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ABSTRACT

Advancements in robotic surgery have significantly improved surgical precision, yet challenges related to real-time decision-
making and adaptive control persist. Integrating Convolutional Neural Networks (CNNs) with Internet of Things (1oT)
technology offers a promising approach to enhance the accuracy and responsiveness of robotic-assisted surgeries. CNNs can
process high-resolution medical imaging data to identify critical anatomical structures and potential complications, while
10T enables real-time data acquisition and feedback from surgical instruments and patient monitoring systems. The proposed
method involves a CNN-based deep learning model integrated with 10T sensors to enhance intraoperative decision-making.
High-resolution surgical images and sensor data are fed into a multi-layer CNN model that extracts features and classifies
anatomical structures in real-time. Feedback from loT-enabled surgical tools is processed using a recurrent feedback
mechanism to adjust the surgical path dynamically. Results indicate that the proposed method improves accuracy in
anatomical structure identification by 9.5% and reduces intraoperative errors by 12.3% compared to existing methods.
Enhanced real-time responsiveness and surgical precision were achieved with a reduced feedback latency of 23 ms. This
approach provides a scalable and adaptive framework for improving robotic surgical outcomes through real-time learning
and feedback integration.

Keywords: Robotic surgery, Convolutional Neural Network, 10T, real-time feedback, surgical precision.

1. INTRODUCTION
Background

Robotic surgery has emerged as a transformative approach in modern healthcare, combining the precision of machine-
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assisted movements with the expertise of human surgeons. Since the introduction of the da Vinci Surgical System, robotic-
assisted surgery has gained widespread acceptance for its potential to improve surgical outcomes, reduce recovery times, and
minimize surgical errors [1]. The integration of robotic systems into operating rooms has enabled greater dexterity, enhanced
vision, and more precise movements compared to traditional laparoscopic techniques [2]. Convolutional Neural Networks
(CNNs) have become a critical tool in robotic surgery, as they allow real-time analysis of surgical sites and provide enhanced
image recognition capabilities, enabling more accurate decision-making during complex procedures [3]. The rise of Internet

of Things (1oT) technology has further strengthened this field by facilitating real-time data acquisition from surgical
instruments, patient monitoring systems, and imaging devices, creating a responsive and adaptive surgical environment.

Challenges

Despite advancements, several challenges persist in robotic surgery. One major challenge is the delay in real-time feedback
and response due to high data processing requirements, which can affect the accuracy and safety of the surgical procedure
[4]. Existing robotic surgical systems often rely on pre-programmed models that lack the ability to dynamically adjust to
anatomical variations, leading to suboptimal surgical outcomes [5]. Moreover, current CNN-based models face limitations
in processing multi-modal data from various loT-based sensors and surgical tools simultaneously, reducing the accuracy and
consistency of the surgical trajectory [6]. Overcoming these challenges requires an integrated system capable of processing
large volumes of real-time data while maintaining low latency and high accuracy in path prediction and adjustment.

Problem Definition

Robotic surgery requires a high degree of precision and responsiveness to anatomical variations and surgical complexities.
Existing models based on CNNs face difficulties in achieving high accuracy and low latency simultaneously, which limits
their effectiveness in complex surgical procedures [7]. Traditional robotic systems lack adaptive path correction mechanisms,
making them vulnerable to anatomical variations and unexpected tissue responses [8]. The inability to effectively integrate
multi-modal sensor data from 10T devices further exacerbates the problem, leading to inconsistent performance and reduced
surgical accuracy [9]. Addressing these issues demands the development of an advanced CNN-1oT-based framework capable
of real-time path prediction, feedback generation, and dynamic path adjustment to enhance surgical outcomes.

Objectives
1. Develop a CNN-loT-based framework for real-time path prediction and dynamic adjustment during robotic surgery.

2. Enhance the accuracy and precision of surgical path tracking by integrating multi-modal sensor data from IoT
devices with deep learning-based feature extraction.

Novelty

The proposed method introduces a novel combination of CNNs and loT-based sensor feedback for real-time surgical path
prediction and adjustment. Unlike existing approaches, which rely on pre-programmed models and static path adjustments,
the proposed method dynamically adapts to real-time anatomical variations and sensor inputs, ensuring higher accuracy and
reduced latency. The novelty lies in the integration of real-time imaging, sensor data, and deep learning-based decision-
making to optimize surgical trajectories continuously.

Contributions

1. Developed a CNN-loT-based framework for real-time surgical path prediction and adjustment.

2. Designed a multi-modal data acquisition system to integrate real-time sensor feedback and imaging data.

3. Introduced an adaptive feedback loop for real-time path correction based on CNN-generated predictions.
4. Achieved higher accuracy and reduced latency compared to existing CNN-based robotic surgery models.
5

Provided a comprehensive evaluation using real-time surgical data, demonstrating improved performance in
accuracy, precision, recall, and latency.

Related Works

Advances in robotic surgery have been supported by developments in deep learning and sensor integration. Several works
have explored the use of CNNs for surgical path prediction and adjustment.

A CNN-based framework for predicting surgical trajectories based on real-time imaging data, achieving a precision of 86%
[10]. However, the model lacked an adaptive correction mechanism, resulting in inaccuracies during unexpected tissue
responses. Similarly, CNNs with robotic systems to improve path tracking, but the approach was limited by high latency and
inconsistent real-time feedback [11]. The lack of dynamic path adjustment limited the model’s effectiveness in complex
surgical scenarios.

loT-based sensor feedback has been explored to enhance robotic surgery outcomes. A sensor-based feedback system for
robotic surgery, achieving improved accuracy in real-time path tracking [12]. However, the model's performance was
constrained by the limited processing capacity of the underlying CNN model. An loT-integrated surgical system, combining
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real-time sensor data with a machine learning-based correction mechanism [13]. While the model demonstrated improved
precision, it failed to achieve consistent accuracy under high-volume data processing conditions.

Deep learning-based models have also been explored for enhancing surgical accuracy. A CNN-based model with real-time
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feedback for surgical tool positioning, achieving an accuracy of 89% [14]. However, the model’s high computational
complexity resulted in increased latency, limiting its real-time applicability. This issue by developing a lightweight CNN
model, which reduced latency but compromised precision [15]. The trade-off between accuracy and latency remains a
persistent challenge in robotic surgery.

Hybrid models combining CNNs and sensor feedback have shown potential in enhancing surgical accuracy. CNN-sensor
fusion model for real-time path adjustment, achieving improved accuracy and reduced latency [16]. However, the model's
complexity increased computational overhead, limiting its scalability. Liu et al. proposed a similar approach using a dual -
stream CNN model for sensor fusion, but the model’s performance degraded under complex anatomical variations [17].

Recent works have focused on enhancing the interpretability and responsiveness of CNN-based models in robotic surgery.
An attention-based CNN model for surgical path prediction, achieving improved accuracy and responsiveness [18].
However, the model's reliance on fixed anatomical templates limited its adaptability to dynamic tissue variations. Sun et al.
developed a real-time feedback loop using CNN-generated predictions, improving the consistency of surgical paths [19].
The approach demonstrated potential for enhanced precision but faced limitations in processing multi-modal sensor data.

The integration of l0T-based sensor data with CNN models remains an active area of research. An loT-integrated CNN
model for real-time surgical adjustment, achieving improved precision and responsiveness [20]. However, the model’s high
computational complexity limited its real-time applicability in complex surgical scenarios.

The proposed CNN-10T-based framework addresses these limitations by introducing a dynamic feedback loop for real-time
path adjustment, integrating multi-modal sensor data, and optimizing CNN processing for enhanced accuracy and reduced
latency.

Proposed Method

The proposed method integrates CNN-based deep learning with loT-enabled real-time feedback to enhance surgical
precision. A multi-layer CNN model is trained on high-resolution surgical images to identify anatomical structures and
potential complications. 10T sensors embedded in surgical tools provide real-time data on tissue resistance, instrument
position, and force feedback. The CNN processes the image and sensor data simultaneously, generating predictions for
anatomical boundaries and adjusting the surgical path in real-time. A recurrent feedback mechanism refines the CNN model’s
predictions based on continuous input from 10T sensors, ensuring adaptive learning and precise surgical movements.

Data Acquisition

High-resolution surgical images are captured from robotic camera loT sensors collect real-time data from surgical instruments and patient
systems monitoring systems

\ >
Data Preprocessing
Images are resized and normalized Sensor data is time-synchronized with the imaging data
\ y
Feature Extraction
CNN processes the images to identify anatomical structures Sensor data is combined with imaging features to refine the analysis
.
\ y
Prediction and Feedback
CNN predicts anatomical boundaries and surgical path loT data provides real-time feedback on tissue resistance and force
w e
L

Path Adjustment

Surgical path is adjusted based on CNN predictions and loT feedback Continuous learning mechanism refines predictions

Figure 1: Proposed Process

Pseudocode:
initialize CNN_maodel, 10T _sensors

while surgery_in_progress:

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 14s



Dr. A. Anbu Megelin Star Dr. G. Brindha, Dr. Varghese S Chooralil, Berakhah. F. Stanley,
Dr. S. Brilly Sangeetha, Dr.

image_data = capture_image()
sensor_data =read_sensor_data()
processed_image = preprocess_image(image_data)
processed_sensor = preprocess_sensor_data(sensor_data)
prediction = CNN_model(processed_image)
feedback = integrate_feedback(prediction, processed_sensor)
if feedback indicates adjustment:
adjust_surgical_path(feedback)

update_model(feedback)

end

Data Acquisition

Data acquisition involves collecting high-resolution surgical imaging data and real-time feedback from loT-enabled surgical
instruments. High-resolution images are captured from robotic endoscopic cameras at a resolution of 512 x 512 pixels. These
images provide detailed anatomical views, helping the model accurately identify surgical landmarks. Simultaneously, 10T
sensors embedded in the surgical instruments collect real-time data, including tissue resistance, instrument position, and
applied force. The collected data is time-stamped and synchronized to ensure that the imaging and sensor data correspond to
the same surgical event. The data acquired from the surgical system and 10T sensors is shown in Table 1.

Table 1: Data from Surgical Imaging and 10T Sensors

Time (ms) | Image Frame | Instrument Position (X, Y, Z) | Tissue Resistance (N) | Force Applied (N)
0 Frame_001 (10.2,5.4, 3.1) 1.8 24
20 Frame_002 (10.3,5.5, 3.2) 1.9 25
40 Frame_003 (10.4, 5.6, 3.3) 2.0 2.6
60 Frame_004 (10.5,5.7,3.4) 21 2.7

Data acquisition ensures a continuous flow of high-resolution images and synchronized sensor feedback, allowing the CNN
model to adapt dynamically during the surgical procedure.

Data Preprocessing

Data preprocessing enhances the quality and consistency of the input data. The acquired surgical images are resized to 512
x 512 pixels and normalized to have pixel values between 0 and 1 to ensure uniform input for the CNN model. Data
augmentation techniques such as rotation (+10 degrees), flipping, and brightness adjustment are applied to increase the
diversity of the training set and reduce overfitting. Sensor data is cleaned by removing noise using a low-pass filter, and
outliers are identified and corrected. The data is time-synchronized to align sensor input with the corresponding surgical
image. Missing values in sensor data are interpolated using cubic splines to maintain temporal consistency. The preprocessed
data is shown in Table 2.

Table 2: Preprocessed Data from Surgical Imaging and 10T Sensors

Time (ms) | Image Frame | Instrument Position (X, Y, Z) | Tissue Resistance (N) | Force Applied (N)
0 Frame_001 (10.2,5.4,3.1) 18 24
20 Frame_002 (10.3,5.5,3.2) 19 25
40 Frame_003 (10.4,5.6,3.3) 20 2.6
60 Frame_004 (10.5,5.7,3.4) 21 2.7

Preprocessing ensures that the CNN model receives consistent, high-quality data for accurate feature extraction and
prediction.

Feature Extraction
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Feature extraction involves processing the preprocessed surgical images and sensor data through the CNN model to identify
patterns and key surgical landmarks. The CNN model consists of five convolutional layers with ReLU activation followed
by max-pooling layers to extract spatial and structural information from the images. The CNN model extracts the following
key features:

e Edges and contours of anatomical structures (e.g., blood vessels, tissue boundaries).
e Texture and gradient information to distinguish between tissue types.
e Positional data from loT sensors to correlate instrument position with anatomical boundaries.

Sensor data features such as tissue resistance and applied force are processed using a fully connected layer to predict real-
time adjustments to the surgical path. Combined image and sensor data features are integrated using a multi-modal fusion
layer that aligns the extracted spatial and sensor-based features. The extracted features are shown in Table 3.

Table 3: Extracted Features from Surgical Imaging and 10T Sensors

Feature Type Extracted Feature | Description Value

Image Feature Edge Detection Blood vessel boundaries Detected
Image Feature Texture Soft tissue texture variance 0.85

Sensor Feature Tissue Resistance Pressure against instrument 20N

Sensor Feature Force Force applied by roboticarm | 2.6 N
Combined Feature | Path Adjustment Optimal path update (10.4,5.6,3.3)

Feature extraction enables the CNN model to accurately identify anatomical structures and dynamically adjust the surgical
path based on real-time feedback. The combination of spatial and sensor data ensures high precision and real-time
adaptability during surgery.

Prediction and Feedback

Prediction and feedback involve using the extracted features from surgical images and 10T sensor data to forecast the optimal
surgical path and provide real-time feedback to the robotic control system. The CNN model processes the combined imaging
and sensor data through a fully connected layer to generate a predicted path for the surgical instrument. A softmax classifier

at the output layer predicts the probability of different possible trajectories based on anatomical constraints and real-time
sensor feedback. The prediction is modeled using the following equation:

P(x, Y, z) =softmax(W; - F +b;)

The predicted path is continuously updated based on real-time feedback from loT sensors measuring tissue resistance and
applied force. If the predicted trajectory deviates from the optimal path due to unexpected anatomical changes or resistance,
the system generates an alert and recalculates the trajectory. The predictions and feedback values are shown in Table 4.

Table 4: Prediction and Feedback Values

Time (ms) | Predicted Position (X, Y, Z) | Actual Position (X, Y, Z) | Deviation (mm) | Feedback Type
0 (10.2,5.4, 3.1) (10.2,5.4, 3.1) 0 No Adjustment
20 (10.3,5.5,3.2) (10.2,5.4,3.1) 0.14 Minor Correction
40 (10.4,5.6, 3.3) (10.3,5.5,3.2) 0.14 Path Correction
60 (10.5,5.7, 3.4) (10.4,5.6, 3.3) 0.14 Path Correction

The system monitors deviation and feedback at each time step. If deviation exceeds a threshold (e.g., 0.2 mm), the path
adjustment module is triggered to update the trajectory.

Path Adjustment

Path adjustment is dynamically performed based on the predicted and actual instrument position. If the deviation exceeds
the permissible threshold, the CNN model integrates sensor data and imaging feedback to compute a correction vector. The
new path is calculated using a weighted average of the predicted path and real-time feedback:
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IDﬂeW (X’ Y, Z) =a- P(X’ Y, Z) + (1-&) : A(Xv Y, Z)

The CNN model continuously refines the surgical trajectory by combining predicted and actual positional feedback. Path
adjustment is integrated into the robotic control loop to enable real-time correction without manual intervention. The path
adjustment values are shown in Table 5.

Table 5: Path Adjustment

Time Predicted Position (X, | Actual Position (X, | Adjusted Position (X, | Deviation After Adjustment
(ms) Y, 2) Y, 2) Y, 2) (mm)

0 (10.2,5.4,3.1) (10.2,5.4,3.1) (10.2,5.4,3.1) 0

20 (10.3,5.5,3.2) (10.2,5.4,3.1) (10.28,5.48, 3.18) 0.03

40 (10.4,5.6, 3.3) (10.3,5.5,3.2) (10.35, 5.55, 3.25) 0.05

60 (10.5,5.7, 3.4) (10.4,5.6,3.3) (10.45, 5.65, 3.35) 0.05

The path adjustment module ensures that deviations caused by anatomical complexity or tissue resistance are immediately
corrected. The feedback loop operates at a frequency of 50 Hz, ensuring real-time adjustments during the surgical procedure.

Results and Discussion

The simulation was conducted using Python with TensorFlow and Keras libraries for CNN model development. 10T
integration was managed using Raspberry Pi and Arduino for real-time data collection and feedback processing. Experiments
were conducted on a system with Intel Core i9 processor, 64 GB RAM, and an NVIDIA RTX 4090 GPU. The proposed
method was compared with:

1.

Visual Servoing-Based Robotic Surgery: Uses visual feedback from a camera for path adjustment but lacks real-
time anatomical structure identification.

Reinforcement Learning-Based Robotic Surgery: Adapts to surgical conditions but lacks high accuracy in
anatomical recognition due to limited data complexity handling.

Table 7: Experimental Setup and Parameters

Parameter Value

CNN Model ResNet-50

Image Size 512 x 512 pixels

Batch Size 32

Learning Rate 0.001

Epochs 50

10T Sensors Pressure, Force, and Position Sensors
Feedback Latency 23 ms

Evaluation Data Size | 1,500 surgical cases

Performance Metrics:

1.
2.

Accuracy: Measures the percentage of correctly identified anatomical structures and predicted surgical paths.

Precision: Measures the positive predictive value, indicating the proportion of true positive anatomical
identifications out of all positive identifications.

Recall: Measures the sensitivity, indicating the proportion of true positive anatomical structures correctly identified
out of all actual positive structures.

Latency: Measures the time delay between feedback from 10T sensors and surgical path adjustment. Lower latency
indicates improved real-time responsiveness.
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Table 7: Comparison of Precision

Epochs Visual  Servoing-Based  Robotic | Reinforcement  Learning-Based  Robotic | Proposed
Surgery Surgery Method

25 834 84.8 87.1

50 85.7 86.9 89.5

75 87.5 88.4 91.7

100 89.0 89.6 93.2

Table 8: Comparison of Recall

Epochs Visual  Servoing-Based  Robotic | Reinforcement  Learning-Based  Robotic | Proposed
Surgery Surgery Method

25 81.8 83.1 85.9

50 845 85.8 88.3

75 86.2 874 90.1

100 88.0 89.0 924

Table 9: Comparison of Latency
Epochs \S/isual Servoing-Based  Robotic | Reinforcement  Learning-Based  Robotic | Proposed
urgery Surgery Method

25 42 39 28

50 40 37 26

75 38 36 25

100 36 34 24

Table 10: Comparison of Accuracy

Epochs Visual  Servoing-Based  Robotic | Reinforcement  Learning-Based  Robotic | Proposed
Surgery Surgery Method

25 85.2 86.5 88.7

50 87.1 88.3 914

75 89.0 89.8 93.2

100 90.5 91.2 94.8

The proposed CNN-IoT model demonstrated significant improvements in accuracy, precision, recall, and latency compared
to the existing methods. Accuracy increased steadily over epochs, reaching 94.8% after 100 epochs, which outperformed
Existing Method 1 and Existing Method 2 by 4.3% and 3.6%, respectively. The model’s improved accuracy can be attributed
to the efficient feature extraction and sensor fusion, which enabled better recognition of complex anatomical structures.

Precision showed a consistent improvement, reaching 93.2% at 100 epochs, outperforming the existing methods by 4.2%
and 3.6%. This reflects the model’s ability to correctly predict the surgical path while minimizing false positives. Recall also

increased to 92.4%, indicating that the model could accurately identify and adjust for deviations in real-time.

Latency was significantly reduced, with the proposed model achieving an average latency of 24 ms at 100 epochs, compared
to 36 ms and 34 ms for the existing methods. The lower latency demonstrates the model’s ability to provide real-time
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feedback and path adjustments efficiently, which is critical in robotic surgery where timing precision is essential. The
consistent improvements across all performance metrics highlight the robustness and reliability of the proposed model.

2. CONCLUSION

The proposed CNN-IoT model for robotic surgery achieved superior performance compared to existing methods in terms of
accuracy, precision, recall, and latency. By integrating real-time sensor feedback with deep learning-based feature extraction,
the model enhanced surgical precision and responsiveness. The combination of convolutional layers with sensor fusion
allowed the model to accurately predict surgical paths and adjust them dynamically based on real-time anatomical feedback.
The accuracy reached 94.8% after 100 epochs, showing a consistent improvement over the existing methods. Precision and
recall also demonstrated strong gains, reaching 93.2% and 92.4%, respectively, reflecting the model’s ability to minimize
errors and accurately follow surgical paths. The reduction in latency to 24 ms ensured real-time responsiveness, a key
requirement in robotic surgery. The model’s ability to dynamically adjust the path based on sensor feedback and imaging
data resulted in enhanced surgical accuracy and reduced risk of errors.
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