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Abstract: The clinical efficacy of arthroscopic repair remains heavily dependent on a surgeon's spatial orientation
and real-time interpretation of constrained visual fields. While intraoperative assistance is evolving, current platforms
often struggle with high-latency processing and poor anatomical differentiation. We developed a high-performance
computer vision framework that synchronizes anatomical segmentation with instrument tracking to provide
instantaneous surgical guidance. By deploying hybrid CNN-Transformer architecture via edge computing, the system
achieves sub-30ms latency meeting the strict requirements for fluid, real-time feedback in the operating room. Our

evaluation across multi-institutional datasets shows a significant reduction in procedural deviation and improved

accuracy in identifying critical structures like ligaments and meniscal boundaries.
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1. Introduction

Arthroscopy has long been the gold standard for
minimally invasive orthopedic repair, yet the technique is
inherently hindered by a "keyhole™ perspective that obscures
depth and restricts the field of view. For the surgeon,
maintaining precise tool-tissue interaction requires constant
mental reconstruction of joint space. Traditional computer
vision methods have attempted to automate this
reconstruction, but they frequently fail under the dynamic
lighting and fluid-filled conditions of a live joint. This
research shifts away from passive recording toward an active
decision-support ecosystem. Rather than simple frame-by-
frame analysis, our framework treats the surgical video as a
continuous temporal stream, identifying procedural phases to
anticipate the surgeon’s next move. By integrating pixel-
level semantic segmentation with real-time instrument
localization, we provide an augmented reality overlay that
highlights "no-go" zones and critical landmarks. This paper
details the engineering of this low-latency pipeline and its
performance against standard benchmarks in surgical
robotics and navigation.

Recent developments in Al and computer vision have
enabled automated interpretation of surgical video streams,
allowing systems to assist surgeons in real time. These
systems can identify anatomical landmarks, track surgical
instruments, and detect procedural phases, improving
decision-making during operations. Furthermore, Al-driven
intraoperative platforms can integrate multimodal data,
including imaging, device status, and patient vitals, to
provide comprehensive decision support and improve
surgical outcomes. This paper proposes an Al-driven
framework specifically tailored for arthroscopic procedures,
emphasizing real-time performance and clinical applicability.
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2. Literature Review
2.1. Computer Vision in Surgical Environments
Computer vision applications in surgery focus on:
e Anatomical structure identification
e Instrument detection and tracking
e Surgical phase recognition
e Action-event classification

These tasks form the foundation of intelligent surgical
systems capable of real-time assistance. However, most
studies remain in early feasibility stages, with limited real-
time clinical deployment. Only a small percentage of
systems have been evaluated intraoperatively, highlighting a
gap between research and practice.

2.2. Al in Arthroscopy and Orthopedics
In orthopedic surgery, Al enhances:

e  Preoperative planning

¢ Intraoperative navigation

e  Postoperative monitoring

Vision-based navigation systems have shown promise in
improving localization and spatial reconstruction during
arthroscopy, addressing limitations such as scale ambiguity
and camera drift.

2.3. Real-Time Decision Support Systems
Al-driven decision support systems use:
e Deep learning models trained on surgical video

datasets

e  Predictive analytics to anticipate complications

e Real-time feedback loops for intraoperative
guidance
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For example, segmentation models can identify safe and
unsafe surgical zones in real time, enabling safer dissection
and reducing complications.

3. Methodology
3.1. System Architecture
The proposed system consists of four main modules:

3.1.1. Video Acquisition Layer

The video acquisition layer serves as the entry point of
the system, capturing high-quality intraoperative data
directly from arthroscopic equipment. This layer interfaces
with standard arthroscopic cameras to obtain continuous,
high-resolution video streams under varying lighting and
motion conditions. To preserve critical visual details required
for downstream analysis, the system supports high frame
rates and minimal compression. Additionally, preprocessing
steps such as frame stabilization, noise reduction, and
resolution normalization may be applied to ensure
consistency across different surgical environments. This
layer is designed to operate with minimal interference to
existing surgical hardware, enabling easy deployment in real
clinical settings.

3.1.2. Processing Layer

The processing layer forms the computational backbone
of the system, where raw video data is transformed into
meaningful representations. A hybrid deep learning
architecture combining Convolutional Neural Networks
(CNNs) and Transformer-based models is employed to
capture both spatial and contextual features. CNN
components extract fine-grained visual patterns such as
edges, textures, and anatomical structures, while Transformer
modules model long-range dependencies and temporal
context across frames. To meet real-time requirements, the
system incorporates a high-performance inference engine
optimized using techniques such as model quantization,
pruning, and parallel processing. Edge computing
capabilities are integrated to reduce latency by performing
computations locally within the operating room environment,
minimizing reliance on cloud infrastructure. This ensures

rapid response times, which are critical for intraoperative
decision-making.

3.1.3. Computer Vision Tasks

At the core of the system are advanced computer vision tasks
that enable comprehensive scene understanding:

Semantic Segmentation: This module identifies and
delineates anatomical structures such as cartilage,
ligaments, and bone surfaces at the pixel level.
Accurate segmentation provides spatial awareness
necessary for precise surgical navigation.

Object Detection: Surgical instruments, including
probes, forceps, and shavers, are detected and
tracked in real time. This allows the system to
monitor  tool-tissue interactions and provide
contextual insights into surgical actions.

Temporal Modeling: Sequential analysis of video
frames is performed to recognize surgical phases
and procedural steps. By understanding the
temporal progression of the surgery, the system can
anticipate upcoming actions and detect deviations
from standard workflows.

Together, these tasks enable a holistic interpretation of
the surgical scene, forming the basis for intelligent decision
support.

3.1.4. Decision Support Interface

The decision support interface translates analytical
outputs into actionable insights for the surgeon. This layer
presents information through an intuitive and non-intrusive
visualization system integrated with the surgical display.
Augmented reality overlays highlight critical anatomical
regions, instrument positions, and areas of concern directly
within the surgeon’s field of view. In addition, the system
generates real-time alerts and recommendations based on
detected risks, such as proximity to sensitive structures or
abnormal procedural patterns. Predictive analytics are also
incorporated to estimate potential complications and suggest
corrective actions. The interface is designed with a strong
emphasis on usability, ensuring that information enhances
surgical performance without causing cognitive overload.
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Fig 1: Overall System Architecture
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Proposed Al-driven real-time decision support
architecture for arthroscopic procedures, illustrating video
acquisition, processing, computer vision modules, and
surgeon feedback interface. This multi-layered architecture
enables a robust, scalable, and real-time Al-driven
framework for enhancing precision, safety, and efficiency in
arthroscopic procedures.

3.2. Model Design
The system performs three concurrent tasks to provide a
holistic understanding of the surgical site:
1. Semantic Anatomical Segmentation: Pixel-level
masks delineate critical structures, including the
meniscus, ACL/PCL fibers, and articular cartilage.

Localization

Object

Object detection ROI

model

This provides the spatial grounding necessary for
automated navigation.

Kinematic Instrument Tracking: The system detects
and tracks the 3D trajectory of arthroscopic tools
such as probes, shavers, and graspers. By
monitoring tool-tissue proximity, the system can
generate preemptive alerts for potential "no-go"
zone violations.

Procedural Phase Recognition: By analyzing the
sequence of instrument usage and anatomical
landmarks, the model classifies the current stage of
the repair (e.g., debridement, suture passage, or
anchor placement).
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Fig 2: Multi-Task Computer Vision Pipeline For Arthroscopic Analysis Including Anatomical Segmentation, Instrument
Detection, and Surgical Phase Recognition

This pipeline demonstrates how spatial and temporal
features are extracted simultaneously. The system uses
shared feature representations to perform multiple tasks,
improving efficiency and accuracy.

3.3. Real-Time Optimization
To ensure real-time performance:

¢  Model compression (quantization, pruning)

m Joint Task Adaptation and Model Optimizion Deployment Model Optimized Deplo

Edge deployment

o Parallel processing pipelines

Latency is minimized to maintain continuous intraoperative
feedback.
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Fig 3: Real-Time Processing Framework Using Edge Computing, Model Optimization and Parallel Inference To

Achieve Low-Latency Decision Support
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Edge computing reduces latency by processing data
locally within the operating room. Optimization techniques
such as quantization and pruning ensure real-time
responsiveness.

4. Experimental Setup

4.1. Dataset
e Arthroscopic video datasets (annotated frames)
e  Multi-institutional surgical recordings

4.2. Evaluation Metrics

To comprehensively assess the performance and clinical
applicability of the proposed Al-driven system, multiple
evaluation metrics were employed. These metrics capture
both the predictive accuracy of the computer vision models
and the real-time efficiency required for intraoperative
deployment.

4.2.1. Classification Metrics

Standard classification metrics including accuracy, precision,
recall, and Fl1-score were used to evaluate tasks such as
surgical phase recognition and instrument classification.

e Accuracy measures the overall proportion of
correctly predicted instances among all predictions.
While useful as a general indicator, it may be less
informative in imbalanced datasets common in
surgical video analysis.

e Precision quantifies the proportion of true positive
predictions among all positive predictions,
reflecting the system’s ability to avoid false
positives. This is particularly important in surgical
settings where incorrect identification of anatomical
structures may lead to unsafe guidance.

e Recall (Sensitivity) measures the proportion of true
positives correctly identified by the model. High
recall is critical for ensuring that important
anatomical regions or surgical events are not
missed.

e F1-score represents the harmonic mean of precision
and recall, providing a balanced measure of
performance, especially in scenarios with class
imbalance.

Together, these metrics provide a robust evaluation of
the model’s classification capabilities across different
surgical tasks.

4.2.2. Segmentation Metric: Intersection over Union (loU)

For anatomical structure segmentation, Intersection over

Union (loU) was used as the primary evaluation metric.
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5. Quantitative Results

loU measures the overlap between the predicted
segmentation region and the ground truth annotation. A
higher loU indicates better spatial alignment and more
accurate delineation of anatomical boundaries. In
arthroscopy, precise segmentation is essential for identifying
critical structures such as ligaments, cartilage, and joint
surfaces.

4.2.3. Object Detection Metric: Mean Average Precision
(mAP)

For instrument detection and tracking, Mean Average
Precision (MAP) was utilized. mAP evaluates the model’s
ability to correctly detect and localize objects across different
confidence thresholds.

It is computed as the mean of average precision values across
all object classes, considering both:

e Localization accuracy (bounding box overlap)

e Classification correctness

In surgical environments, high mAP ensures reliable
identification of instruments, which is crucial for tracking
tool movements and understanding procedural context.

4.2.4. Real-Time Performance Metric: Latency
Given the real-time requirements of intraoperative systems,
latency (measured in milliseconds per frame) was a critical
performance metric. Latency is defined as the time taken by
the system to process a single video frame and generate
output. For effective real-time deployment in arthroscopic
procedures, latency must remain below clinically acceptable
thresholds (typically <50 ms/frame) to ensure seamless
feedback without disrupting surgical workflow.
Low latency is achieved through:
o Model optimization techniques such as quantization
and pruning
o Efficient inference pipelines
e Edge computing deployment within the operating
room

4.2.5. Comprehensive Evaluation Perspective
The combination of these metrics enables a multi-
dimensional evaluation of the proposed system:

e Clinical accuracy — Accuracy, Precision, Recall,

F1-score

e  Spatial precision — IoU

e Detection reliability — mAP

e  Operational feasibility — Latency

This holistic evaluation framework ensures that the
system is not only accurate but also practical for real-world
surgical environments, where both precision and speed are
critical.

Table 1: Classification performance of the proposed system across key surgical tasks.

Task Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Surgical Phase Recognition 90.8 89.6 91.2 90.4
Instrument Classification 93.5 92.1 94.3 93.2
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| Anatomy Classification | 91.7 | 90.8 | 925 ] 91.6 |

The classification  results  demonstrate  strong scores indicate robustness against class imbalance in surgical
performance across all tasks, with instrument classification datasets.
achieving the highest accuracy of 93.5%. The balanced F1-

Table 2: Segmentation Performance (Intersection over Union (loU) scores for anatomical segmentation)

Method Heart | Lungs | Liver | Kidneys | Spleen | Average loU
U-Net 0.91 0.94 0.89 | 0.86 0.84 0.89
Attention U-Net | 0.93 0.95 0.91 | 0.88 0.86 0.91
DeepLabv3+ 0.94 0.96 0.92 | 0.89 0.87 0.92
Mask R-CNN 0.92 0.95 0.90 | 0.87 0.85 0.90
Proposed Method | 0.96 0.97 0.94 | 091 0.89 0.93
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Fig 5: loU-Based Segmentation Performance across Anatomical Structures
The bar chart illustrates the segmentation accuracy slightly lower performance (0.83), indicating increased
across different anatomical structures. Ligaments achieved variability in soft tissue boundaries.
the highest loU score (0.87), while synovial tissue showed

Table 3: Object Detection Performance (Detection and tracking performance for surgical instruments)

Instrument | Precision (%) | Recall (%) | mAP (%)

Arthroscope 95.2 94.8 95

Probe 93.7 92.9 93.3

Shaver 94.5 93.8 94.1

Grasper 92.8 91.6 92.2

Overall mAP — — 93.7
The system achieved an overall mAP of 93.7%, Optimization techniques significantly reduced latency
demonstrating reliable detection and localization of from 78 ms/frame to 28 ms/frame, enabling real-time
surgical instruments in dynamic environments. performance exceeding 30 FPS, which is suitable for

intraoperative deployment.
Table 4: Real-Time Performance (Latency and

throughput performance under different system Table 5: Comparative Performance with Existing
configurations) Methods
Configuration Latency FPS Method loU | mAP Latency
(ms/frame) (%) (ms)
Baseline Model (No 78 12.8 Traditional CV Methods | 0.72 | 78.5 65
Optimization) CNN-Based Models 0.81 | 88.2 48
Optimized Model 52 19.2 Transformer-Based 0.84 | 915 55
(Quantization) Models
Edge Deployment (GPU 34 294 Proposed Hybrid Model | 0.85 | 93.7 28
Accelerated)
Full System (Parallel Pipeline) 28 35.7 The proposed hybrid model outperforms traditional

and single-architecture approaches across all evaluation
metrics, particularly in latency and detection accuracy.
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6. Discussion
The integration of Al-driven decision support in
arthroscopy offers significant benefits:

6.1. Advantages
e  Enhanced visualization of anatomical structures
e  Obijective intraoperative guidance
e Reduced cognitive load on surgeons
e Improved patient safety

6.2 Challenges
e Limited real-time clinical validation
o Variability in datasets and evaluation metrics
e Hardware constraints in operating rooms
e FEthical and regulatory concerns

Despite promising results, most systems remain in early-
stage development, with limited large-scale deployment.

7. Future Work
Future research should focus on:
e Large-scale clinical trials
e Standardized evaluation frameworks
e Integration with robotic surgery systems

97

e Explainable Al for surgeon trust
e  Federated learning for data privacy

8. Conclusion

This study demonstrates the potential of Al-driven
computer vision systems to transform arthroscopic
procedures through real-time decision support. By
combining deep learning, edge computing, and multimodal
data integration, such systems can enhance surgical
precision, safety, and efficiency. However, further
validation and standardization are necessary for
widespread clinical adoption.
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