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Abstract

Purpose: Ensuring excellent video quality is crucial for the success of minimally invasive surgical procedures
without disrupting the surgical procedure flow. Real-time laparoscopic video frequently encounters issues such
as blur and smoke, often stemming from lens contamination. The automatic detection of these distortions is
imperative to assist surgeons, ultimately reducing operative time and mitigating risks for the patient.

Materials and Methods: In this paper, we leverage the Laparoscopic Video Quality (LVQ) database developed
by Khan et al. to train and validate our model. To classify defocus blur, motion blur, and smoke in the laparoscopic
video, we adopt a novel approach utilizing a cascade support vector machine (SVM) classifier, which combines
decisions from three binary classifiers. The first classifier categorizes videos into two classes: good and distorted.
The second classifier focuses on detecting smoke and blur, while the third is dedicated to distinguishing between
defocus blur and motion blur.

Results: In this study, we calculate performance metrics, including accuracy rate, precision, recall, F1 score, and
execution time, which are crucial indicators for evaluating quality detection results. The machine-learning
classification demonstrates notable performance, with an accuracy rate of 96.55% for the first classifier, 100%
for the second, and 99.67% for the third classifier. Additionally, the classification achieves a high inference speed
of 37 frames per second (fps).

Conclusion: The experimental results showcased in this paper underscore the efficacy of the proposed approach
in automatically detecting distortions in a laparoscopic video. The method exhibits high performance, excelling
in both accuracy and processing speed. Notably, the method's advantage lies in its simplicity and the fact that it
does not necessitate high-performance computer hardware.

Keywords: Automatic Detection of Laparoscopic Video Distortion; Smoke and Blur Detection; Machine-
Learning Classification.
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Laparoscopic Videos Distortion Detection

1. Introduction

Outstanding video quality is essential for minimally
invasive surgical procedures, ensuring the flow of
operative procedures [1]. Laparoscopic videos are
susceptible to various distortions, including noise,
smoke, uneven illumination, defocus blur, and motion
blur. These are considered the five categories of
laparoscopic video distortion [1]. Reduced video
guality not only diminishes a surgeon's visibility but
also compromises the outcomes of computational
tasks in robot-assisted surgery and image-guided
navigation systems [2, 3]. Examples of such tasks are
segmentation [4-7], instrument tracking [8-11], and
augmented reality [12, 13]. A noticeable drop in
accuracy was observed when the laparoscopic image
quality was degraded (blur, noise, or resolution drop)
[14].

Numerous solutions have been proposed to address
these issues, each grounded in the detection of one or
more causes of distortion. The first methods focused
on the detection and classification of smoke, using
Support  Vector Machines (SVM) [15] and
Convolutional Neural Networks (CNN) [16-19].

Researchers have also proposed alternative approaches,
including using the histogram of the saturation channel (S)
in the HSV color space. These methods reveal that the
color saturation decreases when smoke obscures the Field
Of View (FOV) [20].

To classify the other distortions, the authors
constructed a Laparoscopic Video Quality database
(LVQ) containing a dataset of 200 videos. The
database comprises five categories of distortions and
four levels of intensity [1]. A specific method was used
to classify each type of distortion: a fast noise variance
estimator with a threshold for noise distortion [21], a
Saturation Analysis (SAN) classifier for smoke
distortion [16], statistics of the luminance component
of an image for uneven illumination distortion [1], and
a Perceptual Blur Index (PBI) with a threshold
classifier for motion and defocus blur distortions [22].
The authors have also utilized various methods with
different datasets to detect image sharpness or
blurriness. Some of these methods include:

Haar Wavelet Transform (HWT), Fast Fourier
Transform (FFT), Laplacian operator, and Sobel
operator [23, 24]. However, these techniques are
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constrained to specific types of distortion.
Furthermore, they are only applicable for single
distortion classification [25]. When confronted with
multiple distortions during processing, the complexity
can significantly increase, leading to intensified
masking effects between video frames [26].

The deep learning approach is gaining popularity
and is successfully employed not only in image
classification but also in text classification. Various
architectures, such as Recurrent Neural Networks
(RNN) or bidirectional RNN [27], contribute to its
versatility.

In the analysis of laparoscopic images, a diverse set
of deep learning methods was applied to detect and
classify the five categories of laparoscopic video
distortions. Some of these methods utilized single-
label classification and a single Deep Neural Network
(DNN) [28]. Others, based on multi-label distortion
classification [29], used the convolutional neural
network ResNet50 as DNN to extract the features from
laparoscopic  frames. Recently, a multi-label
classification method was proposed, based on a
combination of ResNet and a Fully Connected Neural
Network (FCNN) [30], using the LVQ database
introduced in [1]. However, most of these solutions are
time-consuming during the training phase [27] and
rely on the high performance of computer hardware.
Additionally, there are challenges in the medical
domain, including limited data access due to privacy
concerns and the need for high-quality labeled datasets
for training deep learning models [28]. The lack of
availability of large-scale data is a common problem
in medical applications [29].

To benefit from the distortion classification, it is
necessary to separate distortions caused by
laparoscopic lens contamination from distortions
caused by technical problems. During minimally
invasive surgical procedures, most distortions
surgeons encountered were caused by contamination
such as blur and smoke [31]. Therefore, our work
focuses on detecting these types of distortions.

In this paper, we propose an alternative approach
using three SVM classifiers in cascade for automatic
detection and classification of defocus blur, motion
blur, and smoke in laparoscopic video. In the first
classifier, we assess the video quality as high or low.
In the second, we identify the presence of blur or
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smoke. Finally, the third classifier distinguishes
between defocus blur and motion blur. The first and
second classifiers use the variance and maximum
values of the Laplacian and Sobel operators and the
SAN classifier as features of the image. The third
classifier uses the variance and the maximum value of
the Laplacian and the Sobel operators as features of
the image.

We propose a three-staged computational
framework for the automatic detection of these
distortions. The real-time detection of defocus blur in
laparoscopic video can be used to activate an
automatic in-situ lens cleaning system.

This paper introduces several contributions:

- A novel distortions classification system used to
identify distortions, specifically those caused by
laparoscopic lens contamination.

- Areal-time solution to identify distortions in live-
captured videos.

- A simple machine-learning, classification-
based method that does not demand high-performance
resources. Hence, it avoids the challenge of the limited
availability of large-scale medical data.

- Toour knowledge, this study is the first to focus
on detecting distortions caused by laparoscopic lens
contamination using a cascading SVM.

The structure of this paper is as follows: Section I,
Materials and Methods, provides an overview of the
datasets and a detailed description of the method
employed. Section |1, Results, delves into the
experimental setup and results. Section 1V,
Discussion, provides an analysis and discussion of the
results. Lastly, Section V, Conclusion, summarizes the
outcomes and significance of this work, offering
insights into potential future improvements.

2. Materials and Methods

2.1. Dataset Overview

In this paper, we utilize the LVQ database
developed by Khan et al. [1]. The database consists of
10 reference videos, each lasting ten seconds. These
videos are extracted from the Cholec80 dataset [32],
which includes ten distinct categories of scene
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variations: Bleeding (BL), Grasping and Burning
(GB), Multiple Instruments (MI), Irrigation (IR),
Clipping (CL), Stretching Away (SA), cutting (CU),
stretching forward (SF), Organ Extraction (OE), and
Burning (BU).

Each reference video was distorted by five different
categories of distortions with four levels of severity,
as shown in Table 1 and Table 2. This results in a total
of 200 videos annotated with subjective scores
performed by expert and non-expert observers. Khan
et al. [1] used these severity ranks to investigate how
experts and non-experts perceive the themes of each
distortion. The distortions include smoke, noise,
uneven illumination, defocus blur, and motion blur, as
shown in Figure 1.

To validate our method, we utilized an extended
version of the LVQ database (ICIP LVQ Challenge
dataset) which was proposed in the International
Conference on Image Processing Challenge
(ICIP2020) [32]. The ICIP_LVQ test has 200
laparoscopic videos, which include both single and
multiple distortions. Specifically, there are 60 videos
with noise, 50 videos with defocus blur, 45 videos
with motion blur, 95 videos with smoke, and 95 videos
with uneven illumination.

Table 1. Dataset description [1]

Resolution  Frame Number of Number
of each rate distortions of levels
video
512 X 288 25 fps 5 4
Table 2. Dataset summary [1]
Number Number of Number
Distortions of - of levels
- . videos by
categories  distorted of
. level .
videos severity
Smoke 40 10 4
Noise 40 10 4
_ Uneven 40 10 4
illumination
Defocus 40 10 4
blur
Motion blur 40 10 4
Total 200 50
343
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e: Motion blur

Figure 1. Various distorted images extracted from the LVVQ database [1]

2.2. The Proposed Method

In this study, we propose a new approach using
three SVM classifiers in cascade for the automatic
detection and classification of defocus blur, motion
blur, and smoke in laparoscopic video. The first
classifier assesses the video quality as either high or
low, using two classes: 'Degraded Image' and 'Good
Image.' The second classifier identifies the presence of
blur or smoke. Lastly, the third classifier differentiates
between defocus blur and motion blur.

To generate degraded frames from the dataset, we
exclude frames that exhibit the first level of defocus
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blur, motion blur, and smoke distortions. This
exclusion is determined by the good scores obtained
in expert evaluation, which fall between 0.8 and 1, as
mentioned in [1]. Hence, the second, third, and fourth
levels of these distorted videos were taken to create a
training dataset encompassing three classes: 'Defocus
Blurred Image,' 'Motion Blurred Image," and 'Smoked
Image.'

Consequently, 90 videos are chosen and converted
into frames with a rate of 5 fps, as depicted in Table 3.
These three classes are combined into a single class
labeled 'Degraded Image.' It is important to note that
the classes 'Noise' and 'Uneven Illumination' are
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excluded from consideration, as this work focuses on
detecting blur and smoke.

From the reference video in the LVQ database, all
frames from 10 videos were extracted, with a frame
rate of 25 fps. This class is labeled ‘Good Image’.

Among the various imbalanced learning
approaches, the data-level approach was selected [33]
to address the issue of imbalanced class distribution in
the dataset. As a result, we resampled the training
dataset by oversampling the 'Good Image' class, which
is the minority class, achieved by vertically flipping
the extracted frames, as illustrated in Table 3.

Table 3. Training data summary for the first classifier

Dataset Number of frames
Number of defocus 1548
blurred frames
Number of motion- 1548
blurred frames
Number of smoked 1548
frames
Number total of
degraded frames 4644
Number of reference 2561
frames
Number of reference
frames after data 4644
augmentation
Number of total frames 9288

For the second classifier, the two classes, 'Defocus
Blurred Image' and 'Motion-Blurred Image,' are
combined into a single class labeled 'Blurred Image.'
To achieve balance with the 'Smoked Image' class,
data augmentation is performed by vertically flipping
the extracted frames, as shown in Table 4.

Table 4. Training data summary for the second
classifier

Dataset Number of frames
Number of blurred
frames (defocus and 3096
motion)

Number of smoked

1548
frames

Number of smoked
frames after data 3096
augmentation

Number of total frames 6192
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For the third classifier, we utilize two classes:
'‘Defocus Blurred Image' and 'Motion Blurred Image'
as shown in Table 5.

Video frames are resized to 224x224 pixels before
being applied to the SVM classifiers.

Table 5. Training data summary for the third classifier

Dataset Number of frames
Number of defocus 1548
blurred frames
Number of motion 1548
blurred frames
Number of total frames 3096

2.3. Features Extraction

Blur features: To identify blur in laparoscopic
videos, we utilize two pixel-based edge detection
algorithms: the Laplacian, a second derivative
operator, and the Sobel operator, a first derivative
operator. This selection is made due to the observation
that non-blurred images exhibit sharper edges in
comparison to blurred images [24].

The Laplacian accentuates regions with rapid
changes in intensity values. By computing the
variance of the Laplacian of an image, we can discern
between a blurred image and a sharp image. High
variance indicates a widespread response, signifying
an edge or sharp image, while low variance indicates
a minimal spread of response, indicating blur [34].
Additionally, we employ the Sobel operator for edge
detection due to its insensitivity to noise and its use of
a relatively small mask in images [35].

In this study, we utilize the variance and the
maximum value derived from each operator as image
features for the SVM classifier, facilitating the
discrimination between blurred and non-blurred
frames [24, 35]. For instance, for blurred images, the
variance and the maximum values of the Laplacian
and Sobel operators are below a threshold
automatically determined by the SVM classifier.

-Smoke features: In smoke detection, we utilize the
SAN classifier, which relies on the histogram of the
saturation channel from the HSV color space. Smoke-
containing images typically exhibit reduced color, and
as a result, the saturation channel in the HSV color
space demonstrates a notable correlation with the
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presence of smoke [16]. Leibetseder et al. employed
saturation peak analysis (SPA) to assess the saturation
of a frame by converting it into the HSV color space.
This method isolates the corresponding S-channel and
generates an intensity histogram. It is observed that
images lacking color or containing smoke exhibit
numerous low-saturation pixels. Consequently, their
histograms display higher values in the lower bins,
creating an inverse scenario for the upper bins [36]. If
the majority of bin values in the histogram fall below
the suggested threshold of tc = 0.35, as proposed in
[16], the frame is classified as having smoke. The
probability of an image having smoke is defined as
(Equation 1):

1
Preds(H) = m; b; M

beH
istc
Where: bi is the i-th bin value of histogram H, with
|H|=256, and t. the threshold (t. = 0.35) [16].

Detecting smoke using saturation histograms
essentially  involves identifying a  suitable
concentration point for bin values in non-smoke
samples called the classification threshold, or tc. This
threshold serves as a reference point for smoke
samples, as they typically display a lower
concentration [16].

2.4. The Proposed Work

The rationale behind the selection of the SVMs
classifiers is that they are supervised learning
classifiers of linear and non-linear data; they have
different kernel functions (e.g., linear kernel, RBF
kernel, polynomial kernel) [37]. They have relatively
high predictive performance and are less affected by
the overfitting problem [38]. The inputs into the SVM
are feature vectors extracted from frames of the dataset
cited in the preceding section. The goal is to separate
the feature vectors to maximize the margins from both
vectors.

Dimensionality ~ reduction  techniques can
significantly decrease the time complexity during the
training phase of machine learning algorithms, thus
alleviating the computational burden. Two widely
used dimensionality reduction methods are Linear
Discriminant ~ Analysis (LDA) and Principal
Component Analysis (PCA) [39]. However, we did
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not employ any of these methods in this work. Instead,
our focus was solely on identifying the optimal SVM
kernel. Our objective was to apply a transformation
that yields the best separation of feature vectors,
consequently achieving the highest accuracy. In this
work, various SVM kernels were evaluated, and the
Gaussian Radial Basis Function (RBF) kernel was
found to provide the highest accuracy. The optimal
parameters were determined as C = 100 and Gamma =
0.01.

SVM is trained to fit the extracted features and map
them to specific classes. Three binary SVMs are
utilized in cascade in this paper, as shown in Figure 2.

Laparoscopic video input

Laparoscopic video captured frame by frame

| 2

Features extracted from each frame

2

The first SVM classifier is used

Y The
Good frame process
continues
No
Degraded frame detected
¥
The second SVM classifier is used
Yes
Smoked frame Smoked
frame
No
Blurred frame
The third SVM classifier is used
Ye Defocus
Defocus Blur blurred
frame

No

Motion blurred frame

Figure 2. Flowchart of the proposed framework for
laparoscopic video quality identification
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2.4.1.First Step: Degraded Image/Good Image
Classification

For the first classifier, training data is generated
from the two classes 'Degraded Image' and 'Good
Image' and stored in a data file. Subsequently, various
feature combinations are explored, including:

- The variance and maximum value of the Laplacian
operator and SAN classifier.

- The variance and maximum value of the Sobel
operator and SAN classifier.

- The variance and maximum value of the Laplacian
and Sobel operators and the SAN classifier.

Finally, Scikit-learn confusion matrices are
presented,  prediction  parameters  (accuracy,
prediction, precision, recall, f1-score) are computed,
the best feature combination is determined, and the
prediction model is saved.

2.4.2.Second Step: Blurred Image/ Smoked
Image Classification

In the second step, frames from the two classes,
'‘Blurred Image' and 'Smoked Image' are used to train
the second classifier. The image features used include
the maximum value and variance of the Laplacian and
Sobel operators and the SAN classifier. Afterward, the
second prediction model is saved. This classifier is
used when a degraded frame is detected in the first
step.

2.4.3.Third Step: Defocus Blurred Image/
Motion Blurred Image Classification

In the third step, frames from the two classes,
‘Defocus Blurred Image’ and 'Motion Blurred Image’,
are used to train the third classifier. The features used
for the image include the maximum value and variance
of both the Laplacian and Sobel operators. Finally, the
third prediction model is saved. This model is used
when the output of the second classifier indicates a
blurred image.
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3. Results

3.1. Experimental Setup

The experiments are performed on a desktop
computer with the following specifications: CPU -
Intel Core i3 - 2365M @ 1.40 GHz, GPU - Intel HD
Graphics 3000, and 4 GB of RAM. The computer runs
on Windows 7 64-bit operating system. Various
frameworks, including OpenCV (CV2) v4.5.5, Scikit-
Learn 1.1.2, and Scikit-Image 0.19.2, are utilized with
Python 3.8.

3.2. Performance Metrics

To train and evaluate the proposed methodology,
we randomly divided each dataset into two non-
overlapping subsets: 80% for training and 20% for
testing. The distribution for each classifier is as
follows:

- First Classifier: 7430 frames for training and
1858 frames for testing.

- Second Classifier: 4953 frames for training and
1239 frames for testing.

- Third Classifier: 2476 frames for training and
620 frames for testing.

Ultimately, our method is evaluated using 200
videos from the testing dataset [31], and the results are
compared to the ground truth of this dataset.

The performance metrics, encompassing accuracy
rate, precision, recall, F1 score, and execution time,
are computed. These metrics serve as crucial
indicators for evaluating the outcomes of quality
detection. The summary of performance metrics is as
follows:

Accuracy calculates the percentage of correctly
predicted frames out of all the test frames (Equation
2):

TP+TN
TP+TN +FP+FN

)

Accuracy =

Where TP is true positive, TN is true negative, FP
is false positive, and FN is false negative.

Precision refers to the accuracy of positive
predictions [29] (Equation 3):
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TP

Precision = —— (3)

Recall (sensitivity) measures the fraction of positive
predictions that were correctly identified [29]
(Equation 4):

TP

Recall = m (4)

- The F1score encapsulates recall and precision in
a single quantity. The best score is 1.0 [29]
(Equation 5).

2x precisionx recall

Fl_score = precision+recall (5)
- CPU execution time represents the time taken by
the CPU to execute the framework and classify the

frames.

- The frame rate, measured in frames per second
(fps), refers to the speed at which video frames are
scanned to identify distortions in live-captured
laparoscopic videos [29].

3.3. Experimental Results

This section presents the evaluation results of the
proposed method for each classifier. The focus is on
the accuracy rate, precision, recall, F1 score, and
confusion matrix.

3.3.1.The First Classifier

For the first classifier, we conducted a comparative
analysis of different blur and smoke detection methods
in images. Various feature combinations as described
in the methodology section are compared. The
confusion matrix for each method is shown in Figure
3.

Figure 3 displays the confusion matrices. In each
matrix, the rows represent the true (actual) classes:
'Degraded Image' (class 0) and 'Good Image' (class 1).

The columns represent the predicted classes for
each feature combination (a, b, and c), and each
element (i, j) in the matrix corresponds to the number
of frames known to be in real class i and predicted to
be in class j

Table 6 shows accuracy, recall, precision, F1 score,
and CPU execution time.
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Figure 3. The confusion matrix of the proposed
solution for the first classifier with each feature
configuration: (a) The variance and the maximum
value of the Laplacian operator and SAN classifier;
(b) The variance and the maximum value of the Sobel
operator and SAN classifier; (c) The variance and the
maximum value of the Laplacian and Sobel operators
and SAN classifier
Table 7 displays the accuracy, recall, precision, F1
score, and CPU execution time for the second and
third classifiers.

Figure 4 shows the confusion matrices of the second
classifier (a) and the third classifier (b). The two
classes are 'Blurred Image' (class 0) and 'Smoked
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Image’ (class 1) for the second classifier. For the third
classifier, the classes are 'Defocus Blurred Image'
(class 0) and 'Motion Blurred Image' (class 1).

633 0
= 0
5
m,
= 0 606
.
0 1
Predicted lzbel
(a)
328 0
e
e
5
1 b
g 1 2 290
.
a 1
Predicted lzbel
(b)

Figure 4. The confusion matrix of the proposed
solution for the second and third classifiers: (a) The
second classifier with the maximum value and the
variance of the Laplacian, the Sobel operators, and the
SAN classifier; (b) The third classifier with the
maximum value and the variance of both the Laplacian
and the Sobel operators

Table 7 displays the accuracy, recall, precision, F1
score, and CPU execution time for the second and
third classifiers.

3.3.2.The Proposed Method Tested on the
ICIP2020 Dataset

Our method was tested on the 200 videos in the
ICIP2020 testing dataset [32].

We compared the distortion classification results of
our method to the ground truth of the ICIP2020 testing
dataset and illustrated the outcomes using confusion
matrices. Figure 5 presents these confusion matrices
categorized by distortion types: defocus blur (a),
motion blur (b), and smoke (c).

Table 8 displays the performance parameters
(accuracy, recall, precision, and F1 score) of our
method tested on 200 distorted videos of the ICIP
2020 testing dataset. The results are categorized by
distortion types (defocus blur, motion blur, and
smoke).

3.3.3.Comparison of Methods

To showcase the efficiency of the used approach in
classifying defocus blur, motion blur, and smoke

Table 6. The performance metrics of the first classifier for each feature configuration

Methods Accuracy %

Recall %

CPU execution

- o)
F1-Score % time (s)

Precision %

The variance and the
maximum value of the
Laplacian operator and

the SAN classifier

The variance and the
maximum value of the
Sobel operator and the

SAN classifier

The variance and the
maximum value of the
Laplacian, the Sobel
operators, and the SAN
classifier

95.90 95.81

85.79 84.37

96.55 96.88

96.02 95.91 0.93

87.66 85.98 2.18

96.26 96.56 0.78

FBT, Vol. 12, No. 2 (Spring 2025) 341-354
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Table 7. The performance metrics of the second and third classifiers

CPU execution

Methods Accuracy % Recall % Precision % F1-Score % -
time (s)

The second classifier (the
maximum value and the
variance of the Laplacian 100 100 100 100 0.24
and Sobel operators, and the
SAN classifier)

The third classifier (the
maximum value and the
variance of both the 99.67 99.31 100 99.65 0.14
Laplacian and Sobel
operators)

Table 8. Performance metrics of the proposed method
tested on the ICIP testing dataset

145 5
e Distortions Accuracy Recall Precision F1-
=1 a % % % Score
= 1 49 %
B Defocus 07 98 9074  94.23
i, blur
Motion 95 8444 9268  88.36
a 1 blur
Predicied kshel Smoke 84.5 7368 9210  81.86
."';\".
=S
Table 9. Comparing the performance metrics of our
method to those of Aldahoul et al.'s [27] and Khan et al.'s
152 3 [1] methods for defocus blur
by U
= .. F1-
% Distortions Acc;racy R%jall Pre(():/lsmn Score
:;'E ? 33 0 (o] (o] %
m, 1 Our
i, method 97 98 90.74 94.23
. : ALEMOUE 00 100 100 100
Predicted label Khan et al. 01 775 715 715
Y method
B
Table 10. Comparing the performance metrics of our
99 6 method to those of Aldahoul et al.'s [27] and Khan et
by al.'s [1] methods for motion blur
1
é Distortions Accuracy Recall Precision F1-
- 25 T0 % % % Score
Bl %
= Our
95 84.44 92.68 88.36
. : method
\ Aldahoul et
Predicted lzhel al. method 90 55.55 100 71.42
(© Khanetal. o5 75 7317 7407
method
Figure 5. The confusion matrix of the proposed ) ) o o )
solution for each distortion tested on the ICIP distortions in single-label classification, we compare it
testing dataset: (a) defocus blur, (b) motion blur, and to the methods proposed by Aldahoul et al. [27] and

(c) smoke
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Khan et al. [1]. Both of these methods utilize the ICIP
2020 dataset.

Tables 9, 10, and 11 present the performance
parameters (accuracy, recall, precision, and F1 score)
of our method compared to Aldahoul et al.'s [27] and
Khan et al.'s [1] methods. The tables are organized by
distortion types: defocus blur, motion blur, and smoke.
We assessed 200 distorted videos from the ICIP 2020
testing dataset. The results of Khan et al.'s method
were extracted from the Khan thesis [40].

Table 11. Comparing the performance metrics of our
method to those of Aldahoul et al.'s [27] and Khan et
al.'s [1] methods for smoke

Distortions Accuracy Recall Precision F1-
% % % Score
%
Our 845 7368 9210  81.86
method
Aldahoulet oo 5 9553 100 95.03
al. method
Khan et al. 86.2 95 5846  72.37
method

The inference time of our solution took 0.027
seconds, calculated from the time step of applying the
video frame at the input until the time step of
producing the distortion types at the output.
Consequently, the model demonstrated the ability to
scan video frames at a speed of 37 Frames Per Second
(FPS). In contrast, for Aldahoul et al.'s method, the
speed was 20 fps. In their study, Khan et al. did not
specify the frame rate for their method.

Figure 6 shows a graphical comparison of the three
methods for each type of distortion: defocus blur (a),
motion blur (b), and smoke (c). The comparison is
based on accuracy, recall, precision, and F1 score.

4. Discussion

The main objective of this study was to develop a
method for real-time detection and classification of
defocus blur and smoke in laparoscopic video, which
can be caused by lens contamination. These distortions
can impair surgical visibility. For these tasks,
processing speed is crucial to supporting surgeons. To
achieve this goal, we introduce a novel cascaded
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Figure 6. Graphical comparison between the
proposed method, Aldahoul et al. method, and
Khan et al. method [1], tested on the ICIP testing
dataset, for each distortion: (a) defocus blur; (b)
motion blur; (c) smoke

Support Vector Machine (SVM) classifier framework
comprised of three sequentially interconnected SVMs.
This innovative approach effectively addresses the
challenges of real-time blur detection and
classification in laparoscopic video. The first classifier
is to detect if the video is good or distorted; the second
is to find the type of distortion: blur or smoke; and the
third is to distinguish between defocus blur and motion
blur. We train our method on the LVQ database
developed by Khan et al. [1].

In Section 3.3.1, we observe that the first classifier
achieves optimal performance when utilizing the
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variance and maximum values of the Laplacian and
Sobel operators, along with the SAN classifier, as
features for the image. This configuration yields an
accuracy of 96.55%, an F1-Score of 96.56%, and a
CPU execution time of 0.78 seconds, as depicted in
Figure 3 and summarized in Table 6. In the second
position, we find that employing the variance and
maximum value of the Laplacian operator along with
the SAN classifier results in an accuracy of 95.90%,
an F1-Score of 95.91%, and a CPU execution time of
0.93 seconds. These findings underscore the impact of
feature extraction methods on the evaluation metric
values and, consequently, on the classification results.

Additionally, we find that the second classifier has
an accuracy of 100%, an F1-Score of 100%, and a
CPU execution time of 0.24 seconds, demonstrating
that it is highly capable of identifying blurred and
smoked frames, as shown in Figure 4 and Table 7. The
third classifier has an accuracy of 99.67%, an F1-
Score of 99.65%, and a CPU execution time of 0.14
seconds, demonstrating that it is highly capable of
distinguishing between defocus-blurred and motion-
blurred frames.

In Section 3.3.2, our evaluation of the method on
the testing dataset's 200 videos indicates its strong
ability to detect defocus-blurred videos, among other
distortions. It achieves an accuracy of 97% and an F1-
Score of 94.23%, as depicted in Figure 5 and Table 8.
Regarding motion-blurred videos, we can see that this
method can detect this distortion with a good accuracy
of 95% and an F1-Score of 88.36%. The few
misclassified videos have a distortion combination
between motion blur and uneven illumination or
motion blur and smoke. The proposed method
classifies smoke with a reasonable accuracy of 84.5%
and an F1 score of 81.86%. The high number of videos
with smoke that were not detected by the framework
(25 false negatives) contributed to the low
performance. Notably, 88% of these are distorted by a
combination of smoke and defocus blur, highlighting
a limitation of our method in accurately detecting
smoke in the presence of defocus blur.

In Section 3.3.3, we find that the metrics
performance analysis of the compared methods
reveals that, in the classification of defocus blur (as
shown in Table 9), our method achieves an accuracy
of 97%. This accuracy surpasses that of Khan et al.
(91%) but falls short of that found by Aldahoul et al.
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(100%). Additionally, the F1 score is 94.23%,
compared with 100% of the Aldahoul et al. method
and 77.5% of the Khan et al. method, for motion blur
as depicted in Table 10, our method achieves an
accuracy of 95%, surpassing both the Aldahoul et al.
method (90% accuracy) and the Khan et al. method
(89.5% accuracy). Additionally, the F1 score of our
method is 88.36%, which is the highest compared to
74.07% of the Khan et al. method and 71.42% of the
Aldahoul et al. method.

These results highlight the robust capabilities of our
model, not only in accurately detecting blur but also in
effectively distinguishing between defocus blur and
motion blur.

In the classification of smoke, as displayed in Table
11, the Aldahoul et al. method achieves the highest
accuracy (95.5%), outperforming the Khan et al.
method (86.2%) and our method (84.5%).
Additionally, the F1 score was 95.03%, which is the
highest, compared to 81.86% of our method and
72.37% of the Khan et al. method, confirming the
remark in the previous paragraph.

With a frame rate of 37 fps, our method surpasses
the Aldahoul et al. approach, which operates at 20 fps
in terms of processing time.

This result underscores the feasibility of
implementing our algorithm in real-time systems,
including low-cost computers, facilitating the
identification of distortions in live-captured
laparoscopic videos. Consequently, the real-time
solution can effectively identify distortions in live-
captured videos with a speed of 37 FPS.

5. Conclusion

During laparoscopy, the wvisual field can be
obstructed by condensation, debris, blood, and smoke,
which generate defocus blur and smoke distortions in
the output real-time laparoscopic video. Processing
speed is crucial to supporting surgeons in the detection
and elimination of lens contamination.

The advantage of our method is that it is simple and

does not require high-performance computer
hardware.
In this work, we used machine-learning

classification to automatically detect distortions in
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laparoscopic video. The results show a high level of
performance in terms of accuracy and processing
speed.

One drawback of the current approach is its
dependence on manually crafted features. Looking
ahead, there is potential for leveraging deep learning
methods to address this limitation. Deep learning
algorithms present several advantages over traditional
machine learning methods, including automatic
feature learning, robust handling of extensive and
complex datasets, improved performance, adept
management of non-linear relationships, versatility in
processing structured and unstructured data, and
skillful predictive modeling. Moreover, platforms
such as Google Colab and Kaggle simplify the
implementation of these advanced algorithms.
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