regions in areas where no BML was present in the ground
truth. In this case, the surrounding bone marrow exhibited contrast and texture patterns
similar to those of actual lesions, possibly causing the model to misclassify healthy tissue as
BML. This type of error is particularly common in regions adjacent to the articular surface,
where normal bone marrow signal heterogeneity can mimic lesion appearance. The second
category is under-segmentation of faint or small lesions. As shown in the second row of
Figure 5 (Dice = 0.64), the model captured the general location of the lesion but failed to
fully delineate its extent, resulting in a predicted mask that was noticeably smaller than the
ground truth. This occurs when lesion boundaries are indistinct due to low contrast with
surrounding tissue, possibly causing the model to conservatively segment only the most
prominent portion of the lesion while missing its peripheral regions.

Dice Score = 0.30 Ground Truth Predicted

Ground Truth Predicted

.

Figure 5. Sample MRI scan, their BML ground truth mask, and their BML segmentation result

generated by the proposed hybrid model, showing failure cases.

In the proposed hybrid model, using non-overlapping patches with a stride equal to
the patch size (112 pixels) was preferred over overlapping patches for two main reasons.
First, overlapping patches would substantially increase the number of patches per image,
thereby increasing the computational cost of the patch encoder branch, which already
accounts for most of the additional overhead in the hybrid model, as shown in Table 5.
Second, the fusion of patch-level features with the global image stream in the proposed
architecture helps mitigate any boundary discontinuity issue, as the image branch provides
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continuous spatial context across the entire image, compensating for any local information
loss at patch boundaries.

With a batch size of 32, we evaluated 2D and 3D DSC, as well as IoU, Pearson cor-
relation coefficient, precision, and sensitivity. Like higher 2D and 3D DSC in our model,
the IoU of the proposed hybrid model outperformed those of other models compared in
this study, further demonstrating that the proposed model was more effective at capturing
object boundaries. Our model also achieved the highest Pearson correlation coefficient
among all the models compared, indicating a strong volume-level correlation between the
segmentation result and the ground truth mask. As for precision, our model outperformed
all the other models but U-Net + InceptionResNetV2 in [24]. One potential reason is that
the proposed hybrid model might have captured local noise patterns from the patch branch,
leading to false-positive predictions. Moreover, our model achieved the highest sensitivity
score, indicating that it is less likely to miss parts of a lesion and more able to correctly
identify pixels within the lesion.

A result of DSC of 0.68 and Pearson correlation coefficient of 0.98 between BML
segmentation volume and ground truth volume on the same testing dataset, reported
in [24] using the U-Net + InceptionResNetV2 model, was achieved using a batch size of
64. With an effective batch size of 64, as shown in Table 2, our hybrid model has a slightly
lower 2D Dice score, indicating it is slightly less accurate on a slice-wise overlap basis.
However, it has a notable improvement in 3D Dice, compared with the model in [24]. This
indicates that, although slice-level agreement is not uniformly improved, the proposed
model more effectively captures the overall lesion burden across the full 3D volume. Since
3D Dice is computed by stacking predicted 2D masks into a full 3D volume per patient
and evaluating overlaps across the entire volume, it better reflects volumetric coherence
rather than local per-slice overlap. In addition, the identical r = 0.98 for both methods
further suggests that our model also preserves volume trends well, whereas its higher
3D DSC indicates improved volumetric agreement with the ground truth. Moreover, the
proposed hybrid model achieved a slightly higher IoU and greater sensitivity than the
model in [24], indicating superior spatial overlap and enhanced detection of lesion regions.
However, precision is marginally lower, which reflects a trade-off in which the model
favors higher sensitivity (reduced false negatives) at the cost of lower precision, leading to a
slight increase in false-positive predictions. Overall, these results suggest that the proposed
hybrid model prioritizes more consistent volumetric lesion characterization, even when
slice-wise overlap metrics are not uniformly superior.

The improved 3D Dice scores indicate better voxel-level agreement with manual
annotations, while the strong Pearson correlation between predicted and manual BML
volumes suggests that the proposed model can produce volumetric measurements that are
highly consistent with expert annotations. This is clinically important because BML volume
is considered a meaningful imaging biomarker in osteoarthritis and has been associated
with pain severity, disease progression, and cartilage degeneration [14,35]. More accurate
volumetric segmentation may therefore facilitate longitudinal monitoring of osteoarthritis
progression, assessment of treatment response, and biomarker-driven patient stratification
in clinical research and therapeutic trials [14,35].

This study has several limitations. First, all experiments were conducted exclusively
on the OAI dataset without external validation on independent cohorts. Although the OAI
dataset is a large, high-quality, and widely used resource, models trained and evaluated
on a single dataset may learn dataset-specific imaging characteristics, scanner-dependent
patterns, or annotation conventions that may not generalize to other clinical settings. There-
fore, the current results primarily demonstrate the effectiveness of the proposed framework
within the OAI cohort, and further validation on external multi-center datasets is needed
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to confirm its generalizability. Second, because the proposed framework combines both
patch-based and whole-image representations, it requires greater memory consumption
than architectures that rely solely on either image-based or patch-based inputs. Third, it
should be noted that while CLAHE and Gaussian filtering improved visual contrast and
training stability in our experiments, we did not perform a dedicated ablation study to
quantify the individual contribution of each preprocessing component. Therefore, their
exact impact on model performance cannot be fully isolated in the current study. Another
limitation of this study is that the model was trained and evaluated only on slices con-
taining visible BMLs, rather than on full volumetric scans that include lesion-free slices.
The last potential limitation is the inherent class imbalance between lesion and non-lesion
pixels. Although the use of 3D volumetric context helps mitigate this issue, it may still
influence performance in cases with very small or low-contrast lesions.

5. Conclusions

In this study, we introduce a hybrid deep learning model that combines images and
patches of each image for simultaneous image and patch feature extraction using U-Net
as the fundamental architecture and InceptionResNetV2 as the encoder. The proposed
approach, with a physical batch size of 32, achieved a 2D DSC of 0.68, a 3D DSC of 0.62,
an IoU of 0.51, a precision of 0.76, and a sensitivity of 0.62, with an r of 0.85 between
manual and automatic volume measurements. Using an effective batch size of 64 via
gradient accumulation, the model achieved a 2D DSC of 0.63, a 3D DSC of 0.65, an IoU
of 0.48, a precision of 0.75, and a sensitivity of 0.6, with an r of 0.98 between manual and
automatic volume measurements. This approach is fully automated and requires no human
involvement. Compared with existing deep learning models for image segmentation, the
proposed model achieved better overall performance across almost all evaluated metrics at
a batch size of 32. Using an effective batch size of 64, the proposed model demonstrated
improved 3D DSC, IoU, and sensitivity compared with the best-performing baseline model
proposed in [24], while r remained high at 0.98.

Future work will focus on improving computational efficiency and generalizability by
optimizing the model to reduce memory usage using cropped regions where BMLs are most
likely to occur, as well as by training and validating the framework on larger multi-center
datasets that include additional bone types and diverse imaging acquisition settings. In
addition, future studies will evaluate the model’s performance across different BML sizes,
particularly for smaller lesions. Another future direction is to replace the ImageNet pre-
trained InceptionResNetV2 with a domain-specific pretrained encoder, which may further
improve the model’s overall segmentation accuracy. Finally, exploring overlapping patch
strategies with reduced computational overhead, such as using shared-weight lightweight
encoders, remains a direction for future investigation.
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