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ABSTRACT 

        Automatic video surveillance of dynamic and 

complex scenes is currently one of the most active part in 

computer vision. It aims to automatically detect, recognize 

and track people and objects from image sequences in 

order to understand and describe dynamics and 

interactions among them. While traditional passive video 

surveillance is ineffective when the number of cameras 

exceeds the ability of human operators to keep track of the 

evolving scene, multi-camera automatic systems can work 

24 hours a day, 7 days a week allowing for accurate event 

detection. However, due to sensor noise, occlusions, 

illumination changes, shadows, and real-time constraints 

the objective of automatically detecting and tracking 

objects of interest is a hard task. In this project the 

automatic video surveillance is implemented in a library 

reference section where the usages of the reference section 

is studied through surveillance system. This project 

mainly uses the face detection technique which detects the 

faces through common Haar like classifiers and Adaboost 

boosting technique. This project also involves human 

motion detection for counting the individuals moving out 

of the reference section. The main purpose of the project 

is to derive the information on how the reference section 

is utilized every day and to analyze those data to improve 

the library usage. 
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Keywords—Ada-boost, Haar classifiers, Human Motion 
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1. INTRODUCTION 
         Automatic video surveillance of dynamic and 

complex scenes is one of the most important and active 

topics in Computer Vision (CV). It aims to automatically 

detect, recognize and track people and objects from image 

sequences in order to understand and describe dynamics 

and interactions among them. CV and video based 

surveillance have the potential to assist in maintaining 

public safety and security. Virtually all public spaces and 

critical infra structures in the European community have a 

multiple sensor surveillance system installed, many of 

which claim to have automatic surveillance features. 

Typical application domains for video surveillance 

include public areas (city streets, school campuses, 

museums), transport (airports, train stations, underground, 

motorways), retail (theft prevention, understanding 

shopper behavior), and Financial institutions (banks and 

casinos). 

       Traditional passive video surveillance has two main 

drawbacks  

1. Finding available human resources to observe the 

section is expensive.  

2. Manual systems are ineffective, when the number of 

cameras exceeds the ability of human operators to keep 

track of the evolving scene.  

        Automatic systems can work 24 hours a day, 7 days 

a week allowing for accurate event detection and their cost 

is lower than maintaining a group of operatives. However, 

none of the state-of-the-art system is able to deal with all 

the problems a monitored scene typically presents, namely 

occlusions, illumination changes, shadows, and crowded 

situations. Furthermore, due to sensor noise, motion in the 

scene and real-time constraints the objective of 

automatically detecting and tracking objects of interest is 

a hard task. A winning strategy consists in integrating 

different techniques and data sources in an adaptive 

framework in order to exploit their advantages minimizing 

drawbacks.  

2. COMPUTER VISION MODULE  
        Video surveillance is considered to be a most 

important part in computer vision technology. The video 

surveillance system in library reference section includes 

the following modules:  

2.1 Face Detection  

        Face detection is a computer technology that 

determines the locations and sizes of human faces in 

arbitrary digital images. It detects facial features and 

ignores anything else, such as buildings, trees and bodies. 

Human face perception is currently an active research area 

in the computer vision community. Human face 

localization and detection is often the first step in 

applications such as video surveillance, human computer 

interface, and face recognition and image database 

management. Locating and tracking human faces is a 

prerequisite for face recognition and/or facial expressions 
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analysis, although it is often assumed that a normalized 

face image is available. 

2.2 Object Tracking  

        Motion detection is the process of detecting a change 

in position of an object relative to its surroundings or the 

change in the surroundings relative to an object. Motion 

detection can be achieved by both mechanical and 

electronic methods. When motion detection is 

accomplished by natural organisms, it is called motion 

perception Image Recognition. In image processing 

domain, the detection of moving objects in video streams 

is known to be a significant and difficult problem. Aside 

from the intrinsic usefulness of being able to segment 

video streams into moving and background components, 

detecting moving blobs provides a focus of attention for 

recognition, classification, and activity analysis, making 

these later processes more efficient since only “moving” 

pixels need be considered. 

 

3. OVERVIEW OF THE SYSTEM  

        Object tracking and face recognition are the 

techniques used to provide the utilization of the library 

reference section. Face detection concept is implemented 

in such a way that the incoming students are identified 

clearly by detecting the faces.  For detecting such faces, 

face detection algorithms such as Haar-classifiers and 

cascade classifiers are used and the detected faces are 

counted whenever they are in the frame[1] . 

         Some situations are resolved like the count of several 

persons which cross a virtual line in the same or opposite 

direction. But if the persons are too closer contact, the 

algorithm is not able to separate correctly those blobs. The 

first important improvement is about the segmentation. To 

make the segmentation better, the prototype has to use a 

better video camera which haven't automatic process like 

light compensation, use the information of the motion 

detector in order to detect occlusions and make a better 

silhouette of the objects and maybe use color analysis to 

classify each pixel in order to remove shadows. Then the 

tracking module cans be improved by memorizing more 

information of each blob frame to frame like the bounding 

box, position of the centroid, number of pixel in the area, 

mean of the pixel grey values. Like this the tracking 

module will deal, in a better way, the situations of merging 

and splitting blobs. Finally, the other improvement 

concerned the counting module. 

        The human face poses even more problems than other 

objects since the human face is a dynamic object that 

comes in many forms and colors. However, facial 

detection and tracking provides many benefits. Facial 

recognition is not possible if the face is not isolated from 

the background. Human Computer Interaction (HCI) 

could greatly be improved by using emotion, pose, and 

gesture recognition, all of which require face and facial 

feature detection and tracking. Although many different 

algorithms exist to perform face detection, each has its 

own weaknesses and strengths. Some use flesh tones, 

some use contours, and other are even more complex 

involving templates, neural networks, or filters. These 

algorithms suffer from the same problem; they are 

computationally expensive. An image is only a collection 

of color and/or light intensity values. Analyzing these 

pixels for face detection is time consuming and difficult to 

accomplish because of the wide variations of shape and 

pigmentation within a human face. Pixels often require 

reanalysis for scaling and precision [6]. 

4. FACE DETECTION SYSTEM  
          In order to locate a human face, the system needs to 

capture an image using camera and a frame-grabber to 

process the image, search the image for important features 

and then use these features to determine the location of the 

face. For detecting face there are various algorithms and 

methods including skin color based, Haar-like features, 

Adaboost and cascade classifier color is an important 

feature of human faces. Using skin-color as a feature for 

tracking a face has several advantages. Color processing 

is much faster than processing other facial features. The 

input of a face recognition system is always an image or 

video stream. The output is an identification or 

verification of the subject or subjects that appear in the 

image or video. Some approaches define a face 

recognition system as a three step process. From this point 

of view, the Face Detection and Feature Extraction phases 

could run simultaneously [4]. 

4.1 Classification Methods  
        Please use a 9-point Times Roman font, or other 

Roman font with serifs, as close as possible in appearance 

to Times Roman in which these guidelines have been set. 

The goal is to have a 9-point text, as you see here. Please 

use sans-serif or non-proportional fonts only for special 

purposes, such as distinguishing source code text. If Times 

Roman is not available, try the font named Computer 

Modern Roman. On a Macintosh, use the font named 

Times.  Right margins should be justified, not ragged. 

1) Knowledge Based Method: Ruled-based methods that 

encode our knowledge of human faces. Feature in variant 

methods. Algorithms that try to find invariant features of 

a face despite its angle or position. 

2) Template Matching Methods: These algorithms 

compare input images with stored patterns of faces or 

features. 

3) Appearance-Based Methods: A template matching 

method whose pattern database is learnt from a set of 

training images. 

4.2 Face Localization  
         It aims to determine the image position of a single 

face this is a simplified detection problem with the 

assumption that an input image contains only one face. As 

our main purpose of face detection is finding a search area 

for eye detection and need a fast face detection method 
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independent of the structural components of face such as 

beard, moustache. Although simple methods could be 

chosen without making detailed research about previous 

work on face detection and preferred to search surveys and 

categorize face detection methods in the literature. Human 

vision system can easily detect and recognize faces in 

images. The performance of the human vision system is so 

high that it can detect not only a single face but multiple 

faces in the same scene having different pose, facial 

expression, lightening conditions, scales, orientation etc. 

Also faces do not have to be complete that is a partial view 

of a face is enough for humans to detect them in images. 

Unfortunately in today’s computer vision technology no 

system can achieve that performance. Their operations 

depend on controlled conditions. There are about 150 

different techniques for face detection in images although 

they share some common methods through their ways.  

5. ALGORITHMS OF FACE 

DETECTION 
        Algorithms used for face detection is classified as 

follows: 

5.1 Haar-like Features Extraction:  

         Haar -like wavelets are binary rectangular 

representations of 2D waves. A common visual 

representation is by black for value minus one and white 

for value plus one rectangle. The figure below shows a cut 

through a binary wavelet between    x = 0 to x = 1. The 

square above the 0-1-interval shows the corresponding 

Haar-like wavelet in common black-white representation. 

The rectangular masks used for visual object detection are 

rectangles tessellated by black and white smaller 

rectangles. Those masks are designed in correlation to 

visual recognition tasks to be solved, and known as Haar 

like wavelets. By convolution with a given image they 

produce Haar-like features. Face detection is gaining the 

interest of marketers. A webcam can be integrated into a 

television and detect any face that walks by. The system 

then calculates the race, gender, and age range of the face. 

Once the information is collected, a series of 

advertisements can be played that is specific toward the 

detected race/gender/age. Face detection is also being 

researched in the area of energy conservation.  

       The value of a Haar-like feature[3] is the difference 

between the sum of the pixel grey level values within the 

black and white rectangular regions, i.e.,  

f(x)=Sumblack rectangle (pixel grey level) – Sumwhite 

rectangle (pixel grey level). 

       Comparing with the raw pixel values, Haar-like 

features can reduce/increase the in-class/out-of class 

variability, and thus making classification much easier. 

The rectangle Haar-like features can be computed rapidly 

using “integral image”. Integral image at location of x, y 

contains the sum of the pixel values above and left of x, y, 

inclusive  

P1 =A, P2=A+B, P3=A+C, P4=A+B+C+D 

P1+P4-P2-P3=A+A+B+C+D-A-B-A-C=D 

 

Fig 1. Haar-Features Clasification 

Using this Haar-like features the face detection cascade 

can be designed. In this Haar cascade classifier an image 

is classified as a human face if it passes all the conditions, 

{f1, f2…, fn}. If at any stage any of one or more 

conditions is false then the image does not contain the 

human face. 

5.2 Ada-boost Training:   
        Adaboost is an algorithm for constructing a strong 

classifier as linear combination. Adaboost, short for 

Adaptive Boosting, is a machine learning algorithm, 

formulated by Yoav Freund and Robert Schapire. It is a 

meta-algorithm, and can be used in conjunction with many 

other learning algorithms to improve their performance. 

Adaboost is adaptive in the sense that subsequent 

classifiers built are tweaked in favour of those instances 

misclassified by previous classifiers. Adaboost is sensitive 

to noisy data and outliers. In some problems, however, it 

can be less susceptible to the over fitting problem than 

most learning algorithms. The classifiers it uses can be 

weak (i.e., display a substantial error rate), but as long as 

their performance is slightly better than random (i.e. their 

error rate is smaller than 0.5 for binary classification), they 

will improve the final model. Even classifiers with an error 

rate higher than would be expected from a random 

classifier will be useful, since they will have negative 

coefficients in the final linear combination of classifiers 

and hence behave like their inverses. Adaboost generates 

and calls a weak classifier in each of a series of rounds. 

For each call, a distribution of weights is updated that 

indicates the importance of examples in the data set for the 

classification. On each round, the weights of each 

incorrectly classified example are increased, and the 

weights of each correctly classified example are 

decreased, so the classifier focuses on the examples which 

have so far excluded correct classification. 
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5.3 Head Detector: 
          The head detector is based on Adaboost classifier, 

combined with a soft cascade that optimize the 

computation time by discarding rapidly easy negative 

sample. The features used are based on integral channel 

features. For an input image, a set of channels are 

computed. In our case this system computes the LUV 

channels, the gradient intensity channel and six oriented 

gradient 27 channels. The features are generated by the 

sum of channels pixels on a random region of interest. A 

large set of random features are generated and Adaboost 

selects the most relevant ones. The computation of the 

feature is made very efficient by the use of integral 

images. Training a head detector requires a high number 

of positive and negative training samples. Positive 

samples are usually collected by manual annotation of 

bounding box around heads. The annotations are just a 

point on the centre of the head or the face region. The 

negative data is cropped from the background from the 

same images that are used for obtaining the positive 

samples. About 2000 positive and negative samples were 

extracted this way from annotations on one training view. 

All the image patches are resized to 31x31 pixels [2]. 

5.4 Building a Classifier: 
        This section presents the different results obtained by 

the face detectors that have been developed. A few results 

of various authors will be discussed and interpreted and 

then the conclusions drawn regarding our experimental 

results. Only a few classifiers can be found which work 

with this principle of boosting in the public domain. The 

OpenCV community shares their collection of classifiers. 

Only a few authors, disclosed their classifiers, but none of 

them published their training sets and training 

methodology. In this domain there are several 

unsuccessful attempts to train classifiers with the 

presented algorithm. Building the training set this system 

propose to create a classifier for face detection with the 

cvHaarTraining program. It seems to be easy enough to 

follow the procedures described in OpenCV tutorial. In 

fact, there are a lot of problems to be solved in order to 

obtain an efficient classifier[5]. 

1. The input size of the image determines the number of 

used features in the learning process. For a pattern of 

24 24 pixels size, there are 84848 (BASE) features in the 

basic set and 111360 (CORE) in the extended set, and 

138694(ALL) in the entire set features to evaluate. Larger 

images are more than 28 details and need more memory 

and more features to evaluate. That means a larger feature-

image table. Experimental analysis can conclude the size 

of image pattern depending on each application. The 

images’ pattern size 24 24 is the best in face detection, 

because it has the lowest false alarm rate at the same hit 

rate. The optimal pattern size is 18 24. This system 

concluded that the optimal pattern size depends on the 

variety of the data base used for training. Other approaches 

of face detectors have obtained other optimal dimensions 

for the training image pattern. 

2. There are a lot of possibilities to crop face images a 

cropping only the significant part of the images. This 

system can define the lower and upper boundary of the 

face by adding the distance between the mouth and the 

nose to the height of the eye-line, and subtract from the 

height of mouth-line the same distance. The left-right 

margins is defined by adding the distance between the 

eyes to the right margin of the right eye and subtract it 

from the left margin of the left eye. 

b. Cropping images that include extra visual information, 

such as contours of the chin and cheeks and the hair line. 

It seems that additional information in larger sub-windows 

can be used to reject non-faces earlier in the detection 

cascades. The second case included additional information 

of the faces. The evaluable features are also more 

numerous, which make the detection process more 

accurate. 

3. The size of the background image does not seem to be 

so important, it is never explicitly specified. It can be taken 

to be the same size as the positive pattern size, namely 

24 24 pixels. The OpenCV Haar Training program can 

read background images of any size and it crops from this 

various number of backgrounds by shifting the cropping 

window through the whole image by a step of width/2 and 

height/2. It takes the specified number of backgrounds 

generated from the same given images each time. Smaller 

images with different characteristics are recommended to 

crop as backgrounds. There are two 29 possibilities to 

create your own classifier with OpenCV. One way is to 

create the whole classifier containing more stages at once. 

Probably, in this case the background images are filtered 

in each step and only the false alarm images are used in 

the further stages. The other way is to create each stage 

separately. One drawback of the OpenCV training process 

is the building of the background set. In this case, one 

should choose backgrounds randomly, in another way 

than OpenCV, which uses the same image table for all the 

stages created separately. In their application, the 

background training set contains the same aggregation of 

images in the same order for each stage. This is the reason 

why the system propose to use different backgrounds in 

each stage. 

4. The image-based learning method needs a number of 

significant positive and negative images. At this step, one 

should have a methodology to choose only the significant 

images. Practice proves that an amount of 5,000 face 

images would be enough, but the difficult question is the 

number of backgrounds. The positive images are usually 

cropped manually and each is verified by a human 

operator. To increase the insensibility of the built 

classifier, many images can be generated from one image 

by applying distortion functions (randomly little rotation, 

translation and resizing). This little variation can be 
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applied to the whole image set in order to multiply the 

number of used images. The images of our own database 

were collected from public labeled face databases FERET 

and Yale (about 1,800 pictures), and these were completed 

by a self-marked cropped studio images (about 1,100). 

The background images are generated automatically, in 

general randomly, from a set of images. The backgrounds 

were downloaded randomly from the internet, and besides 

this system used the Corel Draw image set. To increase 

their variety and cardinality, several random operations 

were performed: rotation, translation, resizing. Because of 

the large variety of backgrounds the selection of 

significant patterns is a difficult task. One idea is to take 

the images filtered by the existing stages of the classifier 

as significant background pattern. 

5. The training set size determines the learning time. 

Leinhart proposed a training set with 5,000 positive and 

3,000 negative images. Viola and Jones built their 

classifier with 4,916 faces and 10,000 non-faces selected 

randomly from a set of 9,500 images which did not contain 

faces. Our first experience had 3,000 positive images and 

27,000 negative ones. The scanning Windows sizes were 

18x18, which contained 33,000 Haar features from the 

basic set. The learning process reported 30s for the 

selection of one Haar feature. The 1054 computer. The 

functionality principle of the detector is to scan the image 

at multiple scales and locations. Good results are obtained 

by using a scale factor of 1.3 and a step size of s=1 pixel. 

With this scanning parameters, one image of 320 240 

pixels size has 130,000 sub-windows of 24 24 pixels. 

The processing of the high number of sub-windows, 

suppose a false alarm rate lower than 10-5. 

6. The question is how to learn the classifier in order to 

obtain a 5 10-6 false alarm rate. In order to achieve this 

performance, millions of different background pictures are 

needed. If 2 million background pictures are used, the 

processing time of one feature selection increases 

dramatically. The feature-image table needs a huge 

amount of memory space which exceeds the usable RAM 

memories. This limitation can be solved by the usage of 

virtual memory created on HDD. Access time to virtual 

memory increases the computation time. It will become 

100 times longer, so it will take at least one month to build 

a classifier containing 1,000 features. The solution is 

probably behind a methodology of choosing the 

background images and to propose to learn each stage of 

classifiers the same amount of 5,000 positive images and 

a number of 10,000 background images filtered by the 

previous stages. A simple program is needed, which 

randomly crops background patterns from a specified set 

of images. The background patterns are taken for each step 

from a different set of given images, thus the needed 

number of pictures will increase each time, because one 

needs 10,000 remaining images after the filtration by 

previous stages. Supposedly, this is a way to get more and 

more specialized stages. The process ends when this 

system cannot get more significant images or the time of 

choosing background patterns increases over a given limit. 

The inner block cycle executes the selection of 

background images until the n max cycle limit is reached, 

namely the desired number of non-face images. The outer 

block represents the training process with the face and 

previously chosen non-face images. This cycle ends if this 

system achieves a given number of stages of the classifier 

or the set of backgrounds is not sufficient any more. 

6. CLASSIFIERS TRAINING  
        The training a HCC involves the application of large 

and diverse sets of positive and negative samples 

(images). With the image base it was easy to get faces and 

eyes examples. However, creating a set of “non-faces” is 

a tricky task, because what does it mean to represent every 

possible non-faces. As all images in the base were taken 

with the same background, it is needed to check whether 

the negative set built from the same images with hidden 

faces is sufficient enough to distinguish between faces and 

non-faces. Another negative training set was created by 

randomly gathering about 3500 diverse pictures not 

containing any faces. Negative example sets for eyes 

detector were created by hiding left or right eye on the 

available face image. The following face detectors have 

been trained: 

• C1 - hidden faces negative set, 20x25 window, level min 

hit rate 0.995 and stump as a weak classifier. 

• C2 - hidden faces negative set, 20x25 window, level min 

hit rate 0.995 and 2-split CART as a weak classifier. 

• C3 - hidden faces negative set, 20x25 window, level min 

hit rate 0.995 and 4-split CART as a weak classifier. 

• C4 - rich negative set, 20x25 window, level min hit rate 

0.990 and 4-split CART as a weak classifier. 

• C5 - rich negative set, 20x25 window, level min hit rate 

0.995 and 4-split CART as a weak classifier 

• C6 - rich negative set, 20x25 window, level min hit rate 

0.999 and 4-split CART as a weak classifier. 

         Only single parameter at a time was changed. The 

variant giving best results was used in the subsequent tests. 

The C1, C2 and C3 detectors differ in the complexity of 

weak classifiers used. The C3 was trained with the hidden 

faces negative set, while the C4 was trained using the rich 

negative set. The C4, C5 and C6 HCCs vary in the 

required TP ratio of a single stage classifiers. 

• L1 - stump based, 24x24 window, Discrete Adaboost 

• L2 - stump based, 20x20 window, Gentle Adaboost 

• L3 - 2-split CART based, 20x20 window, Gentle 

Adaboost 
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• L4 - 2-split CART based, 20x20 window, Gentle 

Adaboost, with a tree made of stage classifiers instead of 

a cascade 

Independently, the following eyes detectors were trained 

and the results compared with Castrillon-Santana’s 

detector results (S): 

• E1 - level min hit rate 0.995, with 4-split CART as a 

weak classifier 

• E2 - level min hit rate 0.999, with 4-split CART as a 

weak classifier 

Each of our detectors was trained with the Gentle Ada-

Boost to the theoretical FP ratio of 10e-6. 

Independently, the following eyes detectors were trained 

and the results compared with Castrillon-Santana’s 

detector results (S): 

• E1 - level min hit rate 0.995, with 4-split CART as a 

weak classifier. 

• E2 - level min hit rate 0.999, with 4-split CART as a 

weak classifier. 

Each of our detectors was trained with the Gentle Ada-

Boost to the theoretical FP ratio of 10e-6. 

Table 1. Detection Time table 

 

7. HUMAN MOTION DETECTION 

SYSTEM  
        The algorithm description in the following section is 

based on the Navneet Dallal and Bill Triggs’ Histogram of 

Oriented Gradients (HOG) for Human Detection.  Their 

implementation divides the image window into small 

spatial regions called cells. Each cell accumulates a local 

1-D histogram of gradient directions or edge orientations 

of the pixel values in the cell. The histogram entries 

combine to give a unique representation for the image. 

Contrast normalization is also carried out across the cells 

to give better invariance to illumination changes. 

 

7.1 Input Image Acquisition 

          The Adaptive Background modeling stage 

generates an approximate bounding box enclosing the 

motion object. The bounding box is resized to a dimension 

of 128X64 pixel size. The resizing makes the algorithm 

invariant to scale and size and hence people of varying 

heights and dimensions can be detected. 

7.2 Gradient Computation 

          The Gradients in the image were computed using 

the simple 1-D mask [-1, 0, 1], in the vertical ( Vg) and the 

horizontal,(Hg) direction. The L1 norm is computed as 

follows  

Vg(x,y)+Hg(x,y) 

 

to compute the net gradient. 

7.3 Histogram Mapping and Binning 

into cells 

        The image is divided into multiple regions of 

fixed rectangular size called a cell. A histogram of 

gradient direction is computed for each cell, 

weighted by the gradient strength. The sign of the 

gradient is ignored as it only depends on the contrast 

difference between the foreground and the 

background in the image 

 

 

8. PERFORMANCE EVALUVATION 
        The performance is measured in terms of Mean 

Absolute Error (MAE) and the Mean Relation 

    

         

where N is the number of frames for the test sequence and 

G(i) and T (i) are the detected and the true number of 

persons in the ith frame respectively. In a metro station the 

crowd usually increases, at the departure or at the arrival 

of a train, and is usually low at other times. For evaluating 

the performance on Turin metro station database, and also 

report correlation value, which gives us a similarity 

measure of the crowd pattern evolution over time. 
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Table 2. Algorithm Comparison Table 

 

         The Table2 provides the necessary comparison of 

the common haar classifiers technique used in the system 

and provides a better results on detection rates between 

LBP and Haar classifiers [7]. Fig 2 and Fig.3 shows the 

graphical representation of the system based on the Haar 

and LBP algorithms used for face detection system. 

 

Fig 2. Correct  Detection  Rate 

 

Fig 3. False Detection Rate 

9. CONCLUSION AND FUTURE 

ENHANCEMENT  
         Video surveillance system is installed and count of 

number of people entering and going out of the reference 

section has been performed. The usage of the reference 

section was monitored using face detection and head 

detection in order to provide a better way by 

implementation, Haar classifiers and Adaboost training 

algorithm was used in the face detection part and head 

detection is performed by using object detection methods. 

Accurate way of measurement is done and cascaded 

classifiers are used in order to implement the system. The 

Human detection system is used to check the incoming 

and outgoing of the system. 

        Future works can be based on using a motion 

detection technology through coordinate of the pixel 

points to provide a more results of how they are coming 

inside the reference section and how they are utilizing the 

section can be monitored and examined among students. 
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