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Abstract:

Objective: Osteonecrosis of the femoral head (ONFH) is a debilitating disorder that
frequently leads to hip joint dysfunction. Early and accurate diagnosis is crucial to improving
clinical outcomes. This study aimed to develop a magnetic resonance imaging (MRI)-based
detection model using the You Only Look Once (YOLO) deep learning framework for
automatic identification of early-stage ONFH, and to systematically evaluate how different
MRI modalities affect detection performance and their potential for clinical decision support.

Methods: We retrospectively collected MRI data from 253 ONFH patients across two
medical centers, including T1-weighted Imaging (T1WI) and T2-weighted Imaging (T2WI)

sequences. After standardized preprocessing, the dataset was partitioned into training,



validation, and test sets (7:1:2). Two sequential experiments were conducted. Experiment 1
compared six YOLO generations (v3, v5, v8, v10, v11, v13) using single-center T1WI data,
with precision (P), recall (R), mean average precision (mAP), and inference speed as primary
metrics. Experiment 2 applied the optimal model to single-modality (TIWI or T2WI) and
multimodal fused images from both centers, using the same metrics to quantify detection
efficacy and validate multicenter robustness.

Results: In Experiment 1, YOLO vl1 outperformed all other models, achieving a
mAP@0.5 of 0.966, a recall of 0.941, and a per-frame inference time of 4.9 ms. In
Experiment 2, the multimodal fusion input (TIWI+T2WI) yielded the highest performance
across all modalities, with a mAP@0.5 of 0.9637, a recall of 0.9388, and the fastest inference
time (3.0 ms), surpassing both TIWI (R=0.9159, 4.9 ms) and T2WI (R=0.9113, 6.0 ms) alone.

Conclusion: The proposed YOLO v11 model demonstrates excellent performance in
MRI-based ONFH detection, and the multimodal fusion strategy further improves both
diagnostic accuracy and computational efficiency. This approach addresses the dual clinical
requirements for high precision and real-time processing, offering a practical and objective

intelligent tool for early ONFH screening.

Novelty Statement: This study systematically benchmarks six YOLO generations for
MRI-based ONFH detection and demonstrates that early TIWI/T2WI channel fusion
improves both detection accuracy and computational efficiency. These findings provide a

practical reference for selecting real-time deep learning models in clinical ONFH screening.

Keywords: Osteonecrosis of the femoral head; deep learning; YOLO model



Introduction

Osteonecrosis of the femoral head (ONFH) is a prevalent and challenging orthopaedic
disorder that predominantly affects young and middle-aged adults, with a rising global
incidence!!*.Global epidemiological data indicate an annual incidence of 10 to 20 per
100,000 person-years, with the upward trend particularly pronounced in Asial*.Early
diagnosis is paramount for joint-salvage procedures, as delayed recognition often leads to

[5-81 Magnetic resonance

femoral head collapse and the eventual need for total hip arthroplasty
imaging (MRI), with its superior sensitivity to bone marrow edema and early ischemic
changes, has become the gold standard for early ONFH detection®!!. However, conventional
MRI interpretation remains subjective, time-consuming, and highly dependent on the
radiologist’s experience, resulting in considerable interobserver variability and a notable risk

of missing subtle lesions !Z!

. These limitations underscore an urgent clinical need for
automated, objective, and efficient diagnostic support tools.

Recent advances in deep learning-based object detection have opened new avenues for
medical image analysis. Single-stage detectors, particularly the YOLO (You Only Look Once)
series, have gained traction due to their end-to-end architecture and real-time inference
capabilities, demonstrating strong performance in diverse tasks including orthopaedic
abnormality detection, thyroid nodule identification, and pulmonary nodule screening!!'*-1¢,
For instance, YOLO v10 has been applied to detect early-stage ONFH on radiographs,
achieving area under the curve (AUC) values of 0.93-0.94'7); YOLO v8 has also been used to
quantify empty lacunae in histological sections of ONFH!#! Despite these promising
applications, no study has systematically benchmarked different YOLO versions for ONFH
detection on MRI, nor has the potential benefit of multimodal MRI fusion been explored in
this context. In clinical practice, ONFH evaluation typically requires combined assessment of
T1-weighted Imaging (TIWI) and Tl-weighted Imaging (T2WI) images, which provide
complementary information—T1WI delineates anatomic structure and necrotic margins,
while T2WI is highly sensitive to edema and inflammatory changes!® ). Multimodal fusion
has proven advantageous in other oncological imaging settings!?*-?!, but its utility in ONFH
detection remains unknown.

Given the complementary nature of multimodal MRI and the powerful feature extraction
capabilities of deep learning, integrating these technologies holds promise for enhancing

diagnostic accuracy and efficiency. We therefore hypothesized that a YOLO-based model,

when trained on fused TIWI and T2WI inputs, would achieve superior performance over



single-modality approaches for early ONFH detection. To test this, we conducted a systematic
comparison of six YOLO generations and rigorously evaluated the impact of input modality
on detection outcomes.
1 Materials and Methods

This retrospective study received ethical approval from the institutional review boards of
Center 1 (The Second Affiliated Hospital of Inner Mongolia Medical University, No.
EFY20260014) and Center 2 (Zhengzhou Hospital of Traditional Chinese Medicine for
Orthopaedics and Traumatology, No. IECPJ2024120801). Informed consent was waived
because all personally identifiable information was removed from the MRI data prior to
analysis.
1.1 Study Population

Participants were recruited from two centers. Center 1 contributed patients who
underwent hip MRI between January 1, 2015, and October 1, 2024; Center 2 provided data
from patients examined between November 1, 2018, and June 1, 2020. All MRI studies and
corresponding radiology reports were independently reviewed by experienced
musculoskeletal radiologists to confirm data accuracy.
1.2 Inclusion and Exclusion Criteria
1.2.1 Inclusion Criteria

(1) MRI-based diagnosis of ONFH.

(2) Intact femoral head contour on MRI (ARCO stage < IIIA, i.e., pre-collapse).

(3) Radiographic evidence of skeletal maturity.

(4) Absence of other hip joint pathologies (e.g., femoroacetabular impingement,
dysplasia) on imaging.

(5) Complete imaging data.
1.2.2 Exclusion Criteria

(1) Altered femoral head contour (ARCO stage > I1IB).

(2) Osteoarthritis (ARCO stage V).

(3) Prior hip surgery.

(4) Poor image quality (severe artifacts, low signal-to-noise ratio) or missing sequences.

The participant selection workflow is illustrated in Figure 1.



Patients with MRI-confirmed ONFH at Patients with MRI-confirmed ONFH at
Center 1 (Jan 2015-Oct 2024, N=389) Center 2 (Nov 2018-Jun 2020, N=102)

Exclusion criteria (N=224+14)

(1) Femoral head collapse (ARCO stage 111B)

(2) Progression to osteoarthritis (ARCO stage 1V)
(3) Prior hip surgery

(4) Poor-quality hip MRI (significant artifacts.
low SNR) or missing sequences of interest

Eligible early-stage ONFH patients (N=165+88)
Including: unilateral ONFH only (control group,
N=40+14) and normal controls (N=86+11)

Longitudinal comparison of Cross-sectional comparison of
YOLO-series models for ONFH imaging modalities based on the
detection (Center 1 TIWI data) optimal model (Center 2 data)
Slice-level random split into Slice-level random split by
training, validation, and test sets modality into training, validation,
ataratio of 7:1:2 and test sets at a ratio of 7:1:2

Figure 1 Flowchart of the selection and analysis process for this study

1.3 MRI Acquisition

Scanners varied across centers: Center 1 used a 3.0T Siemens Skyra, a 1.5T Philips
Ingenia, and a 1.5T GE MR scanner; Center 2 used a 3.0T Siemens Skyra. Both TIWI and
T2WI sequences were acquired for each participant, and all images were stored in DICOM
format.

1.4 Annotation and Preprocessing

The femoral head was defined as the region of interest. Three radiologists manually
annotated TIWI and T2WI images using Labelme software. After removing identifiers,
images were converted to PNG format with a standardized naming scheme.

Two annotation classes were defined: Normal (regular morphology, uniform signal) and
Abnormal (ONFH lesions, featuring geographic hypointense bands, bone marrow edema, or
cystic changes consistent with ARCO stages I-II and pre-collapse I11A).

Annotation proceeded slice-by-slice on TIWI, saved as JSON files; the same lesions
were then manually segmented on corresponding T2WI slices. All annotations were reviewed
and validated by two senior orthopaedic specialists (>5 years of experience in musculoskeletal
imaging), with discrepancies resolved by consensus.

The validated JSON files were converted to YOLO-format TXT files, with class mapping:

0 = normal, 1 = abnormal. Using Python (labelme, cv2), polygon vertex coordinates were



extracted to compute the minimum bounding box (top-left x1,yl; bottom-right x2,y2).

Normalized center coordinates (X center, y center) and dimensions (w, h) were calculated as:

X1+X2
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where Wimg and Himg are image width and height. The dataset was randomly split into
training, validation, and test sets (7:1:2), preserving class proportions. A final verification step
confirmed image-annotation matching, parameter validity, and class-ID consistency;
ambiguous samples were excluded.
1.5 YOLO Model Selection Rationale

The YOLO family has evolved considerably since its inception. To provide a
comprehensive benchmark, we selected six representative models (v3, v5, v8, v10, vl1, v13)
that span major architectural innovations. Table 1 summarizes their core features. Notably,
YOLO vl11 incorporates a lightweight CSPDarknet-27 backbone, C3K2 modules with
dynamic convolution, and a C2PSA position-sensitive attention mechanism, which are
particularly suited for detecting small lesions on edge devices—a key consideration for
clinical deployment. The inclusion of v13, despite its higher computational cost, allowed us to
assess the upper bound of localization precision (mAP@.5:.95).

Table 1. Core Architectural Features of the YOLO Models Evaluated in This Study

Applicable
Core Architectural
Model Core Design Philosophy  Primary Advantages Scenarios /
Features
Characteristics
Darknet-53  backbone; Single-stage  detection Excellent balance of
Suitable for
multi-scale  detection; framework;  improves speed and accuracy;
YOLO general-purpose
residual connections for detection accuracy across significantly improved
v3 _ _ real-time object
enhanced feature varying object sizes via small-object detection )
detection.
extraction. multi-scale fusion while over predecessors;



YOLO
v5

YOLO
v8

YOLO
v10

YOLO
vll

One-stage detection
framework  with  an
improved

Backbone-Neck-Head
architecture; supports

end-to-end training.

Improved
CSPDarknet-53
backbone; PAN-FPN

neck; anchor-free head;
supports  multi-tasking
(detection, segmentation,

pose estimation).

Further optimized feature
extraction and
multi-scale fusion over

YOLOVS; improved

residual modules in
backbone; enhanced
feature fusion in neck;
dynamic label
assignment.

Lightweight  backbone

(CSPDarknet-27);

improved neck feature
fusion; adaptive feature
enhancement modules;

supports dynamic

maintaining  real-time

performance.

Emphasizes engineering
robustness and ease of
use; balances lightweight
high

design with

performance while
improving training and

deployment efficiency.

Pursues higher detection

accuracy and speed;

simplifies detection
pipeline via anchor-free
design while enhancing

multi-task capabilities.

Focuses on  feature

representation  stability
and model convergence;
improves  localization
robustness through
architectural and training
strategy optimization.

Focuses on extreme
lightweighting and
edge-device deployment;
balances accuracy and
speed through dynamic

inference and feature

simple and deployable

architecture.

Mature training
pipeline; fast
inference;  extensive
ecosystem;  supports
dynamic anchor
adjustment and
adaptive image
scaling; easy to

transfer and deploy.

Outperforms YOLOVS
in both accuracy and
speed; unified
framework for multiple
tasks; mature training
and deployment
ecosystem; compatible
with diverse hardware

platforms.

Maintains lightweight
characteristics ~ while
improving localization

accuracy and detection

robustness; stable
training process;
superior performance

in complex scenes.

Smaller model size;

faster inference;
significantly improved
deployment efficiency
on edge devices while

maintaining high

Suitable for rapid

construction of
baseline  detection
models; applicable
to scenarios
requiring high
real-time

performance  and
stability.

Suitable for

scenarios requiring
high-precision

real-time detection.

Suitable for tasks
requiring a balance
between model size
and detection

accuracy.

Optimally suited for
medical  imaging
scenarios (e.g.,
lesion detection on
radiographs, fundus

lesion recognition)



inference mechanism. enhancement. detection accuracy. and edge computing

environments with

limited
computational
resources.
Potential advantages in
Prioritizes  localization high-precision Applicable

Further enhanced feature accuracy under stringent localization; superior applications  with

YOLO representation and IoU conditions through detection performance stringent
vl3 regression quality over improved feature for small and dense requirements
previous versions. expression and objects; suitable for object boundary
regression capabilities. fine-grained detection localization.
tasks.

1.6 Experimental Design
1.6.1 Experiment 1: Benchmarking YOLO Generations

Dataset: Center 1 TIWI data only. After screening, 251 participants (165 ONFH, 86
normal) yielded 1,889 images. Stratified split: training (1,322), validation (188), test (379)
slices.

Procedure: Six YOLO models were trained with identical hyperparameters and
preprocessing on the same dataset, and evaluated on the common test set.

1.6.2 Experiment 2: Modality Comparison Using Optimal Model

Dataset: Both centers, TIWI and T2WI. After screening, 350 participants (253 ONFH,
97 normal) and 5,754 images (Center 1: 251; Center 2: 99) were included. Stratified split into
training/validation/test (7:1:2). Per-modality counts are shown in Table 2.

Fusion Strategy: We performed early (input-level) fusion. TIWI and T2WI images were
resized to 512x512 pixels, then combined via RGB channel stacking (TIWI and T2WI as
separate channels) to produce a single color composite. YOLO labels were scaled accordingly.
Single-modality inputs used grayscale single-channel images.

Procedure: Using the optimal model from Experiment 1, three separate runs were
conducted: (1) TIWI alone, (2) T2WI alone, (3) fused TIWI+T2WI. All runs used identical

training settings and evaluation metrics.

Table 2: Dataset Division



Modality Training Set Validation Set Test Set

Modality 1 (T1WI) 2104 300 604
Modality 2 (T2WI) 1924 273 549
Multimodal Fusion 1838 262 527

The three datasets are consistent in terms of image types, lesion severity, and other
aspects, effectively preventing data bias from affecting the experimental results.

It should be noted that the three modality datasets originated from the same pool of 5,754
images; the slight variation in sample sizes across modalities reflects the availability of paired
T1WI and T2WI sequences for each image.

1.7 Implementation and Training

All experiments ran on a single machine with NVIDIA RTX 2060 GPU (6GB VRAM,
CUDA 12.8), Windows OS, PyTorch 2.7.0, and TorchVision 0.22.0. Data processing used
Python 3.9.15 and OpenCV 4.9.0. The Ultralytics YOLO framework handled training and
evaluation; visualization used Matplotlib and Seaborn; statistical analysis used NumPy and
Pandas.

To ensure reproducibility, all models were trained with uniform hyperparameters: 200
epochs, batch size 8, AdamW optimizer (momentum 0.937, weight decay S5e-4), initial
learning rate le-3, reduced to le-4 during fine-tuning. All evaluations used the same test set,
and core metrics were automatically computed by the Ultralytics framework and verified via
Python scripts.

1.8 Evaluation Metrics

We assessed models across four dimensions: detection accuracy, inference speed,
localization precision, and classification correctness.
1.8.1 Accuracy Metrics

From the confusion matrix, we derived:

TP+ TN
AUy = Pk FNT TN ®)
o TP
Precision= TP P (6)
TP
Recall= TP EN (7)
Precisionx Recall
F1-Score=2x Precision+ Recall ®



Precision-Recall (PR) curve and Average Precision (AP) (area under PR curve) were
calculated using the standard VOC2012 interpolation. Mean Average Precision (mAP) was
reported at two IoU thresholds:

mAP@0.5=AP, ;s 9)
1 0.95,A#=0.05
mAP@.s:.95=E Z APyt (10)
t=0.5

1.8.2 Speed Metric

Per-frame total processing time (ms) was measured from image input to output,

reflecting end-to-end inference speed.
2 Results
2.1 Performance of YOLO Generations (Experiment 1)

Table 3 presents the comparative results. YOLO v11 achieved the best trade-off, with a
recall of 0.941, mAP@O0.5 of 0.966, and the fastest inference (4.9 ms) among the
high-performing models. YOLO v13 showed superior mAP@.5:.95 (0.954) but was 2.3x
slower (11.3 ms), rendering it less practical for real-time use. Thus, YOLO v11 was selected

for Experiment 2. Figure 2 visualizes these comparisons.

Table 3 Comparison of Experimental Results for Different YOLO Models on

Total Processing
Model P R mAP@0.5 mAP@.5:.95
Time per Frame (ms)

YOLO v3 0.911 0.919 0.956 0.825 77.3

YOLO v5 0.903 0.887 0.947 0.817 7.6

YOLO v8 0.914 0.911 0.959 0.843 5.6

YOLOvIO 0911 0.909 0.966 0.843 5.1

YOLOvIl  0.899 0.941 0.966 0.845 4.9

YOLOvI3 0910 0.929 0.959 0.954 11.3
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Figure 2 Performance Comparison of Different YOLO Models in the ONFH Detection Task
2.2 Detailed Evaluation of YOLO v11 (Figures 3-9)

Confusion Matrix
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Figure 3 Confusion Matrix
Figure 3 shows the confusion matrices for the three-class object detection task,
illustrating the match between the YOLO v11 model’s predictions and the ground truth labels.
The categories include Normal, Abnormal, and Background. The values in the figure

represent the number of predicted and ground truth samples, respectively, while the color bars



on the right indicate the magnitude of these values; darker colors represent larger values.
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Figure 4 F1 Confidence Curve

Figure 4 shows the F1 confidence curve, which visually illustrates the overall
classification performance of the YOLO v11 model at different confidence thresholds.The
highest F1 score in the figure is 0.92, corresponding to a confidence threshold of 0.388.
Within the 0-0.8 confidence range, the F1 score remains above 0.8; when confidence exceeds

0.8, the F1 score rapidly drops to 0.
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Figure 5: Precision Confidence Curve
Figure 5 shows the precision performance of the YOLO vll model at different
confidence thresholds. The highest value of the overall precision in the figure is 1.00,
corresponding to a confidence threshold of 0.983.When confidence ranges from 0 to 0.8,
precision gradually increases from approximately 0.8 to nearly 0.95; when confidence ranges
from 0.8 to 1.0, precision rises further, reaching 1.00 at a confidence level of 0.983. However,
as confidence approaches the threshold of 1.0, the curve for normal classes experiences a brief

decline.
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Figure 6: Recall Confidence Curve
Figure 6 shows the recall performance of the YOLO v11 model at different confidence
thresholds. The labeled overall recall in the figure is 0.99, corresponding to a confidence
threshold of 0.000.When confidence ranges from 0 to 0.8, recall remains above 0.85, and
approaches 0.99 when confidence is 0; as the confidence threshold increases, recall gradually

decreases; when confidence ranges from 0.8 to 1.0, recall drops sharply to 0.
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Figure 7: Precision-Recall Curve
Figure 7 Precision-Recall curve illustrating the precision performance of the YOLO v11
model across varying recall levels. The AP values for each class are annotated: 0.958 for the
normal class and 0.974 for the abnormal class, with an overall mAP@0.5 of 0.966. Precision
remained above 0.95 when recall ranged from 0 to 0.8, and dropped sharply to 0 as recall

approached 1.0.
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Figure 8: Schematic of original image labels
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Figure 9: Schematic of predicted labels for original images

Figures 8 and 9 clearly illustrate the YOLO v11 model’s detection of ONFH lesions in
hip MRI images. Normal samples are labeled as “Normal,” with confidence scores mostly
ranging from 0.7 to 0.9; abnormal lesions are labeled as “Abnormal,” with confidence scores
mostly at 0.9.

2.3 Modality Comparison (Experiment 2)

Table 4 shows that the multimodal fusion input consistently outperformed single
modalities across all key metrics. Notably, fusion achieved the highest recall (0.9388),
mAP@0.5 (0.9637), mAP@.5:.95 (0.8650), and the lowest per-frame time (3.0 ms)—even
faster than T1WI alone (4.9 ms). This suggests that early fusion not only improves accuracy

but also enhances computational efficiency, likely through better GPU utilization.

Table 4 Comparison of Basic Performance of the YOLO v11 Model Across Different Modalities

Total Time per
Modality P R mAP@0.5 mAP@.5:.95
Frame (ms)
Mode 1 (T1WI) 0.8927 0.9159 0.9570 0.8558 4.9
Mode 2 (T2WI) 0.8869 0.9113 0.9562 0.7910 6.0
Multimodal
) 0.8925 0.9388 0.9637 0.8650 3.0
Fusion

3 Discussion

In this study, we systematically benchmarked six generations of YOLO models (v3



through v13) for MRI-based detection of ONFH and identified YOLO v11 as the optimal
choice, offering the most favorable trade-off among sensitivity, precision, and inference speed.
Building on these results, we further validated that multimodal fusion of TIWI and T2WI
significantly improves both detection performance and computational efficiency relative to
single-modality inputs. Collectively, these findings provide a practical framework for
integrating deep learning-based assistive tools into clinical workflows for early ONFH
diagnosis!!® 23,

Architectural advantages of YOLO v11 underpin its superior performance. The C3K2
module, equipped with dynamic convolution kernels, adaptively modulates the receptive field
according to lesion size, thereby enhancing the detectability of subtle foci. The C2PSA
module, which integrates channel separation with position-sensitive attention, globally
emphasizes pathological regions while suppressing background interference. The decoupled
head design—employing CloU loss for bounding-box regression and Focal loss for
classification—effectively addresses the class imbalance inherent to our dataset (55.6%
positive samples)?*. By contrast, YOLO v13 achieved higher localization precision
(mAP@.5:.95: 0.954 vs. 0.845) but at a 2.3-fold increase in inference time (11.3 ms vs. 4.9
ms). Such precision gains, while statistically notable, do not justify the substantial
computational cost in clinical settings, reinforcing the necessity of prioritizing deployment
efficiency over isolated technical metrics.

Threshold selection has direct clinical implications. The maximum F1 score (0.92) was
observed at a confidence threshold of 0.388; the F1 score remained above 0.8 for thresholds
below 0.8, then declined precipitously. Precision peaked at 1.00 at a threshold of 0.983, rising
from 0.8 to 0.95 in the low-confidence range but deteriorating sharply at higher thresholds.
Recall reached 0.99 at a threshold of 0, stayed above 0.85 in the low-confidence range, and
dropped to zero at high thresholds. These patterns indicate that low thresholds favor high
recall at the expense of precision, whereas high thresholds improve precision but substantially
compromise recall. In emergency screening, where minimizing missed diagnoses is
paramount, a threshold near 0.388 is recommended. When false positives are of greater
concern, a higher threshold may be considered, but should not exceed 0.8 to avoid a
precipitous drop in recall. The precision-recall curve further substantiates the model’s
robustness, with AP values of 0.958 for normal and 0.974 for abnormal femoral heads, and an
overall mAP@0.5 of 0.966; precision consistently exceeded 0.95 across the 0—0.8 recall range.

The confusion matrix revealed high true-positive rates for Ilesions, with minor



misclassifications between background and normal samples. Qualitative visualization
demonstrated confidence scores of 0.7—0.9 for normal specimens and >0.9 for typical lesions,
while lesions with ill-defined margins were assigned lower confidence—a property that
facilitates prioritization of high-confidence findings and aids in early lesion identification.
Superiority of multimodal fusion derives from the complementary information furnished
by TIWI and T2WI. T1WI provides high-resolution anatomical detail and clearly delineates
necrotic margins, thereby furnishing precise spatial cues for localization; T2WI is exquisitely
sensitive to bone marrow edema and inflammatory responses, which constitute early
hallmarks of active pathology!?> 2%, This complementarity enables the model to concurrently

(271 By employing early fusion via

optimize localization accuracy and lesion discriminability
channel concatenation, the model processes both sequences simultaneously at the input layer,
fully exploiting their spatial correspondence while circumventing information loss that
typically accompanies late-fusion strategies. Notably, the per-frame inference time for
multimodal input was shorter (3.0 ms) than that for TIWI alone (4.9 ms), possibly reflecting
more efficient utilization of GPU parallel computing resources with dual-channel input—a
finding that further supports the clinical feasibility of fusion in time-constrained environments.

Comparison with prior work contextualizes our contribution within the evolving
landscape of deep learning in ONFH imaging. Most previous investigations have centered on
segmentation or classification paradigms. For segmentation, the U-Net architecture introduced
by Ronneberger et al.l*®l has served as a foundational framework. Peixu Wang et al.[*”]
augmented U-Net with PointRend for lesion detection on early-stage ONFH MRI, attaining an
AUC of 0.97. Liang C et al.BY further refined U-Net by incorporating geometric and
pixel-level supervision, achieving 97.73% accuracy in femoral head segmentation. Li et al.’!]
proposed a multiscale geometric embedding convolutional neural network that leverages
geometric supervisory signals—including length and area losses—to enhance the Dice
coefficient to 93.34%. Cao et al.??! extended the YOLO framework to YOLOv12 with a
Mamba-like linear attention module for hip MRI region-of-interest detection, achieving
efficient localization of the acetabulum and necrotic regions. Wang et al.*¥ developed a
GAM-YOLO segmentation model for multi-sequence MRI (T1WI, FS-T2WI, and Cor STIR)
diagnosis of early ONFH, achieving a diagnostic accuracy of 97.30%. Regarding staging,
Xianyue Shen et al.l** 33! developed models based on ResNeSt and DenseNet for early
diagnosis and JIC classification, achieving an AUC of 0.98 and an overall multicenter

accuracy of 83.8%, respectively. Kim et all*®l combined five MRI sequences via



self-supervised learning and an attention-fusion network to determine ARCO staging,
achieving an AUC of 92.19%. While these studies adopted segmentation, classification or
region-of-interest detection architectures, our work adopts an object-detection paradigm to
systematically evaluate the YOLO family in ONFH detection, highlighting the comprehensive
advantages of YOLOVI1 in both accuracy and efficiency.

Clinical deployment strategies can be tailored to specific practice settings. For
high-throughput emergency departments, YOLO vI1 with multimodal fusion offers the
optimal combination of speed (4.9 ms) and sensitivity (recall 0.941), effectively capturing
subtle lesions while minimizing misses, with mAP@0.5 of 0.966 ensuring reliable
localization for minute-level diagnosis of post-traumatic ONFH. For outpatient clinics, YOLO
v10 provides comparable mAP@0.5 (0.966), a recall of 0.909, and a per-frame time of 5.1 ms,
with a lightweight architecture that runs stably on standard GPUs or high-end CPUs. For
primary care facilities with constrained hardware, YOLO v8 represents an ideal compromise
(mAP@0.5=0.959, precision=0.914), with moderate computational demands facilitating
deployment on mid-range devices. For research applications where real-time performance is
not mandatory, YOLO vI13 may be justified by its superior localization precision
(mAP@.5:.95=0.954), provided that high-end GPU resources are available. These tiered
recommendations enable balanced decision-making between performance and deployment
costs across diverse healthcare contexts.

Although this study preliminarily validates the advantages of YOLO v11 combined with
multimodal MRI in ONFH detection, several limitations must be acknowledged. First, the
retrospective  design and modest sample size constrain generalizability; prospective
multicenter studies with larger, standardized cohorts are warranted. Second, although early
fusion proved efficacious, we did not explore more sophisticated feature-level or
decision-level fusion strategies, which might further harness the complementary strengths of
multimodal data; hybrid Transformer-CNN architectures represent a promising avenue for

enhanced integrationl*”!,

Third, the current model performs only object detection
(bounding-box localization) without pixel-level segmentation, precluding volumetric
quantification of necrotic tissue-a parameter of clinical relevance for surgical planning. Future
iterations should extend to segmentation, volumetric assessment, and collapse risk prediction.
Fourth, prospective validation in real-world clinical environments is lacking; rigorously

designed human—machine comparison studies are essential to ascertain the model’s impact on

radiologists’ diagnostic accuracy, reading time, and confidence. Finally, although the model



runs efficiently on mid-range GPUs, further lightweighting via pruning and quantization
could facilitate deployment on portable or low-cost devices, broadening accessibility in
resource-limited settings. Additionally, integration of clinical variables—including age,
etiology, ARCO stage, and laboratory parameters—into imaging-based datasets could enable
multidimensional decision-making, thereby further enhancing diagnostic accuracy and
interpretability.
4 Conclusions

This study systematically compared six generations of YOLO models for MRI-based
ONFH detection and identified YOLO vl1 as offering the optimal balance of accuracy and
speed. We further demonstrated that multimodal fusion of TIWI and T2WTI significantly
enhances both detection performance and computational efficiency, surpassing
single-modality approaches. Our findings provide a robust benchmark for model selection in
orthopaedic imaging and establish a technical foundation for developing intelligent, real-time

assistive diagnostic systems for early ONFH, with clear potential for clinical translation.

List of abbreviations

Abbreviation Full Term
ONFH osteonecrosis of the femoral head
MRI magnetic resonance imaging
YOLO You Only Look Once
TIWI T1-weighted Imaging
T2WI T2-weighted Imaging
P precision
R recal
mAP mean average precision
AUC area under the curve
PR Precision-Recall
AP Average Precision
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