
Medical video event classification using shared features 
 

 

Yu Cao, Shih-Hsi “Alex” Liu, Ming Li, Sung Baang, Sanqing Hu* 

Department of Computer Science, California State University, Fresno, CA, USA 

{yucao,shliu,mingli,sibang2002}@csufresno.edu 

*Department of Neurology, Mayo Clinic, Rochester, MN, USA 

{Hu.Sanqing}@mayo.edu 

 

 

Abstract 
 

Advances in video technology are being 

incorporated into today’s medical research and 

education. Medical videos contain important medical 

events, such as diagnostic or therapeutic operations. 

Automatic discovery and classification of these events 

are highly desirable and very useful. In this paper, we 

present a novel method for multi-class educational 

medical video event categorization. Our method 

employs a learning procedure based on boosted 

decision stumps. There are two key contributions in 

this paper. The first contribution is that the proposed 

multi-class boosting algorithms utilize the common 

features which can be shared among different video 

event categories. Compared with the class-specific 

features, the entire set of shared features can provide 

more efficient and reliable representation to classify 

multiple video event categories. The second key 

contribution of this paper is the adaption of the space-

time interest point detection techniques for feature 

extraction on both the spatial dimension and the 

temporal dimension. Experimental results have shown 

that the proposed approach is a very promising 

strategy for solving the multi-class video event 

classification problem.  

 

1. Introduction 
 

Imaging technologies are being incorporated into 

today’s medical research and education. Tremendous 

amount of biomedical images and videos are captured 

and recorded in digital format during the clinic 

practice. Important medical events are presented in 

these data. For example, medical videos contain 

diagnostic and therapeutic events are valuable for 

reviewing the causes of complications and the 

diagnosis of diseases. Automatic discovery and 

classification of the medical events are very useful for 

both medical research and education. In this paper, we 

focus on the educational medical videos, which have 

been widely used in schools and hospitals for the 

training of medical students, residents, and fellows. 

The goal of our research is to automatically classify a 

given medical video clip into one of the video event 

categories, such as physician’s presentation, diagnostic 

procedure, and surgery procedure. 

Generally, an educational medical video starts with 

introductory images. These images summarize the main 

content of the video and they are usually presented by a 

third party anchor. We call this kind of video segment 

as “General Introduction” event. The majority of the 

images in this event are natural images such as the 

hospital building in the urban scene, or hospital room 

in the indoor scene. Some example images in this event 

are shown in the first row of Figure 1. After the 

“General Introduction” event, the video may show the 

presentations by the physicians. The physicians 

introduce the overview of the medical procedure, as 

well as the explanations of some technique concepts 

related with the procedure. We define this kind of 

video segment as “Presentation” event. The images in 

this event are usually individual physician’s image 

captured from different view angles. These images are 

illustrated by the second row of Figure 1. Another type 

of images that often appear in the educational medical 

video is the conversations among physicians and 

patients. Images in this type of event include the 

interactive scene such as chatting between the 

physician and the patient. We define this type of video 

segment as “Conversation” event. The third row of 

Figure 1 illustrates this event. The images in the fourth 

row of Figure 1 show some example images for 

“Surgery” event. Usually, the images in this event 

include multiple people (e.g. surgeons, nurses, and 

patients) and objects (e.g. operation table, instrument, 

and etc). Besides the aforementioned images, many 

images in medical videos present the medical 



procedure whose major contents are the human 

anatomy (e.g., the inside of the organ and structures in 

the body) and medical device (e.g., endoscopes, 

pacemaker). These images show the actual medical 

operation actions intended to achieve a result in the 

care of patients, which is one of the most important 

parts of the medical video. Due to the large variety of 

medical procedure, human anatomies, and medical 

devices, the content variations among these images are 

huge. 

Motivated by the success of the human motion 

analysis [1-5], recent years have seen significant 

growth of research to solve the video event 

categorization problems for a wide range of medical 

domains. For example, Gokturk and Tomasi [6] 

propose computer aided diagnosis system for 

colonoscopy images and videos based on a 3D shape 

pattern processing method and a support vector 

machine classifier. In [7], algorithms and tools are 

developed to summarize the echocardiogram videos 

using temporally video segmentation techniques. Zhu et 

al. [8] present a video database management 

framework and strategies for educational medical video 

content structure and events mining. In our previous 

papers [9, 10], spatial-temporal analysis techniques are 

employed to automatically identify video events in a 

colonoscopy video that corresponds to a diagnostic or 

therapeutic operation. One common theme among these 

existing methods is that they do not attempt to 

differentiate the content in the images that display the 

actual medical operations with human anatomy and 

medical device. Instead, they categorize this type of 

video clip into one event (e.g. “Surgery Operation” 

event). However, simply classify this type of images 

into one event may not provide enough information for 

medical research and education. For example, medical 

fellows that are interested in learning diagnostic 

operation may not want to watch the therapeutic 

operation videos. 

To address the above issues, we synthesize key 

ideas from [5, 11, 12] and propose a new method for 

medical video event classification using shared 

features. There are two important algorithms in our 

approach: space-time interest point detection algorithm 

and multi-class boosting algorithm. Specifically, we 

first generate a dictionary of visual features using 

space-time interest point detector. Secondly, we train a 

multi-class detector based on boosted decision stumps 

using shared features. Instead of training individual 

binary classifier for each video event class 

independently, the detector for each class is trained 

jointly. The computation complexity, as well as the 

number of training samples, is reduced by identifying 

shared features among different video classes. By 

applying our method to educational medical videos, we 

have shown that the idea of using shared features is a 

very promising strategy for solving multi-class video 

event categorization problem.       

The remained of this paper is organized as follows. 

Section 2 introduces the background on medical 

videos, the key challenges of event classification 

problem, and the motivations of using shared features 

to solve the classification problem. Section 3 presents 

our proposed approach, which includes the multi-class 

boosting algorithm based on shared features, the 

implementation details for building the dictionary of 

visual features, the learning procedure, as well as the 

recognition procedure. Section 4 shows the 

performance of our methods. Finally, we offer our 

concluding remarks in Section 5. 

 

2. Background 
 

In this section, we first introduce the background on 

educational medical videos. Then we indentify the key 

challenges for solving the classification problem in 

Section 2.2 and present the motivations of our 

proposed approach in Section 2.3. 

 

2.1. Background on educational medical videos  
 

As we have mentioned in Section 1, one of major 

issues of existing approaches is that they are not able to 

differentiate the content in the images that display the 

actual medical operations with human anatomy and 

medical device. To address this issue, the first question 

we must answer is “what types of video events are 

included in these images?”. By consulting with the 

domain experts, we propose to classify these images 

                               
 

                                
 

                            
 

                            
 
Figure 1: Illustrative images belong to the first four types of 

medical video events, with the rows from the top to the 

bottom indicating “General Introduction”, “Presentation”, 

“Conversation”, and “Surgery”. 



           
      (a)                      (b)                        (c)                  (d) 

Figure 2: (a) Image from laparoscopic surgery video that 

corresponds to a “Minimal invasive diagnostic operation” 

event for diverticular disease; (b) Image from laparoscopic 

surgery video that represent a “Minimal invasive therapeutic 

operation” event for polyp removal; (c) Image from 

colonoscopy video that corresponds to the “Diagnostic 

operation” event for the examination of the human appendix. 

(d) Image from colonoscopy video that belong to the same 

“Diagnostic operation” event as the one in image 2.c, while it 

is captured at different timestamp. (Best viewed in color; 

images courtesy of “The DAVE Project” at 

http://daveproject.org/ under “Creative Commons License” 

into two types: diagnostic procedure and therapeutic 

procedure. Diagnostic procedure refers to the medical 

service event carried out by a physician whose aim is to 

identify and classify (diagnosis) a disease, with the use 

of diagnostic devices. Therapeutic procedure indicates 

the medical service event whose goal is to perform the 

medical treatment for a disease, with the use of 

therapeutic devices. Since most of the existing medical 

procedure can also be classified into either minimal 

invasive procedure or invasive procedure, we further 

classify the images into four video events: “Minimal 

invasive diagnostic procedure”, “Invasive diagnostic 

procedure”, “Minimal invasive therapeutic 

procedure”, and “Invasive therapeutic procedure”. 

Some example images from these video events are 

illustrated in Figure 2.  

 

2.2. Challenges of event categorization 

problem 
 

In Section 1 (Paragraph 2), we have proposed four 

video event classes. From the machine vision point of 

view, the classification of these four video events 

shown in Figure 1 is relative easy, since the visual 

properties between different classes are different while 

the visual properties among the images in the same 

class are similar to each other. The biggest challenges 

come from the images belong to the four categories we 

have defined in Section 2.1. There are two key 

challenges. The first challenge is the small inter-class 

variation, which means the images from different video 

event categories may share similar visual properties. 

The second challenge is the large intra-class variation, 

which indicates that the images from the same video 

event class may have different visual properties. The 

four images in Figure 2 illustrate these two challenges. 

The first challenge (small inter-class variation) is 

illustrated by image 2.a and image 2.b. These two 

images share many visual features such as color, 

texture, and illumination although they belong to 

different video event classes. Image 2.c and image 2.d 

are examples for the second challenge (large intra-class 

variation). These two images have different shape and 

texture; however both of them belong to the same video 

event class.  

 

2.3 Motivations of the proposed approach 
 

To handle the two challenges (small inter-class 

variation and large intra-class variation), one popular 

existing approach is to generate the class-specific 

features that have stronger discriminative capacity to 

differentiate the video classes. Generally, the class-

specific features are compact representations for single 

category. The more specific the features are; the better 

classification performance we may achieve. This idea 

represents the majority of the biomedical video 

classification techniques. However, recent advances in 

object class detection [11, 12] indicate another avenue: 

instead of searching for class-specific features, can we 

use the common features that are shared among the 

classes as an alternative method for efficient and robust 

video event classification? In order to utilize the shared 

features for classification, we have to address many 

challenging issues. For example, what kind features we 

should extract from videos? How to extract these 

features? What kind of strategy we shall use to select 

the shared features for classification? What kind of 

classification algorithms we should employ in order to 

use the shared features? In summary, we need to solve 

two key issues: feature extraction and classification.  

For the first key issue (feature extraction), the 

solutions from the area of object detection [11, 12] is 

relatively easy: generic edge-like features are used for 

shared features. One illustrative example is that the 

method can distinguish the “computer screens” class 

and “posters” class from the background by looking for 

the feature “edges in a rectangular arrangement”. In our 

case, we consider the problem of video segment 

classification, whose goal is to classify a sequence of 

images. This indicates that we should look for objects 

that appear in a sequence of images instead of a single 

image (e.g. tube-like objects in a sequence of images) 

and capture the objects in 3D space instead of 2D 

space. For example, in colonoscopy videos, both the 

“Diagnostic operation” video event and “Therapeutic 

operation” video event use the tube-like instrument for 

operation. Therefore, we can use the feature “tube-like 

objects appear in a sequence of images” to distinguish 

these two classes from other classes. These 

observations motivate us to adopt the space-time 

interest point detection techniques [5, 13] to realize our 

goal.  



For the second key issue (classification), it has been 

reported by both the multi-task learning literature [14, 

15] and the object detection literature [11, 12] that 

training multiple binary classifiers jointly instead of 

independently needs less training data and results in a 

faster classifier.  Among the state of the art 

classification algorithms, boosting algorithm provides a 

good fit in order to train multiple binary classifiers 

jointly using the shared features. Boosting is a machine 

learning algorithm for performing supervised learning 

that create strong learner from a set of weak learners. 

Most boosting algorithms include iteratively learn weak 

classifiers with respect to a distribution and add them 

to a final strong classifier. This iteration provides a 

natural interface to utilize the shared features: at each 

round of the boosting method, we could select the 

shared features by iterating all possible class 

combinations and features with the largest reduction of 

the classification error.  

 

3. Proposed approach 

 

The overview of our method is depicted in Figure 3. 

There are three components in the proposed system. 

The first one is “Building Visual Dictionary”; the 

second one is “Learning”; and the third component is 

“Recognition”. The “Building Visual Dictionary” 

component is shown in the top left of the figure. In this 

component, we first apply space-time interest point 

detector to identify the spatial-temporal interesting 

points. Visual descriptors are extracted from these 

points. Further refinements are applied to convert the 

visual descriptors into the dictionary of visual features, 

which will be introduced in more detail in Section 3.2 

(“Implementation details”). In the “Learning” 

component which is shown in the top right of Figure 3, 

a set of training videos from each video category is 

used as input. Visual descriptors are extracted for each 

spatial-temporal interesting point at each video. By 

comparing these descriptors with the visual dictionary 

generated from the “Building Visual Dictionary” 

component, we can convert the visual descriptors into 

visual features. The visual features of each video, as 

well as the corresponding class label, are sent to the 

multi-class boosting algorithm to generate the final 

classifiers. In the third component (“Recognition” 

component), which is shown in the bottom left of 

Figure 3, we extract visual features for the new video 

clip by applying similar feature extraction techniques 

as the one used in the “Learning” component. We then 

employ the strong classifiers trained in the “Learning” 

component to determine the event categorization of the 

new video. In the following sub-sections, we first 

introduce the multi-class boosting algorithm based on 

shared features. Then we present our implementations 

for extracting the visual descriptors, building the visual 

dictionary, training the classifiers, and recognizing the 

new (unknown category) video clips. 

 

3.1. Multi-class boosting algorithm based on 

shared features 
 

Boosting is a supervised machine learning method 

of producing an accurate prediction rule by combining 

rough and moderately inaccurate rules of thumb [16].  

Boosting has been a very successful technique for 

solving the binary classification problem [17], as well 

as solving multi-class problem [18, 19]. Recent years 

have seen a large number boosting-based solutions  

[20, 21] for machine vision problems. While most of 

the solutions are based on class-specific features, some 

recent work in object recognition has shown that shared 

features-based approach is an effective model for 

multi-class object categorization [11, 12]. In the 

following descriptions, we follow the conventions 

introduced in [12, 19, 22] and introduce our proposed 

multi-class boosting algorithm. Similar to the 

techniques used in [11], we chose to base the algorithm 

on the version of “Gentle AdaBoost” [23] since it has 

been shown to outperform other boosting methods for 
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Figure 3: System overview of the proposed multi-class 

video event categorization algorithm using shared 

features. 

 



the machine vision problem [24]. In our method, we 

sequentially fit additive models of the form 

( ) ( )∑
=

=
M

m

m jxfjxF
1

,,     (1) 

where x  is the feature vector of the video training 

sample and j  represents a video event class, m  

represents the 
th

m  round of the boosting iteration and 

M  is the total number of boosting round. We call 

( )jxfm ,  as a weak learner and ( )jxF ,  as a strong 

learner. There are three steps in our approach: 

“Initialization Step”, “Boosting Iteration Step”, and 

“Classifier Output Step”.  

Initialization Step: The first step of the boosting 

algorithm is initialization. Two sets of parameters are 

initialized in this step. The first set of parameters is the 

weights 
j

iw  and we set 1=j

iw  where { }Ni ,,1K∈  

and N  represents the number of the training examples, 

{ }Jj ,,1K∈  and J  indicates the number of the 

video event categories. The second set of parameters 

are a sequence of binary classifiers ( )jxF i ,  where ix  

are the feature vectors for the 
th

i  training sample, in 

our context, it is the 
th

i  video clip among N  training 

video clips. Each classifier ( )jxF i ,  is initialized as 

zero. Since our algorithm is a multi-class classification 

algorithm, the initialization step is equivalent to 

expanding the original  N  observations (training 

examples) into JN × pairs 

( )( ) ( )( ) ( )( )( )iJiiiii yJxyxyx ,,,,,2,,,1, 21 L  where 

{ }Ni ,,1K∈  and ijy  represents the response for 

class j  and observation i . 

Boosting Iteration Step: The second step of the 

algorithm is to sequentially fit the weak learner 

( )jxfm ,  to build the final classifier ( )jxF , . These 

weak learners are called decision or regression stumps. 

Like other solutions for regression problem, the first 

stage is to define a cost function (error function) and 

then minimize this cost function by finding the optimal 

parameters. We define the cost function as follow 

( ) ( )[ ]∑
=

−=
J

j

jxFy j

eEFJ
1

,
    (2) 

where E indicates the weighted expectation and 
jy  is the membership label for class j . From 

Equation (2), we can derive the following weighted 

least square function: 

( )( )∑∑
= =

−=
J

j

N

i

im

j

i

j

iwse jxfywJ
1 1

2
,     (3) 

where 
j

iw  is the weight. It is defined as 

( )jxFyj

i
i

j
iew

,−
= . In the existing “Gentle AdaBoost” 

method [23], at each boosting round m , the algorithm 

iterates for J  times where J  is the total number of 

classes. At each iteration, the algorithm fits a 

regression function ( )jxfm ,  by weighted least 

squares of 
j

iy  to ix  with weights 
j

iw . However, this 

approach does not work for us since our goal is to 

explore the usage of shared features for classification. 

Hinted by the techniques introduced by [11, 12], at 

each boosting round m , we choose a subset of classes  

)(mS  that can share feature and reduce the 

classification error. In another word, at each boosting 

round m , we perform iteration for 12 −J
 times 

instead of J  times. We will use a simple example to 

illustrate this strategy. Suppose we have three video 

event classes { }321 ,, vvv . In the existing boosting 

algorithm, there will be three iterations at each 

boosting round, each of them corresponding to one 

class iv  where { }3,2,1∈i . In our method, we will 

have seven iterations (2
3
-1=7) for each boosting round, 

each of them corresponding to one of the seven subsets 

{ } { } { } { } { } { } { }{ }321323121321 ,,,,,,,,,,, vvvvvvvvvvvv . 

At each iteration, we fit a shared stump. We define the 

weak learner to be a simple linear function and the 

parameters of this function can be obtained by solving 

the weighted least squares problems, as we have 

defined in Equation (3). Since this is a linear regression 

problem, we can easily obtain the closed-form (1-step) 

solution using the training examples. After we fit the 

shared stumps and find the best subset, we will update 

the classifier ( )jxF ,  by merge the previous strong 

classifier with the newly generated shared stump. The 

final stage in this step is to update the weights. Similar 

to other boosting algorithm, this update increases the 

weight of examples which are misclassified and 

decreases the weight of examples which are correctly 

classified. To address the issue of searching all possible 

12 −J
 subsets of classes, we could use the best-first 

search  and a forward selection procedure, similar to 

the one introduced by [11, 12]. 

Classifier Output Step: This is the last step of our 

proposed algorithm. In this step, we output the final 

classifier ( )jxF ,  for each class j , which is defined 



in Equation (1). To determine the classification c  for a 

new sample X , we can use the equation as 

{ }
{ }),(maxarg

,...,1

cXFc
Jc∈

=     (4) 

 

3.2. Implementation details 
 

In this section, we introduce the implementation 

details of our proposed system. We first discuss the 

method for extracting the visual descriptors. Then we 

present the implementations of the three components 

(“Building Visual Dictionary”, “Learning”, and 

“Recognition”) shown in Figure 3.  

 

3.2.1. Extracting visual descriptors. As the first 

step for feature extraction, we extract the visual 

descriptors from the videos. Based on the visual 

descriptor extraction techniques, we build the 

dictionary of visual dictionary, training the classifiers, 

and recognizing the new video clip with unknown 

category. Please note, the extraction of visual 

descriptor is different from the visual feature 

extraction. The focus of visual descriptor extraction is 

to identify the spatial-temporal interesting points and 

generate descriptors to represent the 3D visual 

properties of each interesting point. The visual features 

for the video represent the visual properties of the 

entire video instead of a single interesting point. 

As a natural expansion of the 2D interest point 

detection in the spatial domain, the spatial-temporal 

visual features has been reported by several researchers 

[4, 5]. Hinted by previous work at [4, 5], we propose 

similar space-time interest point detection techniques in 

this paper.  In our method, we use the separable linear 

filters to obtain the response function, which is defined 

as 

( ) =tyxR ,, ( ) ( ) ( )( )2
,,,,,, ωτδ thyxgtyxI ev∗∗      

( ) ( ) ( )( )2
,,,,,, ωτδ thyxgtyxI od∗∗+   (5) 

where x  and y  are the spatial coordinate and t  is 

the temporal coordinate, ( )δ;, yxg  is the 2D 

Gaussian smoothing kernel, applied only on the spatial 

dimension, and ( )ωτ ,,thev  and ( )ωτ ,,thod  are a 

quadrate pair [25] of 1D Gabor filters applied on the 

temporal dimension. Multiple scale problems can be 

addressed by running the detector over a set of spatial 

and temporal scales. We extract the space-time interest 

points around the local maxima of the response 

function.  

After we obtain the space-time interesting points, we 

can generate the visual descriptors for each interest 

point as follows. First, we extract a cuboid for each 

space-time interest point and it contains the spatial-

temporally windowed pixel values. The size of the 

cuboid is set to contain most of the volume of data that 

contributed to the response function at that interest 

point. Descriptor is extracted for each spatial-temporal 

cuboid. Similar to [5, 26], we use the brightness 

gradient as the feature descriptor. We generate a 

number of cuboids for each video and each cuboid is 

represented by a sequence of visual descriptors. 

 

3.2.2. Building Visual Dictionary. As shown in Figure 

3, “Building Visual Dictionary” is the first component 

of the proposed system. The goal of this component is 

to generate a dictionary of visual features used for 

learning and recognition. The input of this component 

is a set of video clips from each video event class.  

 Use the visual descriptor extraction techniques 

introduced in previous section (Section 3.2.1), we 

generate a number of cuboids for each video where 

each cuboid is represented by a sequence of visual 

descriptors. Then we collect all the cuboids from each 

video together and perform K-means clustering 

algorithm to generate a dictionary of visual features. 

The number of vocabulary in this dictionary is equal to 

the value of K and each vocabulary corresponds to the 

centroid of the clustering algorithm. 

 

3.2.3. Learning. There are two important steps in 

“Learning” component: extracting features and training 

the classifiers.  

For the first step (“extracting features”), we use the 

same visual descriptor extraction techniques used in 

Section 3.2.1 to generate the interesting points. At each 

interest point of the video clip, a cuboid is extracted 

and the visual descriptors are extracted for each spatial-

temporal cuboid. We then compare the descriptors with 

the dictionary generated from “Building Visual 

Features” component (Section 3.2.1). Specifically, we 

assign each cuboid into one of the K bins by computing 

the Euclidean distance between the descriptors of the 

cuboid and the vocabularies of the dictionary. A 

histogram is generated and this histogram is becoming 

the visual features of the video clip. 

For the second step (“training the classifiers”), we 

use the visual features generated from the first step. 

The details of the implementation have been presented 

in Section 3.1 (“Multi-class boosting algorithm based 

on shared features”). 

 

3.2.4. Recognition. The goal of the “recognition” 

component is to determine the category of a given new 

video. The first step of recognition is to extract the 

visual features from the input video. The techniques 

used for feature extraction are similar to the “Learning” 

component (Section 3.2.3). A histogram-like visual 



feature is generated. These features are sent to the 

classifiers trained from the “Learning” component 

(Section 3.2.3) and the final category is determined 

using Equation (4). 

 

4. Experimental Results 
 

In this section, we present the experimental results 

to show the effectiveness of our proposed approach. 

We first describe the characteristics of our data sets. 

Then we discuss our experimental results on different 

types of educational medical videos.  

 

4.1. Datasets 
We select three types of medical procedures: gastric 

bypass procedure, colon resection procedure, and 

pyeloplastic procedures. For each procedure, we use 80 

videos, with 10 videos for each event category. Hence, 

the total number of videos is 240, with 80 videos per 

procedure and 10 videos per category for each 

procedure. The frame rate is 30 frames per second and 

the average length of each video is about 100 seconds. 

 

4.2. Building the visual dictionary 
Before testing the performance of the system, we 

need to build the visual dictionary (Section 3.2.2). 

Among the 80 videos from each procedure, 24 videos 

are used for building the visual dictionary, 3 videos 

from each event category. Therefore, the total number 

of videos used for building the visual dictionary is 72, 

with 24 videos for each procedure. One important 

parameter for building the visual dictionary is the K 

value of the K-means clustering algorithm introduced 

in the end of section 3.2.2. In our implementation, we 

found that the value 80 gives the best performance. 

Please note, the videos used for building the visual 

dictionary will not be used for other purposes, such as 

training the multi-class boosting algorithm or testing 

the performance of the system.  

 

4.3. Testing Results 
The proposed algorithms were implemented using 

Matlab. For training the multi-class boosting algorithm, 

the value of the boosting round is an important 

parameter decided before the execution of the 

algorithm. In practice, we use 60 to achieve the best 

performance. The 72 videos used for generating the 

dictionary are not re-used for training and testing any 

more.  For the remaining 168 videos (56 videos for 

each of the 3 procedures), cross-validation is employed 

to test the performance of the algorithm. By 

constructing the confusion matrix (due to the space 

limit, we do not show the detailed table of the 

confusion matrix), we find the overall performance is 

encouraging with average accuracy at 80%. However, 

the confusion between “Minimal invasive diagnostic 

procedure” and “Minimal invasive therapeutic 

procedure”, as well as the confusion between “Invasive 

diagnostic procedure” and “Invasive therapeutic 

procedure”, is large. The main reason is because the 

visual properties between “diagnostic procedure” and 

“therapeutic procedure” are similar to each other. For 

example, tubular shape medical instrument with similar 

shape may appear in both diagnostic and therapeutic 

operations. However, due to the usage of the shared 

features, the confusion is still acceptable (less than 

25%). Another interesting observation is that the 

confusion between “minimal invasive operation” and 

“invasive operation” is small, due to the shape 

difference between these two types of operation (e.g. 

compared with the invasive procedure, minimal 

invasive procedure involves very small incisive 

opening). We also implement other event classification 

algorithms for comparison. All the comparing 

algorithms use similar feature extraction methods as 

our proposed approach. The first comparing algorithm, 

defined as algorithm A, use the boosting classification 

method without using the shared features. The second 

comparing algorithm, defined as algorithm B, use the 

Support Vector Machine classification method. The 

third comparing algorithm, defined as algorithm C, use 

the simple K-nearest neighbor algorithm. Algorithm B 

and C do not perform so well on the test videos. 

Algorithm A can achieve comparable results (average 

accuracy is about 78%) as our proposed approach. 

However, in order to make the algorithm A to achieve 

this accuracy, the number of training sample and 

boosting rounds is about two times higher than the 

numbers in our approach. To further compare 

algorithm A and our method, we draw the ROC curves 

for both algorithms. To achieve the similar value of 

area under ROC curve (about 0.85), the boosting 

rounds of algorithm A is about three times than our 

method. These experiments have shown that the 

proposed method is more effective and efficient due to 

the usage of shared features. We also experiment with 

other feature extraction methods, such as the one 

introduced by [4]. Under the three classification 

methods (K-NN, SVM, and Boosting), the results are 

worse than our method. These results show that the 

proposed feature extraction techniques are suitable for 

our domain. 

 

5. Conclusions and future work 
 

In this paper, we have demonstrated a new method 

for educational medical video event classification. A 

learning procedure based on boosted decision stumps 



using common features that can be shared among 

different video categories is employed. Experiments on 

different types of medical videos validated the 

proposed methods. In the near future, we plan to refine 

the current implementation and apply the algorithms to 

larger datasets. During our investigation, we noticed 

the lack of challenging and standardized datasets for 

thoroughly validation and performance comparison. 

This can be an interesting future topic. Other topics for 

future investigation include improving the proposed 

methods to localize different visual events 

simultaneously in a complex video sequence. One thing 

we would like to point out is that the focus of this paper 

is to classify the pre-segmented medical videos. To 

apply the proposed approach to the full-length medical 

video, we should first perform shot/scene segmentation 

methods, which have been heavily investigated by the 

multimedia computing community. It will be an 

interesting future topic to integrate the proposed 

approach with existing shot/scene segmentation 

techniques. 
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