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 A B S T R A C T 

The application of AI in the medical field, especially in surgery, has led to significant 

advancements in recent years. The primary role of AI is to improve the efficiency of surgical 

procedures through the collection, analysis, and prediction of medical data while enhancing 

the quality of patient care and minimizing risks. One of the most important innovations in 

this area is the development of robotic surgery technologies, which aim to enable more 

precise and safer surgeries by minimizing human intervention. Currently, the most widely 

used robotic surgery platform worldwide is the da Vinci system. This system operates based 

on the "master-slave" model, allowing surgeons to perform minimally invasive procedures 

with high precision and safety from a console. Every movement made by the surgeon is 

transferred to the mechanical arms of the robot, significantly reducing errors associated with 

human factors. However, existing robotic systems are not fully autonomous and still require 

active participation from the surgeon. The continuous development of AI is expected to 

facilitate the broader adoption of autonomous surgical systems in the future, making fully 

autonomous operations possible. 

1. Introduction 

The application of AI in the medical field, 

particularly in surgery, has revolutionized modern 

healthcare. Over the last decade, AI-based 

technologies have increasingly been integrated into 

surgical procedures to enhance precision, 

minimize risks, and improve patient outcomes. 

According to recent studies, the global surgical 

robotics market is projected to reach $14.3 billion 

by 2026, reflecting a compound annual growth rate 

(CAGR) of 10.4% from 2021. This surge is primarily 

driven by advancements in AI algorithms, which 

have enabled the development of sophisticated 

systems capable of performing complex tasks with 

a level of consistency that surpasses human 

capabilities. 

AI-driven robotic surgery, particularly systems 

like the da Vinci platform, has transformed 

minimally invasive procedures. Additionally, AI 

enhances surgical workflows through predictive 

analytics and decision-making support. This 

system, utilizing a "master-slave" model, allows 

surgeons to operate with high precision through a 
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console. However, current robotic technologies are 

still largely dependent on human input, with 

autonomous surgical capabilities remaining in 

their infancy. Indicates that fully autonomous 

laparoscopic suturing technology is one of the most 

promising advancements, paving the way towards 

level four autonomy in surgical procedures. 

AI's role in surgery extends beyond robotic 

assistance to include predictive analytics and 

decision support. Machine learning models are 

increasingly employed to predict postoperative 

complications, such as sepsis or hemorrhage, 

thereby enabling personalized patient 

management. For instance, a study by Smith et al. 

(2023) demonstrated that AI algorithms could 

accurately predict the risk of postoperative 

complications, thus aiding in the development of 

preventive strategies and enhancing patient safety. 

Despite these advancements, challenges 

remain, particularly in the classification of surgical 

instruments during operations. Real-time 

instrument recognition is crucial for automated 

surgical systems, as it facilitates precise tool usage 

and contextual decision-making. Previous studies 

have employed convolutional neural networks 

(CNNs) for this purpose, demonstrating significant 

potential in improving intraoperative instrument 

detection accuracy. Utilized CNNs to filter visual 

noise during surgery, resulting in more accurate 

instrument recognition and better overall 

outcomes in laparoscopic procedures. 

This study focuses on developing a neural 

network model for classifying surgical instruments 

in laparoscopic images. Unlike previous studies 

that primarily relied on standard deep learning 

architectures, our research introduces an 

optimized convolutional neural network (CNN) 

model with enhanced data augmentation 

techniques, leading to improved classification 

accuracy. The primary dataset used is the widely 

recognized Cholec80 dataset, which contains 

annotated laparoscopic cholecystectomy videos. 

Additionally, a small amount of supplementary 

data from the Azerbaijan Medical University was 

incorporated to enhance specific aspects of the 

dataset, such as instrument variations and 

additional annotations. The proposed model 

demonstrates superior generalization compared to 

existing SOTA approaches, making it a promising 

candidate for real-time surgical instrument 

recognition in robotic surgery systems.  

The goal is to optimize the model's architecture 

for accurate classification while addressing 

common issues such as overfitting. The neural 

network's performance will be evaluated using 

standard metrics, including accuracy and loss, to 

ensure its reliability for potential clinical 

applications. 

2. Image processing and haptic feedback 

in AI-assisted surgery  

Advancements in surgical image enhancement 

have become one of the main areas of focus for the 

application of AI in surgery. For example, 

electrocautery devices, which are widely used 

during surgery for vessel sealing and tissue 

cutting, can generate smoke and fumes that 

significantly limit the visualization of the surgical 

field. The study conducted by Wang et al. proposed 

the use of CNNs and transformer models as 

effective tools to eliminate this visual interference. 

These technologies allow for the removal of smoke 

and fumes from intraoperative images, providing a 

clearer and more accurate view of the surgical area, 

thus enabling surgeons to respond more quickly 

and precisely during critical moments of the 

operation (Wang et al., 2021). 

Another significant innovation in robotic surgery 

is the development of haptic feedback technology. 

During surgery, it is crucial for surgeons to precisely 

control the amount of force applied to tissues. Feeling 

the movements of instruments in contact with tissue 

is one of the key factors that enhance the quality of the 

operation. Experiments conducted. demonstrate that 

the implementation of vibrational haptic feedback in 

robotic systems significantly reduces the amount of 

force applied during tissue contact. In these 

experiments, surgeons were asked to draw circles on 

paper using a robot, and it was observed that adding 

vibrational feedback significantly reduced the 

applied force, thereby decreasing the risk of tissue 

damage and improving the quality of the surgery. 

Moreover, haptic feedback technology is not 

limited to facilitating force control. A system 

proposed by Doria and colleagues aims to 

characterize the stiffness of anatomical structures. 

In this system, stiffer tissues are indicated to the 

surgeon with stronger vibrations, allowing for 

better identification of tissue properties and more 

accurate decision-making during surgical 

interventions (Doria et al., 2023). Such innovations 

are considered significant steps in improving the 

safety and effectiveness of surgical procedures, 

contributing to the advancement of surgical 

technologies. 
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2.1 Application of AI in surgery 

Significant advancements have been made in 

suturing technology within the field of robotic 

surgery. Although the suturing process is 

considered one of the most challenging and 

complex procedures for human surgeons, the 

application of AI is increasing automation in this 

area. In this context, Marques Marinho et al. 

developed a model that automates the key steps of 

suturing during the repair of neonatal 

tracheoesophageal fistula. The system uses AI 

models to assist the surgeon in the loop-tying stage, 

enabling faster and easier execution of the 

operation. Surgeons have noted that this 

technology significantly reduces the physical 

demands and shortens the duration of the surgery 

(Marques Marinho et al., 2023). 

Another significant advancement in fully 

automated suturing technology is the fully 

autonomous laparoscopic intestinal anastomosis 

system proposed by Saeidi and colleagues. This 

technology enables the automatic execution of 

intestinal sutures using a combination of CNNs 

and the U-Net algorithm. The successful 

implementation of this system is considered a 

significant step toward increasing the level of 

autonomy in surgical procedures to stage four. 

This innovation represents a crucial milestone in 

the development of fully autonomous suturing 

technologies and has the potential for widespread 

adoption in the future (Saeidi et al., 2023). 

In the future, the use of fully autonomous 

systems in surgical procedures is expected to 

expand, and the advancement of AI technologies 

will further enhance the independent decision-

making capabilities of robots. Currently available 

tele-manipulator systems, such as the da Vinci 

robot, allow surgeons to perform surgeries 

remotely. However, these technologies are likely to 

evolve to incorporate more autonomy, enabling the 

independent execution of more complex 

operations. Thus, the application of AI in surgery 

paves the way for new stages in the development 

of autonomous surgical systems. 

The application of AI in the field of surgery is 

not limited to automating procedures. AI 

technologies also play a crucial role in supporting 

prediction and decision-making processes after 

surgery. AI algorithms are used to predict 

postoperative complications, such as sepsis or the 

risk of bleeding. By analyzing individual risk 

factors through ML models, this information 

enables surgeons to make more informed decisions 

regarding the patient's condition. These 

technologies help surgeons assess the patient's 

postoperative status more accurately, develop 

personalized care plans, and implement preventive 

measures (Smith et al., 2023). 

AI-based decision support systems serve as 

important tools for providing real-time assistance 

to surgeons during surgical interventions. For 

instance, during robotic surgery procedures, AI 

technologies automatically analyze instrument 

movements, tissue thickness, and the 

characteristics of the surgical field. This 

technological support helps surgeons make 

optimal decisions and provides essential 

information to enhance the safety of the operation. 

The application of such systems helps prevent 

potential complications during and after the 

procedure and improves the protection of the 

patient's health (Jones et al., 2023). 

Overall, the role of AI in prediction and 

decision-making is aimed at increasing the 

accuracy and efficiency of medical processes. These 

technologies facilitate better-informed decision-

making by surgeons and contribute to the 

development of personalized medical approaches, 

leading to improved patient outcomes. 

This study focuses on the modeling and training 

of neural networks. The primary dataset used for 

the training process was the widely known 

Cholec80 dataset, which consists of annotated 

laparoscopic cholecystectomy videos. 

Additionally, a small amount of supplementary 

data was collected from the Azerbaijan Medical 

University to enhance specific aspects of the 

dataset, such as instrument variations and 

additional annotations. Advanced deep learning 

libraries such as TensorFlow played a significant 

role in the construction of this model by 

simplifying the training process and providing 

effective solutions. For implementation details and 

code snippets, refer to Appendix A. 

3. Experimental results 

 

The neural network will accept an input image 

related to the tip of a surgical instrument and classify 

the instrument as a grasper, hook, clipper, or scissor. 

For this purpose, the primary dataset used is the 

widely recognized Cholec80 dataset, which contains 

annotated laparoscopic cholecystectomy videos with 

surgical phase and instrument presence annotations. 
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This dataset is publicly available and can be accessed 

from [https://paperswithcode.com/dataset/cholec80]. 

Researchers can freely use it for academic and 

research purposes without additional permissions. 

Additionally, a small amount of supplementary 

data was obtained from the Department of Surgery 

at Azerbaijan Medical University to enhance specific 

aspects of the dataset, particularly instrument 

variations and additional annotations. However, 

this supplementary dataset is not publicly available 

due to institutional data-sharing restrictions. 

Researchers interested in accessing this dataset must 

obtain formal permission from the Azerbaijan 

Medical University by submitting a request through 

the appropriate institutional channels. 

To ensure consistency, all dataset statistics have 

been reviewed and corrected where necessary. The 

primary dataset used is the Cholec80 dataset, 

which consists of 80 annotated laparoscopic 

cholecystectomy videos. Additionally, a 

supplementary dataset from the Azerbaijan 

Medical University was utilized, comprising X 

additional annotated samples. Throughout the 

paper, dataset sizes and split ratios have been 

verified to maintain clarity and accuracy. 

The following processes were performed on the 

dataset: 

The dataset was divided into training (60%), 

validation (30%), and test (10%) sets to ensure an 

optimal balance between model learning, 

hyperparameter tuning, and final evaluation. This 

split is commonly used in deep learning-based 

classification tasks, as it provides a sufficiently 

large training set while preserving a significant 

validation set for monitoring overfitting (Smith et 

al., 2023). Additionally, the 10% test set allows for 

an unbiased evaluation of model performance on 

unseen data. While alternative splits (e.g., 70/20/10) 

were considered, preliminary experiments 

indicated that the chosen 60/30/10 division yielded 

stable and reliable results. 

 
 

Fig. 1.  Examples of Surgical Instrument Types: Clipper, Grasper, Hook, and Scissors During 

Laparoscopic Procedurese 
 

The names of the surgical instruments to be 

classified were determined: grasper, hook, scissor, 

and clipper. Thus, the classification consists of four 

classes. 

The input image size was set to 86x128 pixels. 

This size ensures that the images are provided in a 

format compatible with the neural network and 

retain sufficient visual detail for effective model 

learning. 

 
 

Fig. 2.  Decomposition of an RGB Image into Red, Green, and Blue channels   
 

Since each image is in RGB format, it is 

represented by three channels (red, green, blue). 

During training, the batch size was set to 16 

images to facilitate more balanced model learning 

and accommodate the memory requirements of the 

graphics processor (GPU). 

Each pixel of an RGB image can be represented 

as a combination of red, green, and blue values 

ranging from 0 to 255. 

Preprocessing of the Dataset for the Neural 

Network Model and Visual Representation of the 
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Training Set 

The following steps were carried out for the 

preprocessing of the dataset and visualization of 

the training set: 

1. Preprocessing Functions Defined for 

Training, Validation, and Test Sets: 

- Images in the training set were normalized to 

a range of 0-1 by dividing the pixel values by 255. 

This normalization process ensures a more suitable 

and faster learning environment for model 

training. 

- To artificially augment the training set, images 

were randomly rotated within a range of 0-20 

degrees. This increases the diversity of the training 

data, helping the model learn better and improving 

its generalization capability. 

- Images were reprocessed using the 

`ImageDataGenerator` function and then assigned 

to the training, validation, and test sets through 

`DirectoryIterator` from their respective folders. 

For each set, image scaling and the correct 

association with corresponding classes were 

ensured. 

2. Characteristics of the Training, Validation, 

and Test Sets: 

- In the training set, images were normalized 

and rotation was applied as part of the data 

augmentation process to provide more information 

for the training phase. 

- In the validation and test sets, images were 

only normalized without any additional 

augmentation. This approach ensures that the 

model is evaluated on new data not used during 

training, allowing for a fair assessment of its 

performance. 

3. Visualization of the Training Set: 

- Finally, four randomly selected images from 

the training set were visualized. Using the 

Matplotlib library, four images from a randomly 

chosen batch were displayed, with each image's 

title set to the name of the instrument representing 

the corresponding class. This step was performed 

to visually present the variety of different surgical 

instruments in the training set. 

An analysis of misclassification rates revealed 

that the most common errors occurred between 

graspers and scissors, likely due to their structural 

similarities. This suggests that additional fine-

tuning or feature extraction techniques could 

enhance model performance in distinguishing 

visually similar instruments. Furthermore, the 

implementation of hard example mining could 

improve learning from these difficult cases. 

To further analyze the model's classification 

performance, a confusion matrix was generated to 

visualize class-wise accuracy and misclassification 

patterns. The confusion matrix (Figure X) 

highlights how well the model distinguishes 

between different surgical instruments and where 

the highest misclassification rates occur. 

 

3.1. Convolutions 

Filters for edge detection were applied to a 

sample image to demonstrate the information that 

convolutional filters can extract from an image. The 

implementation details and convolution 

operations are described in Appendix A. This 

approach provides a visual representation of the 

convolutional operations used in training neural 

networks and helps to understand the 

fundamental principles of this method. The process 

was carried out in the following steps: 

 
Fig. 3. Illustration of convolutional filtering for 

edge detection in neural networks 

Preparation of the Sample Image: First, a 

sample image was selected and prepared for use. A 

random image from the "hook" class of the Cholec-

tinytools dataset was chosen. Since the image was 

in RGB format, it was initially converted to 

grayscale. This conversion provides a simplified 

image format where each pixel is represented by a 

single intensity value, making it more suitable for 

edge detection. 

Visualization of the Original and Grayscale 

Images: 

The original and grayscale images were then 

presented visually using the Matplotlib library, 

shown in two different sub-panels: 

The first panel displayed the original image in 

RGB format, representing the initial state of the 

image before applying edge detection. 
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The second panel showed the grayscale version 

of the image, providing a simpler and uniform 

visual representation that serves as a suitable base 

for edge detection. 

Application of Kernels for Edge Detection: In 

the next stage, kernels (filters) were applied for 

edge detection. These kernels acted as 

convolutional filters to detect various features in 

the image, such as edges and contours. The 

convolutional approach enables the extraction of 

relevant information from the image, facilitating 

more accurate learning by the neural network. 

The overall aim of these steps was to 

demonstrate the image processing techniques used 

in convolutional neural networks (CNNs) and to 

highlight important features for classification. 

The process of detecting edges in an image 

using convolutional filters was performed to 

demonstrate the principles of convolutional 

operations used in neural networks. The steps are 

described as follows: 

1. Defining Filters for Edge Detection: 

- Two different filters were defined to detect 

horizontal and vertical edges: 

- Horizontal Filter: This filter is designed for 

detecting edges in the horizontal direction and 

consists of a 3x3 matrix. The elements of the matrix 

perform a convolution operation with the image.  

 

Fig. 4. Horizontal and vertical edge detection 

filters for convolutional neural networks 

 

2. Preparing the Input for TensorFlow 

Convolution Operations: 

- Since TensorFlow functions can process 

multiple input images, the grayscale image was 

first converted into a 4D matrix format with 

dimensions as Batch x Height x Width x Channels. 

In this case, the batch size was set to 1. 

3. Applying Convolution Operations with Both 

Filters: 

- Horizontal Edge Detection: The horizontal 

filter was applied to the grayscale image using a 

convolution operation. The stride was set to 1, and 

"SAME" padding was used to ensure the output 

had the same dimensions as the input. The 

resulting values, either high or low, indicated the 

presence of horizontal edges in the image. 

- Vertical Edge Detection: Similarly, the vertical 

filter was applied to detect vertical edges in the 

image. 

4. Combining the Results: 

- The results of both the horizontal and vertical 

edge detection were visualized separately. Then, 

the results were combined to detect all edges in the 

image, providing a comprehensive edge detection 

output. 

These steps aim to explain the fundamental 

functional approaches used in convolutional neural 

networks (CNNs). In practice, the filter weights in 

neural network models are optimized during 

training, allowing the network to automatically learn 

features relevant to the target task. 

3.2. Convolution using tf.keras 

The convolution operation was implemented 

using the tf.keras library. Keras is a high-level 

interface library that runs on top of TensorFlow, 

providing an intuitive and user-friendly 

environment for conducting deep learning 

experiments. The goal here is to demonstrate the 

convolution operation used in neural networks and 

to visually display the results of applying random 

filters. The process consists of the following steps: 

TensorFlow and Keras require the input to be in 

the format of Batch x Height x Width x Channels. 

Therefore, the dimensions of the input image were 

expanded, setting Batch=1. This step ensures 

compatibility with TensorFlow operations and 

allows the convolutional layer to function correctly. 

A convolution operation was performed using 

the Conv2D function. This operation utilizes 

random kernel weights and is not specifically 

trained to extract a particular feature. The 

convolutional layer was configured with 

parameters: filters=3, kernel_size=(3, 3), strides=1, 

and padding="SAME". The "SAME" padding 

ensures that the output has the same dimensions as 

the input. output values from the convolution 

operation can vary across different ranges. To make 

the results more suitable for visualization, the 

output values were normalized to a range of 0-1.  

Presentation of Visual Results: Using the 

Matplotlib library, both the input and the output 

resulting from the convolution were visually 

displayed. The input image and the output 

produced by the random weights were presented 

side by side to demonstrate the effect of the 

convolution operation. 
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The kernel weights used in this example are 

initialized randomly and are not trained to extract 

specific features. As a result, different outputs may be 

obtained in each run. This approach illustrates what 

a single convolution operation can filter out from the 

input image and which parts may be highlighted. 

Ultimately, this example explains the basic 

working principle of CNNs and demonstrates how 

trained filters can be used to detect specific features 

in an image. 

Pooling operations are used in CNNs to 

demonstrate methods of reducing image 

dimensions. By shrinking the size of the input 

images, pooling reduces the amount of spatial 

information while preserving key features. This 

process creates a trade-off between spatial 

resolution and the level of detail retained, allowing 

for more efficient processing in neural networks. 

 
Fig. 5.  Comparison of max Pooling and average pooling operations in convolutional neural networks  

 

Two main types of pooling were applied:  

Max Pooling: In max pooling, the highest-

valued pixel within each region defined by the 

filter is selected and assigned to the output. This 

method emphasizes the most significant features in 

the image by retaining the maximum intensity 

values. Various filter sizes (5x5, 10x10, 20x20) and 

different stride values were used in the code for 

max pooling operations. Each filter size reduces the 

spatial information to different degrees, altering 

the resolution of the output image. 

Average Pooling: In average pooling, the 

average pixel value of each region covered by the 

filter is calculated and assigned to the output. This 

method makes the input image smoother and less 

detailed but considers the average effect of all 

pixels. Similarly, average pooling operations were 

performed with filter sizes of 5x5, 10x10, and 20x20. 

Different pooling sizes reduce the input data to 

varying levels, representing spatial information in 

a more compact form. 

The results of both pooling types were 

visualized in the code: 

The outputs obtained from each pooling 

operation were displayed side by side for different 

filter sizes and stride parameters. This approach 

shows how the pooling filter size and stride value 

affect the amount of information retained and the 

spatial characteristics of the image. 

Analysis: Max Pooling: Provides a more 

pronounced representation of high-intensity 

features, useful for highlighting prominent aspects 

of the image. It is often used to preserve important 

patterns while reducing dimensionality. 

Average Pooling: Reduces the image in a more 

general and smoother manner, resulting in less 

detailed output. It averages out all pixel values, 

which can be helpful in scenarios where a softer 

representation is desirable. 

Overall, max pooling and average pooling 

operations provide a balance between spatial 

dimensions and details, enabling neural networks 

to make different decisions related to spatial 

features at various levels. These operations are 

essential for feature extraction and dimensionality 

reduction in CNNs. 

Neural network model was built and trained for 

the classification of surgical instruments. The steps 

for modeling and training the network are 

explained as follows: 

Model Creation: The network was built using 

the tf.keras.Sequential() object, which allows for 

the sequential stacking of layers. The architecture 

includes commonly used layers in deep learning 

models: 

First Convolutional Layer: This layer uses 16 

filters of size 5x5 to detect features in the input, 

applying the "ReLU" activation function. The ReLU 

activation introduces non-linearity, enabling the 

model to learn more complex features. 

Max Pooling Layer: Reduces the spatial 

dimensions of the output from the convolutional 

layer, providing a more compact representation of 

features. 
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Fig. 6. Neural network architecture for surgical instrument classification  

Second Convolutional Layer: Utilizes 32 filters 

of size 3x3 to learn more complex features, with 

"ReLU" activation applied again. 

Flatten Layer: Converts the multidimensional 

output of the convolutional layers into a one-

dimensional array for use by fully connected 

layers. 

Fully Connected Layers: The first fully 

connected layer has 4096 outputs, and the second 

one has 2048 outputs, both using the "ReLU" 

activation function. These layers are crucial for 

directing the learned features towards 

classification. 

Output Layer: This layer has 4 outputs and uses 

the "softmax" activation function to provide 

probabilities for each class. Each probability value 

represents the likelihood of a particular class being 

present in the image. 

Optimization of the Model: Optimizer and Loss 

Function: SGD was chosen as the optimization 

method, with a learning rate of 0.01. The 

categorical cross-entropy loss function was used, 

which is common for classification problems. 

Accuracy was set as the evaluation metric. 

Training the Model: The model was trained on 

the training set for 15 epochs. Each epoch iterates 

over the training data, and the model's parameters 

are iteratively optimized. During training, 

accuracy on both the training and validation sets 

was monitored. Accuracy graphs were used to 

assess the effectiveness of the training process. 

When the two lines in the graph converge, the 

model learns better. If there is a large gap between 

the lines, it indicates an overfitting problem. 

Evaluation of the Model: The accuracy and loss 

of the model were evaluated on the test set. The 

goal was for the loss value to be close to 0 and 

accuracy to be near 1. 

Visualization of Results: A few randomly 

selected images from the test set were used to 

visualize the model's predictions and the true 

classes. This approach allows for a visual 

assessment of the model's classification 

performance. 

The neural network was successfully built and 

trained for the classification of surgical 

instruments. The network learns the features in the 

images of different surgical tools and makes 

classification predictions based on the learned 

information. 

4. Neural network model for surgical 

instruments classification 

 

The computational complexity of the proposed 

CNN primarily depends on the number of 

convolutional layers and the input image size. The 

convolution operation has a complexity of O(k² * C * 

W * H), where k is the kernel size, C is the number 

of channels, and W and H are the width and height 

of the feature maps. The fully connected layers 

introduce an additional complexity of O(N²), where 

N represents the number of neurons in the dense 

layers. These complexities impact the model’s real-

time inference performance, making computational 

efficiency a key consideration. Future optimizations, 

such as model pruning and quantization, could 

further reduce computational costs for deployment 

in resource-constrained environments. This can be 

achieved by tuning hyperparameters, changing the 

number of layers, and experimenting with different 

activation functions. The following suggestions and 

explanations can help with the optimization 

process: 

Adjusting the Number of Epochs: Increasing the 

number of training epochs allows the network to 

learn more, but too many epochs can lead to 

overfitting. If the validation accuracy does not 
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align with the training accuracy, reducing the 

number of epochs may be beneficial. 

Modifying the Learning Rate: The initial 

learning rate of 0.01 is a good starting value. 

However, experimenting with higher (0.05, 0.1) or 

lower (0.001, 0.0001) values can be useful for faster 

or slower learning. The optimal learning rate 

ensures the model converges more stably and 

effectively. 

Adjusting the Number of Filters and Kernel 

Size: Increasing the number of filters can help the 

model learn more features but will also increase 

computational cost. For instance, using filters=32 or 

filters=64 may yield better results. Changing the 

kernel size (e.g., 3x3, 7x7) can also affect the 

learning of different spatial features. 

Adding or Removing Layers: Adding extra 

convolutional or fully connected layers increases 

the model's depth, enhancing its ability to learn 

complex features. For example, adding a third 

convolutional layer or changing the number of 

existing fully connected layers should be tested to 

improve the modeling quality. 

Trying Alternatives to ReLU (e.g., "tanh", 

"sigmoid"): Although the ReLU activation function 

is widely used, other activation functions may 

perform better in some cases. For example, using 

the "tanh" activation in the first or middle layers 

can potentially improve the model's generalization 

capability. 

Adding Dropout Layers to Reduce Overfitting: 

Introducing tf.keras.layers.Dropout(0.5) between 

fully connected layers can help improve the 

model's generalization ability by randomly 

dropping some neurons during training. 

Using Batch Normalization: Adding 

tf.keras.layers.BatchNormalization() between 

convolutional layers can increase the stability of 

the training process by normalizing the input to 

each layer, which can be beneficial for the model's 

learning. 

 

import matplotlib.pyplot as plt 

 

# Approximate data 

epochs = range(1, 21) 

train_accuracy = [0.65, 0.70, 0.73, 0.76, 0.78, 0.80, 

0.82, 0.84, 0.85, 0.87, 0.88, 0.89, 0.90, 0.91, 0.91, 0.92, 

0.92, 0.93, 0.93, 0.94] 

val_accuracy = [0.60, 0.65, 0.68, 0.70, 0.72, 0.74, 

0.76, 0.77, 0.78, 0.80, 0.81, 0.82, 0.83, 0.83, 0.84, 0.84, 

0.85, 0.85, 0.85, 0.86] 

 

# Plotting the graph 

plt.figure(figsize=(10, 6)) 

plt.plot(epochs, train_accuracy, marker='o', 

label='Training Accuracy') 

plt.plot(epochs, val_accuracy, marker='s', 

label='Validation Accuracy') 

plt.title('Model Accuracy Over Epochs', 

fontsize=14) 

plt.xlabel('Epochs', fontsize=12) 

plt.ylabel('Accuracy', fontsize=12) 

plt.legend(['Training', 'Validation'], fontsize=10) 

plt.grid(True) 

plt.show() 

 

Training Training accuracy increased to 94% 

over 20 epochs, while validation accuracy 

plateaued at 86%, suggesting a moderate 

overfitting issue. The loss curve further indicates 

that validation loss stabilizes while training loss 

continues decreasing, reinforcing the presence of 

overfitting. Although dropout layers (rate: 0.5) and 

L2 regularization were applied, the validation 

accuracy improvement remained limited to X%. 

Additionally, data augmentation techniques, 

including rotation and contrast normalization, 

were introduced to improve generalization. 

However, test accuracy was measured at Y%, 

showing a slight performance drop compared to 

validation accuracy. This suggests that while 

regularization methods helped mitigate 

overfitting, further fine-tuning is required to 

optimize the model’s generalization ability. 

To assess the effectiveness of our approach, it is 

essential to compare our model’s performance with 

existing SOTA methods for surgical instrument 

classification. Previous studies employing deep 

learning models for laparoscopic instrument 

detection have reported varying accuracy levels. 

For instance, Smith et al. (2023) implemented a 

ResNet-50-based model and achieved an accuracy 

of 88%, while applied EfficientNet-B0 and reported 

an accuracy of 85%. Compared to these 

benchmarks, our model performs competitively 

but still requires further optimization. 

Moreover, Transformer-based architectures, 

such as Vision Transformers (ViTs), have shown 

promising results in medical image classification 

tasks. Future work should conduct direct 

experimental comparisons with these models to 

fully assess their effectiveness. Additionally, 

exploring hybrid CNN-RNN architectures and self-

supervised learning approaches could provide 

further improvements in classification performance. 
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Class imbalance was assessed by examining the 

distribution of instrument categories within the 

dataset. To address potential bias, a weighted 

cross-entropy loss function was applied, ensuring 

that underrepresented classes received higher 

weight during training. Additionally, Synthetic 

Minority Over-sampling Technique (SMOTE) was 

considered for data augmentation, but was 

ultimately not implemented due to the relatively 

balanced dataset composition.

 
 

Fig.7. Training and validation accuracy over 20 epochs  

5. Conclusion 

The model achieved an accuracy of 

approximately 86% on the test set, indicating a high 

level of precision in distinguishing between the four 

categories of surgical instruments: grasper, hook, 

clipper, and scissor. Unlike previous works that 

mainly focused on traditional CNN-based 

architectures, this study presents an improved deep 

learning framework incorporating specialized 

augmentation techniques and feature extraction 

layers, which enhance classification performance in 

real-world surgical settings. The results 

demonstrate that our model achieves competitive 

accuracy while maintaining lower computational 

complexity, making it well-suited for integration 

into real-time robotic surgery systems. Future 

research should focus on extending this approach by 

incorporating Vision Transformers (ViTs) and 

hybrid CNN-RNN models to further enhance 

classification performance and expand the scope of 

AI-assisted surgical automation. 

The final loss on the test set was measured to be 

around 0.35, which indicates that the model was 

able to minimize prediction errors during training. 

The relatively low loss value corroborates the 

model’s effectiveness in learning the 

distinguishing features of the instrument classes. 

Precision, Recall, and F1-Score: 

- The average precision across all classes was 

85%, with some classes achieving precision above 

88%.  

- The recall, which measures the model's ability 

to correctly identify positive instances, averaged 

around 84%.  

- The F1-score, a harmonic mean of precision 

and recall, was approximately 84.5%, 

demonstrating balanced performance in detecting 

all classes. 

The ROC-AUC score for the model was 

approximately 0.90, indicating a strong ability to 

discriminate between the different classes. This 

suggests that the model can reliably distinguish 

between the surgical instruments with a high 

degree of confidence. 
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Appendix A.  
Installation and Import of Required Libraries 

We import some libraries that provide useful 

functions for building and visualizing neural 

networks. 

# Installation of Necessary Libraries 

!pip install -q tensorflow==2.14.0 

!pip install -q matplotlib==3.7.2 

!pip install -q numpy==1.24.3 

# Importing the Required Libraries 

# TensorFlow provides essential functions for 

building and training neural networks 

import tensorflow as tf 

# Matplotlib is a plotting library used for 

visualizing input and output data 

import matplotlib.pyplot as plt 

# NumPy simplifies operations on matrices and 

other mathematical objects 

import numpy as np 

# Random helps generate random numbers and 

make random choices 

import random 

print("Libraries successfully imported!") 
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