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Abstract- Five billion people worldwide have no access to quality surgical care. The skill of the physician varies greatly, and 

many patients who are offered care have problems and are easily injured. Improving surgical training and feedback can help 

reduce the level of complications that have been shown to be preventable. To do this, it is important to test the ability to work, 

a process that requires professionals right now and manual, time-consuming, and humble. In this work, we introduce a method 

to automatically assess the performance of physicians by tracking and analyzing the movement of tools in surgical videos, 

using region-based convolutional neural networks. While previous methods have talked about the availability of tools, ours is 

the first to not only see the presence but also locally available surgical tools in real laparoscopic surgical videos. We show that 

our approach is more sensitive to the limitations of tools and far outweighs the methods available to determine the presence of 

tools. 
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I.INTRODUCTION 

 
Tool acquisition, asset classification and basic technology 

tracking with many potential applications. The model can 

be used to increase the contextual awareness of surgeons 

in the operating room [1].  

 

In the context of critical surgical interventions, such as 

fetal [2] and eye surgery [3], providing the clinician with 

accurate real-time information on surgical instruments can 

be invaluable and help avoid human error. Tool 

identification is also part of other computer pipelines such 

as coloring, visual servoing and skills testing. Photography 

can provide a much larger reconstruction than an image 

given a general endoscopic view. The mosaic is usually 

produced by sewing endoscopic images as the endoscope 

travels across the operating site [4].  

 

However, the surgical tools available in the images include 

a reconstructed surgery. Real-time metal detection and 

traceability facilitate the formation of metal space and 

further separation of subcutaneous tissue so that the final 

mosaic contains only patient tissue. Another tool for 

splitting tools is the visual output of said or flexible 

surgical robots. As the metabolic rate increases [5], it 

becomes more and more difficult for the surgeon to 

understand the structure of these metals.  

 

With the minimal use of the tools used, the kinematics of 

these devices are gradually reduced due to the effects of 

collisions, hysteresis and backlash alongside the durability 

of the metal and safety. In addition, it is a challenge to 

embed them in the shape or texture of their hearing 

without increasing their size. The great advantage of 

tracking is a comparison tool with fiducial marks or 

assistive technology that there is no need to change the 

current workflow or raise other external instruments. 

Previous work has focused on the acquisition [6], the 

localization [7] and the metering of the instruments [8] 

using different methods and techniques of separation. 

 

The proposed approach includes three key categories 

namely: Data Acquisition, Data Processing and Planning. 

The flow diagram is shown in Fig. 1 and the current 

section includes similar short interviews. 

   

 
Fig 1. Proposed Methodology. 

 

1. Data Acquisition: 

Pictures of surgical instruments are taken from the catalog 

of labeled surgical tools. Disease images downloaded 

using python text. The acquired database contains around 

3009 images of 4 different classes. The database includes 

images of all major types of surgical instruments. Each 

downloaded image belongs to the RGB color space 

automatically and is stored in a compressed JPG format. 

2. Data Pre-Processing: 

The acquired database contains low-resolution images and 

that is why audio removal was not a necessary step for 

transfer. The images in the database were processed into a 
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256 × 256 solution to speed up the training process and 

make model training possible by computer. The process of 

setting inputs or alternatives to the targets usually speeds 

up the training process. 

 

3. Classification: 

Convolutional neural networks (CNN) can be used to 

build a computer model that works on unstructured image 

input and converts them into compatible separate output 

labels. They belong to the category of multiple neural 

networks that can be trained to learn the features needed 

for differentiating purposes. They require less processing 

compared to traditional methods and perform automatic 

extraction that provides better performance.  

 

For the purpose of diagnosing tomato disease, we have 

tried many common learning methods such as AlexNet 

[4], GoogleNet [10] and the best results can be seen with 

the use of a variety of LeNet properties [5]. 

 

LeNet is a simple CNN model that contains convolutional, 

activation, pooling and fully integrated layers. The 

structure used for the separation of tomato leaf diseases is 

different from the state of LeNet. It contains an additional 

block of layers for resolution, activation and integration 

compared to the original LeNet architecture. The model 

used in this paper is shown in Fig. 2.  

 

 
Fig 2. Model Architecture. 

 

Each block contains convolutional, activation and a large 

integration layer. Three such blocks were used, followed 

by layers that were fully connected to the function of the 

recess in this construction. Conversion and integration 

layers are used to extract the element and fully integrated 

layers are used for partitioning. Launch layers are used for 

non-network deployment. 

 

The conversion layer works the convolution effect on 

extracting features. With increasing depth, the complexity 

of the extracted elements increases. The filter size is 

targeted at 3 × 3 and the number of filters increases 

steadily as we move from one block to another. The 

number of filters was 32 in the first decision box when it 

was upgraded to 64 in the second and 128 in the third. 

This increase in the number of filters is required to 

compensate for the reduction in the size of the object maps 

created by the use of integration layers in each block. 

Feature maps are also included zero to maintain image size 

after convolution operation.  

 

A large integration layer is used to reduce the size of the 

feature maps, to speed up the training process, and to 

make the model slightly different from small input 

variables. The kernel size for max pooling is 2 × 2. The 

ReLU launch layer is applied to each block of unequal 

presentation. Also, the standard stop function has been 

used with the last 0.25 intervals to avoid overriding the 

train set. Occasionally Dropout deplets neurons in the 

network during each reduction training to reduce model 

variability and simplify network that helps prevent 

overdose. 

 

The ImageNet Large Scale Visual Recognition Challenge 

(ILSVRC) is an annual computer vision competition. Each 

year, teams compete on two tasks. The first is to detect 

objects within an image coming from 200 classes, which is 

called object localization. The second is to classify 

images, each labeled with one of 1000 categories, which is 

called image classification.  

 

VGG 16 was proposed by Karen Simonyan and Andrew 

Zisserman of the Visual Geometry Group Lab of Oxford 

University in 2014 in the paper “VERY DEEP 

CONVOLUTIONAL NETWORKS FOR LARGE-

SCALE IMAGE RECOGNITION”. This model won the 

1st  and 2nd place on the above categories in 2014 

ILSVRC challenge. 

 

 
Fig 3. VGG-16 Architecture. 

 

This model achieves 92.7% top-5 test accuracy on 

ImageNet dataset which contains 14 million images 

belonging to 1000 classes. 

 

II. ARCHITECTURE 

 
The input to the network is image of dimensions (224, 

224, 3). The first two layers have 64 channels of 3*3 filter 

size and same padding. Then after a max pool layer of 

stride (2, 2), two layers which have convolution layers of 

256 filter size and filter size (3, 3). This followed by a max 

pooling layer of stride (2, 2) which is same as previous 
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layer. Then there are 2 convolution layers of filter size (3, 

3) and 256 filter.  

 

After that there are 2 sets of 3 convolution layer and a max 

pool layer. Each have 512 filters of (3, 3) size with same 

padding.This image is then passed to the stack of two 

convolution layers. In these convolution and max pooling 

layers, the filters we use is of the size 3*3 instead of 11*11 

in AlexNet and 7*7 in ZF-Net. In some of the layers, it 

also uses 1*1 pixel which is used to manipulate the 

number of input channels. There is a padding of 1-pixel 

(same padding) done after each convolution layer to 

prevent the spatial feature of the image. 

 

1. VGG-16 Architecture Map: 

After the stack of convolution and max-pooling layer, we 

got a (7, 7, 512) feature map. We flatten this output to 

make it a (1, 25088) feature vector. After this there are 3 

fully connected layer, the first layer takes input from the 

last feature vector and outputs a (1, 4096) vector, second 

layer also outputs a vector of size (1, 4096) but the third 

layer output a 1000 channels for 1000 classes of ILSVRC 

challenge, then after the output of 3rd fully connected 

layer is passed to soft max layer in order to normalize the 

classification vector.  

 

After the output of classification vector top-5 categories 

for evaluation. All the hidden layers use ReLU as its 

activation function. ReLU is more computationally 

efficient because it results in faster learning and it also 

decreases the likelihood of vanishing gradient problem. 

 

2. Configuration: 

The table below listed different VGG architecture. We can 

see that there are 2 versions of VGG-16 (C and D). There 

is not much difference between them except for one that 

except for some convolution layer there is (3, 3) filter size 

convolution is used instead of (1, 1). These two contains 

134 million and 138 million parameters respectively. 

Different VGG Configuration 

 

3. Object Localization In Image: 

To perform localization, we need to replace the class score 

by bounding box location candidates. A bounding box 

location is represented by 4-D vector (center coordinates, 

height, width). There are two version of localization 

architecture, one is bounding box is shared among 

different candidates (the output is 4 parameter vector) and 

other is bounding box is class specific (the output is 4000 

parameter vector).  

 

The paper experimented with both approach on VGG -16 

(D) architecture. Here we also need to change loss from 

classification loss to regression loss functions (such as 

MSE) that penalize the deviation of predicted loss from 

ground truth. 

 

 

III. RESULTS 

 
VGG-16 was one of the best performing architecture in 

ILSVRC challenge 2014.It was the runner up in 

classification task with top-5 classification error of 7.32% 

(only behind GoogLeNet with classification error 6.66%). 

It was also the winner of localization task with 25.32% 

localization error. 

 

IV. CHALLENGES OF VGG 16 

 
It is very slow to train (the original VGG model was 

trained on Nvidia Titan GPU for 2-3 weeks).The size of 

VGG-16 trained imageNet weights is 528 MB. So, it takes 

quite a lot of disk space and bandwidth that makes it 

inefficient. 

  

V. CONCLUSION AND FUTURE WORK 
 

A network acquisition tool for surgery based on the 

Transfer Learning Network has been trained in a database 

of surgical tools challenge. Images extracted from the 

training folder are highly related and each image is 

assigned to a collection of labels instead of a single label. 

Various transfer learning settings are compared to a series 

of tests. Proper VGG optimization achieves better results 

consistently than using VGG in conjunction with custom 

separation. However, using weight loss function that 

increases the loss of less represented classes improves 

model performance. 

 

 
Fig 4. Shows Training and Validation Accuracy. 

 

The emerging network works well with tools but 

performance is poor in some cases because there is not 

enough training data. As a result, with a large database it is 

possible to create a separator close to good performance. 

Another way to improve performance is to create network 

connections that start from random startups or with 

different constructions. This can be very helpful for a 

biomarker, as the perceived reason for the inaccurate 

detection function is overused. 
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Fig 5. Shows Training and Validation Loss. 
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